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Improved fuzzy C-means algorithm based on

gray-level for image segmentation
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Abstract: Fuzzy c-means algorithm based on gray-level is a fast image segmentation algorithm, which
cannot effectively segment the object pixels and background pixels of the non-destructive testing

(NDT) image with the characteristics of unbalanced gray distribution. Then an improved fuzzy C-
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means algorithm based on gray-level (IFCMG) is proposed. Firstly, the expression of total member-
ship degree of each cluster is constructed by using pixel numbers and membership degrees of gray-
level, and it is integrated into the objective function, which can equalize the contribution of the object
pixels and background pixels to the objective function. Secondly, the new membership degree and
cluster center are strictly deduced. And then, considering that the density of clusters also affects the
clustering results, we design the formula of compactness and integrate it into the clustering process.
Finally, the NDT images are used for segmentation experiment. For each image, IFCMG has higher
index values of F_value when the images are disturbed by different noise levels. We comprehensively
evaluate the values of F_value obtained above, and find that the comprehensively evaluation value of
the proposed algorithm is 26.13%, 16.46%, 13.75% and 25.10% higher than those of the comparison
algorithms, respectively. The proposed algorithm can effectively segment NDT images with unbal-
anced gray distribution, which expands the application scope of fuzzy C-means algorithm based on
gray-level.

Key words: fuzzy C-means algorithm; unbalanced distribution of grayscale; image segmentation; non-

destructive testing
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Tab.1 Parameters setting of these algorithms

7S SRR
EnFCM m=2, T=300, e=10"", a=4, Nx=9
FGFCM m=2, T=300, e=10"", A,=3, A, =3, Ny=9

Ref.[ 7] method
FNDECM_P

IFCMG

m=2, T=300, e=10"", h=30, r=21, f=11, =0.9
m=2, T=300, e=10", A,=3, A, =3, Ny=9

m=2, T=300, e=10"", A, =3, A, =3, Ng=9

T B8 TG 5K I A% (43 A 44 # NDT1 ~
# NDT5) #4740 E 48 56 B vk & 10 1% B A Fr
N R e S S S I R O < I ) i =i e S | S E S I

(b)

(a)~(e)
(a)~(e)

o 3

® ()

O~
MO~

25 T JEUIEIR X L 4 A 1 2 ) AR R JEE B D7
P, dd e K B 5 AT LA Y B 2 5 1) T 45 A
) P A5 #0738 A AN 3 A B R

J K% (£ NDT1~ # NDT5)
Original images ( # NDT1~ # NDT5)

b4 #IE 4 (£ NDT1~ # NDT5)
Standard segmented images (NDT1~NDT5)
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Fig.1 Original images, standard segmented images and gray-level histograms(NDT1~NDT5).
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(a) EnNFCME #: (b) FGFCM& #: (c) XHk[7] HE: (d) FNDFCM_PH ¥ (e) IFICMGHE:
(a) EnFCM algorithm (b) FGFCM algorithm (c) Ref.[7] algorithm (d) FNDFCM_P algorithm (e) IFCMG algorithm

K2 #NDT1 EHRTE R R A (— 5 22 0.0 T4 T #Y 23 #1 45

Fig.2 Segmentation results of # NDT1 with Gaussian noise (0, 0.01) based on thesealgorithms

EIEXETE

(a) EnF CM%& (b) FGFCM& (c) XXHkI7] H¥k
(a) EnFCM algorithm (b) FGFCM algorithm (c) Ref.[7] algorithm

(d) FNDFCM_PH ¥
(d) FNDFCM_P algorithm

(e) IFCMGH E:
(e) IFCMG algorithm

3 2 NDT2 BRTE m e OH— 467 22 0.0 T4 T B2 #1485

Fig.3 Segmentation results of # NDT2 with Gaussian noise (0, 0.01) based on these algorithms
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(c) XHRI7] H¥k (d) FNDFCM_PH ¥ (e) IFCMGH &
(c) Ref.[7] algorithm (d) FNDFCM_P algorithm (e) IFCMG algorithm

