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Abstract: Objectives: With the rapid development of deep learning in signal denoising, data—driven
methods based on convolutional neural networks have provided a new approach for seismic signal recovery
under complex noise conditions. The denoising convolutional neural network (DnCNN), originally designed
for natural image denoising, has several limitations when directly applied to seismic signal denoising, in-
cluding a limited receptive field, single-scale feature representation, and insufficient ability to distinguish ef-
fective seismic phases from noise. To address these limitations, this paper proposes a dilated convolution
multi-scale residual network (DCMR-Net) for seismic signal denoising. Methods: DCMR-Net employs di-
lated convolutions with different dilation rates to enlarge the receptive field, integrates multi—scale features

to capture both local seismic—phase details and overall waveform structures, and introduces an attention
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mechanism to enhance effective seismic—phase features while suppressing irrelevant noise responses.
Three—component synthetic seismic signals are generated using the frequency - wavenumber (FK) method
and contaminated with four types of noise, including real background noise, Gaussian noise, Pink noise,
and Combo mixed noise. In addition, low—signal-to—noise—ratio real seismic records from the Stanford
earthquake dataset (STEAD) are selected to evaluate the denoising performance of the proposed model. Re-
sults: The results show that DCMR~-Net exhibits strong adaptability to all four types of noise and can effec-
tively suppress different noise components while preserving the amplitudes of effective signals and the ma-
jor seismic phases. For real seismic records from STEAD, DCMR-Net effectively improves the signal-to—
noise ratio, reduces background noise before the P-wave arrival, and preserves the P-wave onset and ma-
jor seismic—phase characteristics. Conclusions: DCMR-Net demonstrates good denoising performance and
stability for both synthetic seismic data and real seismic records. By combining dilated convolution, multi—
scale feature fusion, and an attention mechanism, the proposed network improves the distinction between
effective seismic phases and complex noise, showing promising potential for practical seismic signal denoising
applications.
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Table 3 Comprehensive Performance Comparison of DCMR-Net and Representative Deep-Learning

Seismic Denoising Models

R & BB SNRi/dB A K CC S AE SNRi/dB SN B 5 R AR L/ 4
DCMR-Net 14.18 0.95 7.39 18.0
DnCNN 13.53 0.94 1.97 31.0
DeepDenoiser 6.86 0.90 17.64 0.4
PD-Net 2.65 0.69 2.21 15.0
WaveDenoiser 6.67 0.84 1.62 31.1
EQS-denoiser 0.32 0.56 27.60 1.5
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