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Abstract: In order to solve the problem that the traditional fuzzy C-means (FCM) segment algo-
rithm is time consuming, a fast FCM algorithm based on histogram deviation constraints is pro-
posed, in which the initial image is re-sampled to reduce the quantity of data processing, the dis-
tance deviation of normalized histogram after smoothing is utilized as a constraint condition to cal-
culate proper sample rate so as to control the image distortion due to resample, and the required
threshold satisfying the correct segmentation is obtained. The golden section searching algorithm
is used to search the sample rate meeting the constraint condition. Experimental results show that
the segment time of the proposed algorithm is only 3.0%-11.2%, 9.2%-30.2% and 15.0%-
52.0% of the traditional FCM, 2D entropy and Otsu algorithm respectively while keeping the
same segment effect as that the traditional FCM has.
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