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Abstract:

Most existing group sparse representations based image restoration methods utilize the non-

local self-similarity prior property to cluster similar small blocks into groups and apply sparsity to each

group of coefficients, which effectively preserves image texture information. However, these methods

only apply simple sparsity to each individual block in the group, but ignore other beneficial image attri-

butes. Based on this, an image-denoising algorithm based on a low-rank model and a residual model is

proposed.

It not only utilizes the sparsity and low rank of each group of similar blocks, but also uses

residual learning methods to automatically estimate the true sparse representation of image blocks. The

experimental results show that the proposed algorithm fully considers the relationship between blocks,com-
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bines the correlation and specificity of blocks and then effectively performs image denoising to obtain high-

quality restored images. The experimental results also show that the PSNR average gain of the proposed
algorithm was 0. 34 dB higher than BM3D, 0.48 dB higher than NCSR, 0.2 dB higher than LRJS,
0.04 dB higher than LGSR and GSR-SRLR, and the average SSIM value reached the second highest,
which is sufficient to prove that it is superior to many popular or state-of-the-art denoising algorithms.

Key words: image denoising; sparse representation; nonlocal self-similarity; alternating minimization
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Tab.2 PSNRs and SSIMs, as well as errors, of 12 tested images under different noisy levels

o Eiztun BM3D NCSR LRJS LGSR GSR_SRLR A
20 PSNR/dB  30.80+3.8 30.824-3.4 30.9343.3 31.034+3.5 31.0543.6 31.074+3.5
SSIM 0.872840.07  0.8716+0.07  0.8728+0.08  0.8752+0.08  0.8755+0.08  0.876 0+0.07
20 PSNR/dB  28.93+4.0 28.84+3.7 29.03+3.6 29.16+3.8 29.14+3.9 29.224+3.8
SSIM 0.829940.08  0.8275+0.09  0.8330+£0.09  0.8352+0.09  0.833640.09  0.835140.09
10 PSNR/dB ~ 27.45+4.3 27.464+4.0 27.704+3.8 27.854-4.0 27.84+4.1 27.90+4.0
SSIM 0.7885+0.09  0.7877+0.10  0.79724+0.10  0.801540.10  0.800240.10  0.801 6--0.09
- PSNR/dB  26.56+4.2 26.44+4.0 26.67+3.8 26.85+4.0 26.8944.1 26.91+4.1
SSIM 0.7595+0.09  0.7559+0.10  0.7679+0.10  0.772840.10  0.77154+0.10  0.7711£0.10
. PSNR/dB  24.77+4.1 24.46+4.1 24.8743.7 25.10+4.1 25.13+4.1 25.14+4.1
SSIM 0.6910+0.15  0.6856+0.19  0.70724+0.10  0.709540.13  0.71024+0.13  0.709 7--0.13
100 PSNR/dB  23.494-4.0 23.164.0 23.64+3.6 23.82+4.1 23.76+4.4 23.78+4.4
SSIM 0.6343+0.22  0.6204+0.28  0.6598+0.14  0.66071+0.21  0.653240.26  0.653 2-£0.26
T PSNR/dB  27.00+3.8 26.864-4.0 27.144+3.8 27.3043.8 27.304+3.8 27.344+3.8
SSIM 0.762740.13  0.7581+0.14  0.7730+0.12  0.7758+0.12  0.77404+0.13  0.774 6+0.12
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Fig. 2 Denoised results of image “Boat” under noisy level 20
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Fig.7 Denoised results of image “Lena” under noisy level 100
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Tab.3 Average time of 12 tested images under different noisy levels
FYEATRE /s
BM3D NCSR LRJS LGSR GSR_SRLR ACH#

20 1.92 376.22 198.27 632.25 446.41 545.84
30 1.98  365.97 346.44 1827.12  489.17 502.71
40 1.89  959.00 421.68 4 048.32  498.86 411.79
50 2.67  942.67 572.86 231240  461.54 604.99
75 2.69  592.80 688.40 3352.97  790.28 926.57
100 2.77  574.08 483.64 514048 1417.64 1228.33
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