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Abstract: Remote sensing image change detection has resulted in great breakthroughs in the field of land
cover observations. However, the noise of remote sensing image will impact the performance of the change
detection methods. To improve the accuracy of change detection, a change detection method based on the
Siamese multi-scale attention network (SMA-Net) has been proposed. Firstly, we combine atrous
convolutional layers with different dilated rates and spatial attention module to get the multi-scale feature
extraction module. Then, the feature maps on the same layer are subtracted to get the difference feature
maps and the channel attention mechanism is used to enhance the feature extraction effect. Finally, the

change detection result is output by fully connection layers. The proposed method is compared with other
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change detection methods on the original remote sensing image data with or without noise data. The
experimental result shows that the change detection method which uses the spectral information of a single
pixel as input, like support vector machine method, is susceptible to the image noise, and the
convolutional neural network (CNN) based method is much less susceptible to the image noise. The
proposed SMA-Net outperforms other methods on the accuracy and is less susceptible to the image noise.

Key words: remote sensing image; change detection; deep learning; image noise
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Fig.4 Original image data and reference map of the ZY 3 dataset
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Fig.5 Original image data and reference map of the GF2 dataset

2.2 IREFEHHIEED

12 S A BB OR A% i ik AR TP IS AT T BE 7 AR MR, — BN Dy B SRR B T A IR P R A 2R R R R
AT AR SO PR AR TR L I PR M 7 R AR R P R Ay A DR R AL S B 1R B

ABUER MR 7 O — b SR B W7, B AL BAE [ 1 22 AR R S 0, 32 B2 W 9 AR 38 5 K R 2
2 PG o JRE (LS L PN ) e KM Bl /IMEL o AR SO AR MR 7 352 SO0y 32 BLER M P B2 i R 1R 3K o
B SRR A BB L), S2 86 P X ZY 3R GE2 B R A 2 4 B SR AR 40 i A T 75 3k 10 % il
5076 FHUER W7

A R 00 IO AN 149 50 s S ARAE — A 7 i)t B R R 3 A v O G L D TS I e IR L S
A 75 T TR B R P RO Z AT s SR WG A5 80, AR B0TEE AT U — MR R ST LU 2 ER
Vi o PRSI B L A R A5 R BT A T A5 SR R I R L A i, I 2% SO A L O R R A A K L i

Il o



R S AT S REEEAKAED Bk R 60 % A YL T ALK R A R b BT R 41

& o AEAR ST b 260 W P 30 SO W 28 0 IR 25 SO IR0 52 AR BAN B L 9] . 5238 vh 6 ZY 3 A GF2
JEtR B 2 A IR AR 20 B T 1000 A 5000 M AR A5l R 1R 6 0 ZY 3 B i A B S Y
w8

- S < oy : e L3 o
(a) 10% salt and pepper (b) 50% salt and pepper (c) 10% stripe noise  (d) 50% stripe noise
noise data noise data data data

