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Abstract: Noise reduction plays a pivotal role in enhancing the signal-to-noise ratio (SNR) of microseismic data
during the preprocessing stage. However, due to the heterogeneous nature and high complexity of noise sources,
conventional model-driven denoising methods frequently exhibit suboptimal performance, thereby compromising
the fidelity and reliability of downstream microseismic processing tasks. Moreover, while deep learning-based
approaches have shown promise for microseismic noise suppression, the resulting models often exhibit limited
generalization capability and insufficient preservation of physically meaningful signal features. To address these
challenges, this study introduces RD-SAUNet—a novel U-Net—based architecture incorporating hybrid dilation
convolutions and a residual spatial attention mechanism. Built upon the foundational U-type convolutional neural
network (U-Net) framework, RD-SAUNet integrates three key innovations: (i) residual connections to facilitate
gradient flow and accelerate training convergence; (ii) a spatial attention mechanism (SAM) that adaptively empha-
sizes discriminative signal features while suppressing spurious noise; and (iii) hybrid dilation convolutions that
expand the receptive field to capture broader contextual information without significantly increasing computational
overhead. Collectively, these design choices enhance both model generalizability and signal fidelity. The proposed
method is rigorously evaluated on both synthetic and field-collected microseismic datasets and benchmarked against
state-of-the-art denoising techniques. Experimental results confirm that RD-SAUNet achieves robust suppression
of random noise, yields substantial SNR improvement, and faithfully preserves the intrinsic temporal-spectral
characteristics essential for accurate microseismic event detection and characterization.

Keywords: micro-seismic; noise suppression; spatial attention mechanism; residual network; dilated convolution;
signal-to-noise ratio

1. Introduction

In microseismic monitoring, due to environmental noise interference, the measured microseismic data is
frequently polluted by the noise. Noise reduction of microseismic data is an important step in microseismic data
preprocessing, which is the premise and foundation of subsequent event identification, initial pick-up, source location
and source mechanism inversion [1-3]. Until now, researchers have proposed numerous noise reduction algorithms,
which can be roughly divided into two types: model-driven noise reduction methods [4-7] and data-driven noise
reduction methods [8]. The former is realized by optimization algorithms using signal processing theory or statistical
characteristics of interference noise in microseismic data. The latter relies on automatically learning noise reduction
strategy from extensive training data without relying on the specific physical modeling of the noise and signal.

Traditional model-driven methods of microseismic noise suppression include continuous wavelet transform
(CWT) [9], Shearlet transform [10], wavelet packet transform (WPT), empirical mode decomposition (EMD)
[3,11], and variational mode decomposition (VMD) [12]. For example, ref. [13] has applied adaptive filtering to
microseismic data based on the synchronous compressed CWT. This approach provides higher resolution than
the traditional wavelet transform, avoids certain artifacts, and effectively removes most of the noise from small-
amplitude signals. An improved adaptive F-K filtering method has been proposed in [14], which addresses the
issue of false in-phase axis and effectively removes both coherent and random noise. Similarly, a denoising filter
has been designed based on the Shearlet transform domain in [15], where an automatic phase selector p, based on
high-order statistical criteria, is adopted to process and analyze continuously recorded single channel microseismic
data. More recently, an adaptive microseismic signal denoising method based on VMD and energy entropy has
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been proposed in [12]. However, the data priors assumed by these methods are only approximations of the actual
microseismic data. Furthermore, they rely on many manually set parameters, which increases manual effort and
introduces uncertainty into the denoising process.

