55 48 % %5 9 W] HWERFFE  Earth Science Vol. 48 No. 9
2023 F9H http://www.earth-science.net Sept. 2023

https://doi.org/10.3799/dqkx.2021.218

ERZETMEMSREKE
MERERZEART XTI

N 1 ) ‘\“\ 1= = N 2
=L AN, E MR
1. PEARARFHEZLEZEIESTE, AKX 430078
2B IRFEREMNA ISR, LH/HFMN 341000

W OEHNERGSHRFBBEEBRNG RS BAERRM, UEERAMAEMEERIEZERG w0 L h T H
AN AR MRS B A R S R IR B T — D g s R AR e 4 AT RS N T Y B R R R R g
B WS, AN ImageNet 58 45 I 25 1 B 5% 25 M 2% ResNet101 454 3 # I 25 k2 %0, 38 4 200 37 3T 7% 42 35 B % [ 4R
PR R K5 2 J5 7F B i A 25 i) AR e 25 b, B R BB A8 2 gh 7E A8 ) b AR e 4 AE B S 4R B RN Y B R 1 i
J& , € BT o i Dropout 2 08 /0 155 T W B G B A 9 ME SR LR 5 35 #E AID FI NWPU-RESISC45 ) R [R] B EL 1) =
Iy B BEGEARBYE B L IEAT T S E A A 209 YR AR ARG B BT a5 B T 94.30% A 93.63%0 Y 43 RS L SL 80
4 S W AR O A EL AT S R KR AR SR IR L B X SR g s R R AR

SRR TR ST R LS s AR B R 4% s TR B2 ) s e A 2 s Rk

hESES: P237 XEHS: 1000—2383(2023)09—3526— 13 75 HE9:2021—07—07

Remote Sensing Image Scene Classification Method Integrating Spatial

Transformation Structure and Depth Residual Network

Meng Yifei', Zheng Guizhou', Ji Weizhen®

1. School of Geography and Information Engineering, China University of Geosciences, Wuhan 430078, China
2. School of Architectural and Surveying and Mapping Engineering, Jiangxi University of Science and Technology,
Ganzhou 341000, China

Abstract: In order to solve the problem that the remote sensing image with small sample set can easily lead to the over-fitting of
the training model and the low classification accuracy caused by the spatial invariance of convolution neural network in remote
sensing image scene classification, a high-resolution remote sensing image scene classification algorithm based on spatial
transformation network and transfer learning is proposed. Firstly, the ImageNet dataset is used to train the deep residual network
ResNetlO1 to obtain the pre-training model, and the training efficiency of the model is improved through knowledge transfer.
Then, the spatial transformation structure is embedded in the model, so that the model can actively transform the feature mapping
in space and improve the robustness of the model. Finally, the Dropout layer is added to the model to reduce the probability of

over-fitting of the model. This method is verified on two high-score remote sensing image data sets of AID and NWPU-
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RESISC45, and the classification accuracy of 94.30% and 93.63% is achieved in the case of only 20% training samples.

The experimental results show that the improved model has better feature extraction ability and better classification results

for misclassification scenarios.

Key words: deep learning; residual network; spatial transformation networks; transfer learning; scene classification; remote

sensing.
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Table 3 Classification accuracy of different models on AID dataset
IEYEN 9
- ‘ ARG EE (%) :
20% Yl b % 5026 Ik L%
GoogleNet(Xia ez al.,2017) 83.44+0.40 89.36+0.55
VGG-VD16-+MSCP+MRA (He et al.,2018) 92.2140.17 96.56+0.18
CNN-CapsNet(Zhang et al.,2019) 93.7940.13 96.3240.12
D-CNNs(Cheng ez al.,2018) 90.82+0.16 96.89+0.10
ResNet101 92.3240.23 95.4940.38
ResNet101+STN 93.5840.22 95.8940.27
A5k 94.3040.29 96.5240.10
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Table 4 Classification accuracy of different models on NWPU-RESISC45 dataset
” SRR E(F)
F
1026 YR e = 206 Mk L
Fine-tuned VGGNet-16(Cheng ez al.,2017) 87.15+0.45 90.36+0.18
VGG-VD16+MSCP+MRA(He ez al.,2018) 88.07+0.18 90.81+0.13
CNN-CapsNet(Zhang ez al.,2019) 89.03+0.21 92.60+0.11
D-CNNs(Cheng ez al.,2018) 89.22+0.50 91.89+0.22
ResNet101 89.27+0.21 91.81+0.19
ResNet101+STN 90.7240.23 92.4740.28
AT 91.66+0.15 93.63+0.22
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Fig.12 Comparison of performance for different models on easily misclassified scene images
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