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Abstract: Block Diagonal Representation (BDR) model can efficiently cluster data by using linear representation, but
it cannot make good use of non-linear manifold information commonly appeared in high-dimensional data. To solve this
problem, the improved Block Diagonal Representation based on Neighbor Graph (BDRNG) clustering algorithm was
proposed to perform the linear fitting of the local geometric structure by the neighbor graph and generate the block-diagonal
structure by using the block-diagonal regularization. In BDRNG algorithm, both global information and local data structure
were learned at the same time to achieve a better clustering performance. Due to the fact that the model contains the neighbor
graph and non-convex block-diagonal representation norm, the alternative minimization was adopted by BDRNG to optimize
the solving algorithm. Experimental results show that: on the noise dataset, BDRNG can generate the stable coefficient
matrix with block-diagonal form, which proves that BDRNG is robust to the noise data; on the standard datasets, BDRNG
has better clustering performance than BDR, especially on the facial dataset, BDRNG has the clustering accuracy 8% higher
than BDR.
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Fig. 1  Visualization of coefficient representation matrices

generated by BDRNG with different noise ratios
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Fig. 2 Visualization of coefficient representation matrices

generated by different algorithms with 20% noise
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Tab. 1 ACCs of different algorithms on synthetic dataset with different noise ratios unit: %
Noise-Free 10% Noise 20% Noise
Method

Max Med Mean Max Med Mean Max Med Mean
LRR 98.77 91. 06 64.79 95.70 22.47 26. 47 90. 07 20.92 22.41
SSC 100(1) 96. 13 76.12 96.53 29.53 30. 14 93.13 24.12 25.23
BDR(Z) 100(22 99. 74 98.12 100(12) 98. 40 73.28 100(3 33.34 47.90
BDR(B) 100(20) 99. 74 85.73 100(7) 97. 67 71.49 100(1) 29.47 48.62
IBDLR 100(22 79.79 62. 04 100(16 79.79 57.29 100(4 30. 04 50. 90
BDRNG(Z) 100(26 100 95. 80 100(19) 99.13 89. 82 100(2) 90. 27 71.17
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Tab. 2 Comparison of clustering performance of

different methods on different datasets unit: %
. ORL COIL 20 CIFAR-10
ik ACC NMI ARI ACC NMI ARI ACC NMI ARI

LRR 56.8475.8730.0768. 6082.5163.5174.8959.9755.31
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BDR(B)  76.2087.0766.3681.3892.6380.7779.0465.9661. 07
IBDLR 75.4186.2364.9178.3788.0276.6079. 1166.3361.59
LRKSC 80.2587.6670. 78 83.6391. 05 81. 68 74. 60 63. 27 54. 63

BDRNG(Z) 82.2589.9572.7283.5092.5783.0581. 16 67. 98 66. 42
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K on clustering performance on ORL dataset
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