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A Survey of Image Denoising Algorithms
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Abstract: Image denoising is a fundamental step in digital image processing and plays a crucial role in improving image quality and enabling
subsequent processing. Constrained by factors including the precision limitations of imaging devices and transmission environment interfer-
ence, various mixed noise artifacts generated during the imaging process lead to image blurring, compromised detail resolution, and chromatic
distortion. These degradations persistently affect both daily life and professional activities, while the growing demand for acquiring higher—pre-
cision and clearer images makes image denoising particularly crucial.Based on denoising algorithm typology, these methods are categorized in-
to filtering—based approaches, low-rank optimization, sparse optimization, and deep learning—based frameworks. Their performance is system-
atically analyzed in terms of processing speed, noise suppression capability, and edge preservation characteristics, with comparative evalua-
tions conducted through quantitative metrics such as PSNR.A comprehensive evaluation of denoising performance across methodologies is con-
ducted for diverse image types, systematically benchmarking their strengths and limitations. The analysis further delineates applicable scenari-
os and development trajectories for each approach, with particular emphasis on emerging frontiers including real-time denoising for dynamic
imagery, parameter self-adaptation mechanisms, and data—efficient paradigms that circumvent reliance on large—scale training datasets.
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Fig.1 Comparison of different deep learning denoising methods on the Set12 dataset when o=25
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Fig. 3 Comparison of different deep learning denoising methods on the Kodak24 dataset when o=45
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