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ABSTRACT. In recent years, the substantial contamination of distributed acoustic sens-
ing vertical seismic profile (DAS-VSP) records by diverse noise sources poses significant
challenges for processes in achieving precise noise suppression and accurately recovering
the effective signals, which leads to a low signal-to-noise ratio (SNR) of the DAS-VSP
records. The potential of deep learning-based convolutional neural networks (CNNs) has
demonstrated notable efficacy in suppressing noisy seismic data. However, traditional
CNN-based methods are constrained by fundamental architectural deficiencies, which re-
duces the effectiveness of CNN-based methods. To address this issue, this paper introduces
multi-scale cross-dense residual network (MCDR-Net), a novel architecture integrating
cross-dense connections and multi-path hybrid attention mechanisms. The cross-dense
framework facilitates multi-scale feature interactions through densely connected residual
pathways, enabling simultaneous preservation of high-frequency signal details (such as
weak reflections) and low-frequency structural patterns. Complementing this, our hybrid
attention mechanism employs parallel channel-spatial adaptive weighting and cross-scale
gating operations to dynamically amplify coherent seismic features while suppressing in-
coherent noise components. Compared with other denoising methods, the corresponding
experimental results reveal that MCDR-Net can significantly improve the signal-to-noise
ratio, such as over 3 dB increment over U-Net. The outcomes of both synthetic and
field DAS-VSP records indicate that the proposed MCDR-Net can achieve effective noise
suppression in DAS-VSP data and efficiently restore signals, even under scenarios of
ultra-low SNR.

Keywords: DAS-VSP, Seismic denoising, Convolutional neural network, Seismic data
processing, Weak signal recovery, Hybrid attention mechanism

1. Introduction. Distributed acoustic sensing (DAS) [1] analyzes phase variations in
back scattered light to measure subsurface strain changes caused by seismic wave prop-
agation, offering significant advantages. The distributed acoustic sensing vertical seismic
profile (DAS-VSP) technology [2,3] integrates the benefits of DAS, providing superior
spatial resolution, high sensitivity, cost-effectiveness, and precision. However, DAS-VSP
data acquisition faces some challenges, especially the interference of various background
noise, which reduces the signal-to-noise ratio (SNR) of the field data severely, and influ-
ence the accuracy of subsequent velocity inversion and imaging processes. Consequently,
developing efficient techniques for noise suppression method is crucial.

To address noise contamination in DAS-VSP records, different methods of noise reduc-
tion are introduced which can be approximately divided into five distinct categories. The
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first comprises traditional methods, including Wiener filtering, median filtering, band-pass
filtering (BPF) [4], and f-x deconvolution filter [5]. However, in practical data process-
ing, such methods heavily rely on predefined conditions. When actual scenarios deviate
from these assumptions, their performance can degrade significantly. The second cate-
gory including the time-frequency techniques [6,7], such as S-transform [8], short-time
Fourier transform [9], and time-frequency peak filtering (TFPF) [10]. The performance
of these methods heavily relies on determination of threshold and separation accuracy of
signal and noise. Therefore, these limitations may result in the degeneration when con-
fronted with complicated seismic data suffered with aliasing background noise. The third
category comprises the decomposition methods, such as wavelet transform (WT) [11], em-
pirical mode decomposition (EMD) [12,13], and ensemble empirical mode decomposition
(EEMD) [14,15]. However, this decomposition may lead to distortion of reconstruction
signals or performance degradation. The fourth category includes the methods of sparse
transformation [16], such as curve transformation [17], and dictionary learning [18]. How-
ever, its performance is extremely sensitive to the threshold parameter in the denoising
process, and it is easy to introduce phantom or false structure into the denoising results.
The fifth category consists of the denoising methods based on low rank matrix [19], such
as principal component analysis (PCA) [20] and robust principal component analysis
(RPCA) [21,22]. However, the denoising effect is often poor for data containing strong
random noise. Besides the aforementioned categories, numerous techniques such as the
Karhunen-Loeve transform (K-L transform) [23] are also extensively employed. Worse still,
along with the demand for resource development in complex geological structures, the
quality of seismic records has deteriorated significantly. In some cases, the performance
of traditional methods is unable to meet the requirements.

