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Tab. 2 Comparison of seismic data denoising performance
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Seismic data denoising method based on feedforward denoising convolution neural network

WANG Danli**, ZHOU Huailai**¢, WANG Yuanjun*", LU Fen**, HE Pingyi**

(1. Chengdu University of Technology a. College of Geophysical,
b. State Key Laboratory of Oil and Gas Reservoir Geology and Exploitation,

c. Key Laboratory of Earth Exploration and Information Technology of Ministry of Education,Chengdu 610059, China)

Abstract; Random noise suppression is an effective method to improve the signal —to— noise ratio of seismic data. This pa-
per studies the removal of random noise of seismic data using the depth learning denoising method of feedforward denoising con-
volution neural network(DnCNN). At the same time, M—DnCNN network is constructed by using a mish activation function
further to improve the denoising performance of the network model. This method is based on neural network and statistical
principles, automatically extracts features through convolution neural network, and uses a single residual unit to predict noise.
that is, input noisy seismic data, output predicted noise after M— DnCNN learning, and make a difference between input and
output noise to obtain denoised seismic data. In the experimental part, firstly, the denoising effect of this method is verified by
synthetic seismic data. At the same time, M— DnCNN is compared with mean filtering and {— x domain prediction filtering
methods. The results show that M— DnCNN is better than the original DnCNN in removing random noise from seismic data
and can suppress random noise more effectively than the other two denoising methods. M—DnCNN is used in the denoising ex-
periment of actual seismic data. The experiment shows that M—DnCNN also applies to denoising processing of actual seismic
data. It can achieve a good denoising effect while retaining and highlighting effective signals.

Keywords: random noise; seismic data denoising; mish activation function; M—DnCNN