In recent years, deep learning-based noise suppression has been widely adopted due to its powerful nonlinear
composite mapping capability. It effectively addresses the modeling inaccuracies and parameter uncertainties
inherent in traditional denoising methods [16, 17], which often stem from insufficient prior knowledge. By
leveraging multi-layer convolutional networks, the approach extracts salient features from microseismic data and
constructs an adaptive denoising model [18, 19]. The most widely used denoising method for microseismic data
is filtering based on convolutional neural network (CNN) [20]. For example, an event detection method based on
CNN has been developed in [21] to automatically classify microseismic events. CNNs have been used to jointly
perform interpolation of two-dimensional coherent seismic datasets and random noise attenuation in [22]. In
addition, both CNN and U-Net are commonly used for image denoising and image segmentation tasks. CNNs
have been applied in [23] to remove random noise from seismic data, achieving better performance than traditional
methods. The original CNN model has been extended in [24], where a CNN for random noise attenuation in seismic
data is constructed, and the activation function is replaced with exponential linear units to enhance the robustness.
An end-to-end noise residual learning network via denoising convolutional neural network (DnCNN) has been
constructed to denoise microseismic data more efficiently in [25]. A method has been proposed in [26] based on data
augmentation and U-Net to suppress random noise in seismic data, which provides a solution to the data labeling
in deep learning. To addrss the generalization problem, a residual block has been added to U-Net in [27], which
achieves a denoising effect while preserving the effective signal. A multilayer U-Net has been used in [28] to learn
the sparse characteristics in both time and frequency domain for microseismic data denoising. Finally, a full-CNN
noise reduction method has been proposed in [18] to learn different types of noise via the residual learning strategy,
and experiments show that this method can effectively suppress mixed noises.

The denoising efficiency of CNNs is considerably constrained by their limited feature extraction capacity and
the significant discrepancies between synthesized training data and real-world microseismic signals. Integrating
attention mechanisms with CNN architectures effectively mitigates the loss of fine-grained input features, thereby
enhancing noise suppression performance[29,30]. Building on this concept, AD-Net [31] successfully extracts
noise components from complex backgrounds and achieves notable denoising performance. Furthermore, a deep
CNN incorporating global context awareness and an attention mechanism has been introduced for seismic data
denoising in [32], which effectively suppresses noise while preserving critical local structural details. However, the
feedforward direct-connection architecture of CNNs lacks a dedicated pathway for transmitting spatial details from
deeper layers back to shallower layers. As a result, attention modules can only recalibrate feature maps within the
current layer, without the ability to leverage high-level semantic information from the decoder to guide the selection
of shallow spatial features. This inherent limitation results in denoising models that adapt poorly to microseismic
signals, which are often characterized by variable waveforms and indistinct boundaries.

Owing to its unique skip connection architecture, U-Net has been widely adopted in image processing,
as well as in the processing and analysis of seismic and microseismic signals [33], demonstrating outstanding
effectiveness [34—36]. However, the conventional U-Net model still has problems such as limited generalization
ability and insufficient retention of effective signal components. The primary challenge in attenuating random noise
in microseismic data lies in the inherently low signal-to-noise ratio (SNR), which makes it difficult to distinguish
effective signals from noise. This challenge not only complicates the denoising process but also increases the risk
of losing essential signal components during noise suppression. Therefore, there is a pressing need to develop an
effective and accurate method for random noise attenuation in microseismic data. Motivated by these considerations,
this paper proposes an improved U-Net architecture by integrating a fusion attention mechanism, which addresses
the issue of inadequate feature extraction in microseismic data analysis. The contributions of this article are
summarized as follows.

1. A Residual-Spatial Attention Mechanism (RSAM) is proposed for microseismic random noise attenuation.
The spatial attention mechanism focuses on the key spatial regions in the signal by dynamically allocating
weights. Skip connections are used to enhance the multi-level feature fusion ability of the module, thereby
avoiding the loss of key details. By embedding RSAM into the U-Net architecture, the feature maps of the
current layer can be spatially recalibrated, while the high-level semantic information from the decoder is
leveraged to guide the selection of shallow features in a top-down manner. This significantly enhances the
model’s ability to recover effective wave groups in microseismic signals, which are often characterized by
variable waveforms and indistinct boundaries. Moreover, the symmetric skip-connection structure of U-Net
provides the precise interaction pathway that RSAM requires, effectively upgrading the attention mechanism
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from local feature enhancement to global-local collaborative noise suppression, thereby overcoming the
inherent limitation of unidirectional information flow in standard CNNss.