In recent years, the rapid evolution of deep learning techniques, particularly convolu-
tional neural networks (CNNs) [24] based noise reduction techniques are introduced, such
as the generative adversarial network (GAN) [25], denoising convolutional neural net-
work (DnCNN) [26], the fast and flexible denoising network (FFD-Net) [27], and U-Net
28,29], for handling complex seismic noise. Differing from the conventional techniques,
deep learning approaches are capable of effectively diminishing intricate seismic noise
adaptively without artificially adjusted parameters. However, the existing denoising net-
works generally have the defect of single-scale information dependence, which may lead
to their lack of robustness and reliability when dealing with highly complex and highly
uncertain noise environments. Therefore, how to effectively deal with the uncertainty of
the data and the model itself in the process of denoising has become an important re-
search direction in this field. For example, the use of emerging mathematical tools such
as Pythagorean Fuzzy Sets provides a new perspective and new method to deal with
uncertainty for noise feature description and processing [30]. Hence, this paper primarily
focuses on employing a multi-scale architecture of network for information generalization.

Based on the analysis of the aforementioned issue on denoising of DAS-VSP data,
we establish a novel denoising network named multi-scale cross-dense residual network
(MCDR-Net). The architecture incorporates three fundamental innovations that holisti-
cally address key limitations in existing approaches.

1) Dual-branch hierarchical processing with cross-dense connectivity

MCDR-Net incorporates a dual-branch structure to process multi-scale features in par-
allel. Through dense cross connections between the branches, the network enhances feature
reuse capabilities and enables hierarchical noise suppression.

2) Centralized multi-scale fusion with adaptive weighting
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A centralized fusion mechanism is developed to integrate multi-level features across
varying receptive fields. By adaptively combining shallow-layer texture details and deep-
layer semantic information through cross-scale concatenation, this mechanism strengthens
feature interaction and optimizes weak signal recovery [31].

3) Hybrid attention-guided feature interconnection

The network incorporates a hybrid attention module that coherently integrates channel
and spatial attention mechanisms. This module dynamically recalibrates feature responses
to prioritize geophysically meaningful signal components while suppressing incoherent
noise.

This framework ensures balanced performance in noise suppression, computational ef-
ficiency, and weak signal preservation for DAS-VSP data processing.

2. Theory.

2.1. Noise analysis in DAS-VSP. Figure 1(a) displays a DAS-VSP record collected
from an exploration region in western China. The x- and y-axis represent trace and record-
ing time, respectively. This DAS-VSP record is acquired with temporal sampling rate of
2,500 Hz and receiver spacing of 1 m. As shown in Figure 1(b), the data is significantly
affected by strong noise, making it challenging to identify the effective signals. Various
types of noise contaminate the signals, including fading noise (marked by the red arrow),
random noise (marked by the yellow arrow), horizontal noise (marked by the green arrow),
and optical noise (marked by the blue arrow). These types of noise are common in opti-
cal measurement systems and can compromise their accuracy and reliability. Meanwhile,
we also analyze the spectral properties of the DAS background noise, whose results are
shown in Figure 1. Notably, the intense noise represents different features and almost ex-
ists across the entire frequency bands. For example, fading noise is typical low-frequency
interference, while optical noise has frequency overlap with effective signals, which induces
the degraded performance of conventional methods. To enhance system performance, it is
essential to thoroughly analyze the sources and characteristics of these noises and develop
effective suppression and elimination strategies to ensure the accuracy and reliability of
measurement data.
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FIGURE 1. Noise analysis in DAS-VSP: (a) DAS-VPS data with several
common noises; (b) F-K domain analysis for DAS-VPS data; (c) frequency-
amplitude characteristic diagram

2.2. Denoising principles. Separating clean seismic signals from complex noisy data
is the main challenge of processing DAS-VSP records. The clean seismic data containing
noise can be mathematically represented as follows:

Y = Telean TN (1>
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where y represents the noisy seismic record, which is a superposition of the clean signal
T cean and random noise n. To achieve efficient denoising, we propose the MCDR-Net based
on the theory of CNNs, which aims to learn a complex nonlinear function that maps a
noisy record y to the estimated clean signal ., that is close to a clean signal  jeq:

Lest = F(ya 9) (2)

where the nonlinear mapping relationship F' is related to the learnable parameters 6§ =
{w, b} of the network, which are continuously optimized through a training process to
minimize the difference between the estimated signal z.y and the clean signal = e, w
and b represent the weights and biases, respectively.

In order to optimize 6, a specific loss function is adopted in this study to measure the
distances between the z.y and the clean signal x ..., for making the estimated signal as
close as possible to the expected clean signal, and so as to achieve better denoising:

K
0) = Z”xclean_xest||2/2K (3)
k=1

where [ represents the loss function, K is the number of samples and ||e|| represents the
L2 norm.

