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Kernel Subspace Clustering Based on Second-order Neighbors
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Abstract The processing of high-dimensional data sets is the focus of computer vision. Subspace clustering is one of the most
widely used methods to achieve high-dimensional data clustering. The traditional subspace clustering assumes that the data comes
from different linear subspaces,and different subspace regions do not overlap. However, real data often do not meet these two
constraints, which affects the effect of subspace clustering. In order to deal with these two problems, this paper introduces a ker-
nelized subspace to solve the nonlinear problem of subspace data,and introduces the second-order neighbors of the subspace coef-
ficient matrix to deal with the overlapping subspace problem. Then a three-step clustering algorithm based on second-order neigh-
bors of the kernelized subspace is designed. Firstly, the self-similarity coefficients of the kernelized subspace data are obtained.
Secondly . the overlapping regions of the subspaces are eliminated. Finally, the coefficient matrix is spectrally clustered. In this pa-
per,the designed subspace clustering algorithm is first tested on three artificial data sets,and then the experiment is performed on
12 real data sets,including face,scene characters and biomedical data sets. Experimental results show that the proposed algorithm

has certain advantages over the latest algorithms.

Keywords Alternating direction multiplier method, Image identification, Kernel method.Second-order neighbors, Subspace clus-

tering
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Fig. 3 Example images of face,handwritten and biomedical

datasets used in the experiment
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Table 2 Data sets

& | A& # instances # features # classes
YaleB 165 1024 15
i N ORL 400 1024 40
NERER AR 840 768 120
JAFFE 213 676 10
SVHN 258 976 13
G eSS ICPR 982 2513 44
B & MNIST 1884 2414 58
MSRA-TD500 2049 918 33
LIDC-IDRI 1500 241 22
E Y E DDSM 1404 320 36
HAEE Cardiac MRI 414 6429 130
MIAS 878 7454 251
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Fig. 4 KSCSN clustering results on three artificial data sets
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Table 3 ACC of different methods on different data sets
(A2 %)
Data RPCA LatLRR BDLRR RKLRR RKLRS IBDLR KSCSN
YaleB 92.73 93.42 95. 26 94.08 95.27 95.62 96. 04
ORL 90. 00 91.75 94,50 94.50 95.25 96. 25 97.63
AR 86.76 88.83 92.63 90. 88 91.90 93.11 95. 44
JAFFE 92.83 93.89 5.76 95. 89 96. 65 96.59 97.38
SVHN 82.04 85.67 84. 24 85.35 90. 23 91. 14 93.24
ICPR 80.02 85. 24 89. 36 90. 65 90. 22 92.06 92.87
MNIST 87.00 86.07 90. 21 93.62 93.21 94.98 96.71
MSRA-TD500 78.21 79. 14 80. 23 82. 88 83. 20 84.73 88.42
LIDC-IDRI 62.78 65.78 64.76 67.75 69. 24 70.58 73.66
DDSM 64.56 68. 34 67.17 68.27 73.25 74.24 76.17
Caridac MRI 59.44 60. 29 65.58 67.57 67.51 69.53 70. 88
MIAS 63.76 61.83 58.47 64. 88 67.90 70. 86 71.46
F4 BITEAAERFEIRAE PR EF R
Table 4 NMI of different methods on different data sets
CHLAT 2 20)
Data RPCA LatLRR BDLRR RKLRR RKLRS IBDLR KSCSN
YaleB 88. 94 91.33 91. 86 94. 50 95. 25 94.50 96.03
ORL 90. 28 88.73 89. 24 92.63 92.76 90. 88 96.72
AR 91. 44 91.08 94. 36 95.76 94. 83 95. 89 95. 11
JAFFE 90. 22 89.63 91.42 93. 87 95. 36 95. 96 97.03
SVHN 81. 24 82.47 82.64 84. 24 86. 21 85. 35 87.28
ICPR 79.68 83.33 83. 24 89. 36 88. 44 90. 65 93.91
MNIST 87.00 83.27 86.07 90. 21 91.04 93.62 94.37
MSRA-TD500 80. 27 78.43 81.76 80. 23 79.31 82.88 89. 38
LIDC-IDRI 61.74 63.58 64.51 64.76 68.76 67.75 72. 44
DDSM 65.57 67.86 68.22 67.17 68. 35 68.27 75.63
Caridac MRI 58.33 61.84 60.61 65.58 64. 26 67.57 71.35
MIAS 61.87 63.03 62.59 58.47 68.21 64.88 72.26
£ 5 KITELEA R EE A Py R R
Table 5 ARI of different methods on different data sets
CHLAL 2 20)
Data RPCA LatLRR BDLRR RKLRR RKLRS IBDLR KSCSN
YaleB 71.82 73.34 72.73 75.48 74.24 75.85 84.27
ORL 68. 82 67.27 73.69 75.79 77.02 82.50 85.08
AR 61.52 67.81 65.25 69. 25 74.50 74.00 77.51
JAFFE 70.91 75.41 72.29 74.87 75.59 75.12 86. 64
SVHN 62.27 65.02 66.96 71.17 73.39 73.86 82.76
ICPR 71.33 75.11 73.35 76.61 1.95 80.57 84.57
MNIST 66.41 70.28 73.71 72.94 77.24 76. 14 85.33
MSRA-TD500 69.71 67.69 72.89 69.62 75.82 73.79 86. 29
LIDC-IDRI 58. 89 54.36 58.67 57.55 63. 84 66.41 74.22
DDSM 58. 24 56. 85 59.62 63.75 65. 26 67.15 73.67
Caridac MRI 55.14 58.17 60. 87 59. 34 62.28 69.94 71.58
MIAS 62.71 63.37 61.27 67.78 66.43 68. 82 71.17
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