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Abstract: Seismic data processing is a critical step in seismic exploration. Due to the complexity of underground
structure and surface conditions, seismic data processing needs to go through a series of complex processes, thus
forming various types of seismic data. Different types of seismic data have different data characteristics. Exploring
and making full use of the data characteristics can not only give full play to the technical potential of processing
methods, eliminate the influence of various non-geological factors on the quality of seismic data processing, but also
enhance the reliability of seismic data processing. Improving the signal-to-noise ratio and resolution of seismic data
plays a significant role in the exploration and development of complex reservoirs. The useful signal in pre-stack seis-
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mic imaging gathers(common-reflection-point gathers) is approximately horizontal, and the useful signal in post-stack
seismic imaging data is regular and straightforward compared with random noise and arc-like imaging noise because
of the regularity of stratum deposition. Therefore, the corresponding FK domain is focused on low-frequency energy
due to the specific characteristics of multiscale self-similarity. According to the characteristics of the above seismic
data, this paper proposes an unsupervised noise suppression method for deep network seismic data based on prior in-
formation constraints. Inspired by the deep image prior (DIP), the structure of the neural network can be regarded as a
kind of particular implicit prior information. The reasonable design of network structure can improve the ability of
multiscale self-similarity feature extraction. Because of the multiscale self-similarity of the useful signals of pre-stack
seismic imaging gather data and post-stack seismic imaging data but noise without this characteristic, the network
with specific structure can extract the useful signals from the original data, so as to achieve the goal of noise suppres-
sion. The application results of pre-stack imaging gathers and post-stack imaging data show that the proposed method
has good fidelity and robustness. In addition, due to its strong feature extraction ability, the proposed method also has
a good effect on arc-like imaging noise not easy to suppress by conventional methods.

Keywords: unsupervised learning; neural network; arc-like imaging noise; imaging gathers; multiscale similarity
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Fig.1 The network architecture of the proposed method
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Fig.7 Stack data from 200 pre-stack seismic imaging gathers
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