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An Improved Strategy of Active Semi-supervision
K-means Clustering Algorithm

LU Feng,Chai Bianfang, Li Wenbin,Wang Yao
(School of Information Engineering, Hebei GEO University , Shijiazhuang 050031, China)

Abstract: The classic APCKmeans (active pairwise constrained K-means ) algorithm constructs the must-link constraint
set and the cannot-link constraint set as the supervised information by Semi-Supervised Clustering through the active
learning method to improve the accuracy of the results. However, the algorithm may not be assigned to the current optimal
problem during the sample assignment process. This paper proposes a method of assigning label samples to APCKmeans
algorithm ,and proposes an improved APCKmeans_I algorithm to achieve better clustering results with less supervisory in-
formation. The improved strategy is applied to PCKmeans ( pairwise constrained K-means ) algorithm ,and PCKmeans_I al-
gorithm is proposed. Experiments on the UCI reference data set show that the performance of the improved algorithm is
obviously improved.
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