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Research on Image Super Resolution Based on Refinement Aggregation of

Multi Frequency Features
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Abstract: Given its good performance in extracting global context as well as its significant performance in single
image super-resolution (SISR), the Transformer based method focuses more on capturing low-frequency information
thus neglecting the extraction of high-frequency features, due to the fact that the main function of Transformer is for
global feature capturing. In view of a solution of this issue, a multi-frequency feature aggregation network (MFAN) has
thus been proposed with the advantages of convolution and transformer structures integrated together. This network
consists of three important modules: the coupled self-attention transformer (CSAT) for extracting global context,
the high-frequency enhancement module (HFEM) for extracting and enhancing high-frequency information, and the
refinement fusion module (RFM) for refining global features. It is found that, compared with other SR methods, the
proposed multi-frequency feature aggregation network is characterized with a significant improvement of the visual
resolution and image quality based on experimental results.
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Fig. 2 Adaptive coupling attention module
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Table 1 Quantitative comparison results of state-of-the art SR algorithm on five benchmark datasets

method scale Set5 Set14 BSD100 Urban100 Mangal09
PSNR/AB SSIM PSNR/AB SSIM PSNR/dB SSIM PSNR/AB SSIM  PSNR/dB  SSIM
SRCNN x2 36.66 0.9542 32.45 0.906 7 31.36 0.8879 29.50 0.894 6 35.60 0.966 3
VDSR X2 37.53 0.958 7 33.03 09124 31.90 0.896 0 30.76 0.914 0 37.22 0.9750
MemNet X2 37.78 0.959 7 33.28 0.914 2 32.08 0.897 8 31.31 09195 37.72 0.974 0
EDSR-baseline X2 38.11 0.960 1 33.52 09195 32.22 0.900 3 32.23 0.9252 38.03 0.979 5
SRMDNF x2 37.79 0.960 0 33.32 09150 32.05 0.898 1 31.33 0.9201 38.05 09752
IDN x2 37.83 0.960 0 33.30 0.914 8 32.08 0.898 5 31.27 09196 38.01 0.9749
CARN x2 37.76 0.959 0 33.52 0.916 6 32.09 0.897 8 31.92 0.9256 38.12 0.975 6
IMDN X2 38.00 0.960 5 33.63 09177 32.19 0.899 6 32.17 0.9283 38.88 0.977 4
PAN X2 38.00 0.960 5 33.59 0918 1 32.18 0.899 7 32.01 0.9273 38.70 0.9773
ESRT X2 38.03 0.960 0 33.75 0918 4 32.25 0.900 1 32.58 0.9318 39.12 0.977 4
BSRN x2 38.10 0.961 0 33.74 09193 32.24 0.900 6 32.34 0.9303 38.88 0.9773
MFAN(ours) x2 38.11 0.961 2 33.78 0.920 2 32.28 0.901 1 32.62 0.9321 39.16 0.978 2
SRCNN x3 32.75 0.909 0 29.30 0.8215 28.41 0.786 3 26.24 0.798 9 30.48 09117
VDSR x3 33.66 09213 29.77 0.8314 28.82 0.797 6 27.14 0.8279 32.01 0.934 0
MemNet x3 34.09 0.924 8 30.00 0.8350 28.96 0.800 1 27.56 0.8376 32.51 0.936 9
EDSR-baseline x3 34.37 0.9270 30.28 0.8417 29.09 0.805 2 28.15 0.8527 33.45 0.943 9
SRMDNF x3 34.12 0.925 4 30.04 0.838 2 28.97 0.802 5 27.57 0.839 8 33.00 0.940 3
IDN x3 34.11 0.9253 29.99 0.8354 28.95 0.8013 27.42 0.8359 32.71 0.938 1
CARN x3 34.29 0.9255 30.29 0.840 7 29.06 0.903 4 28.06 0.849 3 33.50 0.9392
IMDN x3 34.36 0.9270 30.32 0.8417 29.09 0.804 6 28.17 0.8519 33.61 0.944 5
PAN x3 34.40 0.927 1 30.36 0.8423 29.11 0.805 0 28.11 0.851'1 33.61 0.944 8
ESRT x3 34.42 0.926 8 30.43 0.843 3 29.15 0.806 3 28.46 0.8574 33.95 0.945 5
BSRN x3 34.46 0.9277 30.47 0.844 9 29.18 0.806 8 28.39 0.856 7 34.05 0.947 1
MFAN(ours) x 3 34.52 0.928 1 30.49 0.845 1 29.19 0.807 3 28.46 0.857 6 34.07 0.948 1
SRCNN x4 30.48 0.862 6 27.50 0.7513 26.90 0.710 1 24.52 0.722'1 27.58 0.8555
VDSR x4 31.35 0.883 8 28.01 0.767 4 27.29 0.725 1 25.18 0.752 4 28.83 0.8870
MemNet x 4 31.74 0.8893 28.26 0.7723 27.40 0.728 1 25.50 0.763 0 29.42 0.894 2
EDSR-baseline x4 32.09 0.893 8 28.58 0.7813 27.57 0.7357 26.04 0.784 9 30.35 0.906 7
SRMDNF x4 31.96 0.892 5 28.35 0.778 7 27.49 0.733 7 25.68 0.773 1 30.09 0.902 4
IDN x4 31.82 0.890 3 28.25 0.773 0 27.41 0.729 7 25.41 0.763 2 29.41 0.894 2
CARN x4 32.13 0.893 7 28.60 0.780 6 27.58 0.734 9 26.07 0.783 7 30.47 0.907 9
IMDN x4 32.21 0.894 8 28.58 0.781 1 27.56 0.7353 26.04 0.783 8 30.45 0.907 5
PAN x4 32.13 0.894 8 28.61 0.782 2 27.59 0.736 3 26.11 0.785 4 30.51 0.909 5
ESRT x4 32.19 0.894 7 28.69 0.783 3 27.69 0.7379 26.39 0.796 2 30.75 09100
BSRN x4 32.35 0.896 6 28.73 0.784 7 27.65 0.738 7 26.27 0.790 8 30.84 09123
MFAN(ours) x 4 32.42 0.900 1 28.82 0.786 3 27.73 0.741 2 26.46 0.796 1 30.91 0.914 2
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