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Adaptive gray-weighted robust fuzzy C-means algorithm for image
segmentation

LU Haiqing', GE Hongwei'”

(1. School of Internet of Things, Jiangnan University, Wuxi 214122, China; 2. Ministry of Education Key Laboratory of Advanced
Process Control for Light Industry, Jiangnan University, Wuxi 214122, China)

Abstract: The traditional fuzzy C-means (FCM) algorithm and its corresponding improved algorithm that is combined
with spatial information have low segmentation accuracy and poor robustness to noise. To address these defects, we pro-
pose a robust FCM image segmentation algorithm based on adaptive gray-weighting. First, we define a local grayscale
similarity measure for pixels to reflect the influence of all pixels on the local neighborhood. Regarding the grayscale dif-
ference between pixels in a neighborhood window, we utilize an exponential function to further control the influence
weight of a neighborhood pixel and realize adaptive weighting of the pixel grayscale to improve its calculation accuracy
Next, to strengthen the robustness of the algorithm to noise and outliers, we use an improved distance measure to re-
place the traditional Euclidean distance and use it to calculate the similarity distance between the pixels and the cluster-
ing center. Finally, we apply this new method based on adaptive gray weight and enhanced distance measurement to an
FCM algorithm for image segmentation. Our experimental results show that, for the algorithm, the size of the neighbor-
hood window must be properly selected on basis of the noise intensity of an image. Under this condition, an excellent
segmentation effect and operational efficiency can be achieved, in addition to excellent robustness to noise.

Keywords: fuzzy C-means; image segmentation; adaptive gray weight; spatial information; similarity distance; noise
resistance
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Fig.2 Segmentation results of seven algorithms on noisy
synthetic image
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Table 1 Segmentation accuracy of seven algorithms on
noisy synthetic image

Vi RS 0=25 0=35 0=45 =50
FCM_S, 09964 09939 09831 09769
FCM_S, 09989 09955 09827 09768
EnFCM 09954 09769 09379 09177
FGFCM 09982 09925 09657 09483
FLICM 09953 09955 09840 09788
WFCM 09972 09898 09744 09653

AGWRFCM  0.9995 09991 09890 0.9847
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Fig. 3 Segmentation results of seven algorithms on noisy
natural image
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Table 2 Clustering performance of seven algorithms on
noisy natural image
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Fig. 4 Segmentation results of seven algorithms on noisy
medical image
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Table3 Clustering performance of seven algorithms on
noisy medical image

SR Ve Vie Vio
FCM_S, 0.907 4 0.0755 0.1110
FCM_S, 0.9157 0.0713 0.1137
EnFCM 0.787 5 0.1817 0.101 7
FGFCM 0.7519 0.206 4 0.060 8
FLICM 0.8912 0.083 2 0.554 8
WFCM 0.829 8 0.1425 0.2550

AGWRFCM 09175 0.068 8 0.055 8

e, XFEESE MR E% (MR1, 256x256) 243l
S 0.08 Y HUER M 75, 4y B &5 R A&l 4 FToR,
R 5 R BV, RV, DA R A

REV AN 3 FiR

SIS Vie Ve Vi
FCM_S; 0.8873 0.093 4 0.104 1
FCM_S, 0.9477 0.0417 0.0895
EnFCM 0.866 8 0.103 5 0.1547
FGFCM 0.8750 0.103 3 0.080 4
FLICM 0.8333 0.1212 0.8129
WFCM 0.901 1 0.095 6 0.1839

AGWRFCM 0.950 4 0.041 4 0.013 6

1l 4 mT DU, 76 4338 7 22 2= MR R
iif, FCM_S,. FCM_S,. EnFCM ., FGFCM, FLICM
DL S WECM 535 3 BB i 35 e AT AR i %
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MR fii 20 21453 %) oK 5 i AGWRFCM 8.2 RE REAR
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AR EIERE . I, A SO VLN R # /%
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{E {5 M L (peak signal-to-noise ratio, PSNR[ZZJ) F1-F
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Table 4 PSNR of three algorithms dB

MEAEGR MR AGWFCM AGWKFCM AGWRFCM

Mixed; 30.8468  31.1736 314410
_ Mixed, 27.3314  27.5658 28.100 8
synthetic, )
Mixed; 243145  24.9942 253807
Mixed, 21.8262  22.5281 22.686 5
Mixed; 21.6496  21.6897 21.701 0
Mixed, 21.3147  21.3823 21.404 9
cameraman _
Mixed;  20.7327  20.748 1 20.802 4
Mixed, 20.0798  20.106 6 20.174 8
Mixed; 224340  22.6024 22.643 8
MR Mixed, 21.8828  22.0138 22.0376
2
Mixed; 20.8546  21.027 8 21.058 8
Mixed, 19.856 6 19.920 5 19.982 4

R5 IMBEZNFHEMBECE
Table 5 MSSIM of three algorithms

MEG 2R AGWFCM AGWKFCM AGWRFCM

Mixed;  0.997 4 0.997 6 0.997 7
. Mixed,  0.993 8 0.994 2 0.994 9
synthetic, )
Mixed;  0.9872 0.989 2 0.990 2
Mixed,  0.976 4 0.9803 0.981 1
Mixed;  0.936 8 0.9395 0.940 5
Mixed, 0.9304 0.9343 0.935 1
cameraman _
Mixed;  0.9189 0.9229 0.923 8
Mixed,  0.903 9 0.908 7 0.9100
Mixed,  0.958 5 0.961 1 0.961 5
MR Mixed,  0.9517 0.9543 0.9547
’ Mixed;  0.9372 0.9417 0.9419
Mixed,;  0.9199 0.923 9 0.924 2
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Fig. 5 PSNR and MSSIM curves of three algorithms
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Table 6 SA comparison of proposed algorithm under different levels of noise and window sizes

0} o=10 0=20 0=30 =40 0=50 0=60 o=70 0=80 0=90

3 0.999 8 0.999 0 0.9972 0.993 4 0.983 7 0.719 1 0.705 0 0.694 9 0.6797
5 0.998 8 0.9970 0.994 1 0.992 4 0.738 6 0.7377 0.7349 0.730 7 0.726 9
7 0.998 1 0.9951 09911 0.990 4 0.7379 0.7375 0.737 1 0.7370 0.735 8
9 0.9973 0.992 8 0.987 6 0.986 4 0.7372 0.736 8 0.736 5 0.736 3 0.736 0
11 0.996 0 0.9899 0.9855 0.984 5 0.736 3 0.736 1 0.7357 0.7350 0.734 3
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Table 7 Average running time comparison of seven al-

gorithms S
Sy synthetic, eight MR,
FCM_S, 0.3679 1.5172 0.647 7
FCM_S, 0.386 5 1.580 8 0.499 9
EnFCM 0.048 9 0.154 8 0.062 6
FGFCM 0.0373 0.176 1 0.041 1

FLICM 3.6512 7.3905 4.293 0
WFCM 0.469 1 1.905 7 1.094 0
AGWRFCM 0.4953 1.958 4 0.8051
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