In practice, we obtain this set of optimal parameters 6,,, through minimizing the loss
function, and then the trained MCDR-~Net model can be deployed to process any untrained
noisy records that are not included in the training set. By calculating F'(ynew; @opt), We can
get an estimated signal @,y st that is close to the clean signal, thus providing a higher
quality data for subsequent processing of seismic data.

Based on the above theoretical framework, the denoising process is divided into two
stages: training and testing, as shown in Figure 2.
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3. Network Structure. This paper, based on systematic analysis and comprehensive
review of research literature, proposes the development sophisticated deep learning tech-
nology for the development of a formidable multi-level convolutional neural network. As
shown in Figure 3(a), MCDR-~Net comprises a multi-path collaborative processing struc-
ture: the upper branch extracts multi-resolution features according to the spatial res-
olution changes through multi-resolution parallel convolution module (MRPC) (Figure
3(b)). The lower branch expands the receptive field to capture multi-scale information
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FIGURE 3. Architecture of the MCDR-Net: (a) Network architecture; (b)
multi-resolution parallel convolution module; (¢) multi-scale composite con-
volution module; (d) multi-path fusion attention module

through multi-scale composite convolution module (MSCC) (Figure 3(c)). The spatial-
channel hybrid attention mechanism is used to fuse different features from the upper and
lower branches through the multi-path fusion attention module (MPFA) (Figure 3(d)).
As shown in Figure 3, the framework operates through three coordination mechanisms.

1) Dual-path feature extraction

The upper branch utilizes multi-resolution feature extraction through the most com-
monly used 3 x 3 convolutional layers, and combined with varying sampling operations
(down-sample and up-sample) (Figure 3(b)) to preserve weak signals while reducing fea-
ture redundancy and effectively capturing multi-resolution information. At the same time,
the lower branch implements multi-scale feature extraction using a hybrid structure: 1x1
convolutions and dilated convolutions with dilation rates of 1, 2, 3 are connected in par-
allel (Figure 3(c)). Among them, the 3 x 3 convolution kernel is mainly used to capture
the basic local visual structure in the feature map and fine-tune the feature information.
However, the 1 x 1 convolution is only computed in the channel dimension, which is very
computationally inexpensive. The dilated convolution with dilation rates of 1, 2, 3 inserts
dilation 0, 1, 2, respectively, between the standard convolution kernel elements, which is
equivalent to expanding the receptive field without changing the size of the feature map
[32] and effectively capturing richer information.

2) Attention-guided fusion

It is mainly divided into three stages. Firstly, part of the features from the upper branch
are processed by the spatial-channel hybrid attention mechanism, where the weights are
dynamically allocated according to the local SNR. Then, the focused feature is connected
with the multi-scale features of the lower branch, and the fused information is refined by
the second attention mechanism module. Finally, the refined features are cascaded with
the remaining multi-resolution features from the upper branch to ensure the comprehen-
sive utilization of the two branches, giving full attention to the useful information of the
upper and lower branches.
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3) Weak signal retention

The reserved enhancement of weak signals is mainly carried out from two aspects. The
first aspect is based on dense residual connection, and the output of each fusion step is fed
to the subsequent decoder layer through the residual connection as a priority input. At the
same time, some shallow features are directly merged with the output of the final decoder
through cross-layer concatenation, which also ensures that enough low-level details are
retained in the denoising results.

3.1. MRPC. In the field of deep learning, data features with different resolutions may
present different forms of expression. Therefore, the MRPC module is applied to the upper
branch to extracting features at multiple resolutions. This module uses multiple paths for
parallel processing.

1) The data is down-sampled with a sampling rate of 2, and then the spatial detail
information at low resolution is retained by 3 x 3 convolution and 3 x 3 dilated convolution
(dilation = 2).

2) The data is processed by 3 x 3 convolution and 3 x 3 dilated convolution (dilation
= 2) to extract some local information at the same resolution.

3) The data is up-sampled with a sampling rate of 2, and then 3 x 3 convolution and
3 x 3 dilated convolution (dilation = 2) are used to cover a larger receptive field at high
resolution to prevent weak signal loss.

Finally, the multi-level features from all three paths are concatenated and fused through
a centralized processing mechanism. To avoid information loss during fusion, the output is
further combined with the original input via residual connection. This design captures key
multi-resolution information and enhances feature representation for the upper branch.
The final output A of the MRPC module can be expressed as

A= Yl(ConcaKFdown(Y& Y5)7 (Y?n Y:’))? FUP<Y37 Y5)>) (4)

where Y; represents ¢ x ¢ convolution kernel, Fy,,, represents the operation of down-
sampling, and F,, represents the operation of up-sampling.

