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Scene Classification Method of High-Resolution Remote Sensing Images Based on
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Abstract: High-resolution remote sensing image scene classification aims to accurately perceive complex sur-
face scenes, which is significant for the understanding and information extraction of high-resolution remote
sensing images. A new scene classification method based on feature aggregated convolution neural network
(FACNN) and capsule network(CapsNet) , named FACNNCN, is proposed in this paper. For the proposed
method, the distinguish ability and robustness of convolutional features for scene classification are enhanced
by adding aggregated features. Meanwhile, the spatial relationship between geographic entity and scene is rep-
resented based on CapsNet. Therefore, the proposed method can overcome some drawbacks usually found in
existing high-resolution remote sensing image scene classification methods based on CNNs. For example, the
extracted representative features of scene images are insufficient and the spatial features of geographical ob-
jects are lack of consideration. The method proposed in this paper is tested on two public high-resolution re-
mote sensing image scene classification datasets (UC Merced Land-Use and NWPU-RESISC45). Experi-
mental results show that the classification accuracy of FACNNCN is better than those of comparison methods.
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Table 2 Comparison of classification accuracies under 10% and 20% training ratios on NWPU-RESISC45

dataset %
Ik 10% Y25 L1l 20% VIl 2k LL i)

GooglLeNet™ 76.194-0.38 78.4840.26
AlexNet! 76.69+0.21 79.854+0.13
VGG-16" 76.4740.18 79.79+0.15
Fine-tuned GoogLeNet"” 82.57+0.12 86.02+0.18
Fine-tuned AlexNet"! 81.2240.19 85.1640.18
Fine-tuned VGG-16"" 87.1540.45 90.36+0.18
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CNN-CapsNet"” 85.08+0.13 89.18+0.14
D-CapsNet"” 87.91+0.18 90.25+0.13
FACNNCN 88.60+0.15 91.56+0.11
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