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Robust Low-rank Self-representation Feature Selection Algorithm

HU Rongyao' LIU Xingyi’ CHENG Debo' HE Wei' LUO Yan'
(1. Guangxi Key Lab of Multi-source Information Mining and Security Guangxi Normal University Guilin Guangxi 541004 China;
2. Qinzhou University Qinzhou Guangxi 535000 China)

[Abstract] Since unsupervised feature selection algorithms do not have label information and also ignore the low—rank
characteristics of the data this paper proposes a new low—ank feature selection algorithm based on self—representation
method. In the loss function low rank and self-representation methods are used to describe the correlation structure
between features and the K-means clustering method is used to obtain the pseudo labels of samples to realize feature
selection. Then [, ,-norm parameter p in sparse learning method is adopted to control the sparsity of feature selection
results. Through subspace learning method the result of feature selection is globally optimal. The experimental results on
six public datasets demonstrate that the proposed feature selection algorithm has higher classification accuracy and better
stability compared with the unsupervised feature selection algorithm.
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