3.2. MSCC. Under the gradient dominance caused by high-amplitude noise in seismic
data, weak signal features are suppressed during back propagation. To counteract this,
the lower branch incorporates the MSCC module to efficiently extract multi-scale features
by hierarchical processing to enhance detail preservation.

1) Local detail extraction: 1x 1 convolution and dilated convolution kernels with dilation
rates of 1, 2 are used to process data details separately and then concatenate them.

2) Global detail extraction: A dilated convolution kernel with a dilated rate of 3 is used
to enlarge the receptive field to extract global information.

3) Cross-scale fusion: The outputs of all branches are concatenated to directly integrate
local details (from dilation = 1, 2) and global context information (from dilation = 3).
This parallel structure ensures the simultaneous capture of local and global information
while maintaining computational efficiency. The final output B of the MSCC module can
be expressed as

B = Concat(Y1(Concat(Y1,Ys,Y5)), Yz) (5)

where Y; stands for i x ¢ convolution kernel.

3.3. MPFA. In field seismic data under ultra-low SNR situation, traditional denoising
methods are difficult to distinguish weak signals from noise due to frequency-domain
interference between signal and noise components [33], which hinders the subsequent
inversion and migration processes. In order to deal with this challenge, we develop the
MPFA module which addresses this issue through a two-stage attention mechanism.
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1) SNR guided weighting: The sigmoid function dynamically generates attention weigh-
ts according to the local SNR to emphasize high SNR regions while suppressing noise-
dominated regions.

2) Cross-branch refinement: The participating features are concatenated with the out-
put of the lower branch.

The module improves the signal recovery ability of the network through the attention
mechanism, reduces the influence of secondary features, and improves the robustness of
the model by adaptively focusing on the key information in the seismic data. The final
output C' of the MPFA module can be expressed as

C= Fup(0<Fdown(}/1> Yé) & (Fdown(YL YE’)); lev YE’))))Yi (6)
where ¢ means the sigmoid function and ® means multiplication.
4. Network Training.

4.1. Construction of datasets. The training dataset integrates two principal compo-
nents: a theoretically clean DAS-VSP datasets, as shown in Figure 4(a) generated through
forward modeling methods (the specific parameters are shown in Table 1), along with a
noise dataset constructed random intercepted noise blocks collected from field data. Ex-
tracting clean signals from a record that contains noise poses a significant challenge in

the field of seismic exploration.

(a) (c)
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FIGURE 4. (a) Synthetic record; (b) samples of signal patches; (c¢) samples
of noise patches

TABLE 1. Parameters related to forward modeling

Parameter Set up
Seismic wavelet Ricker wavelets
Fundamental frequency of wavelets 15-75 Hz
Propagation velocity 1200 m/s-2400 m/s
Medium density 1727.5 kg/m?-2162 kg/m?>

This paper constructed 200 velocity models with varied velocities and densities, and
computed 200 theoretical clean seismic records in total. Subsequently, a 64 x 64 sliding
window captured the fragment of the clean records, as shown in Figure 4(b), resulting
in clean signal blocks. Simultaneously, for enhancing training effectiveness, we removed
the blocks with no signal and then normalized the rest by dividing them with the maxi-
mum absolute value. Then we built a clean signal training dataset X = {xy,2z9,...,2,}
consisting of 20000 blocks.
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The quality of the noisy datasets likewise influences the ultimate impact of the network
during training. In order to enable the network to suppress different kinds of noise, mul-
tiple noise segments were extracted from the field seismic data, constituting a collection
of noise. Our collection encompassed 3000 field noise records, and each comprises 20000
samples. Like the clean signal datasets, our approach involves utilizing a 64 x 64 slid-
ing window for interception, as shown in Figure 4(c), and after normalization, the noise
datasets N = {ny,ns,...,n,} can be obtained.

To guarantee the ability of model in generalization capability, the clean signals and
noise signals are randomly merged during training, thereby aligning with the field seismic
data and forming the training datasets for denoising.

4.2. Training process and experimental environments. During the training phase,
the batch size is set as 32, the initial learning rate is set to 0.005, and the Adam opti-
mization algorithm is employed to optimize network parameters, to enhance the gradient
descent process’s effectiveness, the learning rate is recalibrated to 44% of its prior level
after every 10 training epochs, with the training process ceased at the 60th epoch. As the
training progress goes on, there is a steady reduction in training loss which indicates that
the proposed method can effectively avoid the overfitting phenomenon. The specifics of
network parameters are shown in Table 2.

