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Suppressing Random Noise in Seismic Exploration Based on
Multi-Stage Progressive UNet

HE Shoufeng, LI Guanghui, NING Xuliang
(College of Physical and Electronic Engineering, Shanxi University, Taiyuan 030006, Shanxi, China)

Abstract: Data processing is a key link in seismic exploration, and the UNet network, as one of the typi-
cal neural network architectures, has also been used in the field of seismic exploration in recent years as a
means of suppressing random noise. The UNet network is based on its symmetric encoding and decoding
structure, which can extract a wide range of contextual information. However, due to the excessive use of
down-sampling operations in its encoding part, it is easy to lose the spatial details of the input image. Sec-
ondly, the UNet architecture is a single-stage model with a simple network structure, making it difficult
to achieve a balance between spatial accuracy and multi-scale information. Based on this, a multi-stage
progressive UNet network (MPUNet) is proposed. The first two-stages of the network use an encoder-

decoder to learn rich multi-scale information, and the last stage preserves accurate spatial details through
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the original resolution sub network. Introducing supervised attention modules between each two-stages to

recalibrate features entering the next stage, and introducing cross stage feature fusion mechanisms to make

the entire network framework more tightly connected and avoid the loss of effective information. The

experimental results of artificial synthetic records and actual seismic data show that compared to time-
frequency peak filtering (TFPF) and residual dense networks (RDNet), traditional UNet and UNet with
residual dense blocks (RDBUNet) , MPUNet has a more significant denoising effect, which can effec-

tively improve the signal-to-noise ratio and resolution of seismic data, providing a favorable basis for sub-

sequent analysis and interpretation of seismic data.

Key words: UNet; noise suppression; MPUNet; neural networks; seismic exploration
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Fig. 11 Enlarged comparison at one point of red box in figure 10
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