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Fig.1 Structure diagram of generative adversarial network
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Fig. 3 Classification tree diagram of denoising methods based on different network architectures
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Review of Image Denoising Methods Based on Deep Learning Models

CAIRui', Saheya'?, AN Zhijie'

(1. College of Mathematics Science , Inner Mongolia Normal University, Hohhot 010022, China;
2. Center for Applied Mathematics Inner Mongolia, Hohhot 010022, China)

Abstract: Possessing all-time and all-weather imaging capabilities, synthetic aperture radar (SAR) holds significant
applications in fields such as environmental monitoring, resource survey, and disaster evaluation. However, its imaging
mechanism inevitably produces multiplicative speckle noise, thereby degrading image quality and affecting subsequent
information extraction and application. To this end, researchers have proposed various denoising methods. Specifically,
methods at the early stage mainly relied on filter design and statistical modeling, yielding certain results in noise suppression
and structure preservation. As deep learning technology develops, data-driven methods have gradually become
mainstream, demonstrating notable advantages in modeling capability and denoising performance. This paper
systematically reviewed the research progress of SAR image denoising based on deep learning, covering common public
datasets, performance evaluation indexes, basic network structures, and the latest technologies. The results show that this
field has expanded from local feature modeling to multi-scale fusion, and further focuses on global dependency modeling and
the design of new network architectures, with substantial improvements achieved in noise suppression, structure
preservation, and feature expression.

Key words: SAR image; speckle noise; deep learning; dataset; evaluation index
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