TABLE 2. Configuration details of the MCDR-Net parameters

Hyper-parameter Setting
Optimizer Adam
Patch size, Batch size, Epoch 64 x 64, 32, 60
Learning rate range [1073,1077]
Total layers 39

Convolution kernel size 1x1x64,3x3x64,5x5x64

All training procedures and experimental evaluations are conducted on a PC that is
equipped with an NVIDIA GeForce RTX 3060 GPU.

5. Experimental Results.

5.1. Denoising on synthetic record. Figure 5(a) shows a designed stratigraphic model
that was employed to generate the clean synthetic seismic record which is shown in Figure
5(b). By adding the field noise as shown in Figure 5(c) into the clean synthetic record as
shown in Figure 5(b), the synthesized record contains noise (Figure 5(d)) can be utilized
as the input of network.
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FIGURE 5. Generation of noisy record: (a) Stratigraphic model; (b) clean
synthetic data; (c) field noise; (d) noisy record with an SNR of —5.1772 dB

We chose four widely used denoising algorithms as the competitive methods, including
BPF, RPCA, DnCNN, and U-Net. In detail, passband of BPF is adjusted between 12-
60 Hz, while loss function weight of RPCA is set as 0.006. The specific parameters of
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TABLE 3. Network parameters of DnCNN and U-Net

Hyper-parameter DnCNN U-Net
Optimizer Adam Adam
Patch size, Batch size, Epoch number 64 x 64, 32, 60 64 x 64, 32, 60
Learning rate range [1073,107°] [1073,107°]
Total layers 17 27

3x3x64,3x3x128,

Convolution kernel size 3x3x64 3% 3 x 256. 3 x 3 x 512
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FIGURE 6. Performance of different denoising methods: (a)-(e) Denoising
results and residual results obtained by BPF, RPCA, DnCNN, U-Net, and
MCDR-Net, respectively

DnCNN and U-Net are shown in Table 3. Above methods were trained with identical
training datasets, and are evaluated using the same testing datasets.

According to the noise reduction results of synthetic records presented in Figures 6(a)
and 6(b), it is evident that spectral overlap between the pure signal and random noise
exhibited substantial spectral overlap, which made it challenging for the BPF and the
RPCA to effectively recover the signal. Although the CNN-based approaches demon-
strated significant advantages over traditional methods in reducing background noise, the
residual noise in DnCNN was pronounced (Figure 6(c)). Meanwhile, the signal recovery
results of U-Net (Figure 6(d)) exhibited discontinuity in certain regions, with noticeable
signal loss, as highlighted by the red box in the figure. Based on a comprehensive analysis,
MCDR-Net outperformed the aforementioned methods about effectively reducing signal
leakage and maintaining signal continuity while suppressing noise (Figure 6(e)).

In order to more clearly observe the specific differences, the red areas of the noise reduc-
tion results in Figure 6 are locally enlarged. From these magnified views, it is evident that
the signal processed by MCDR-Net not only exhibits a significantly reduced noise level
but also retains fine details effectively. In contrast, the signal processed by BPF in Figure
7(a) still contains residual high-amplitude noise components, while the signal processed
by RPCA in Figure 7(b) shows reduced noise interference to some extent but continues
to suffer from significant signal loss. Figure 7(c) and Figure 7(d) display the processing
results of DnCNN and U-Net, respectively. The DnCNN processed signal remains noisy in
certain areas, whereas the U-Net processed signal loses important details. These locally
enlarged data further confirm the superiority of MCDR-Net in noise reduction and signal
recovery.
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5.1.1. Analysis of results in time domain. In order to compare the efficiency of different
denoising techniques, this study employs global and local perspectives in time domain to
verify the significant advantages of the proposed methods in noise suppression and signal
recovery [34]. By selecting specific channel data and conducting quantitative waveform
analysis to show the effects of different processing techniques.

