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Single-Image Super-Resolution Reconstruction Aggregating Residual
Attention Network

Peng Yanfei, Zhang Manting , Zhang Pingjia, Li Jian, Gu Lirui
School of Electronic and Information Engineering, Liaoning Technical University,
Huludao 125105, Liaoning, China

Abstract A single-image super-resolution reconstruction method based on aggregated residual attention network is
proposed to solve the problems for insufficient feature information mining, high algorithm complexity, and unstable
training in the super-resolution reconstruction for a single image in existing generative countermeasure networks. First, the
aggregated residual module is used as the basic residual block to construct a generator, to reduce computational
complexity. In each residual block, an attention module with a three-dimensional weight is introduced as the main channel to
capture additional high-frequency information without other parameters. Second, the discriminator network parameters are
limited via spectral normalization to stabilize the training process. Finally, the Swish activation function with improved fitting is
used to improve the feature extraction ability of the network. The Charbonnier loss function with enhanced robustness is used as
the pixel loss, and the regularization loss is added to suppress image noise to improve spatial smoothness. The experimental results
show that the average value of the peak signal-to-noise ratio and structural similarity of images reconstructed using the proposed
method on Set5, Setld, and BSD100 public datasets increase by 1. 54 dB and 0. 0457, respectively. Therefore, the reconstructed
images have a better resolution and richer high-frequency detail than the original image.
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Fig. 1 Comparison of ResNet and ResNeXt. (a) ResNet structure; (b) ResNeXt structure; (¢) proposed residual structure
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Baseline +ResNeXt 27.83 0.7767 PR (Y 5 AR T A LAY B T AT =4
Baseline +SimAM 27.52 0.7651 N Rk K LR €
Baseline +SN 27.57 0.7763
Baseline +Charbonnier 27. 44 0. 7672 #2 AFBRALE AE BSD100 KR 1Y PSNRfi
Ours 28 50 0. 7848 Table 2 PSNR value of different module combinations on
BSD100 dataset
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Fig. 7 Experimental comparison result for image on BSD100 dataset. (a) Original image; (b) ResNeXt; (¢) ResNeXt+SE;
(d) ResNeXt+SimAM
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Table 3 Average PSNR of different SR algorithms on three test sets at 4X magnification factor unit: dB
Dataset Scale Bicubic SRCNN ESPCN SRGAN ESRGAN XLSR Ours
Set5 4 28.41 29.15 29.66 29.82 30. 47 30. 87 31. 62
Setl4 4 26.09 26.32 26.86 27.33 26.61 27.69 28.50
BSD100 4 25.95 26.32 26.45 26. 64 25.32 27.07 27.34
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Table 4 Average SSIM of different SR algorithms on three test sets at 4 X magnification factor
Dataset Scale Bicubic SRCNN ESPCN SRGAN ESRGAN XLSR Ours
Set5 4 0.8128 0. 8291 0. 8336 0.8471 0.8518 0.8738 0. 8880
Setl4 4 0.7184 0.7361 0.7301 0.7517 0.7139 0.7729 0.7848
BSD100 4 0.6712 0.6921 0.6754 0.7011 0. 6505 0.7192 0.7277
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Fig.8 Comparison of reconstruction effect of "baby" on Set5 dataset
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Fig. 9 Comparison of reconstruction effect of “foreman” on Set14 dataset
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Fig. 10 Comparison of reconstruction effect of “3096” on BSD100 dataset
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