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Application of Improved Residual Network in Sensing Image Classification

LIU Chun-rong', NING Qian"*", LEI Yin-jie', CHEN Bing-cai’
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[ Abstract] In terms of that the deepening of traditional convolution neural network led to various problems, including the degrada-
tion of the network and the large amount of calculation, a remote sensing image scene classification method was proposed to improve the
residual neural network. In this method, the residual network ResNet50 was taken as the main framework, and the deep separable con-
volution and grouping convolution were introduced into the residual structure, and thus the amount of network parameters and calcula-
tion were reduced, the convergence of the model was sped up and the classification accuracy was improved. Furthermore, the multi-
scale squeeze and excitation block module was embedded into the network to recalibrate the channel features and extract more important
feature information, and the classification performance of the network was further improved. The classification accuracy of AID (aerial
image dataset) and UCMerced_Land Use reached 91.92% and 93. 52% , respectively, which were 3.38% and 10.24% higher than
that of the conventional residual network. It was proved that the proposed method in remote sensing image scene classification task is

feasible and effective.
[ Keywords] remote sensing image; scene classification; residual neural network; grouping convolution; depthwise separable convo-

lution ; multi-scale squeeze and excitation block
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Fig. 1  Schematic diagram of residual network unit
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Fig. 8 Network structure of the proposed method
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Fig. 10  Part of the scene image of UCMLU dataset
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Fig. 12 Classification confusion matrix for AID scene
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Table 4 Performance comparison of dataset UCMLU
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Table 5 Average classification accuracy of dataset
UCMLU by different methods

AR 54/ GB YNGR/ %
ResNet50 0.35 83.28
SG_ResNet50 0.14 91.47
SG_ResNet50_SE 0.15 92.99
AT 0.17 93.52

Ji i HEH%/ %
BOVW!" 76.81 +0. 41
BOVW + SCK'") 77.71 0. 63
SVmi2e] 78.57
SVM-LDA[?! 80.33 +0. 71
EML] 86. 86
ResNet50 83.28 +0. 88
SG_ResNet50 91.47 £0. 44
AT 93.52 +0.77
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