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Image Denoising Method of Spectrum Clustering Based on Non-local Similarity
KE Zu-fu!  YI Ben-shun®? XIE Qiu-ying
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Abstract The conventional image denoising algorithms just make use of the prior information of the natural image or
the noise image alone, without effective combination of the prior imformation of two images to realize the image denoi-
sing. For this problem,a novel image denosing method which joins the prior information of the natural image and the
non-local similarity of the noise image was proposed in this paper, Firstly, the similar blocks in natural image are clus-
tered in the same class by the spectrum clustering, and the result of the spectrum clustering with the natural image is
used to get the clustering of the noise image blocks. Then, the gotten same class blocks of the noise image are vectorized
as a low-rank matrix. Secondly, the low-rank approximation process is adopted on the matrix to estimate the relative
original image data, Finally, the original image can be reconstructed by the estimated image data. The experimental re-
sults show that compared with the RNL(adaptive regularization of the NI.-Means) and LPG-PCA(two-stage image de-
noising by principal component analysis with local pixel grouping) , the proposed algorithm can provide significant per-
formance improvement with respect to both PSNR and local information preservation, which produces better denoising effect.
Keywords Image denoising,Spectrum clustering, Non-local self-similarity, Low-rank approximation
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Tmage =10 =20 =30
LPG-PCA RNL AX LPG-PCA RNL AX LPG-PCA RNL A
Pepers 34,08 34,17 34.53 30. 53 30. 69 31.06 28, 48 28,50 29. 10
C. man 33.61 33,97 34.15 29.72 30,11 30. 44 27. 80 27.95 28. 47
Lena 34,91 34,36 35,09 30. 96 30. 54 31.2% 28. 69 28.22 29. 21
Monarch 34. 07 33,72 34.62 30. 04 30,01 30.57 27.72 27.64 28.35
Akiyo 38.10 37,12 38. 43 33.92 33,16 34. 37 31.41 31,00 31.89
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#*2 XKW SSIM WXt

U 0=10 a=20 0=30

LPG-PCA RNL AX LPG-PCA RNL A X LPG-PCA RNL X

Peppers 0.92 0. 92 0.93 0. 87 0. 87 0.88 0. 84 0. 84 0.85
C. man 0.92 0.93 0.93 0. 86 0. 87 0.88 0.81 0, 82 0.84
Lena 0.94 0.93 0.94 0.89 0. 87 0.89 0. 84 0. 82 0.85
Monarch 0. 95 0. 94 0.96 0.91 0.91 0.92 0. 87 0. 87 0.88
Akiyo 0. 96 0. 95 0.97 0. 93 0, 92 0. 94 0. 89 0. 88 0. 90

# 3 X5 MSE g%t

i 0=10 0=20 , 0=30 :
LPG-PCA RNL & X LPG-PCA RNL A X LPG-PCA RNL A X
Pepers 25.36 24.92 18. 26 57.48 55. 38 43.54 92. 23 92.12 79. 19
C. man 28.28 25.93 20. 47 69. 25 63. 39 58. 43 107. 33 104. 28 91.83
Lena 21. 06 24,09 20. 23 52,17 57. 50 51.97 87. 96 97.95 78.07
Monarch 25455 27.00 18. 12 64. 52 64. 96 57. 11 109. 92 110. 80 94. 98
Akiyo 10. 16 12, 94 7.19 26. 45 31. 50 21.32 47.07 51. 86 42.05
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