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Table 1  Training and test samples selected from
University of Pavia data set
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1 Asphalt 332 6299
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8 Self-blocking bricks 184 3498
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Fig.1 The effect of dimensionality on classification accuracy
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Fig.3  Computation time of different algorithms
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Hyperspectral image classification based on latent low-rank graphs

MA Fang' ZHAO LiNa'"

HE Lei

YANG HongWei’

(1. Faculty of Science; 2. Center for Information Technology, Beijing University of Chemical Technology, Beijing 100029, China)

Abstract : In this paper, latent low-rank graph discrimination analysis ( LatLGDA) is proposed. Our algorithm uses

self-representation of the data to apply low-rank constraints to the column and row representation coefficient matrix

in order to obtain the affinity matrix of the retained data structure. Combined with a graph embedding model, both

manifold dimension reduction and classification of hyperspectral images can be realized. Compared with other hy-

perspectral feature extraction algorithms based on principles such as sparse graphs or sparse and low-rank graph dis-

crimination analysis, LatLGDA can use the row information data to compensate for the lack of column information

and has better resistance to interference from noise. Experiments on a real hyperspectral data set from the University

of Pavia demonstrate that LatLGDA has the advantages of high classification accuracy, fast operation efficiency and

broad application prospects.

Key words: sparse graph; sparse and low-rank graph; hyperspectral image classification

(RHE%RHE F)



