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Abstract: The main defect for Fuzzy C mean clustering (FCM) was initialization sensitivity and trap-
ping into the local optimum of clustering center, and nonlinear separable data could not be provided
with clustering through this algorithm. Selection for initial clustering center was random selection,
which causes relatively bad image segmentation results. In order to conquerthis defect, Gaussian ker-
nel Fuzzy C mean clustering was proposed. Fuzzy C mean clustering algorithm for stimulated annea-

ling genetic algorithm was proposed to guarantee traditional algorithm can rapidly converge to accurate
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and stable clustering center. Relatively strong local search ability for simulated annealing and relative-
ly strong global search ability for genetic algorithm were utilized to effectively select initial clustering
center and improved convergence speed. In order to strengthen and improve non-ideal problem of im-
proved algorithm to clustering result, nonlinear transformation was conducted with the help of Gauss-
ian kernel function to be mapped into higher dimensional space and be conversed into linear separable
problem of higher dimensional space, which could improve brain MRI image segmentation effect. Un-
der the effect of noises and biased field with different types, segmentation time for algorithm in the
thesis saved 1—3 times than other algorithms, and it was at least 0. 01 larger than Probabilistic Rand
Index (PRD. It can be found that time, white matter and grey matter segmentation accuracies of algo-
rithm in the thesis both have obvious advantages in clinical image segmentation results. For brain MRI
image segmentation, the algorithm has better robustness and effectiveness in speed and accuracy com-
pared with traditional FCM algorithm.

Key words: fuzzy C means clustering; brain MRI image; image segmentation; simulated annealing ge-

netic algorithm; gauss kernel function
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