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glass 0.405 7 .339 2 0.151 7 0.379 4 0.224 6 0. 380 8 0.427 4
solar 0.370 0 .357 3 0.294 5 0. 305 3 0.264 1 0.382 1 0.390 9
200 0.733 3 . 691 4 0.740 3 0.752 9 0.761 3 0.691 4 0.752 8
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Mpeg? 0.682 0 .684 8 0.423 4 0.716 7 0.713 4 0.681 0 0.736 5
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Tdt2 0.023 1 .010 3 0. 000 4 0.138 8 0.135 5 0.068 8 0.1513
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MS’BC-a Multi-view Space Structure-Based Clustering Algorithm
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Abstract: Clustering analysis is an important task in the field of machine learning and data mining. In re-
cent years, a large number of clustering algorithms have been proposed and successfully used in many
fields. However, the complex development of data at this stage has brought great challenges to the exist-
ing clustering algorithms, in which the rapid increasing number of potential clusters is very representative.
To address this problem, a multi-view space structure-based clustering method (MS*BC) is proposed in
this paper. Space structure is a data representation method that can maintain the structure of data clusters
and provide richer measurement information. Based on the space structure representation method and the
bagging feature sampling technology, this paper constructs and integrates the space structure of the data
from multiple views, and uses the integrated space structure representation to complete the clustering. Fi-
nally, the superiority of this method over other representative clustering methods in clustering perform-
ance is verified based on 10 real data.
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