Figure 8 presents a full time-domain comparison for the trace numbers of 0, 50, and
200, where a time range of 0-3 s is adopted. As shown in Figures 8(a), 8(b), and 8(c),
the clean signal serves as a benchmark to evaluate the denoising performance of other
methods. It is evident that their overall phase deviation is significant. In contrast, the
global trend of the MCDR method closely aligns with the clean signal, with only minor
amplitude differences in some regions, such as 1-2 seconds.
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FIGURE 8. Time-domain comparison results for single trace: (a)-(c) Re-
sults of time comparison in trace number of 0, 50, 200 (0-3 s); (d)-(f) results
of local comparison in trace number of 0, 50, 200 (1-2 s)

To more clearly observe the specific time domain variation trends of the denoising
results for each method within the 1-2 s range, this specific region was expanded for
further analysis, as shown in Figures 8(d), 8(e), and 8(f). In this enlarged region, other
methods exhibit noticeable phase deviation, which somewhat diminish their denoising
performance. However, the local fluctuations of MCDR show minimal phase deviation,
with almost complete synchronization in the 1.4-1.6 s interval. Notably, around 1.5 s,
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the signal is captured more accurately (as highlighted in the red arrow in the figure, the
correlation coefficient is approximately 0.992), demonstrating that MCDR has significant
advantages in detail preservation.

5.1.2. Signal to noise ratio analysis. In this study, SNR and root mean square error
(RMSE) are employed as quantitative indicators to evaluate the performance of different
methods. SNR is usually used to characterize signal purity, and RMSE is served as the
core index to evaluate the prediction accuracy of the algorithm. Specifically, the formulae
for calculating SNR and RMSE are defined shown below:
X N X N
SNR = 101g (Z > o3 ) DD b 5) - p(@j)ﬁ) (7)
j=1

i=1 j i=1 j=1

RMSE = | 3> [p(i, ) = p(i.5)) / XN (8)

where p(i,7) and p(i,j) indicated the restored and clean signals, respectively. Detailed
analysis results are shown in Table 4. Specifically, MCDR-Net provided over 21 dB in-
crements for —10 dB records. In summary, MCDR-Net established the highest SNR im-
provement in the tests in this study, further confirming its effectiveness.

TABLE 4. Comparison of SNR and RMSE for different denoising methods

Original BPF RPCA U-Net DnCNN MCDR-Net
record/dB SNR RMSE SNR RMSE SNR RMSE SNR RMSE SNR RMSE
0 7.493 0.176 5.880 0.212 17.857 0.053 13.105 0.092 20.160 0.041

—2 5.500 0.221 3.951 0.264 15.841 0.067 11.127 0.116 17.214 0.057

=5 2.507 0.312 1.053 0.369 13.591 0.087 7.559 0.174 13.724 0.086

-7 0.510 0.393 —0.935 0.464 11.223 0.114 4.653 0.244 11.804 0.107
—10  2.488 0.555 —3.918 0.654 8.383 0.159 3.152 0.290 10.946 0.149

By calculating the local SNR under different noise reduction strategies and analyzing
the resulting local SNR graphs, the performance of various noise reduction algorithms can
be effectively evaluated, and the signal intensity distribution under different processing
methods can be described.

In this study, a 5 x 5 sliding window was employed to divide the denoising result slices,
enabling the calculation of the SNR for each slice based on the window size. Upon detailed
observation, MCDR-Net in Figure 9(e) demonstrated superior SNR compared to the other
four methods, particularly in regions with weak signal concentration. Specifically, as shown
in Figure 9(a) and Figure 9(b), the lines in the figure are sparse and irregularly distributed,
the contrast is weak, making it difficult to identify details in some areas, and the clarity
of signal details remains insufficient. In Figure 9(c) and Figure 9(d), although the lines
are relatively concentrated and exhibit clear contrast, with the overall SNR significantly
improved compared to traditional methods, the line continuity in DnCNN and U-Net
remains inadequate. In contrast, the yellow lines in MCDR-Net are extremely dense and
regularly arranged, with a completely interference-free background. The contrast between
the lines and the background reaches an optimal state, further verifying the exceptional
performance of MCDR-Net in noise attenuation and signal retention.

5.1.3. Analysis of results in frequency domain. In the field of frequency domain analy-
sis, this study investigated the signals and their differences when processed by different
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FIGURE 9. Local SNR comparisons for different processing results: (a)-(e)
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FiGURE 10. Results of denoising by different methods analyzed in F-K
domain: (a) and (b) F-K spectra of pure record and added noise data; (c)
F-K spectra of BPF denoising result and residual result; (d) F-K spectra
of RPCA denoising result and residual result; (e) F-K spectra of DnCNN
denoising result and residual result; (f) F-K spectra of U-Net denoising
result and residual result; (g) F-K spectra of MCDR-Net denoising result
and residual result

methods, as shown in Figure 10, aiming to evaluate the extent of signal leakage caused by
each method in the spectrum. By comparing performance of different methods in spectral
domain, the following observations were made.

