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Research advances in intelligent suppression of surface-related

multiples based on deep learning
DING Renwei', CHU Hongyu', YAO Jinlin', GONG Chao®, TAO Huilin®,
ZHANG Jinwei', ZHAO Lihong', ZHAO Shuo', LI Chaoyang'
(1. College of Earth Science and Engineering, Shandong University of Science and
Technology, Qingdao 266590, China;
2. Shandong Provincial Geo-Mineral Engineering Co., Ltd., Jinan 250000, China;
3. The Fifth Prospecting Team of Shandong Coal Geology Bureau, Jinan 250000, China)

Abstract: The presence of surface-related multiples severely degrades the imaging quality and interpretational
accuracy of seismic data, making their effective suppression a critical task in seismic data processing. Traditional
methods, primarily including filtering techniques based on signal processing and predictive subtraction methods
based on wave equation, often exhibit limited performance when dealing with complex geological structures or
low signal-to-noise ratio conditions. In recent years, deep learning technology, with its powerful feature
extraction and pattern recognition capabilities, has provided novel solutions and methodologies for suppressing
surface-related multiples. This paper investigates and analyzes a variety of intelligent suppression methods for
surface-related multiples, covering multiple paradigms such as supervised learning, unsupervised learning, self-
supervised learning, and physics-informed integration. It also systematically reviews their development,

fundamental principles, applicability, advantages. limitations. and suppression effects. Based on the current
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research trends in deep learning-based multiple suppression, it finally discusses the future development directions
for intelligent suppression techniques of surface-related multiples.
Key words: surface-related multiples; deep learning; supervised learning; unsupervised learning; self-supervised

learning; physics-informed methods
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Fig. 10 Schematic architecture of the self-supervised deep neural network
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