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Unsupervised Feature Selection Based on F-norm Group Effect and Spectral Clustering

LIN Qing-Shui'?, TIAN Peng-Fei', ZHANG Wang'

'(Software College, Liaoning Technical University, Huludao 125105, China)

*(Department of Basic Teaching, Liaoning Technical University, Huludao 125105, China)

Abstract: Unsupervised feature selection based on spectral clustering mainly involves the correlation coefficient matrix
and the clustering indicator matrix. In previous studies, scholars have mainly focused on the correlation coefficient matrix,
designing a series of constraints and improvements for it. However, focusing solely on the correlation coefficient matrix
cannot fully learn the intrinsic structure of data. Considering the group effect, this study imposeé the F-norm on the
clustering indicator matrix and combines it with spectral clustering to make the é‘orrelation coefficient matrix learn more
accurate clustering indicator information. The two matrices are solved through an alternating iteration method.
Experiments on different types of real datasets show the effectiveness of the proposed method. In addition, experiments
show that the F-norm can also make the method more robust.
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