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fif e B A, B R — A B & B B £ R 4 4 A7 (Adaptive sparse principal component analysis, ASPCA)
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JE XM AR IME R FRR W IAEARRKFAERESN , REEAAFTRENAERHTR L
R A BT X BEAT B B BOARAC , AN T 3% B0 A 50 3 AT 48 FR Fo B SCAE I, 5% I 1A 2 09 SARAL . 3T A0 3 2 %
44 #7 (Sparse principal component analysis, SPCA) F % | 4 # 4 B # % 49 £ & £ £ #7 (Structured and
sparse principal component analysis, SSPCA ) 5 ik f= ASPCA Sk 3t 4745 A rb ik, 45 R AW ASPCA %
MR P AL RIS AN A EERZTORERG T Y LM T
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Sparse Principal Component Analysis Algorithm Based on Same Sparse Pattern

SHAO Jianfei', PU Rong', HUANG Wei?, I Jianjie', GUO Peng'

(1. Faculty of Information Engineering and Automation, Kunming University of Science and Technology, Kunming 650500, China;

2. Honghe Power Supply Bureau, Yunnan Power Grid Co., Ltd., Honghe 661100, China)

Abstract: Sparse principal component analysis is an unsupervised method for dimensionality reduction and
feature selection. An adaptive sparse principal component analysis (ASPCA) algorithm is proposed,
because the principal load vectors do not have the same sparse pattern when calculating multiple principal
components, and it is difficult to determine a small number of the variables that contribute the most to the
principal components from the original feature space. Firstly, the group lasso model is used, and the
ASPCA formula is obtained by applying block sparse constraints on the load vector. Subsequently,
different adjustment parameters are used for different columns of the sparse matrix to obtain adaptive
penalty. Finally, the block-coordinate descent method is used to optimize the adaptive sparse principal
component analysis formula in two stages, so as to find the sparse load matrix and the orthogonal matrix
and achieve the optimization of dimensionality reduction. The comparison results of the sparse principal
component analysis (SPCA ) algorithm, the structured and sparse principal component analysis (SSPCA)
algorithm and the ASPCA algorithm show that the ASPCA algorithm has better dimensionality reduction

performance and can extract more valuable features, thereby effectively improving the average
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classification accuracy of the classification model.
Key words: sparse principal component analysis; sparse mode; principal load vector; adjustment

parameters; block coordinate descent; dimensionality reduction
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