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Abstract: Objectives: Remote sensing scene classification provides new possibilities for the application of
high-resolution images, and how to effectively realize scene recognition from high—resolution remote
sensing images is still an important challenge. The existing scene classification methods only use remote
sensing images from one viewpoint for scene recognition, which cannot accurately express the semantic
information of complex high—resolution remote sensing images, and the accuracy of scene classification is
difficult to be further improved. Methods: To solve this problem, a multi-view scene classification method
for remote sensing images is proposed. First, the aerial image and ground image are constructed into a
positive and negative image pair, and divided into training dataset, validation dataset and test dataset.
Second, a convolutional neural network with fusion multi-scale attention is constructed, and features with
fusion attention and strong representation ability are obtained through feature fusion module, so as to inte-
grate different feature information and realize multi—scale feature learning. Third, the trained multi-scale

attention network is used to extract features from aerial image and ground image, respectively. Finally, the

E£WHE:HXKA KPS (42001285) VL J7 A A 2R Bl 2% 5E 4 (BK20200813) 5 & J& Bl 2% [ K & & 90 510 = JF i 3t 4 (OF -
SLRSS202215) ; H #& 5 U555 6 4 795 8 Jsk g FH 3 55 95 36 %8 P 3L 4 (KLSMINR-G202202)

FE—EE AR BT A BRSO 1) D 38 RS B R AR . 1033424423@qq.com

BWAEE A4, 1+ UJFT . zhouwx@nuist.edu.cn



549 5 3

I 7S - Rl 22 RS B T 1Y Z2 AL B IR AR 3 5 00 26 367

fused features are used to classify scenes based on the fused features using support vector machine. To

demonstrate the performance of the proposed multi—scale attention network, we conduct experiments on

two publicly available benchmark datasets — the AiRound and the CV-BrCT datasets. Results: The pro-

posed method achieves remarkable performance, with the highest accuracy of 93.13% in the AiRound data-

set and 85.18% in the CV-BrCT dataset, which improves the accuracy of single-view scene classification.

Conclusions: The results demonstrate that the complementary information provided by multi-view images

can further improve the performance of remote sensing scene classification.

Key words: scene classification; multi-—view remote sensing image; convolutional neural network; feature

fusion; visual attention
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Fig. 1 Architecture of Multi-scale Attention Network
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Fig. 5 Confusion Matrix for Two Datasets
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Fig. 7 Classification Results of Hospital and Open Space in CV-BrCT Dataset

x4 SURASLEBIBRER/Y
Tab.4 Results of Multi-view Classification Ablation

Experiments/ %

CNN [ %% . AiRound % CV-BrCT
A ik \
a EiS B 4
M1 88.41 79.70
L RUE M2 89.27 82.27
M3 90.12 83.25
AlexNet
M1 89.69 82.27
AILEARE M2 90.12 84.60
M3 92.27 84.91
M1 88.84 80.96
e RUE M2 90.12 82.56
M3 91.41 83.45
VGG16
M1 90.12 82.56
AL ARUE M2 90.55 84.62
M3 93.13 85.18
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Tab.5 Comparison Results of Different Methods/ %

B CNNK  AiRound CV-BrCT
6] 24 5 0 L )
Koy Hedh 4 Bl 4
NBCL"? 81.12 80.29
VGG_VD16+SAFF™®! 82.83 74.74
Siamese ResNet_50"% 87.55 80.80
o AlexNet 90.12 84.60
R CNN
VGG16 90.56 84.62
. AlexNet 89.27 74.95
i) 2k CNN
VGG16 90.55 74.31
AlexNet 90.55 84.79
CILM[H]
VGG16 91.41 84.86
MSAN AlexNet 92.27 84.91
MSAN VGG16 93.13 85.18
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