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Abstract: [Objective] Noise in seismic data significantly affects the accurate interpretation of subsurface stratigraphic
information. Given that effective signals with pronounced lateral correlations in seismic data are distributed in specific
coefficients but random noise typically spreads uniformly over all coefficients in the curvelet domain, more effective
separation of signals can be achieved. [Methods] The convolutional neural network based on the attention mechanism
can adaptively extract key information by focusing on important features of images. Hence, this study proposed a noise
attenuation method for seismic data using a convolutional neural network based on the curvelet transform and attention
mechanism (Curvelet-AU-Net). First, the curvelet coefficients of noise-containing seismic data were obtained through
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curvelet transform to analyze the distributions of effective signals and noise in the curvelet domain. Second, a U-Net net-
work with a convolutional block attention module (CBAM) was employed, with the curvelet coefficients of noise-con-
taining seismic data as input data for training and the curvelet coefficients of noise-free seismic data as labels. Then, the
parameters of the network were updated by comparing the loss function values of actual outputs and labels and back-
propagating gradients layer by layer. The network training was completed as the loss function value reached its minim-
um. Finally, the test data were put into the trained network model. The denoising results of seismic data were obtained
by performing inverse curvelet transform on the network output data. [Results and Conclusions] The processing results
of simulation and actual data show that compared to conventional methods and ordinary convolutional networks, the
method proposed in this study demonstrates superior attenuation effects on common noise (e.g., random noise) under dif-
ferent noise levels and scales, achieving higher signal-to-noise ratios and fidelity for seismic signals. This method, integ-

rating the sparse representation of the Curvelet transform and the adaptability of deep learning models, provides a novel

%50 %

approach for the noise attenuation of seismic data.

Keywords: Seismic data denoising; Deep learning; U-net network; Curvelet transform; Attention mechanism
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Table 2 Signal-to-noise ratios of denoising results derived using different methods under different noise levels

— {51 L/dB
MRHE AN — é . Q
el Sl FxDecon DnCNN /2% Curvelet %I U-netM %% Curvelet-AU-Net
0.1 8.25 14.77 17.67 20.82 19.78 22.15
Testl 0.2 2.23 11.90 15.76 16.62 17.73 19.00
0.5 =5.73 3.21 11.36 11.71 13.06 14.34
0.1 11.52 15.94 21.10 23.83 2291 25.19
Test2 0.2 5.50 12.98 18.70 19.24 20.83 21.55
0.5 —2.46 9.16 13.56 14.14 15.82 16.75
0.1 12.73 16.38 23.61 2491 26.36 27.97
Test3 0.2 6.71 13.52 20.68 21.09 23.32 23.64
0.5 -1.25 9.84 15.19 16.03 17.43 18.38
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Table 3 Structural similarity of denoising results derived using different methods under different noise levels

D T SRS Py Rkl —
A FxDecon DnCNN ¥ %% Curvelet %I U-net ™ 4% Curvelet-AU-Net

0.1 0.970 0 0.992 0 0.997 0 0.997 6 0.9979 0.998 4

Testl 0.2 0.889 5 0.983 5 0.992 2 0.993 0 0.994 8 0.9950
0.5 0.5559 0.865 3 0.969 4 0.973 5 0.978 8 0.983 3
0.1 0.971 4 0.989 0 0.996 6 0.997 4 0.997 3 0.998 1

Test2 0.2 0.894 4 0.977 4 0.991 3 0.992 3 0.994 0 0.994 9
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0.1 09711 0.9872 0.996 6 0.997 4 0.997 3 0.998 1

Test3 0.2 0.893 7 0.9742 0.9912 0.992 3 0.993 9 0.994 2
0.5 0.568 7 0.9359 0.966 1 0.970 7 0.976 0 0.980
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Table 4 Signal-to-noise ratios of denoising results derived using different methods under different scales

s N (&M E/dB
W T HITH RN —
=3 En FXDECON DnCNN/® % U-net 4% Curvelet-AU-Netf2&
1 200 ms*200iH 13.52 14.76 18.24 19.35 20.89
2 500 msx900i& 9.77 12.72 15.8 17.51 18.21
3 1 000 msx9003E 6.93 10.83 12.91 15.03 15.72
4 1 801 msx1 43514 6.61 10.79 11.28 13.63 13.86
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Table 5 Structural similarity of denoising results derived using different methods under different scales
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