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Color Image Denoising Based on Depth Residual Learning
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ABSTRACT: When the noise exists, especially the relatively serious noise level, the visual quality of color image will be
reduced. The work aims to propose a color image denoising method based on depth residual learning, in order to remove
noise effectively and make the denoised image have better visual effect. Firstly, a residual layer consisting of several
residual unit modules was designed, and then the skip connection was added between residual unit modules to form the
non-linear mapping from noise image to denoised image. The number of residual units was optimized, so that the network
could learn more image details to improve the denoising performance. At the same time, the activation function of each
residual unit module is moved to the front of the convolution layer to accelerate the network convergence. Compared with
common denoising algorithms, the proposed method had better effects in subjective visual score MOS values and objective
indicators (PSNR and SSM) on Kodak24 and CBSD100 datasets. The proposed color image denoising method based on
depth residual learning can effectively remove the noise in the image, especially when the noise is serious, and obtain
satisfactory visual effect, which shows that the proposed method has good denoising performance.
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Tab.3 PSNR/dB values of two test sets in different methods and at different noise levels dB
Dataset Noise CBM3D MCWNNM DnCNN FFDNet IDDRL
10 36.42 36.27 36.66 36.69 36.71
Kodak24 30 30.74 30.16 31.19 31.27 31.38
50 28.46 27.15 28.85 28.98 29.25
10 35.75 35.20 35.92 35.97 35.98
CBSD100 30 29.54 28.89 30.12 30.12 30.31
50 27.19 25.85 27.72 27.76 27.92
4 2 SSIM
Tab.4 SSIM values of two test sets in different methods and at different noise levels
Dataset Noise CBM3D MCWNNM DnCNN FFDNet IDDRL
10 0.9417 0.9402 0.9455 0.9455 0.9453
Kodak24 30 0.8447 0.8313 0.8597 0.8582 0.8612
50 0.7759 0.7462 0.7965 0.7941 0.7972
10 0.9052 0.9015 0.9526 0.9529 0.9531
CBSD100 30 0.8104 0.8490 0.8549 0.8531 0.8556

50 0.7323 0.7643 0.7789 0.7754 0.7798
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