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Abstract  This paper proposes CF-WFCM algorithm including feature weight learning algorithm
and clustering algorithm. According to data’s similarity, feature weight learning algorithm gives
each feature a feature weight by minimizing the feature evaluation index CFuzziness(w) through
gradient descent technique. When the feature weight is applied in the Fuzzy C Mean (FCM) clus-
tering algorithm, it forms the clustering algorithm of CF-WFCM algorithm. CF-WFCM empha-
sizes the important feature’s effect and lessens the redundant feature’s effect in the procedure of
clustering so that the performance of clustering has been improved. Experiments on some UCI
databases show that the result of CF-WFCM is better than that of FCM. In addition, the index
CFuzziness(w) not only can be used to learn feature weight, but also is a valid entropy function
to evaluate the feature evaluation indexes. If we can choose a better validity index to learn the
feature weight before clustering, large computation will be avoided, which is showed in an exam-

ple. In the end, the authors discuss the CF-WFCM algorithm.

Keywords gradient descent algorithm; Fuzzy C Mean algorithm; feature weight learning algo-

rithm; cluster validity index
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