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An Improved FCM Algorithm Based on Multiple Objective Programming

WANG Dan-dan, LI Bin, CHEN Wu-fan
( School of Biomedical Engineering, Southern Medical University, Guangzhou 510515)

Abstract Fuzzy C-means( FCM) clustering algorithm is one of well-known unsupervised clustering techniques, which has
been widely used in medical image segmentation. However, when the conventional FCM algorithm is used for image
segmentation, no spatial information is taken into account. This causes the FCM algorithm to generate unexpected results of
segmentation when dealing with noise of magnetic resonance images ( MRI). Considering the intensities of ideal MRI are
piecewise constant, we present an improved model to FCM algorithms using multiple objective programming. The algorithm
can reasonably use the spatial information of the image and improve the accuracy of segmentation. The new algorithm is

applied to both synthetic images and magnetic resonance images and the results show better robustness of our algorithm to

noise and other artifacts than the conventional fuzzy image segmentation algorithms.
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Fig. 1  Segmentation of a synthetic image
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Fig. 3 The segmentation results about brain MR
image utilizing the MOP-FCM algorithm

(C)IE 3% T Pl 1%
5 & i

MOP-FCM R LN L 4E i FCM 3k 2E 47 2
HELGIACT S JE B R g H AR 7E I GHR R B R
B HVE TR 8 e o 5030k 30 A5 /) Ok 47 1] 4%
PERL, N5 BE R 7 25 6045 B o IR 08 i AN AL 4k
AR T ARSE FCM B B0L T W B B30k g B L is B
@EMSBRITENR — (ASTA % HATR JEE DR R Al R 2 L, T ELAE AT R S BRI R B
P8 o3 BN BE D7 T, A1 2 B o, — M LR A
R RSy R T7 1

% %% STk ( References)

1 Zhang D Q, Chen S C. A novel kernelized fuzzy C-means algorithm
and segmentation of MRI data [ J]. Artificial Intelligence in
Medicine, 2004, 32(1) :37 ~50.

()R P (YA SC R ()03 S 3 2 Pham D L, Prince J L. Adaptive fuzzy segmentation of magnetic
resonance images [ J]. IEEE Transactions on Medical Image, 1999,
18(9) :737 ~752.

3 Pham D L. Spatial models for fuzzy clustering [ J]. Computer Vision
and Image Understand, 2001, 84(2) :285 ~297.

4  Ahmed M N, Yamany S M, Mobamed N, et al. A modified fuzzy
C-means algorithm for bias field estimation and segmentation of MRI data
[J]. IEEE Transactions on Medical Image, 2002, 21(3); 193 ~199.

5 Liew A W C, Yan H. An adaptive spatial fuzzy clustering algorithm
for 3-D MR image segmentation [ J]. IEEE Transactions on Medical

()& M%7 B 15 (AR BEXT (1) E g Image, 2003, 22(9): 1063 ~1075.

6 Bezdek J C, Pal S K. Fuzzy Models for Pattern Recognition [ M.
Piscataway, NJ,USA, IEEE Press, 1999.

P2 MOP-FCM 573 X 3 M 1 A [ B 7 piy 6401
i #% MR [ {5 14 20 50 45 2R

Fig. 2 The segmentation results about simulated brain MR image Nangjing: Southeast University Press, 2003: 108 ~ 123. [ 42 4%

7 Song Xue-feng, Wei Xiao-ping. Operations Research [ M ].

corrupted by different noises utilizing the MOP-FCM algorithm BT B2 M. R0 45 R % A, 2003 .108 ~ 123, ]





