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Abstract: The k-means clustering algorithm is prone to be trapped into local optima by inappropriate initial cluster
centers. For this reason, the existing initialization methods for the cluster center have not been widely accepted. We
assume that there is at least one dense subset of data in a cluster; and the dense subsets between different clusters are more
distant than those in the same cluster. A minimum spanning tree is built for the given data set. The dense subsets can
be found through the search from root trees, and their densities are obtained by the estimation technique for data density.
The initial cluster centers are picked out from the dense subsets that are dense enough and distant enough from each other.
The comparisons between the proposed method and current methods show that the performance of the proposed method is

promising.
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Fig. 1 Comparisons among three cluster center

initialization methods

K1 3FFads e ke s s R
Table 1 Comparisons among three cluster center initialization methods
k-means FAE 2L U K CPU Time/s

MST CCIA kd-tree MST CCIA kd-tree

sonar 60 208 2 56.2500 55.2885 55.2885  0.578783 1.157092  0.033807
svmguide2 20 391 3 66.2404  41.9437 40.6650  2.896330 0.253951  0.038106
Z00 16 101 7 79.2079 71.2871 58.4158  1.258225 0.587573  0.035282
segment 19 2310 7 58.8745 54.8485 53.3333  29.430145 12.105683  0.589930
pendigit 16 3498 10 68.1532 64.4940 66.8382 30.990076  9.639070  0.476125
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