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Abstract; Most real — world image super — resolution methods usually need to estimate the degradation parame-
ters of the image. Once the degradation parameter estimation is inaccurate ,the image visual effect of network re-
construction is often suboptimal. In addition, most of the existing methods based on Generative Adversarial Net-
work ( GAN) use global discriminators. Due to the fact that natural images in real — world scenarios contain a va-
riety of complex and unknown distributions, the global discriminator can easily cause the super — resolution net-
work to only learn the coarse — grained information of the image , which in turn affects the quality of the local de-

tails of the reconstructed image. In order to solve the above problems, this paper proposes a bicubic feature modu-
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lation and multi - classification discriminator image super — resolution network. The network consists of a bicubic
feature modulation module and a multi — classification discriminator. The bicubic feature modulation module can
modulate the unknown degraded image features in real — world scenarios into bicubic features that are easier to
process for super — resolution networks. This improves the reconstruction quality of unknown degraded images. In
addition , this paper designs a multi — classification discriminator. By setting up multiple discriminators,each dis-
criminator focuses on one image distribution feature for identification,and the multiple discriminators work togeth-
er to enhance the ability to identify different distribution features of the image,so as to improve the detail perform-
ance of the reconstructed image. Experimental results show that the method proposed in this paper has significant
advantages over the existing advanced image super — resolution methods for real — world scenarios.

Keywords : image super — resolution; deep learning; feature modulation; discriminator
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Tab.2 Influence of feature modulation network and multi — classification discriminator on model performance

BIELE Dikr LPIPS | DISTS | NIQE |
Baseline 0.179 9 0.236 1 8.543 17
Baseline + FMN 0.177 2 0.206 8 9.316 8
RealSR
Baseline + FMN + GD 0.169 4 0.198 1 6.075 4
Baseline + FMN + MCD 0.161 7 0.185 6 5.636 6
Baseline 0.1838 5 0.2314 10. 988 2
Baseline + FMN 0.174 4 0.2050 10.834 3
DRealSR
Baseline + FMN + GD 0.166 1 0.204 9 7.264 3
Baseline + FMN + MCD 0.158 0 0.1859 6.864 7
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Fig. 5 Visualization results of the ablation experiment of the bicubic feature modulation

module and the multi — classification discriminator
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Tab.3 Effect of the number of multi - classifier categories on model performance
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2 0.161 7 0.1856 5.636 6
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5 0.180 6 0.207 5 5.683 6
6 0.187 4 0.210 7 5.7356
2 0.158 0 0.1859 6.864 7
3 0.158 1 0.183 3 7.090 9
DRealSR 4 0.167 9 0.194 4 7.847 4
5 0.176 2 0.203 2 7.530'5
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Fig. 6 Visualization results of the ablation experiment on the number of categories of the multi — class discriminator
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