2. Hybrid dilated convolution is employed to increase the receptive field for extracting global context information.
U-Net’s skip connections primarily ensure spatial localization accuracy, while hybrid dilated convolution is
designed to expand the semantic receptive field. Together, they enable the encoder to capture global contextual
information without resolution loss and allow the decoder to recover fine details via skip connections. This
forms a collaborative mechanism of “global understanding and local refinement,” which fundamentally
overcomes the local receptive field limitation inherent in traditional CNNss.

The remainder of this article is organized as follows. In Section II, the RD-SAUNet is proposed. The
effectiveness of this proposed method is then validated using synthetic and field samples in Section III and IV,
where a series of carefully designed comparisons are used to verify the superiority of RD-SAUNet. Finally, the
conclusions are presented in Section V.

2. Method Principle
2.1. Denoising Principle

Microseismic data denoising is the process of recovering clean microseismic signals from their noisy coun-
terparts. The microseismic signals captured by geophones contain both meaningful information and a significant
amount of random noise. The microseismic signal can be regarded as the sum of the effective signal and noise
interference, which can be represented by the following simple formula:

y=z+n ey

where y is training samples of micro-seismic data containing noise; x is training samples of clean microseismic
data; and n is random Gaussian noise.

In this paper, the noise estimation 7 is derived using a residual learning strategy during training. The denoised
microseismic data & is then obtained by subtracting the noise estimation 7 from the microseismic data y, as follows:

p—y—n @)

The mean squared error (MSE) is chosen as the loss function to optimize the network parameters, leading to
optimal denoising performance. The expression for MSE is given by:

M
1 .
MSE = 57 ;:1:(7% — (yi — x4))? (3)

where (y; — ;)M is a set of M pure noise sets used for training.

2.2. Network Model

To address the issue of effective signal loss, an RD-SAUNet model is established to attenuate random noise in
microseismic data. The network architecture is shown in Figure 1. The RD-SAUNet is a symmetrical end-to-end
network, which mainly contains five structures: encoder blocks, skip connections, max pooling, upsampling,
and decoder blocks. Four convolutional blocks are used in the encoding and decoding stages to extract the
waveform features of noisy data and reconstruct denoised data. Each encoder block contains seven hidden layers:
two convolutional layers, two batch normalization (BN) layers, two nonlinear activation layers, and an RSAM
module. The decoder similarly contains seven hidden layers: two convolutional layers, two BN layers, two nonlinear
activation layers, and a 1 x 1 convolutional layer. To further enhance noise suppression, the dilation rate progressively
increases in the downsampling encoder and correspondingly decreases in the upsampling decoder.

The specific structural design is as follows:

In CNNs, more contextual information is acquired by enlarging the receptive field. Inspired by this, this paper
uses dilated convolution to effectively expand the receptive field without increasing computational cost, thereby
preserving a greater amount of relevant information within microseismic data [37,38]. If the size of the convolution
kernel is defined as (2r + 1) x (2r + 1), its convolution operation can be expressed as:

Si,jzzZz(i+2r+1,j+2r—|—l)><w(27"—|—1,2r+1) )
2r+12r+1
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where z is the input data matrix; w is the convolution kernel; ¢, j represent the pixel position after the convolution
operation, respectively; and r is the coefficient of expansion.
The receptive field size of each dilation convolution is:

Gip1 = Gi+ (k — 1)ITi_, stride () 3)

where G; 11 and G; are the receptive field sizes of the current layer and the previous layer, respectively; k is the size
of the convolution kernel; and stride(¢) is the length of the move step.

In microseismic data denoising, extracting suitable features and key information from the dataset is crucial.
By learning spatial weights from the input data, the SAM enables the network to emphasize important regions
while suppressing irrelevant components [30,39]. The SAM consists of three steps: pooling, concatenation, and
convolution. In this paper, the SAM is used to replace the convolutional layer in the residual structure, forming the
proposed RSAM, as shown in Figure 2.
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Figure 1. Network Model Structure Diagram.
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Figure 2. Schematic Diagram of Spatial Attention Model.

