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Determining Clustering Number of FCM Algorithm Based on DTRS
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Abstract Fuzzy C-Means(FCM), as the most popular algorithm of the soft clustering, has been extensively used to
make compact and well separated clusters. However, its sensitivity to initial cluster number makes choosing a better C
value become very important. So it is an important step to determine the number of FCM clustering when we use FCM
to do cluster analysis. In this paper, the extended decision-theoretic rough sets(DTRS) model is applied for the purpose
of clustering validity analysis which could overcome the defect of the FCM algorithm. We proposed the method for de-
termining clustering number of FCM algorithm based on DTRS, and we verified the effect of the clustering by image
segmentation. Good segmentation results can be obtained when we compare the cost of different number of clusters. We
compared our results with the ant colony fuzzy c-means hybrid algorithm (AFHA), which was proposed by Z. Yu et al
in 2015, and the improved AFHA (IAFHA). The experimental results show that our clustering result is better in
Bezdek partition coefficient with a higher value than AFHA and IAFHA algorithms, and in the Xie-Beni index as well.
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tHages AFHA IAFHA  DTRSE.FCM
Church3 0. 586 0. 586 0.794
SunFlower 0. 631 0. 621 0. 804
Church2 0.753 0,771 0.929
Beach 0. 587 0. 603 0.781
Building 0. 498 0.472 0.702
House 0. 736 0.729 0.879
Churchl 0.713 0. 746 0. 864
Housel 0. 636 0. 637 0.767
House3 0. 668 0. 670 0. 860
StarFish 0. 497 0. 505 0.810
Sky 0. 583 0. 583 0. 866
Butterfly 0.478 0. 480 0.812
Lena 0. 468 0. 453 0.737
Peppers 0. 498 0.513 0.661
F 2 ORFFBTW VpshiR
) Algorithms
bemges AFHA IAFHA  DTRS&.FCM
Church3 0.214 0.272 0.178
SunFlower 0. 258 0.177 0. 342
Church2 0.216 0. 283 0. 107
Beach 0. 231 0. 189 0. 097
Building 0.248 0. 269 0. 620
House 0.118 0. 086 0. 085
Churchl 0.136 0.117 0. 101
Housel 0. 267 0.219 0. 248
House3 0. 182 0. 140 0. 107
StarFish 0.279 0.279 0. 456
Sky 0. 294 0. 294 0.221
Butterfly 0. 437 0. 350 0.320
Lena 0.316 0. 284 0. 479
Peppers 0.718 0. 820 0. 469
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