As shown in Figure 10(a), the spectral structure serves as a denoising target, and subse-
quent models need to restore this structure as accurately as possible. In Figure 10(b), the
noise component is clearly observed. In Figure 10(c), the BPF method demonstrated some
suppression of low-frequency noise but introduced additional noise in the high-frequency
region, and there is noticeable distortion, and residual noise remains evident. In Figure
10(d), the frequency distribution of the RPCA method is relatively scattered, and its
noise suppression capability is weak. Artifacts are easily generated, particularly in the
high-frequency region, resulting in damaged signal characteristics, a fuzzy state, and sig-
nificant information leakage. In Figure 10(e), the frequency distribution of the DnCNN
method is relatively concentrated, and its noise suppression effect is more significant than
that of traditional methods. The signal characteristics are well-preserved, and most of the
noise is effectively removed. As shown in Figure 10(f), the U-Net method exhibits a clear
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frequency distribution and strong noise suppression capability, effectively removing noise
while retaining signal characteristics with minimal noise residue. However, in contrast,
as shown in Figure 10(g), the MCDR-Net method achieved superior overall performance.
It not only excelled in noise suppression but also ensured the integrity of signal charac-
teristics. The frequency distribution is highly concentrated, the signal characteristics are
distinct, and the issue of signal distortion is avoided. Particularly in the low-frequency re-

gion, the main components of the signal can be clearly identified, and information leakage
is minimal.

5.2. Denoising on field record. In this study, the noise reduction performance of
MCDR-Net was evaluated using field DAS record. As shown in Figure 11(a), the raw
seismic data is heavily contaminated by various noise, which significantly obscures the
clarity of the effective signal. Figures 11(b)-(f) present the processing results of different
noise reduction methods.
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FIGURE 11. Denoising results of field seismic record: (a) Field seismic
record; (b)-(f) denoising results and residual results obtained by BPF, RP-
CA, DnCNN, U-Net, and MCDR-Net

It is evident that the BPF (Figure 11(b)) and RPCA (Figure 11(c)) methods have
limitations in separating signals and noise of similar frequencies. By comparing the pro-
cessing results of different noise reduction algorithms, the results demonstrate that the
signal recovered by MCDR-Net (Figure 11(f)) exhibits better continuity and is easier to
identify. In contrast, DnCNN (Figure 11(d)) shows signal ambiguity in its results, while
U-Net (Figure 11(e)) performs poorly in recovering some weak events, as illustrated in
the red box in the figure.

To evaluate the efficiency of the above methods in signal recovery, the local details with-
in the red boxes are magnified, as shown in Figure 12. Figure 12(a) and Figure 12(b) show
the noise reduction results based on RPCA, which effectively removes part of the noise
while retaining the main structural information of the data. However, some data details
are lost in the process. In contrast, the CNN-based noise reduction method demonstrates
better continuity and clarity in the denoised signal, making the reflected events easier to
identify. Nevertheless, DnCNN shows limited effectiveness in processing horizontal and
optical noise, as seen in Figure 12(c), where a small amount of noise remains. The U-Net
method struggles to recover some weak signals, as shown in Figure 12(d). In Figure 12(e),
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FIGURE 12. Comparison of local amplification by different methods: (a)-
(e) Magnified Area 1 (upper subgraph), magnified Area 2 (middle subgraph)
and magnified Area 3 (lower subgraph) from BPF, RPCA, DnCNN, U-Net,
and MCDR-Net

compared to DnCNN and U-Net, MCDR-Net demonstrates superior performance in high-
texture regions, which can preserve these details more effectively and excel in accurately
identifying and recovering weak signals, as indicated by the red arrow in the figure.

6. Discussion. This section systematically examines the MCDR-Net’s generalization ca-
pacity, while further evaluate its denoising efficacy against some contemporary frame-
works.

6.1. Analysis of generalization ability. Generalization ability is a key index to mea-
sure the effectiveness of noise cancellation networks in practical application scenarios. In
order to verify the generalization performance of MCDR-Net, different datasets were used
for denoising. Figure 13(a) shows an example of desert data record with multiple noise
types. During this process, we adjusted the pass-band range of the BPF to 0-15 Hz, while
in RPCA, the weight of the loss function was set to 0.025. Figure 13(b) to Figure 13(f)
show the output results obtained by different processing methods.

The original data (Figure 13(a)) contains a lot of noise, causing the effective signal to
becomes blurred. The BPF method (Figure 13(b)) and the RPCA method (Figure 13(c))
can remove some of the noise, but the edges and details may still not be clear enough
to accurately identify and analyze useful features. Compared to traditional methods, Dn-
CNN (Figure 13(d)) and U-Net (Figure 13(e)) significantly reduce noise while preserving
object details and edges. However, DnCNN, and U-Net methods proved to be slight-
ly inadequate in detail recovery. However, MCDR-Net method (Figure 13(f)) combines
multi-scale information, cross connection and dense residual connection to improve the
denoising performance. While significantly reducing noise, MCDR method also retains
data details and edge information.