(a) EnFCME #:
(a) EnFCM algorithm

(b) FGFCME 1
(b) FGFCM algorithm

Bl 4 #NDT3 BURAE RIS 3 —4 772 0.0 T4 T o B 45 5%
Fig.4 Segmentation results of # NDT3 with Gaussian noise (0, 0.01) based on these algorithms
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(a) EnNFCME ¥:
(a) EnFCM algorithm

(b) FGFCME 3
(b) FGFCM algorithm

(c) XHR[7] Bk
(c) Ref.[7] algorithm

(d) FNDFCM_Pg&¥:

(d) FNDFCM P algorithm

5 #NDT4 EMRLE R MR (3 —4k 522 0.0 T3 T Ay 2 B 4%

Fig.5 Segmentation results of # NDT4 with Gaussian noise (0, 0.01) based on these algorithms

(a) EnNFCME B
(a) EnFCM algorithm

(b) FGFCME& 3:
(b) FGFCM algorithm

(c) SCERI7] B8
(c) Ref.[7] algorithm

(d) FNDFCM_Pg& s
(d) FNDFCM P algorithm

(e) IFCMGE B:
(e) IFCMG algorithm
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Fig.6 Segmentation results of # NDT5 with Gaussian noise (0, 0.01) based on these algorithms

R 2 JTHENDTI~ ENDTS B & E XM E 4R (F_value) 3t Lb

Tab.2 Indexes(F_value) comparison of different algorithms on # NDTI1~ # NDT5 images with different noise

(e) IFCMG algorithm

Image I8 7 7K S EnFCM FGFCM Ref.[7] ##  FNDFCM_P IFCMG
Gaussian noise(0,0.01) 0.429 1 0.416 3 0.473 2 0.402 7 0.644 9
Gaussian noise(0,0.02) 0.400 2 0.409 1 0.488 2 0.365 1 0.625 3
% NDT1
Salt & Pepper noise(0.1) 0.409 0 0.531 2 0.449 9 0.374 4 0.734 3
Salt & Pepper noise(0.2) 0.336 5 0.435 1 0.384 2 0.398 5 0.623 6
Gaussian noise(0,0.01) 0.757 7 0.771 5 0.836 9 0.630 4 0.935 0
Gaussian noise(0,0.02) 0.638 0 0.668 7 0.818 9 0.574 5 0.907 6
# NDT2
Salt & Pepper noise(0.1) 0.604 4 0.782 2 0.827 6 0.633 4 0.942 9
Salt & Pepper noise(0.2) 0.446 4 0.669 0 0.720 2 0.576 2 0.878 6
Gaussian noise(0,0.01) 0.657 2 0.679 7 0.795 2 0.584 8 0.911 8
Gaussian noise(0,0.02) 0.551 0 0.567 7 0.667 6 0.502 0 0.822 7
# NDTS3
Salt &.Pepper noise(0.1) 0.556 3 0.804 5 0.624 5 0.577 7 0.923 0
Salt & Pepper noise(0.2) 0.480 6 0.653 8 0.606 0 0.552 6 0.830 3
Gaussian noise(0,0.01) 0.887 2 0.895 7 0.928 0 0.866 7 0.941 6
Gaussian noise(0,0.02) 0.841 8 0.861 0 0.910 4 0.826 2 0.913 1
# NDT4
Salt & Pepper noise(0.1) 0.835 0 0.903 3 0.913 4 0.863 6 0.941 0
Salt &.Pepper noise(0.2) 0.755 0 0.846 8 0.874 1 0.831 6 0.899 4
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Image g 75 7K EnFCM FGFCM Ref.[7] B  FNDFCM_P IFCMG
Gaussian noisc(0,0.01) 0.798 2 0.829 1 0.834 4 0.795 0 0.883 3
Gaussian noise(0,0.02) 0.770 0 0.801 8 0.838 6 0.770 7 0.863 2
# NDT5
Salt & Pepper noise(0.1) 0.718 1 0.851 4 0.824 4 0.794 6 0.899 9
Salt &.Pepper noise(0.2) 0.650 8 0.784 4 0.807 1 0.777 3 0.831 7
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