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Abstract

unsupervised classification,a framework of feature weighted clustering algorithm was proposed, which executes a clus-

To consider the particular contributions of different features and apply supervised feature ranking methods to

tering algorithm firstly,and then according to the results of clustering, learns feature weights using supervised feature
ranking methods,and according the new feature weights executes the clustering algorithm again, this procedure iterates
until convergence or maximum iteration times. Distance-based and density-based clustering algorithms in Euclidean
space can be used in this framework. Based on this framework, fuzzy C-means clustering (FCM) and density-based spa-
tial clustering of applications with noise (DBSCAN),and information gained and reliefF feature ranking algorithms are

used to the experiments on several UCI machine learning databases,and validate the effectiveness of the framework.
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