In order to evaluate the denoising effect more accurately, this study carried out local
magnification processing for the red box area marked in the figure. The magnified results
were obtained by different processing methods are shown in Figure 14(b) to Figure 14(e).
The analysis results showed that the BPF algorithm and RPCA method left more noise
in the process of denoising, which makes the effective signals difficult to be clearly iden-
tified. Although DnCNN and U-Net models show high efficiency in noise removal, they
demonstrated compromised signal fidelity characterized cannot realize complete signal
reconstruction. In contrast, MCDR model demonstrated the ability to maintain signal
continuity more effectively while maintaining low noise residue.
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FIGURE 13. Generalizability analysis: (a) Field desert seismic data record;

(b)-(f) denoising results and residual results obtained by BPF, RPCA, Dn-
CNN, U-Net and MCDR-Net, respectively
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6.2. Comparison with some recent frameworks. In signal and image processing,
transformer-based techniques and self-supervised frameworks have garnered more interest
lately. We compare MCDR-Net’s performance objectively with two state-of-the-art meth-
ods: 1) self2self with weighted total variation (S2S-WTV) [35] and 2) swin transformer
(ST) [36]. Every model uses the DAS dataset shown in Figure 15(a) and is trained using
the same methods with optimized hyper-parameters. The denoising performance illus-
trated in Figure 15(b)-Figure 15(d) reveals critical distinctions. Specifically, S2S-WTV
(Figure 15(b)) demonstrates limited effectiveness in reducing high-amplitude background
artifacts, and it is difficult to achieve sufficient separation of effective signal and noise
under strong noise conditions. ST (Figure 15(c)) demonstrates huge deficiencies in both
signal preservation and residual noise suppression. However, MCDR-Net (Figure 15(d))
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Ficure 15. Comparison with recent frameworks of denoising results: (a)
Field DAS record; (b)-(d) denoising results obtained by S2S-WTV, ST, and
MCDR-Net, respectively

has almost no residual noise, while the recovered signal is clear and continuous (marked
by the red arrows).

After in-depth analysis, the limited denoising performance of S2S-WTV and ST maybe
derived from the following aspects. For one thing, S2S-WTV uses signal convolutional
architecture and self-supervised learning strategy to train the denoising network, which
may have difficulties in weak signal recovery. For another, ST model is generated by uti-
lizing the global-scale information, which may degrade when processing denoising task. In
contrast, MCDR-Net utilizes multi-scale features to refine the denoising models. Mean-
while, it also uses MPFA module to suppress weak noise interference at different fusion
stages, aiming to improve the recovery of weak reflection signals. Therefore, we can get the
point that MCDR-Net can provide better denoising performance, while the corresponding
results also verify its effectiveness.

7. Conclusion. The study centered on the issue of intense random fluctuations in DAS-
VSP, and an advanced MCDR-Net is proposed to proficiently reduce noise. This research
demonstrates that a dual-branch network with dense cross residual links, integrated with
a strategy for reusing information and an attention mechanism, adeptly achieves the
reduction of random noise in seismic information.

In the training process, the theoretically pure DAS-VSP seismic datasets are construct-
ed by using forward modeling method, and it is fused with the field noise data collected
in the field survey to form training datasets which are suitable for network training.
Compared with traditional noise processing techniques and other deep learning models,
the experimental results show that MCDR-Net demonstrated effectiveness in suppressing
noise, but also maintained the details and continuity of seismic signals, and significantly
improved the SNR of data.

In addition, this study also combined the analysis in the time domain and frequency
domain, and compared it with the local SNR graph, which further confirms the excellent
performance of MCDR-Net in the field of signal processing. Compared to other technolo-
gies, MCDR-Net exhibits better robustness and generalization performance in processing
complex seismic data, providing a more solid data foundation for subsequent imaging,
inversion and interpretation tasks.
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According to the comprehensive analysis, MCDR-Net, as an efficient background noise
reduction technology, achieves remarkable progress in the denoising processing of DAS
seismic data. In future development, this study will continue to explore more efficient
multi-scale methods, in order to reduce the computational overhead, such as desiging
lighweight models and applying in 3D seismic data process. Further enhance the process-
ing accuracy of complicated seismic data.
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