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Tab.1 Basic Information of Experiment Data

MRS WIAE/C) BRTOLA/C) BARSHER/m
fE1 7.8 118.4 0.48
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ARG 14.8 43.0 0.49
fEET 16.9 168.7 0.52
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Tab.2 Quantitative Evaluation of Different Super-Resolution Methods

. 24 A S 3 AR A A7 A S
Tk PSNR/dB SSIM PSNR/dB SSIM PSNR/dB SSIM
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SRCNN 30.960 5 0.9910 27.0470 0.981 2 24.903 9 0.9350
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MV SR-Net 34.1027 0.993 5 28.2817 0.989 0 26.794 2 0.985 3
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Fig.4 Comparison of the Super-Resolution Reconstruction Results (Factor=2)
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Fig.9 Local Amplification of Super-Resolution Reconstruction Results of the Red Box Area in Fig.8(e)
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Multi-angle Remote Sensing Images Super-Resolution Reconstruction
Using Dynamic Upsampling Filter Deep Network

CHEN Hang' LUO Bin'

1 State Key Laboratory of Information Engineering in Surveying, Mapping and Remote Sensing, Wuhan University,
Wuhan 430079, China

Abstract: Objectives: Deep learning based on super-resolution reconstruction technology has been widely
used in multi-temporal hyperspectral images, high-resolution image reconstruction. Multi-angle remote
sensing images have rich complementary information, which is suitable for super-resolution reconstruction.
Methods: An end-to-end super-resolution reconstruction method based on dynamic upsampling filter net-
work is proposed for high-resolution multi-angle remote sensing images. The network of the method in-
cludes an end-to-end two-way network, in which one branch is used dynamic upsampling filter block to im~-
prove the image resolution. Another branch network is used to learn the high-frequency information in the
image. In order to verify the effectiveness of the proposed method, 2, 3 and 4 times super-resolution recon-
struction simulation experiments and real experiments are carried out with Worldview-2 multi-angle remote
sensing images from Atlanta , America and Rio de Janeiro, Brazil, respectively. Several groups of compara-
tive experiments are carried out. Results and Conclusions: Experimental results show that the proposed
method can effectively improve the spatial resolution of the target image while taking into account the angle
dimension information of multi angle images, and effectively maintain the image details.

Key words: super-resolution reconstruction; multi-angle remote sensing images; deep learning; dynamic

upsampling filter
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