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Abstract: Concerning the recovery problem of high-frequeney, information like texture details in image super-resolution
reconstruction, an image super-resolution reconstruction  method based on self-attention network was proposed. Two
reconstruction stages were used to gradually restore theimage acBuracy from-coarse-to-fine. In the first stage, firstly, a Low-
Resolution ( LR) image was taken as the input thrgligh“a Convolutional Neural Network (CNN), and a High-Resolution ( HR)
image was output with coarse precision; then, the Coarse HR image was used as the input and a finer HR image was produced.
In the second stage, the correlation of all positions between features was calculate by the self-attention module, and the global
dependencies of features were captured to enhance texture details. Experimental results on the benchmark datasets show that,
compared with the state-of-the-art deep neural networks based super-resolution algorithms, the proposed algorithm not only has
the best visual effect, but also has the Peak Signal-to-Noise Ratio (PSNR) improved averagely by 0. 1dB and 0. 15dB on Set5
and BDSD100. It indicates that the network can enhance the global representation ability of features to reconstruct high quality

images.
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Fig. 3 Structure of residual unit
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Fig. 4 Performance comparison between SASR-Net and SR-Net
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Fig. 5 Comparison of reconstruction results on Set5 by
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Fig. 6 Comparison of reconstruction results on Setl4 by different super-resolution methods (reconstruction multiple is 3)
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Fig. 7 Comparison of reconstruction results on BSDS100 by
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using different super-resolution methods

g . Set5 Setl4 BSDS100
3¢ Fk PSNR/dB SSIM PSNR/dB SSIM PSNR/dB SSIM
Bicubic!”)  33.66 0.929 30.24 0.868 29.56 0.843
SRCNN[4  36.66 0.954 32.42 0.906 31.36 0.888
VDSRI®]  37.53 0.958 33.02 0.912 31.90 0.896
2 CNF!7] 37.66 0.959 33.38 0.913 31.91 0.896
LapSRN[®)  37.52 0.959 33.08 0.913 31.80 0.895
SASR-Net  37.67 0.960 33.20 0.914 32.02 0.898
Bicubic!’”!  30.24 0.868 27.55 0.774 27.21 0.738
SRCNNM 32,75 0.909 29.28 0.821 28.82 0.786
3 VDSRI®]  33.66 0.921 29.77 0.831 28.82 0.797
CNFL7 33.74 0.922 29.90 0.831 28.82 0.798
LapSRN!®]  33.82 0.922 29.87 0.831 28.82 0.798
SASR-Net  33.90 0.924 29.81 0.835 28.91 0.800
Bicubic!!”)  28.42 0.810 26.00 0.702 25.96 0.667
SRCNN[*!  30.48 0.862 27.49 0.750 26.90 0.710
4 VDSR!®! 31.35 0.883 28.01 0.767 27.29 0.725
CNF!7] 31.55 0.885 28.15 0.768 27.32 0.725
LapSRN!®]  31.54 0.885 28.19 0.772 27.32 0.727
SASR-Net  31.58 0.888 28.05 0.773 27.37 0.729
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