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Tab.2 Comparison of model parameters
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DRCN 33.3 34.8
DRRN 33.6 34.2
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Residual dual regression network for super — resolution

reconstruction of remote sensing images

SHANG Xiaomei, LI Jiatian, LYU Shaoyun, YANG Ruchun, YANG Chao
( Faculty of Land Resources Engineering, Kunming University of Science and Technology, Kunming 650000, China)

Abstract ; In order to solve the problem of poor model generalizing ability in real super — resolution reconstruction of

remote sensing images, which is easily caused by the use of artificial high — low resolution image pairs, combined
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with the residual in residual ( RIR) module of residual channel attention network ( RCAN), dual regression
network ( DRN) is improved, and residual dual regression network ( RDRN) is proposed. Ten thousand 512 x
512 pixel images from LandCover. ai and DIOR aerial image data sets were selected to form the sample data set for
training and testing the network, and the reconstruction results were compared with those of other super — resolution
network models. The experimental results show that RDRN has an excellent performance in both reconstruction
quality and model parameters. It can achieve a better super segmentation reconstruction effect with lower model
complexity and has good generalization ability for different low — resolution remote sensing images.

Keywords; remote sensing image; super — resolution reconstruction; dual regression; residual channel attention;

closed network
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