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Remote sensing image classification based on CNN model
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Abstract
The remote sensing image classification was studied. In consideration of the problems of feature extraction dif-
ficulty and low classification accuracy of the shallow structure classification model of support vector machine, a con-
volutional neural network model was designed for remote sensing image classification. The model comprises the in-
put layer, convolution layer, full connection layer and output layer, and uses the SoftMax classifier for classifica-
tion. The LandsatTM5 remote sensing image of Fujin city in June 6, 2010 was used as the data source to perform
the classification experiment. The experimental results show that the proposed model employs several convolutional
and pooling layers to extract the nonlinear and invariant features from the remote sensing image. These features are
useful for image classification and target detection. The classification accuracy of the model was 92.57% when it
was used in this image. Compared to the support vector machine classifier, the classification accuracy of this model
was improved by 5% . Therefore, this model has a greater advantage in remote sensing image classification.
Key words: convolutional neural network (CNN), model, support vector machine (SVM) , feature extrac-

tion, remote sensing image classification
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