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Feature Fusion Attention Network for Image Super-resolution

ZHOU Deng-Wen' MA Lu-Yao' TIAN Jin-Yue! SUN Xiu-Xiu'

Abstract In recent years, single-image super-resolution (SISR) reconstruction based on deep convolutional neural
networks has made significant progress, but there are still problems such as low feature utilization, large number of
network parameters and blurred texture of the reconstructed image. We propose a new SISR network based on fea-
ture fusion attention mechanism, which mainly consists of a feature fusion sub-network and a feature attention sub-
network. The feature fusion sub-network can better fuse feature information of different depths and increase the
cross-channel learning ability; the feature attention sub-network focuses on high frequency information to enhance
edges and textures. Experimental results demonstrate that the super-resolution performance of our method is signi-
ficantly better than those of other representative methods in both subjective vision quality and objective metrics.
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Fig.1  Overall structure of network model
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Fig.2 Internal structure of super-resolution subnetwork
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Fig.4  Structure of feature attention network
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Table 1  Parameter setting of each level of
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Table 2 Average PSNR (dB) and number of paramet-
ers of different super-resolution network models for
scale factor x4, on Setb and Set14 datasets
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Fig.6 Network convergence curves (“train loss” is
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the validation loss curve)
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Table 3 Average PSNR (dB)/SSIMs of various SISR methods for scale factor x2, x4, and
x8 on SetH, Set14 and BSD100
s . o Bicubic® SelfEx™! SRCNNH LapSRN!™ VDSR!" DRRN! MsLapSRN!" AT
RS RO PSRN/SSIM  PSRN/SSIM PSRN/SSIM PSRN/SSIM PSRN/SSIM PSRN/SSIM PSRN/SSIM  PSRN/SSIM
Set5 2 33.66/0.920  36.49/0.953  36.66/0.954  37.52/0.959  37.53/0.959  37.74/0.959  37.78/0.960  37.91/0.969
Set14 2 30.24/0.868 32.22/0.903 32.42/0.906 33.08/0.913 33.05/0.913 33.23/0.914 33.28/0.915 33.42/0.925
BSD100 2 29.56/0.841 31.18/0.885  31.36/0.887  31.80/0.895 31.90/0.896  32.05/0.897 32.05/0.898 32.19/0.904
Seth 4 28.42/0.810  30.31/0.861 30.48/0.862  31.54/0.885 31.35/0.883  31.68/0.888 31.74/0.889 31.85/0.908
Set14 4 26.00/0.702 27.40/0.751 27.49/0.753 28.19/0.772 28.02/0.768 28.21/0.772 28.26/0.774 28.39/0.789
BSD100 4 25.96/0.667  26.84/0.710  26.90/0.711 27.29/0.727  27.32/0.726  27.38/0.728 27.43/0.731 27.50/0.748
Seth 8 24.40/0.658  25.49/0.703 25.33/0.690  26.15/0.738  25.93/0.724  26.18/0.738 26.34/0.752 26.40/0.755
Set14 8 23.10/0.566 23.92/0.601 23.76/0.591 24.35/0.620 24.26/0.614 24.42/0.622 24.57/0.629 24.60/0.631
BSD100 8 23.67/0.548  24.19/0.568 24.13/0.566  24.54/0.586  24.49/0.583  24.59/0.587 24.65/0.591 24.72/0.602
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Fig.7 A comparison of super-resolution results of two test images in Set5 for scale factor x4
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Fig.8 A comparison of super-resolution results of two test images in Set14 for scale factor x4
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