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Abstract ; We introduce the classical non-local means filtering algorithm and the improved non-local means fil-
tering algorithm with the weight function modified by Manjon. In this paper, we propose different weight func-
tion, and make it have rotating shift invariance for the local windows while keeping the time complexity of opti-
mizing the visual effect and SNR. By adding noise standard deviation from Gaussian additive noise ranging
from 10 to 100, we compare the improved algorithms with traditional filtering algorithms and Manjén non-mean
filtering algorithm. The results show that the improved algorithm from either visual or numerical is superior to
Manjoén non-mean filtering algorithm.
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Tab.1 Comparison of the SNR of algorithms

10 20

Manjén NLM 26.777 7 22.855 8
P NLM 26.492 1 22.858 4

30 40 50 60 70

20.6562 19.047 1 17.8043 16.7386 15.7917
20.6796 19.1884 17.9807 16.9313 15.978 8

80 90 100

14.9401 14.1411 13.5117
15.146 3 14.4128 13.701 7

I % -1.07 0.01 0.11 0.74 0.99 1.15 1.18 1.38 1.92 1.41
*2 FMEENIEEEBRILIEE
Tab.2 Comparison of the PSNR of algorithms
10 20 30 40 50 60 70 80 90 100

Manjén NLM 55.434 5 51.537 8
et NLM - 55.1535 1.518 1
BAL/%  -0.51  -0.03

49.333 7 47.7335 46.502 6 45.4257 44.4747
49.347 6 47.8533 46.6379 45.571 6 44.608 7
0.03 0.25 0.29 0.32 0.30

43.6144 2.8139 42.1215
43.748 5 42.9855 42.2454
0.31 0.40 0.29
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