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Scale-Perception Image Denoising Algorithm Based on Residual Learning

Chen Huan'?, Chen Qingjiang””
" Department of Fundamentals, Shaanxi Institute of International Trade & Commerce,
Xianyang, Shaanxi 712046, China;

2 School of Science, Xi'an University of Architecture and Technology, Xi'an, Shaanxi 710055, China

Abstract This study proposed an image denoising algorithm based on deep learning. The scale-perception edge-
protection filter was used to decompose the noise image in multiple scales. Small features, such as the image noise,
were removed via scale sensing and edge preserving, and the edge details were kept unchanged. A trained
convolutional neural network model was used to gather detailed information about the image, and the image was
then processed using the scale-perception edge-protection filter for detail recovery. The results show that the
proposed denoising algorithm can effectively reduce noises and well retain high-frequency information. Moreover,
the fusion results correlate well with human visual observations.

Key words image processing; image recognition; scale-perception; edge-protection; image denosing; convolutional
neural network; detail recovery
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