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Category-specific Image Denoising Algorithm Based on Grid Search

CAO Yi-qin and XIE Shu-hui

School of Software,East China Jiaotong University, Nanchang 330013, China
Abstract Aiming at the problems of partial region texture loss and time-consuming in similar block search of the category-speci-
fic image denoising algorithm,a new denoising algorithm for category-specific image based on grid search is proposed. Firstly, the
SSIM is used to select candidate data set similar to the noise image in category-specific data sets. In order to speed up the search
of similar blocks,the candidate image set is traversed by a coarse-scale grid search box,and the kNN algorithm is used to find the
candidate block in the grid that is close to the noise block. Next.in order to find a candidate block that is closer to the noise
block,a fine-scale search box is constructed according to the central position of the candidate block,and the fine-scale search box
is traversed to screen the similar block with the closest Euclidean distance between the candidate block and the noise block. Final-
ly,the similar block and the residual component in the regularization of global sparse structure are combined to recover the latent
image of the noise image. Experimental results show that the grid search strategy can speed up the selection of similar block,and

the residual component can not only remove the image noise,but also better preserve the information at the edge of the image.
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Table 2 Average PSRN of different algorithms under different datasets
G, BM3D NLM TID PGPD EPLL PCLR WNNM CSID Ours
30 29. 83 28.97 31.15 30. 30 29. 47 23.82 22.77 31.14 31.71
A #AE & 50 27.25 27.31 28. 28 27.48 26. 70 19.37 21.76 29.03 29.42
70 24,71 25,34 25.62 25.29 24,78 21.32 27.78 27.56 28.00
30 13.54 13.11 13.24 21.54 21. 04 21.74 22.30 23.59 23.96
SO B A & 50 13.63 13.13 13.28 18. 69 19. 47 18. 34 21.73 22.03 22.45
70 13.51 13.11 13. 21 16. 68 16. 66 16.16 20. 92 20. 60 21.08
30 24.52 22.88 24. 50 24,06 27.37 28.92 25.43 28.18 28. 21
BERHEE 50 22. 64 21.76 23.06 20. 60 25.98 25.04 24.02 25.79 26.16
70 21.45 20. 89 21.88 18. 38 26. 34 22.39 22,74 24,25 24.77
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Table 3 Average FSIM of different algorithms under different datasets
G, BM3D NLM TID PGPD EPLL PCLR WNNM CSID Ours
30 0.877 0.939 0. 960 0.961 0.952 0.923 0. 940 0.956 0.967
A 248 & 50 0.891 0.902 0.934 0.932 0. 930 0.881 0. 904 0.931 0.935
70 0.893 0.891 0.902 0.910 0.907 0. 844 0.873 0.911 0.913
30 0.902 0. 894 0.995 0. 945 0.876 0.939 0.995 0.992 0.996
S B E 50 0.910 0.892 0.993 0.921 0.846 0. 870 0.994 0.991 0.993
70 0.934 0.891 0.991 0.918 0.824 0.823 0. 990 0. 990 0.992
30 0.945 0.929 0.937 0. 940 0.924 0. 865 0. 883 0. 990 0.992
BB R 50 0. 890 0.892 0.901 0.925 0.881 0.275 0. 866 0.893 0.991
70 0.896 0. 890 0.883 0.910 0. 866 0. 685 0.857 0. 892 0.990
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Ours 0.5502 0.5574 0.5284
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