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K-Means Algorithm Based on Co-entropy

LUO Shu-jun, HOU Fei, MAO Xin
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Abstract; Considering the fact that conventional K-means algorithm is susceptible to the outliers and noise
points, and lacking in robusiness, a new K-means algorithm based on co-entropy is proposed. The proposed
algorithm employs co-entropy as a means of local similarity measurement, and follows the co-entropy
maximization principle to solve the optimal cluster centers. An iteratively reweighted optimization technique
is employed to quickly find the optimal cluster centers. For outliers and noisy data points with larger
residuals, they will be assigned smaller weights in updating the cluster centers. Experimental results
demonstrate that the proposed co-entropy based K-means algorithm is robust, winning a better clustering
effect.
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Fig.1 Changes in cluster centers (indicated by +”)
and sample allocation (indicated by color) during the
execution of K-means algorithm
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Fig.2 Comparison between squared error loss and co-entropy
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Table 1 Data sets description

PoEg BAEE R K3
Tis 150 4 3
Wine 178 13 3
Segmentation 210 19 7
Balance 625 4 3
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Table 2 Clustering results comparison in purity between
conventional K-means algorithm and co-entropy
based K-means algorithm
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Iris 0.92 0.96
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Balance 0.83 0.86
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Fig. 3 Sensitivity analysis of the co-entropy based K-means
algorithm to parameter o in the Segmentation dataset
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