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Robust Low Rank Subspace Clustering Based on
Local Graph Laplace Constraint

LI Bo' LU Chun-Yuan* LENG Cheng-Cai' JIN Lian-Bao*

Abstract Low rank clustering is one of the state-of-art subspace clustering algorithm, but it suffers from dense adjacency
map and noise. In this paper, we propose a robust low rank clustering algorithm based on the local graph laplace constraint,
which enhances the sparsity of the adjacency matrix while maintain the clustering characteristic; on the other hand, we
analyze the mechanics of clustering from the view of incoherence, and argue that the robust model proposed in this paper
not only reduce the noise level, but also lower the coherence between data. Finally, experimental results show that our
algorithm is more robust and more effective.
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Table 4  Comparison of clustering error rate (%) o
the USPS database
JM% LRR SSC LSR LSA MSFNR RLLRR #A3(J5i%
2 %&J¥ 3,50 0.50 23.50 0.50 1.50 0.50 0.50
3 %k 33.67 18.33 17.33 2.00 3.00 2.00 2.00
4 3RJ 29.50 25.75 23.75 3.50 32.00 3.75 1.75
5 5%¥K 21.40 28.60 25.60 5.20  24.00 7.20 4.20
6 I 34.67 33.67 28.83 29.00 35.00 29.83 27.33
7 % 10.86 39.00 40.86 22.29 27.57 20.57 11.29
8 I 25.75 43.00 45.75 21.50 39.50 28.13 12.88
9 RH 25.89 49.33 43.11 31.44 36.89 31.56 25.00
i 23.16 26.46 31.09 14.43 24.93 15.41 10.62
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Table 5 Comparison of clustering error rate (%) on
the YaleB database

5% LRR SSC LSR LSA MSFNR RLLRR ATk

5% 8.75 9.69 67.20 19.38 65.63 4.06 5.00

7 RH 27.23 12.95 67.43 26.79 71.42 6.14 11.38

9 %K 39.58 28.65 76.44 32.12 73.26 8.51 18.92
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