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Classification of hyperspectral image based on double L2 sparse coding

Liu Yang, Ji Xiaofei, Wang Yangyang
Shenyang Aerospace University, Shenyang 110136, China

Abstract: Objective To improve the classification accuracy of a hyperspectral image, double L2 sparse coding is proposed
in this paper. Method Pre-processing work was conducted on the hyperspectral image. In this process, the spatial and
spectral information of the image were integrated adequately. Based on spatial continuity, the L2 sparse coding was intro-
duced to reconstruct each pixel of the hyperspectral image. A pixel was represented by linear combination of all pixels in its
neighborhood. This representation integrated spatial and spectral information, which benefited classification. The L2 sparse
coding was used to achieve hyperspectral image classification according to construction error. Moreover, a coding coefficient
was introduced into classification principles because of its distinguishable information. Result Experiments were conducted
on a publicly available hyperspectral image database called AVIRIS. To validate the effectiveness of the proposed method,
the comparison with SVM, KNN, and LI sparse coding was carried out using both original and reconstructed images. The
proposed method outperformed earlier approaches and improved the accuracy of classification of the hyperspectral image ef-
fectively, and then 99.44% classification accuracy was obtained. Conclusion The method proposed in this paper can be
effectively applied to the classification of hyperspectral images.
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Fig. 1 The coding coefficients of a query sample
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Fig. 2 The hyperspectral image divided in spectral-domain
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Fig. 4 The example of original image and constructed image

((a) the original hyperspectral image; (b) the reconstructed

hyperspectral image )
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Fig. 7 The hyperspectral images using sliding windows of

different sizes( (a) the original image; (b) the

reconstructed image )
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Table 4 The classification accuracy of methods using different proportion of training samples ( spectral information )
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SVM 75.77 80.76 82.87 85.18 86.43 87.32 87.54
KNN 68.39 71.49 73.30 75.31 76.47 77.23 78.01
L1 5 i 56.51 57.69 58.27 57.95 57.35 58.04 58.57
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Table 5 The classification accuracy of methods using different proportion of training samples ( spectral-spatial information )
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