The RSAM uses the spatial relationship between input features to generate the spatial attention weight matrix
and employs skip connections to enhance the multi-level feature fusion ability of the module, thereby avoiding the
loss of key details. Formally, given an input feature map F' € R¥*W*x¢ Max Pooling and Average Pooling are
applied across the channel dimension, resulting in two output feature maps Fy, p € R¥*W>1and F', , € REXWx1,
respectively. These features maps FJ,W p and F,:1 p are then concatenated along the channel dimension to yield a
combined feature map £ Ql € REXWX2140]. A convolution operation is subsequently performed on the concatenated
feature map to produce a feature map F 1l € RIXWX1 The gpatial attention weight matrix M (F') is then obtained
by applying the Sigmoid function, leading to the SAM’s output feature map F*° € R¥*Wx1 [4]]. Finally, the
output Frgans of the RSAM is obtained by element-wise addition of F*° and the original input F'. This process
can be formulated as follows:
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Frsay = F*+F
=FeMg(F)+ F
= Fe0(f™"([MP(F); AP(F)))) + F
=Fe 9(f7X7([F]/\/[P§F:4PD) + F

(6

where f7*7 is the convolution operation whose convolution kernel size is 7 x 7; and 0 is the Sigmoid activation
function.

After the convolutional layer, a BN layer is introduced to standardize the output from the convolution. This
normalization process ensures that the input data for each subsequent layer approximates a consistent normal
distribution [32,42]. Additionally, it helps mitigate the problem of internal covariate shift caused by changes in the
distribution of the input data [43,44].

3. Experiments

3.1. Performance Metrics

In this article, the SNR and structural similarity index (SSIM) are predominantly employed as quantitative
evaluation metrics to assess the denoising performance on microseismic data [45,46]. SNR and SSIM are widely
utilized evaluation indices. Among these metrics, SNR directly quantifies the extent of noise suppression, whereas
SSIM assesses the degree of distortion and similarity in the waveform characteristics of the denoised signal compared
to the clean signal. These metrics are described as follows.

2

SNR:ﬂD@(—ETF
r—x

N

(12 + p2 4+ Cr)(02 + 02 + Cs)

SSIM(z, &) = ®)
where 2 and 7 are the original microseismic signal and the denoised microseismic signal, respectively; 1, and o2 are
the mean and variance of x, respectively; y; and o2 are the mean and variance of &, respectively; o, is the covariance
of x and Z; and C and C; are constants used to maintain stability. The SSIM ranges from O to 1, and its value equals 1
when x and & are identical. Higher SNR and SSIM values indicate a better denoising effect of the method.

3.2. Experimental Setup

During training, the Adam (Adaptive Moment Estimation) optimizer is employed to minimize the loss function.
This optimizer adjusts the learning rate based on the error computed from previous epochs, thereby accelerating
convergence. The initial learning rate is set to 0.001, with a total of 50 training epochs. The batch size is set to
20, and the input and output sizes of the model are both set to 60 x 200. The experiments were conducted on a
64-bit operating system with an Intel Core i5 processor, 16GB of RAM, and a quad-core CPU. The GPU utilized in
this configuration is Intel(R) Iris(R) Xe Graphics. The software uses Python 3.11 and PyTorch to build the deep
learning framework.

For synthetic data, an 8:1:1 ratio is utilized for training, validation, and testing, respectively, with clean data
serving as the labels. To enhance dataset diversity, varying levels of random noise are introduced to the synthetic
microseismic data records, creating a training dataset that encompasses both the signal set and the noise set. The
Ricker wavelet is employed to generate synthetic signals via forward modeling on a two-layer velocity model. This
process yields 60 synthetic seismic records. The predominant frequency is set to 50 Hz, and the sampling interval is
1 ms, as shown in Figure 3. Figure 3a depicts clean microseismic data, while Figure 3b displays noisy microseismic
data with an SNR of 1.16 dB. RD-SAUNet was first tested on synthetic microseismic data, and its performance was
analyzed and compared with other methods in this study.
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Figure 3. Sythetic data.

