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Iterative Learning Assignment Order for Constrained K-means Algorithm

QIU Ye HE Zhenfeng
(School of Mathematics and Computer Science, Fuzhou University, Fuzhou 350108, China)

Abstract Constrained K-means algorithm often improves clustering accuracy, but sensitive to the assignment order of
instances. A clustering uncertainty based assignment order Iterative Learning Algorithm(UAILA) was proposed to gain
a good assignment order. The instances stability was gradually confirmed by iterative thought according to the charac-

teristics of Cop-Kmeans algorithm stability, and then assignment order was confirmed. The experiment demonstrates

that the algorithm effectively improves the accuracy of Cop-Kmeans algorithm.
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