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Abstract: Considering the problem of low classification accuracy caused by large intra-class differences and high
inter-class similarity in remote sensing image scene classification, a discriminative feature representation method
based on dual attention mechanism is proposed. Due to the difference in the importance of the features
contained in different channels and the significance of different local regions, the channel-wise and spatial-wise
attention module are designed, based on the high-level features extracted by the Convolutional Neural
Networks. Relying on the ability to extract contextual information, the Recurrent Neural Network is adopted to
learn and output the importance weights of different channels and different local regions, paying more attention
to the salient features and salient regions, while ignoring non-salience features and regions, to enhance the
discriminative ability of feature representation. The proposed dual attention module can be connected to the

last convolutional layer of any convolutional neural network, and the network structure can be trained end-to-end.
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Comparative experiments are conducted on the two public data sets AID and NWPU45. Compared with the

existing methods, the classification accuracy has been significantly improved, and the effectiveness of the

proposed method can be verified.
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ik 20% 50% 10% 20%
VGG16 86.59+0.29 89.64-+0.30 87.15+0.45 90.36+0.18
VGG16+CA 87.73+0.19 89.98:+0.25 88.540.39 90.89+0.23
VGG16+SA 89.36+0.21 94.06+0.19 93.23+0.21 95.05+0.18
VGG16+CA+SA 89.87+0.30 94.58+0.23 97.8940.12 98.820.20
ResNet50 86.48-0.49 89.22:+0.34 89.88+0.26 92.35+0.19
ResNet50+CA 88.23+0.34 91.45+0.30 91.52+0.19 93.48+0.21
ResNet50+SA 90.83+0.55 94.46+0.48 97.56+0.08 98.79+0.04
ResNet50+CA+SA 91.34+0.38 95.22:40.36 98.55+0.11 99.07+0.23

* 3 BIBENWPU4S R A ASHMEESEN

R 2 BUREAIDTHRAESHMEES ENOA(%)ERITLLE OA(%)ER3TLLF
. AID . NWPU45
ks i 20% 50% ik i 10% 20%

VCG16 1o 2017 86.59-0.29  89.64-+0.30 AlexNet "7 2017 81.2240.19  85.16+0.18
CaffeNet [ 2017 86.864+0.47  89.53+0.31 VGG 16 17 2017 87.1540.45  90.36+0.18
GoogLeNet [0 2017 83.4440.40  86.39+0.55 GoogleNet ' 2017 86.02+0.18  86.02+0.18
Fusion-by-add 2017 91.8740.36 D_CNN i 2018 89.2240.5  91.8940.22
MCNN 11 2018 91.80+0.22 LCFF P 2018 93.61+£0.1  96.37+0.05
ARCNet "2 2019 88.75+0.40  93.104+0.55 SCER[21) 2019 91.73+0.21  93.474+0.30
Finetune ResNet50!Y 2019 86.48+0.49  89.22+0.34 Finetune ResNet50!Y 2019 89.8840.26  92.3540.19
ResNet LGFFE M 2019 90.83+0.55  94.4640.48 ResNet  LGFFEM 2019 97.56+0.08  98.794+0.04
VGG16+CA+SA ATk 89.87+0.30  94.58+0.23 VGG16+CA+SA AXHVE 97.8940.12  98.8240.20
ResNet50+CA+SA A7k 91.3440.38  95.2240.36 ResNet50+CA+SA A7 98.5540.11  99.0740.23
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