3.3. Ablation Experiments

To verify the impact of the dilated convolution block and the improved attention mechanism in the RD-SAUNet
denoising model on overall performance, ablation experiments and analysis were conducted. It mainly includes
four models: U-Net; U-Net with hybrid dilated convolutions (DU-Net); U-Net with hybrid dilated convolutions
and a standard SAM (DSAU-Net); and U-Net with hybrid dilated convolutions and the proposed RSAM (i.e., RD-
SAUNet). The training losses and SNR of the four network models are shown in Figure 4, with the black, red, green,
and blue curves corresponding to their respective experimental results. As shown in Figure 4a, the training loss of
RD-SAUNet not only has the smallest initial value but also remains consistently lower than those of the other three
methods and stabilizes as it decreases. As shown in Figure 4b, as the number of epochs increases, the SNR of the
network model containing RSAM is on average 1 dB higher than that of the models with SAM and other variants.
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(a) Training loss of different methods. (b) SNR.

Figure 4. Training loss and SNR curves of different methods.

Table 1 summarizes the influence of different module combinations on the noise reduction effect of the test
set. From Table 1, it can be seen that the SNR of the ablation model U-Net is the lowest, indicating that the two
blocks play an important role in the denoising effect of the RD-SAUNet model. Compared with the RD-SAUNet
model, the SNR of the ablation model DU-Net decreased by 1.95 dB, the SNR of the ablation model DSAU-Net
decreased by 1.42 dB. This indicate that deleting any of the dilated convolutions and SAM will significantly reduce
the denoising effect of the network. Compared with the original SAM, the improved SAM increased the SNR by
1.42 dB, indicating that the improved SAM has a significant denoising effect on the RD-SAUNet denoising model.

Table 1. Results of the ablation experiments on the RD-SAUNet network

Dilated Convolutions SAM RSAM SNR/dB SSIM

U-Net X X X 17.74 0.9669
DU-Net vV X X 18.02 0.9673
DSAU-Net vV vV X 18.55 0.9782
RD-SAUNet Vv X 4 19.97 0.9899
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3.4. Comparative Experiments

This paper applies denoising procedures to the previously mentioned synthetic noisy microseismic records
using WPT, DnCNN, U-Net, and the proposed method. First, as illustrated in Figure 5a, the WPT denoising method
achieves only partial noise suppression, leaving the effective signal substantially corrupted, which poses significant
challenges for subsequent tasks such as microseismic first-arrival picking and source localization. As illustrated in
Figure 5b, DnCNN effectively suppresses complex background noise; however, a significant number of effective
signal components can still be observed in its residual noise profile shown in Figure 5f. Figure Sc presents the results
after applying U-Net, which clearly demonstrates a strong denoising performance, exhibiting almost no residual
noise and well-preserved microseismic signals. Nevertheless, examining the corresponding residual noise profile
in Figure 5g reveals that discernible portions of effective signals are still present in the filtered noise. Although
both DnCNN and U-Net show notable effectiveness in suppressing random noise, the method proposed in this
paper exhibits superior performance in both noise attenuation and preservation of signal details, as demonstrated in
Figure 5d and Figure Sh. Furthermore, Figure 5i, Figure 5j, Figure 5k, and Figure 51 display the local similarity maps
computed between the clean and denoised microseismic data for each method. These maps reveal varying degrees
of signal detail loss across the different approaches. Notably, the local similarity map produced by the proposed
method achieves a higher energy value of 0.9899 compared to the other methods, indicating that the algorithm
effectively suppresses random noise while preserving the fine characteristics of the original microseismic signals.
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Figure 5. Noise reduction results by different methods.

