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Abstract: Aiming at the shortcomings of the existing deep learning based image super-resolution
algorithms in image high-frequency detail reconstruction, a dual-channel residual network
emphasizing image high-frequency detail reconstruction is proposed. Residual structure with
channel attention mechanism is leveraged as the main channel of the network. Targeting on
retaining more delicate geometric structure and edge information of the original image during the
reconstruction, the auxiliary channel of the network is designed by an adaptive structured
convolution hence the evolved dual-channel residual network has a stronger ability to capture
high-frequency information during the learning process. To make the reconstructed image well
coincide with the subjective visual experience of human eye, L, loss function is combined with the
multi-scale structural similarity loss function to train the network, so that the network
completely retains the visual effect of the image during the training process. Experiments on the
benchmark database show that combining the auxiliary channel based on adaptive structured

convolution outside the main channel can heighten the peak signal-to-noise ratio of the
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reconstructed image by 2 dB. The simultaneous operation of L, loss function and the multi-scale

structural similarity loss function can heighten the peak signal-to-noise ratio of the reconstructed

image by 3 dB and the structural similarity by 0. 05. The objective and quantitative comparison

with the competing networks exhibits the proposed network’s outstanding effectiveness on two

public data sets.

Keywords: super-resolution reconstruction; deep learning; channel attention; residual networks;

adaptive structured convolution
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Fig. 1 Network structure
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Fig. 2 Performance comparison of different networks on natural images
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Table 1 PSNR and SSIM of different networks

2% B Setd Setl4 BSD100 Urban100
Ipsni /dB Issim Ipsnr /dB Issim Ipsnr /dB Issim Ipsnr /dB Issim

2 36. 66 0.954 2 32.45 0.906 7 31. 36 0.887 9 29.50 0. 894 6

SRCNN 3 32.75 0.909 0 29. 30 0.821 5 28.41 0.786 3 26. 24 0.798 9
4 30. 48 0.862 8 27.50 0.751 3 26. 90 0.710 1 24.52 0.722 1

2 37.53 0.959 0 33.05 0.913 0 31.90 0.896 0 30. 77 0.914 0

VDSR 3 33. 67 0.921 0 29.78 0.832 0 28. 83 0.799 0 27.14 0.829 0
4 31. 35 0.883 0 28.02 0.768 0 27.29 0.725 1 25.18 0.754 0

2 37.74 0.959 1 33.23 0.913 6 32.05 0.897 3 31. 23 0.918 8

DRRN 3 34.03 0.924 4 29.96 0.834 9 28.95 0. 800 4 27.53 0. 837 8
4 31. 68 0.888 8 28.21 0.772 1 27.38 0.728 4 25.44 0.763 8

2 37.78 0.959 7 33. 28 0.914 2 32.08 0.897 8 31.31 0.919 5

MemNet 3 34.09 0.924 8 30. 00 0.8350 28.96 0. 800 1 27.56 0. 837 6
4 31. 74 0.889 3 28. 26 0.772 3 27. 40 0.728 1 25.50 0.763 0

2 38.08 0.960 5 33.74 0.917 0 32.23 0.901 3 32.22 0.932 6

MSRN 3 34. 38 0.926 2 30. 34 0. 839 5 29. 08 0.804 1 28.08 0.855 41
4 32.07 0.890 3 28. 60 0.775 1 27.52 0.727 3 26. 07 0.789 6

2 37.76 0.959 0 33.52 0.916 6 32.09 0.897 8 31.92 0.925 6

CARN 3 34. 29 0.925 5 30. 29 0.840 7 29. 06 0.803 4 28.06 0.849 3
4 32.13 0.893 7 28. 60 0. 780 6 27.58 0.734 6 26.07 0.7837
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