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[ Abstract] The potential subspace structure of high-dimensional data can be ‘gbtained by using subspace clustering, but
the existing methods/canynot reveal the characteristics of global low-rank structure and local sparse structure of data at
the same time, which/limits,the clustering performance. This paper propeses/a Structure-Constrained Symmetric Low-
Rank Representation(SCSLR) algorithm for subspace clusteringsThe Structure constraint and symmetry constraint are
introduced into the object function to limit the solution structure of low-rank representation, and a weighted sparse and
symmetric low-rank affinity graph is constructed. On thiS basis;"the spectrum clustering method is used to realize
efficient subspace clustering. Experimental results show' that /the proposed algorithm can accurately represent the
complex subspace structure.lts average clustering erfor on two benchmark datasets, Extended Yale B and Hopkins 155,
is 1.37% and 1.43% respectively, and its clustering performance is better than that of Low-Rank Representation(LRR) ,
Sparse Subspace Clustering(LSS) , Structure-€onstrained Symmetric LRR(LRRSC) and other algorithms.

[ Key words] Low-Rank Representation( IZRR ) ; sparse representation ; weighed constraint; symmetric constraint; subspace
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Table 1 Average clustering error of different algorithms

on Extended Yale B dataset %

Bk AR B s =100 =300 =500
SCSLR 2.66 1.25 2.34 2.50
LRRSC 391 4.37 391 391
SSC 35.00 36.50 35.40 35.00
LRR 20.94 21.09 20.60 21.65
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Table 2 Clustering performance’of different algorithms

on Hopkins 155 dataset(experimental scheme 1)
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SCSLR 1.37 0.00 4.04 33.33 4.59
LRRSC 1.50 0.00 4.36 33.33 4.71
SSC 2.23 0.00 7.26 47.19 1.02
LRR 1.71 0.00 4.86 33.33 1.29
LRSC 4.73 0.59 8.80 40.55 0.14
LRR-PSD 5.38 0.55 10.18 45.79 4.35
LSA 11.11 6.29 13.04 51.92 3.44
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LSA 4.70 0.60 10.20 5451 3.35
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