To evaluate the denoising performance in detail, Figure 6 presents the first recorded signal extracted from the
denoised results, enabling a comparative analysis of denoising outcomes across different methods. The microseismic
signal obtained using the method proposed in this paper exhibits a higher degree of alignment with the clean reference
signal after noise reduction. Moreover, Table 2 provides a quantitative assessment of the noise suppression capabilities
of various methods under different noise intensities on the same test set. The results demonstrate that the proposed
method achieves superior generalization performance in denoising microseismic data across a range of noise levels.
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Table 2. Comparison of network model noise reduction parameters
Noise Level SNR/dB Algorithm SNR/dB SSIM
WPT 1.05 0.1556
177 DnCNN 12.58 0.7912
' U-Net 16.80 0.9764
RD-SAUNet 17.92 0.9664
WPT 1.76 0.2080
0.09 DnCNN 16.12 0.9095
' U-Net 17.54 0.9697
RD-SAUNet 19.63 0.9866
WPT 4.02 0.4031
)87 DnCNN 18.93 0.9385
' U-Net 20.89 0.9797
RD-SAUNet 21.10 0.9881

3.5. Synthetic Records with Field Noise

To evaluate the denoising performance of the RD-SAUNet model on different types of noise and microseismic
data, we generated clean signals by performing forward modeling using a Ricker wavelet on a two-layer velocity
model, as shown in Figure 7a. To simulate realistic field conditions, field noise samples are extracted from
microseismic recordings devoid of events and superimposed onto clean signals to evaluate the model’s denoising
performance under realistic field conditions, as depicted in Figure 7b. This was done to test the denoising
effectiveness of the method under complex noise environments. Each microseismic trace in the dataset comprises
200 sampling points with a 1-ms sampling interval. The denoising results are presented in Figure 8.

Figure 8a presents the denoised result obtained by the WPT method. The waveform exhibits low resolution
and weak phase energy, indicating that the effective signal remains inadequately recovered. Although DnCNN
and U-Net can effectively suppress random noise, the two methods above still exhibit traces of residual noise. For
example, as depicted in Figure 8b, after DnCNN noise reduction, the effective signal has a certain degree of signal
distortion. As shown in Figure 8c, after denoising by U-Net method, the noise signal is regarded as an effective
signal in the first and third trace. In contrast, the denoised results of this article proposed RD-SAUNet method
closely resemble the simulated signal record, and the residual profile is devoid of noticeable remnants of effective
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signals within the filtered noise.
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Figure 7. Synthetic records with field noise.
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Figure 8. Field noise reduction results by different methods.

For a more comprehensive assessment of noise attenuation procedure using these methods, the local similar
maps are calculated between the clean and denoised data, as depicted in Figure 8e—h. The above three methods,
WPT, DnCNN, and U-Net, have a better denoising effect for real noise. However, multiple anomalous points of
noise still exist, signifying somewhat impairment to the signal. Notably, the similarity map after WPT denoising
reveals localized noise residuals and blurred phase-axis information,as shown in Figure 8e. In contrast, as depicted
in Figure 8h, this article proposed method exhibits higher efficacy in suppressing field noise and preserving the
effective signal.

4. Actual Microseismic Data

To evaluate the reliability of the proposed method, the three aforementioned denoising algorithms are applied
to real-world noisy microseismic data. Figure 9 displays field-collected microseismic records from a region in
Northeast China. The inherently complex subsurface environment, influenced by various factors, gives rise to noise
signals characterized by broad frequency bands and intricate spectral components. The noise exhibits complicated
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waveform features, variable amplitudes, and highly irregular patterns, which collectively obscure the effective
microseismic signals. These noise sources primarily include construction-related noise, impulsive noise, equipment-
induced vibration noise, and mixed noise. The noise displays significant amplitude fluctuations, with complex
frequency components distributed across high-, medium-, and low-frequency bands.

Time (ms)

Trace number

Figure 9. Multievent microseismic data.

