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Abstract

Nonlocal means dencising algorithm is one of the most widely used denoising algorithm. Because it performs well, and
the theoretic idea is intuitive and simple. However the conventional nonlocal means algorithm has still some problems such
as noise remaining in the denoised flat region and blurring artifacts in the dencised edge and pattern region. Thus many
improved algorithms based on nonlocal means have been proposed. In this paper, we proposed new improved nonlocal
means denoising algorithm by weight update through weights sorting and newly defined threshold. Updated weights can
make weights more refined and definite, and denoising is possible without that artifacts. Experimental results including
comparisons with conventional algorithms for various noise levels and test images show the proposed algorithm has a
good performance in both visual and quantitative criteria.

Keywords : Non-local menas, weight sorting, denoising, image enhancement, resolution
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Fig. 2. House original imagelleft), noisy image(middle),

conventional NLM algorithm(right).
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Fig. 9. Boat original image (eft), conventional NLM

algorithm (middle), proposed denoising algorithm
(right).

x 1. House ¥4 PSNR Z 2} H|1(dB)
Table 1. The comparison of PSNRs for House image(dB).
House | o =5 10 15 20 25
[3] 3554 32.80 30.31 2962 27.10
[4] 37.58 34.53 3299 3154 30.49
(5] 37.99 3470 33.53 32.81 31.31
[6] 38.15 3481 3351 32.86 31.33
Proposed| 38.20 34.97 33.56 32.80 31.30
T 2 Peppers ¥4 PSNR Z 2} H{1W(dB)
Table 2. The comparison of PSNRs for Peppers
image(dB).
Peppers | o =5 10 15 20 25
[3] 3353 30.43 2851 2128 2548
(4] 35.43 33.15 3161 2950 2853
(5] 37.14 34.68 32.80 3059 2941
(6] 37.08 34.58 3273 3057 29.39
Proposed| 37.17 34.72 32.82 30.60 29.42
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ks

E 3 lena ¥4 PSNR Z2} H|u(dB)
Table 3. The comparison of PSNRs for Lena image(dB).

Lena =5 10 15 20 5
3 3425 32.70 3131 29.06 2817
(4] 3643 3495 3378 3109 30.48
(5] 3661 3562 34.19 3243 3159
(6] 36.66 35.68 2B | 3252 3170
Proposed| 36.79 | 35.72 | 34.30 3250 | 3174
¥ 4. Barbara ¥4 PSNR 22} v W(dB)
Table 4. The comparison of PSNRs for Barbara
image(dB).
Barbara| ¢ =5 10 15 20 ps)
(3] 3264 29.78 2822 2174 2645
{4] 34.58 32.05 3090 2052 28.36
(5] 3652 3335 31.36 30.17 29.14
(6] 36.60 3390 3148 30.22 29.26
Proposed| 36.67 | 3401 | 3154 | 3040 2924
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