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Application of improved convolution neural network
in remote sensing image classification

LIU Yutong , LI Zhiging, YANG Xiaoling
( Key Laboratory of Intelligent Computing & Information Processing, Minisiry of Education ( Xiengtan University), Xiangtan Hunan 411100, China)

Abstract: The sparse network structure for traditional Convolutional Newtal Network ( CNN) can not preserve the high
efficiency of dense network-intensive computing and the empirical selection of the activation function in the experiment
process, which leads to inaccurate results or high computatichabucomplexity. To solve above problems, an improved CNN
method was proposed and applied in remote sensing images\ clasdification. Firstly, the multi-scale features of an image was
extracted by using different scale convolution kernels o the Inception module, then the activation function of the hidden layer
node was studied by using the Maxout model< Finally, the image was classified by the Sofimax method. Experiments were
conducted on the same US Land Use Classification Data Set 21( UCM_LandUse_21), and the experimental results showed that
the accuracy of the proposed method was about 3. 66% and 2. 11% higher than that of the traditional CNN method and a
Multi-Scale Deep CNN ( MS_DCNN) respectively with the same number of convolution layers, and it was also more than 10%

higher than that of visual dictionary methods based on low-level features and middle-level features. The proposed method has

high classification efficiency and is suitable for image classification.

Key words: Convolutional Neural Network ( CNN); Inception module; Maxout network; dropout operation; remote

sensing image classification
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Fig. 8 Category confusion matrix for UCM_LandUse_21 scene
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Fig. 9 Classification accuracy comparison between
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