When employing deep learning techniques for denoising seismic and microseismic data, a fixed input and
output size is commonly adopted, which compromises the integrity of the original data. When the length of the
raw data exceeds the model’s predefined input dimensions, it must be forcibly truncated—thereby disrupting the
temporal continuity of the signal. It is well recognized that the duration of microseismic events to be monitored
varies randomly, making a fixed-size approach poorly adaptable to practical engineering requirements. To enhance
the applicability of this proposed method in real-world scenarios, this article adopts a cropping and block-based
processing strategy during the preprocessing stage. Such a strategy enables effective processing of data with
arbitrary lengths while preserving data integrity and avoiding signal distortion caused by truncation. To mitigate
signal distortion caused by overlapping regions during splicing, weighted averaging is applied at the seams, thereby
preserving the integrity of microseismic data before and after denoising.

Formally, the data is first partitioned into smaller blocks, where the original microseismic signal is segmented
and cropped into manageable sub-units of a specified size (the dimensions of which can be flexibly defined). For
segments that do not meet the required size, appropriate padding operations are applied. The pre-trained denoising
model is then applied to each individual block. Upon completion of the denoising process, the original data size is
recovered through a reconstruction procedure that takes into account the initial block dimensions and the stride used
during segmentation.

Figure 10 presents the denoising results of different methods. The four methods can achieve a relatively good
denoising effect, and the waveform distortion is relatively small. The data denoised by the WPT method exhibits
substantial noise residuals, low resolution, and poor overall quality as depicted in Figure 10a. As shown in Figure 10b
and Figure 10c, although both the DnCNN and U-Net methods mitigate the noise, the two algorithms have significantly
damaged the signal integrity, resulting in disruption of the in-phase axis continuity. Specifically, after denoising by
DnCNN method, effective signal loss occurs near the 18,000 sampling points from 23 to 27 channels. The U-Net
method loses the effective signal amplitude to a large extent near the 18,000 sampling point, which makes subsequent
event recognition difficult. In addition, both methods lose a large number of effective signals near the 25,000 sampling
point, resulting in the loss of microseismic events and degrading the accuracy of source localization. In comparison,
as shown in Figure 10d, the denoising effect of the method proposed in this paper is clearly better, and the overall
waveform is clearer.
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Figure 10. Denoising comparison for different methods.

To further examine the denoising performance in detail, the fourth trace was extracted from the denoising
results for a comparative analysis across different methods, as shown in Figure 11. Figure 11a displays the
single-channel microseismic signal denoised by the WPT method. Although random noise is partially suppressed,
considerable interference remains. As shown in Figure 11b,c, both the U-Net and DnCNN methods improve signal
quality to some extent. However, after applying these approaches, a significant amount of noise remains and
noticeable signal energy loss is observed. In contrast, the method proposed in this paper, illustrated in Figure 11d,
effectively suppresses noise while preserving fine signal details and maintaining signal energy stability. Notably, it
successfully attenuates noise prior to the arrival of both P-waves and S-waves, which is advantageous for subsequent
microseismic data processing.

To systematically evaluate the denoising performance of various models on real microseismic signals, the
stability of phase attributes is adopted as a quantitative metric. This metric measures the ability of the noise
reduction method to preserve the characteristics of the original signal by comparing multiple attributes of the signal
before and after noise reduction. Among them: amplitude stability reflects whether the energy of the signal after
noise reduction is overly weakened or amplified; frequency consistency focuses on whether noise reduction causes
frequency domain distortion and avoids the loss of effective frequency components; polarization stability is used to
test the impact of noise reduction on the polarization characteristics of the wave field and ensure the accuracy of
polarization information; waveform consistency measures the similarity between the waveform shape after noise
reduction and the original signal. By integrating these attributes, the applicability and fidelity of the noise reduction
model on actual microseismic data can be comprehensively evaluated through a radar chart. When the score reaches
above 0.5, it indicates a good denoising effect, providing a reliable basis for the quantification of the denoising
effect. As shown in Figure 12, the proposed method achieves a score of 0.591, demonstrating that the microseismic
signals are effectively enhanced across multiple dimensions, including amplitude, frequency, polarization, and
waveform, resulting in a significant improvement in overall signal quality.
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Figure 11. Results in the time-frequency domain.