BI6 7Y 3T AR 5 AR B
Fig.6 7ZY3 data image with noise
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Fig.7 Change detection results of ZY 3 original data using different algorithms
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Fig.8 Change detection results of GF2 original data using different algorithms
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SVM 0.632 4 0.716 4 0.6718 SVM 0.749 6 0.570 3 0.647 8
MLP 0.638 9 0.742 9 0.6870 MLP 0.714 7 0.6356 0.672 8
CNN 0.649 8 0.770 2 0.704 9 CNN 0.764 2 0.625 4 0.687 9
BCNNs 0.662 1 0.789 0 0.720 0 BCNNs 0.664 6 0.728 6 0.695 1
STA-Net 0.673 2 0.799 3 0.7309 STA-Net 0.760 7 0.6559 0.704 4
SMA-Net 0.676 5 0.803 1 0.734 4 SMA-Net 0.757 6 0.667 2 0.709 5
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Table 3 Change detection accuracy of ZY3 dataset Table4 Change detection accuracy of GF2 dataset
with noise with noise
PiRS LYE Tyt Precision Recall F, ik LA g et Precision Recall F,
Jit 5] 0.6324 0.7164 0.6718 Ji ] 0.7496 0.5703 0.647 8
10% MUERME R 0.5438  0.5954 0.568 5 10% MR 0.6926 0.4599 0.5527
SVM  50% HihMeRA 04555 0.2826 0.3488 SVM  50% HlihMER  0.5549 0.2145 0.309 4
10% k4R 0.6173 0.7187 0.664 2 10% 44 0.7409  0.5737 0.6467
50% ZcHEMER 05631 0.707 7 0.627 2 50% AR 0.6777 0.5692 0.6187
Ji & 0.6389 0.7429 0.6870 R 0.7147 0.6356 0.6728
10% HE:MES  0.5900 0.628 3 0.608 5 10% tERME RS 06743 0.5521 0.607 1
MLP  50% #UEhMERE 03274 04517 0.3797  MLP  50% HEhMEA 04838 0.4027 0.4395
10% 4 A 0.6226 07534 0.6818 10% 4 A 0.7388  0.6026 0.6638
50% ZArMEA 0.6582 0.6412 0.6496 50% MR 0.6414  0.6461 0.6437
J5 & 0.6498 0.7702 0.7049 Ji 5] 0.7642 0.6254 0.687 9
10% HUERME R 0.6451 0.7470 0.692 3 10% MUERIEA  0.7159 0.6457 0.6790
CNN  50% HUEhmERE 05428 0.7436 0.6275  CNN  50% HFhMEA  0.6177 0.6523 0.6345
10% 44 0.6609 0.7381 0.697 4 10% 44 0.7717 0.6156 0.684 9
50% HMEA 06272 0.7491 0.6828 50% 4H MR 07704 05971 0.6728
Ji & 0.6621 0.7890 0.7200 Ji ] 0.6646 0.728 6 0.6951
10% HUERE RS 0.6367 0.7984 0.708 4 10% #ERBE R 0.7452  0.6435 0.6906
BCNNs  50% #EhMeA 05541 0.7479 0.6366 BCNNs 50% HlE: WS 0.6242 0.6599 0.6415
10% ke 0.6512 0.7851 0.7119 10% kiR 0.7294  0.6594 0.6927
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50% iR 0.637 3 0.7967 0.708 1 50% ?F?E" 7 0.7679 0.6363 0.6959
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Fig.9 Change detection results of ZY 3 data with 10% salt and pepper noise
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Fig.10 Change detection results of GF2 data with 10% salt and pepper noise
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Fig.11 Change detection results of ZY 3 data with 50% salt and pepper noise
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Fig.12 Change detection results of GF2 data with 50% salt and pepper noise
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Fig.13  Change detection results of ZY 3 data with 10% stripe noise
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Fig.14 Change detection results of GF2 data with 10% stripe noise
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Fig.15 Change detection results of ZY 3 data with 50% stripe noise
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Fig.16 Change detection results of GF2 data with 50% stripe noise
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Fig.18 F, scores of six methods on GF2 dataset
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Fig.17 F, scores of six methods on ZY 3 dataset
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Table 5 Result of ablation study 1 on ZY3 data

Table 6 Result of ablation study 1 on GF2 data

28 MSFEA CAM Precision Recall F, 28 MSFEA CAM Precision Recall F,
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S B X Vo 0.6686 07905 0.7245 S B X V07493 0.6588 0.701 1

SMA-Net NG V06765 0.8031 0.7344 SMA-Net NG V07576 0.6672 0.7095
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Table 7 Result of ablation study 2 on ZY3 data
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Table 8 Result of ablation study 2 on GF2 data

2 Precision Recall F, S Precision  Recall I,
MSFEA(JESAM) 0.6791 0.7926 0.7315 MSFEA(JGSAM)  0.7509  0.6683 0.707 2
SMA-Net 0.676 5 0.8031 0.7344 SMA-Net 0.7576  0.6672 0.709 5
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