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Abstract Hyperspectral remote sensing image data have characteristics of high dimension, spatial correlation, and
feature nonlinearity, based on which a spatial-spectral feature extraction classification method based on deep learning
is proposed herein. First, the weight decay is added to a stacked sparse auto-encoder. Next, the principal
component analysis method is used to reduce the dimensionality of the image data. Then, neighborhood information
is sorted, deleted, reorganized, and stacked according to the difference between the first principal component of all
pixels in the principal component image block and the central pixel. Finally, the obtained spatial-spectral
information is input into a stacked sparse auto-encoder combined with the SoftMax classifier for classification. The
comparison of two sets of experimental data reveals that the proposed classification algorithm improves the
classification accuracy of hyperspectral images.
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Table 1 Experimental data and classification accuracy of the Pavia University dataset
Class Number of samples Classification accuracy /%
Train Test SVM CK-SVM  OMP SOMP  Our method (unselect) Our method

Asphalt 200 6431 80.50 97.90 61.20 82.11 93.11 98.10
Meadows 200 18449 84.48 98.95 79.47 95.50 96.11 97.32
Gravel 200 1899 78.91 93.77 68.01 98.11 95.22 97.17
Trees 200 2864 96.24 98.96 91.95 96.24 93.74 99.35
Painted metal sheets 200 1145 99.74 100.00 99.22 99.06 100.00 100.00
Bare soil 200 4829 83.96 97.06 69.84 98.55 96.91 99.28
Bitumen 200 1130 91.39 99.56 84.39 98.34 98.81 99.51
Self-blocking bricks 200 3482 81.27 96.45 76.52 94.90 96.39 96.43
Shadows 200 747 98.44 99.87 98.04 88.44 97.99 100.00
OA /% 84.98 98.16 76.60 93.93 95.88 97.87
Kappa 0.80 0.98 0.70 0.92 0.94 0.97

.] trees Bitumen . meadows . painted metal sheets

. gravel . bare soil
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Fig. 8 Classification results of Pavia University dataset obtained by different algorithms. (a) Original image; (b) true
classification picture; (¢) SVM; (d) CK-SVM; (e) OMP; (f) SOMP; (g) proposed method (unselect); (h) proposed method
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Table 2  OA and Kappa coefficient of the Indian Pines dataset obtained by different algorithms
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Classification algorithm

Parameter
SVM CK-SVM OMP SOMP Our method (unselect) Our method
OA /% 73.01 91.36 65.87 91.46 90.18 93.99
Kappa coefficient 0.69 0.90 0.61 0.90 0.89 0.93
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