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Design of Weighted Median Filters Considering
Intensity Gradient Using Genetic Algorithm

TATSUYA SUZUKI† ,YOSHIKO HANADA †† and MITSUJI MUNEYASU††

Weighted median filter (WMF) is one of effective nonlinear filters for the impulse noise removal. To

improve the processing performance of WMF, both a suitable window shape and appropriate weights of

the filter to the local pattern observed in images should be selected. This is because an estimated value of

corrupted pixel has high accuracy since the window shape along the edge of a uniform direction includes

many pixels that have similar values. In addition, appropriate weights can preserve tiny edges. Most natural

pictures or images include many edges of different directions. In this paper, a new design method of WMFs

considering the edges of various directions for the natural corrupted images is proposed. Here the input

image is divided into several domain according to the intensity gradient and a suitable WMF is designed in

each domain. Through experiments our method is shown to outperform conventional promising filters.
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Fig. 2 Flow of proposed method
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Fig. 4 Designed filters and processing results
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1 (p=0.05)

Table 1 Comparison among impulse removal methods (p=0.05)

Instance Degraded Methods
image Median PSM PSWA LMA ROLD-EPR 2x2 uniform proposed

Airplane 521.10 100.01 59.01 50.74 44.70 40.55 35.05 43.35 29.24
Barbara 382.10 249.21 120.15 95.14 47.01 53.64 58.46 36.71 28.01
Boat 335.42 49.10 27.22 21.82 14.22 15.54 13.04 12.40 9.48
Bridge 436.17 309.02 109.05 96.79 110.46 84.19 86.06 109.58 79.18
Cameraman 494.70 132.97 113.38 99.10 48.96 62.52 69.51 46.17 39.07
Girl 505.73 28.66 11.23 9.45 14.62 10.82 9.92 14.71 8.79
Lena 381.73 47.05 25.59 23.10 20.86 21.84 21.45 21.82 14.68
Lighthouse 431.56 254.78 156.61 145.47 78.44 95.46 90.99 76.34 60.23

2 (p=0.2)

Table 2 Comparison among impulse removal methods (p=0.2)

Instance Degraded Methods
image Median PSM PSWA LMA ROLD-EPR 2x2 uniform proposed

Airplane 1995.07 164.23 149.63 142.61 144.40 122.81 112.29 132.79 107.88
Barbara 1585.17 320.82 276.87 227.26 185.40 207.36 187.18 142.54 117.46
Boat 1356.75 87.11 69.23 69.47 71.16 52.25 49.59 58.05 42.02
Bridge 1738.75 402.32 296.12 276.30 311.17 248.12 231.26 304.06 241.14

Cameraman 1901.48 198.40 197.11 198.70 168.30 168.89 148.59 169.61 147.40
Girl 2069.20 73.27 39.74 38.69 73.27 37.44 39.41 73.27 49.84

Lena 1588.93 92.80 77.95 77.18 85.45 69.85 63.46 84.24 61.77
Lighthouse 1804.39 336.19 309.95 295.37 246.66 238.69 223.18 233.23 200.26

MSE

MSE

MSE

( )
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2x2
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