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Robust Low Rank Subspace Clustering Algorithm Based on Projection

XING Yu-hua and LI Ming-xing

College of Automation and Information Engineering,Xi”an University of Technology,Xi’an 710048, China

Abstract With the advent of the era of big data,how to effectively cluster,analyze and effectively use massive amounts of high-
dimensional data has become a hot research topic. When the traditional clustering algorithms are used to process high-dimensional
data,the accuracy and stability of the clustering results are low. The subspace clustering algorithm can reduce the feature space of
the original data to form different feature subsets, reduce the influence of uncorrelated features between data on clustering re-
sults. It can mine the information that is difficult to display in high-dimensional data,and has significant advantages in processing
high-dimensional data. Aiming at the limitations of existing graph-based subspace clustering algorithms in dealing with unknown
type noise and solving complex convex problems,based on subspace clustering algorithm,combined with spatial projection theo-
ry.this paper proposes a projection-based robust low-rank subspace clustering algorithm. Firstly. the original data is projected.the
noise of the projection space is eliminated by coding and the missing data is compensated. Then a new method map is used to con-
struct the sparse similarity /, graph,and finally the subspace clustering is performed on the basis of the /, graph. The algorithm
does not need a priori knowledge of the type of noise,and the [, graph can well describe the characteristics of high-dimensional
data sparsity and spatial dispersion. Three datasets of face recognition are selected as experimental datasets. Firstly, the optimal
parameters affecting the clustering effect are determined,and then the algorithm is verified from three aspects:accuracy,robust-
ness and time complexity. The experimental results show that the algorithm has high accuracy,low time complexity and good ro-
bustness, when the unknown type of noise is mixed in the datasets of face recognition.

Keywords High dimensional data,Noise,Subspace clustering,Space projection./, graph
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Table 1 AC value of clustering results
CRAL 20
Y o PLPSCP LSR LRR SSC
10 89.15 80.13 86. 23 71.43
=i 20 88.62 73.14 85.18 62. 82
R 30 84. 31 65.48 82.60 57.41
40 79. 85 60.72 77.15 53. 14
10 83.14 73.45 80. 46 64.12
[ AL 20 70.13 58.85 68. 45 55. 14
o 30 50.45 48.23 48.45 39.95
40 39.94 30.23 32.87 25.46
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Table 2 NMI value of clustering results
(A2 %)
R 13 PLPSCP LSR LRR SSC
10 84. 82 75.31 80. 69 67.81
=i 20 82.34 68. 64 79.83 61.29
%R 30 77.68 60.97 75.27 58.16
40 73.91 56.13 70. 82 51.33
10 75.73 69. 88 72.38 61.84
[ AL 20 68.59 56.69 65.15 50. 69
% 30 62. 40 47.22 52.83 48. 26
40 58.65 42,71 44.76 41.93
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Table 3 Running time of each algorithm
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