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Soft subspace clustering algorithm based on transfer learning
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2. School of Information and Electrical Engineering , Xuzhou College of Industrial Technology, Xuzhou, 221400, China)

Abstract: With the advent of the era of big data, a large number of high-dimensional data have become very common.
Clustering 1s a technique of analyzing, describing and classifying data according to some similarity. When faced with high-
dimensional data, the traditional clustering algorithms are often unable to carry out effective clustering processing. Soft
subspace clustering is based on the distribution of weights to describe the uncertainty of samples belonging to different
clusters. However, the accuracy and efficiency of existing soft subspace clustering will be significantly affected when the data
is incomplete or the information is not timely. Starting from the problems faced by soft subspace clustering, this paper
proposes an improved soft subspace clustering algorithm. At the same time, aiming at the problem of insufficient data, we
introduce migration learning to reduce the impact of insufficient data on clustering analysis. By introducing the concept of
information entropy, we use information entropy to determine the weight of high-dimensional data. By combining migration
learning and information entropy , the accuracy and accuracy of soft subspace clustering algorithm are effectively improved.
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Table 2 The clustering results of X, ., (RI index)
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