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NMF-Based Clustering Ensemble Algorithm

HE Meng-jiao YANG Yan WANG Shu-ying
(School of Information Science and Technology, Southwest Jiaotong University,Chengdu 610031, China)
Abstract A NMF-based K-means clustering ensemble (NBKCE) algorithm was proposed for solving the problem of
effective information loss in ensemble, which is caused by basic clustering results obtained from the original datasets. In
NBKCE, an ensemble information matrix is built primarily by exploiting the results of the K-means,and then the rela-
tionship matrix is formed based on the original dataset. At last nonnegative matrix factorization (NMF) is employed to

construct consensus function to gain the final results. The experiments demonstrate that the NBKCE may attain the un-

derlying information effectively and improve the performance of the clustering.
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