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Abstract Spectral based subspace clustering algorithms have shown good results. But the traditional subspace clustering algo-
rithms need to vectorize the image, which will lead to the losses of the two-dimensional structure informations carried by the ima-
ge itself. In order to reduce the losses, block integration based image clustering (BI-CD) algorithm is proposed. First, the images
are divided into several matrix blocks. Then,the nuclear norm based matrix regression is used to get the coefficient matrix of one
block ,and a method is proposed to set the weight for each matrix block according to the rank information of matrix blocks. Final-
ly,based on each coefficient matrix and according to the rank of the corresponding matrix block, the integral coefficient matrix is
obtained. The final clustering results are obtained by using spectral clustering performed on the coefficient matrix. Experimental

results show that the proposed method is more robust than the existing algorithms and can achieve more accurate clustering results.
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Fig. 1 Sketch of block integration based image clustering
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Fig. 2 Image segmentation into blocks
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Table 1  Segmentation accuracies of different algorithms on four databases
AR & AR ORL Yale FERET

TEHHE 12 30 16 40 3 15 4 28

LRR) 0.8221 0.8244 0.8563 0.7775 0.6667 0.6909 0.7500 0.5408
SCLRR(B:2) 0.7644 0.8090 0.8625 0.7625 0.7667 0.7030 0.7143 0.5459

LSR) 0.9519 0.8564 0.9000 0.7625 0.6667 0.6848 0.7143 0.5102

BI-CI() 0.9760 0.8701 0.9188 0.7800 0.9697 0.7030 0.7500 0.5561

AR BARIET 4 MEERNEMLSE 58 1.00.001.2),0.1,0. 001 ; ORL $di 4 F 4 NE KA S H 50 0.9.(0.01.4),2.0. 15 Yale $H51E T 4
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