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Image denoising algorithm based on weighted kernel norm

minimization and improved wavelet threshold function

GUO Xingang, XU Lianjie, CHENG Chao™ , HUO Jinhua
(School of Science and Engineering, Changchun University of Technology, Changchun 130012, China)

Abstract; In view of the structural residual noise in the weighted nuclear norm minimization algorithm and the inability to maintain the edge

structure of the image, a denoising method that minimizes the weighted kernel norm and improves the wavelet threshold was adopted. The total

variation model to perform preliminary denoising of the noise image, and the noisy image to subtract the preliminary denoised image were used. An

improved wavelet threshold function was used to denoise the noise difference image obtained after subtraction. The denoised residual image was

superimposed with the preliminary denoised image, and the superimposed image was finally denoised using an iterative weighted kernel norm

minimization algorithm based on the residual noise level. Compared with the more popular denoising algorithms, the PSNR and SSIM processed by

this algorithm are improved, the texture structure of the image can be maintained, and the effect is better in a high-noise environment.

Keywords: weighted kernel norm; wavelet transform; noise residual; total variation
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Tab.1 PSNR (SSIM) values of various algorithms
o =20 o =40 o =60 o =100
K%
PSNR/dB SSIM PSNR/dB SSIM PSNR/dB SSIM PSNR/dB SSIM
FNLM 29.03 0.848 1 26.24 0.782 4 24.37 0.715 4 20.17 0.619 1
BM3D 29.717 0.872'1 26.85 0.826 3 24.74 0.789 6 23.07 0.6917
PCLR 30.01 0.881 6 26.91 0.8325 25.13 0.804 9 22.67 0.750 0
Cameraman

WNNM 30.33 0.880 1 27.16 0.8357 25.25 0.804 0 23.36 0.744 0
NCSR 30.37 0.8835 27.10 0.8345 25.30 0.796 4 22.93 0.705 4
ARICED: 30.57 0.8855 27.40 0.847 2 25.68 0.819 2 23.52 0.769 4
FNLM 29.93 0.842 4 26.42 0.740 1 24.60 0.679 3 22.56 0.578 1
BM3D 30.89 0.864 5 27.48 0.784 4 25.70 0.733 6 23.71 0.646 1
PCLR 30.81 0.866 3 27.57 0.795 2 25.84 0.748 6 23.86 0.672 8
Lena WNNM 30.80 0.865 6 27.70 0.793 4 26.03 0.749 2 24.02 0.673 6
NCSR 31.11 0.8713 27.79 0.800 4 26.00 0.7390 23.80 0.6712
VN RS 31.06 0.872 6 27.81 0.795 2 26.14 0.762 5 24.40 0.689 1
FNLM 27.50 0.878 2 25.69 0.7850 23.60 0.730 1 19.47 0.511 6
BM3D 28.94 0.8899 26.10 0.8531 23.94 0.807 7 21.99 0.6255
PCLR 28.58 0.873 9 26.02 0.878 0 23.89 0.8315 22.26 0.636 8
Boat WNNM 29.40 0.884 1 26.13 0.874 9 24.01 0.837 4 22.34 0.756 6
NCSR 29.36 0.881 8 25.99 0.873 1 24.26 0.8317 22.53 0.756 1
ARICED: 29.59 0.891 2 26.26 0.889 2 24.45 0.836 6 22.92 0.777 8
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PSNR/dB SSIM PSNR/dB SSIM PSNR/dB SSIM PSNR/dB SSIM
FNLM 30.17 0.861 0 26.42 0.787 4 24.23 0.722'5 21.46 0.583 2
BM3D 31.29 0.8850 27.70 0.815 4 25.81 0.765 6 22.99 0.684 2
PCLR 31.33 0.8863 28.05 0.824 2 26.06 0.774 1 23.16 0.689 7
Peppers WNNM 31.47 0.887 5 28.08 0.822'1 26.12 0.784 5 23.49 0.716 1
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BM3D 29.47 0.885 4 26.89 0.805 4 24.64 0.703 1 21.96 0.603 4
PCLR 30.10 0.8829 26. 66 0.776 3 24.89 0.708 1 22.74 0.602 4
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NCSR 30.28 0.879 6 26.50 0.790 0 24.93 0.681 4 22.77 0.601 2
ARICED: 30,52 0.890 2 27.11 0.804 4 25.21 0.714 2 23.21 0.626 2
FNLM 29.15 0.856 8 26.05 0.760 7 24.09 0.693 0 21.10 0.564 7
BM3D 30.07 0.879 4 27.00 0.816 9 24.97 0.759 9 21.74 0.650 2
= PCLR 30.16 0.878 2 27.04 0.8212 24.96 0.773 4 22.94 0.670 3
THR WNNM 30.46 0.878 8 27.15 0.8222 25.24 0.772 9 23.21 0.700 1
NCSR 30.49 0.880 2 27.07 0.824 4 25.30 0.764 0 23.09 0.684 4
ARXHEE 30.66 0.886 9 27.34 0.8338 25.53 0.7859 23.58 0.718 7
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