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Medical image segmentation based on FCM with peak detection
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Abstract; In order to balance the segmentation results and efficiency of traditional FCM and related improved algo-
rithms, a fast FCM segmentation scheme based on peak detection is proposed in this paper. First the cluster cen-
troids are initialized based on peak detection strategy, and then the medical image segmentation is performed based
on the initial cluster centroids. The nature of the proposed scheme is to guide the initialization of cluster centroids
with peak detection, which can make the initial centroids close to the final centroids and further improve the effi-
ciency of the algorithm. Experiments on the medical images showed that the proposed scheme can improve the seg-
mentation efficiency greatly and obtain good segmentation results.
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Fig.1 A medical image segmentation results of several

algorithms
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Fig. 4 The results of different image segmentation algo-

rithms
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Table 1 Qualitison compare of segmentation results

Pk ENRTS breast headl tumor head2
FCM 0.908 256 0.937 925 0.920 705 0.943 104
FCMs 0.890 121 0.910 757 0.891 943 0.923 302

Ve EnFCM 0.780 815 0.880 399 0.856 142 0.875 697
IntFCM 0.887 940 0.937 925 0.920 705 0.943 104
FCM 1.708 753 1.528 459 3.980 954 1.269 151
FCMs 1.721 053 1.529 560 1.575 088 6.249 228

P EnFCM 1.705 063 3.370 459 1.704 269 1.702 875
IntFCM 2.086 202 1.528 461 1.574 369 1.269 151
FCM 0.375 072 1.785 398 1.611 865 1.164 947
FCMs 0.383 582 2.034 325 1.777 18 1.298 093

o EnFCM 3.054 808 4.162 635 4.451 05 4.353 452
IntFCM 0.373 781 1.785 398 1.6118 65 1.164 947
FCM 39.986 882 96.725 345 106.032 120 61.193 914
FCMs 40.237 596 105.220 373 114.231 665 67.188 700

Ve EnFCM 288.005 62 630.001 101 542.438 503 686.889 253
IntFCM 37.937 884 96.725 322 106.032 094 61.193 855
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Table 2 Comparison of two algorithm runtime /s
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