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Multi-directional Weighted Mean Denoising Algorithm Based on Two Stage Noise Restoration

MA Hong-jin NIE Yu-feng

(School of Natural and Applied Sciences, Northwestern Polytechnical University,Xi’an 710072 ,China)
Abstract In view of problem that some present algorithms cannot effectively remove salt-and-pepper noise meanwhile
preserving edges and details in the case of high noise density,a multi-directional weighted mean denoising algorithm
based on two stage noise restoration was proposed. In the noise detection stage.the proposed algorithm firstly intro-
duces a variance parameter to judge the gray level difference between current pixel and its neighborhood pixels,then de-
signs the noise detector by combining the variance parameter and gray level extreme. In the noise restoration stage,a
two stage restoration method is introduced to restore the gray value of noisy pixels. Firstly, the restoration method uses
the improved adaptive median filter to carry out the first stage noise restoration, then divides all the noisy pixels into
two types and applies different restoration skills to carry out the second stage noise restoration. One type of noisy pixel
is further restored by the mean filter and the other type of noisy pixel is further restored by the multi-directional weigh-

ted mean filter. Experimental results show that the proposed algorithm outperforms many state-of-the-art filters in

terms of image denoising and edge preservation.
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Table 1

Comparison of restoration results in terms of PSNR for

Lena image by different algorithm

L PSNR/dB
S EE/ %
SM DWM MDWM MDW TVW MWM
10 36.12 40.78 41.50 42,71 42.53 43.27
20 33.42 37.02 38.13 39.49 39.12 40.02
30 31. 36 34.63 36. 10 37.28 36.92 37.83
40 29. 88 32.51 34.16 35.41 35.16 36.01
50 28. 54 30.23 32.62 33.44 33.87 34.26
60 26.76 27.69 31.22 31.34 32.29 32.30
70 24.47 25.23 29.77 30. 35 30. 95 31.25
80 19.52 21.00 27.94 28.81 29.12 29. 64
90 8. 80 15.45 25.34 26.57 26. 84 27.36
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Table 2 Comparison of restoration results in terms of PSNR for

Boat image by different algorithms

PSNR/dB
Yy 0

SM DWM MDWM MDW TVW MWM
10 32.84 36.19 38.60 39.78 39.48 40. 18
20 30. 05 32.81 35.41 36.53 36. 31 37.03
30 28.15 30. 44 33.15 34.21 34.02 34. 60
40 26.76 28.61 31.31 32.60 32.54 33.09
50 25.08 26.70 29.82 30. 85 31. 14 31.47
60 23.16 24.25 28.32 28.15 29.55 29.02
70 20.54 22.10 26.85 27.20 28.15 28.21
80 13.25 18. 36 25.09 25.94 26.40 26.75
90 7.83 14. 42 22.73 23.80 23.98 24.43

3 ORFSEX Zelda FIR 2 W J5 H9 PSNR {E XS L
Table 3 Comparison of restoration results in terms of PSNR for

Zelda image by different algorithms

PSNR/dB
VL) B

SM DWM MDWM MDW TVW MWM
10 39.72 43.39 45.49 47.26 46.73 47. 81
20 36.90 39. 85 42.04 43. 84 43.47 44.35
30 35.26 37.76 40. 00 41.56 41.22 42.23
40 33.48 35.27 37.93 39.53 39. 37 41.47
50 31.98 33.32 36. 39 36. 24 37.85 37.52
60 30.05 30.92 34.79 34.96 36.25 36. 31
70 25.79 27.26 33.05 33.81 34.57 34. 84
80 14.55 22.85 31.12 31. 87 32.83 33.08
90 8.42 16. 33 28.35 29.41 30. 27 30. 62
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