Tests were performed on a single microseismic event from the same survey area to evaluate the stability of
the proposed algorithm, as illustrated in Figure 13. Figure 14a illustrates the denoising result obtained by the
WPT method. Most of random noise is effectively suppressed, and the underlying microseismic signal becomes
progressively clearer. However, considerable low-frequency interference persists between channels, particularly
prior to the P-wave arrival. Such residuals can lead to misidentification during subsequent first-arrival picking, where
the P-wave may be erroneously classified as noise-ultimately resulting in event loss. The denoising results from
DnCNN and U-Net are shown in Figure 14b,c, respectively. While both methods improve the clarity of coherent
events in the microseismic data, they also lead to the loss of detailed signal information, particularly around channel
15, where significant amplitude attenuation is observable. In contrast, as shown in Figure 14d, the RD-SAUNet
method achieves more effective noise suppression, enhances phase continuity, minimizes signal loss, and produces a
clearer and more discernible event.

A single trace was randomly selected for comparison to more clearly illustrate the changes in microseismic
signals before and after denoising, as shown in Figure 15. Figure 15a presents the microseismic signal after WPT
denoising. The result shows limited noise suppression, with noisy interference remaining in the denoised signal.
The denoising results of the DnCNN and U-Net methods are shown in Figure 15b,c, respectively. While both
approaches remove a significant amount of random noise, they struggle to suppress low-frequency noise effectively.
The waveform and time—frequency diagrams reveal that substantial low-frequency noise remains, accompanied by a
loss of effective signal energy. In contrast, as shown in Figure 15d, the proposed method not only suppresses high-
and low-frequency noise more effectively but also preserves signal integrity and maintains more stable energy levels
in the denoised output.
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Figure 12. Comparison of phase attribute stability after noise reduction by different methods.
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Figure 15. Results in the time-frequency domain.
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5. Conclusions

Based on the standard U-Net architecture, a denoising model for microseismic data has been developed by
incorporating hybrid dilation convolution, residual structure, and a SAM. The model effectively preserves the fine
details of microseismic signals without adding more convolutional layers or altering kernel sizes, thanks to the use
of hybrid dilation convolutions. The integration of a RSAM further improves denoising accuracy by dynamically
adjusting the importance of different spatial regions in the input data. By weighting features according to their
significance, the model enhances both training stability and efficiency. Comparative experiments with existing
models such as WPT, DnCNN and the standard U-Net show that the proposed RD-SAUNet-based denoising
algorithm substantially increases the SNR. This improvement is of great significance for subsequent tasks, such
as first-arrival picking, source localization, and inversion imaging of microseismic waves. In practical testing,
the model supports block processing and reconstruction, enabling real-time denoising of microseismic data with
arbitrary time-window lengths. This approach prevents truncation artifacts caused by fixed-size inputs and maintains
signal integrity, making it well-suited for real-world engineering applications with variable data sizes. Experiments
demonstrate that the proposed model adapts better to realistic noise conditions, reducing residual and signal
distortion. These results confirm the strong generalization performance of the model across different types of noise.

Although the denoising model proposed in this study performs well on synthetic microseismic data, residual
noise persists between traces during field microseismic data testing. Future work will focus on enhancing the
complexity and diversity of the training dataset by incorporating varying levels of non-uniform noise during training.
This approach is expected to improve the model’s generalization ability and noise suppression performance in
practical applications. Another limitation is the high parameter count of the proposed denoising model, which
adversely affects computational efficiency. To mitigate this issue, future work will investigate lightweight model
design strategies —such as network pruning and knowledge distillation —with the aim of reducing model com-
plexity while preserving denoising performance, thereby enhancing the model’s practicality in field microseismic
data applications.
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