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Image Super-resolution Reconstruction Network Based on Dual Regression and Attention Mechanism

YIN Jue-Ze, ZHOU Ning-Ning
(School of Computer Science, Nanjing University of Posts and Telecommunications, Nanjing 210023, China)

Abstract: The single image super-resolution (SISR) reconstruction algorithm is ill-posed in the mgpp'ing learning from
low-resolution (LR) image to high-resolution (HR) image, and the deep neural I}etwork has slow convergence and lacks
the ability to learn high-frequency information. Moreover, image feature informationstends to be lost during deep neural
network propagation. In order to address these issues, this study proposes an image super-resolution reconstruction
network based on dual regression and residual attention mechanism. Firstly, the mapping space is constrained by dual
regression. Secondly, a residual attention module (RCSAB) is constructed by combining channel and spatial attention
mechanisms, which not only accelerates the model convergence speed and effectively strengthens the learning of high-
frequency information. Finally, a dense feature fusion module is introduced to enhance the fluidity of feature information.
In addition, a comparison with the mainstream SISR algorithms is carried out on four benchmark datasets, namely, Set5,
Set14, BSD100, and Urban100, and experimental results demonstrate that the proposed method is superior to other
algorithms in terms of objective evaluation metrics and subjective visual effects.

Key words: single image super-resolution; channel attention; spatial attention; dual regression; dense feature fusion
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i, 75 x4 B o3 HR A B 0.001, .01, 0.1, 1, 10 3
FERIESER, SRR R LBTR. &
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# 3 ANESLEM PSNR A1 SSIM il LA

. Set5 Setl4 BSD100 Urban100

ik Sy PSNR (dB) SSIM PSNR (dB) SSIM PSNR (dB) SSIM PSNR (dB) SSIM
Bicubic 28.42 0.810 26.10 0.702 25.96 0.667 23.15 0.657
ESPCN 29.21 0.851 26.40 0.744 25.50 0.696 24.02 0.726
SRCNN 30.48 0.862 27.50 0.751 26.90 0.710 24.52 0.722
FSRCNN 30.72 0.866 27.61 0.755 26.98 0.715 24.62 0.728
SRGAN 29.46 0.838 26.60 0.718 25.74 0.666 24.50 0.736
EDSR < 32.48 0.898 28.81 0.787 27.72 0.742 26.64 0.803
DBPN 32.42 0.897 28.75 0.786 27.67 0.739 26.38 0.794
RCAN 32.63 0.900 28.85 0.788 27.74 0.743 26.74 0.806
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