¥31E 1Y HL T 5 AR 2 4R Vol.37 No. 1
- 116 - JOURNAL OF ELECTRONIC MEASUREMENT AND INSTRUMENTATION 2023 4F 1 A

DOLI: 10. 13382/j. jemi. B2205792

ETHEREERAMAITIE R
EREGG=DE

% B % BAZ WNiEd F M
(SRR pe i T 5o R TR R 233030)

OEBEERE ST RN B B AR 2 ) 45 B O 18 R S s 4 2R 0 BT B, AR Y BT R R B AR Th T2 N4 &
F 15 B R AR 2 WL S5 A0, 6 50 43 SRS 1 [ oo SR B g (W IR 2 e 3R IR, 43531 DA et Rl 22
PR 28451 2K PRECA BT A AS VNGRS WE PN AR Hh B FERSE T 3R 24 B 4R T R THE B e M4 1) ke, 15k,
TEXT AR G 38 XA Focal loss $12¢ BRELHAT /3BT i Bk b, 52 1 —Fh B B 2R AR 0 2 R A, 1453 2% BRBOAT LAAE I 5 B BEXT 45 AR R
AT M ERPEREIZHE . TR B T — R AT REAS I 560 B R F Gridmask FE T 5 MOREA BUR RN FUIR RE A IR, 43
R EES AB TR AT IFAT N2, it — D AR TG TR 2 (0 4 S P Rl . SEOm st R I, T 48 s i B8k 43 i 7 AID Al NWPU-
RESISC45 P~ KA R 2 IS T 96. 729%F1 93. 95% BYAGIRE BE , T DL 48 THE B RHE 3 5  2 mPERE

KA BREGRG RSB B R AR T Gridmask FEASIET

FESES: TP751 XEkRIRE . A E RiREF R 5> 248D 510. 40

Remote sensing image scene classification via stage-based
focal loss and parallel data augmentation strategy

Chen Yan Yang Yan Yang Chunlan Deng Yunsheng Li Zhuang

(School of Electronic and Electrical Engineering, Bengbu University, Bengbu 233030, China)

Abstract: With the continuing popularity of deep learning techniques, convolutional neural network ( CNN) has become the main tool to
solve the remote sensing image scene classification tasks. However, current research interests are highly focused on the topic of how to
fuse multi-branch-based CNN and how to apply attention models. Despite that these approaches enhance the classification accuracy
markedly ; it leads to high computational complexity. In this paper, the above problems are addressed by means of introducing a modified
loss function and designing a novel data augmentation strategy, which can significantly improve the classification performance of CNN
without increasing the computational complexity. First, a stage-based focal loss function is presented to adaptively mining the hard
sample during the training process. Second, a parallel training strategy is conducted to feed the original image samples and samples after
Gridmask operation into the sharing CNN separately. Experimental results show that the proposed algorithm achieves 96.72% and
93.95% detection accuracy on two large-scale databases of AID and NWPU-RESISC45, respectively, and can significantly improve the
performance of remote sensing image scene classification.

Keywords : remote sensing image scene classification; stage-based Focal loss; parallel Gridmask data augmentation
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Table 2 the influence of classification performance on
NWPU-RESISC45 dataset with different value of SP

SP 0A(20%)

0.0 92.87+0. 36
0.2 93.39+0. 32
0.4 93.90+0. 25
0.6 93.95+0. 22
0.8 93.75+0. 29
1.0 92.72+0. 34
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Table 3 Overall accuracy and standard deviation of the

proposed method and other methods on AID dataset

ik 0A(20%) 0A(50%)
Resnet50+EAM "’ 93. 64+0. 25 96. 62+0. 13
RADC-Net[ %) 88.12+0. 43 92.35+0. 19
MLCBF "% 93.700. 11 95. 8420. 26
TFADNN!!®] 93.21=0.32 95. 6420. 16
MF2Net! 7] 93. 82+0. 26 95.930. 23
MG-CAP['®] 93.34+0. 18 96.12+0. 12
ours 95.10+0. 21 96. 7220. 15
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Table 4 Overall accuracy and standard deviation of the
proposed method and other methods on
NWPU-RESISC45 dataset

7k 0A(10%) 0A(20%)
Resnet5S0+EAM!®’ 90. 87+0. 15 93.51x0. 12
RADC-Net['"] 85. 72+0. 25 87. 63+0. 28
ADFFL 86.0120. 15 88.79+0. 17
TFADNNL!®] 87.78+0. 11 90. 86+0. 24
MF?Net!'”) 90. 17+0. 25 92.73+0. 21
MG-CAP '™ 90. 83+0. 12 92.95+0. 13
ours 92.4920. 18 93.95+0. 22
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fine-tuning Resnet50 91.42+0. 32 92.72+0. 34
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