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Abstract A classification method based on deep learning is proposed for the classification of high spatial resolution
remote sensing images. The texture features of the images are calculated through nonsubsampled contourlet
transform, the deep learning common model-deep belief networks (DBN) are used to classify the high spatial
resolution remote sensing images based on spectral and texture features. The proposed method is compared with
the DBN classification method based on single spectral information, the support vector machine (SVM) method and
the traditional neural network (NN) classification method. Experimental results show that comparing with the single
spectral information, the use of spectral and texture information can effectively improve the classification accuracy
of high spatial resolution remote sensing images, and comparing with methods of SVM and NN, the DBN method
can accurately explore the distribution law of the high spatial resolution remote sensing images and improve the
accuracy of classification.
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Table 1 Confusion matrix of classification based on DBN

Types Roofs Roads Trees Lawns Trails Clearings User’s accuracy /%

Roofs 3598 647 542 0 78 34 73.44

Roads 423 4935 174 0 435 62 81.85

Trees 117 83 6020 681 78 351 82.13

Lawns 0 0 567 2637 0 121 79.30

Trails 6 343 0 0 4246 427 84.55
Clearings 0 23 321 413 229 5128 83.87
Procuder’s

86.82 81.82 78.96 70.68 83.81 83.75

accuracy /%

OA:81.2% Kappa coefficient:0.772
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Table 2 Comparison of classification accuracy and execution time for the four methods

Method DBN DBNO NN SVM

OA/ % 81.2 72.1 79.4 80.1
Kappa coefficient 0.772 0.675 0.748 0.756
Execution time/s 47 43 131 38
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Fig.6 Classification results of other methods. (a) DBNO; (b) NN; (c) SVM
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