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A Collaborative Change Detection Network Based on Feature Pyramids
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Abstract: There are more and more applications of change detection methods based on deep learning in high-resolution remote
sensing images. However, downsampling and cropping strategies deployed to fit the GPU (Graphic Processing Unit) memory con-
straints on processing large-size remote sensing images often result in incomplete semantic information and loss of fine details. In
this paper, a collaborative supervised network based on feature pyramids is proposed to enable the network to learn local and overall
features from cropped and downsampled image blocks. In addition, a feature-sharing mechanism is introduced to fuse global fea-
tures and local features. We evaluated the network on the LEVIR-CD (a remote sensing change detection dataset) and S2Looking (a
building change detection dataset) by comparing it with some representative change detection networks. The comparison experi-
ments show that the proposed network performs better in multi-scale change detection, with a 2.69% improvement in precision on
LEVIR-CD, and 6.83% and 2.68% improvement in precision and recall on the S2Looking dataset, respectively.
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Table I GLCDNet comparison experiment results
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Jrid

Pre/(%) Rec/(%) F1/(%) IoU/(%) Params.(M)

SNUNet 86.41 79.07 82.59 70.33 13.501
DSIFN 89.18 84.61 86.84 76.73 35.729
BIT 89.12 85.54 87.29 77.45 3.037
GLCDNet 91.81 85.13 88.34 79.12 15.107
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Table 2 GLCDNet comparison experiment results
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DSIFN 75.32 49.94 60.06 42.92 35.729
BIT 72.56 53.59 61.65 44.56 3.037
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Table 3  Experimental results on different network branches

RARIZE Pre/(%) Rec/(%) F1/(%) ToU/(%)

Global only 84.26 75.61 79.70 66.04

Local only 85.24 75.02 79.80 67.36
G-L 87.31 81.24 84.17 72.40
G=L 91.81 85.13 88.34 79.12
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Table 4 Experimental results on feature sharing at different

position
R Pre/(%)  Rec/(%)  F1/(%)  ToU/(%)
Share(1) 85.83 76.15 80.70 70.21
Share(1+2) 86.12 79.42 82.63 71.76
Share(1+2+3) 89.57 82.68 85.99 76.83
Share(1+2+3+4) 91.81 85.13 88.34 79.12
3 45RIE

R T R R S 1R SR E AR AR A I b,
Y R R SR A 2 A1 2 TR R RN X B K )
R, AR SCHRE T R R - SRy A TR A T 1) £ (GLCD-
Net)o 1A ffi FF 47 AiF 4 5 15 405 440 100 4R IF 45 B 3=
T, R EREZ ZRNEEE R, HEMETh
5 IR I S 2 AL 5 3 A D s 35 04 R AE A5 B 2R AT
fil A b B, I 4% R A% B A b 3 R R 2 RUE 1Y)
{Z 5., @i ] LEVIR-CD 1 S2Looking 3% Wi 4>k
RF R EG Hs 4 5 2w B AR v i 22 2k AR
AAGHI ) 268 3547 6 L 525, GLCDNet 7 3% P14
it 4 1 BB 50 o A v B R R A 2 AR R

A, GLCDNet fit B ViR 3t 0 P AL X R A 10 2%
ARG WERAF, GLCDNet J7ikfEA L
R 7 T O T A &, Wi 45 E T A A
AR R R PG TR AR 15
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