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Abstract
measure to solve the problem of low accuracy of clustering algorithm of data sets with mixed attributes.

This paper puts forward a semi-supervised fuzzy C-means (FCM) algorithm based on an improved distance
First, the
classification attributes are preprocessed in the data set, and the corresponding dissimilarity threshold is set. Then the
traditional clustering distance measure is combined with the improved Jaccard distance measure to determine the distance
measure function. Finally, the distance measure function is combined with the traditional semi-supervised FCM algorithm,
and clustering is carried out on the characteristic data sets of different coupling fault data of rolling bearings. Simulation

results show that the algorithm can achieve better clustering accuracy in mixed data sets.
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