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Image super-resolution based on feature enhancement with ViT-CNN
GAO Zhirong',SUN Qingqing””, XIONG Chengyi”, LI Fan",ZHENG Ruihua™
(South-Central Minzu University, a. College of Computer Science; b. College of Electronic and Information Engineering ;

c. Hubei Key Lab of Intelligent Wireless Communication, Wuhan 430074, China)

Abstract The effective combination of Convolution Neural Network (CNN) which extract the local correlation features of
images and Vision Transformer (ViT) which focuses on capturing the remote dependence of images can improve the quality
of image reconstruction. A network of image super-resolution based on feature enhancement with ViT-CNN is studied.
Specifically, the network includes ViT-based SR branch and CNN-based gradient branch, which extract the global
correlation in the image feature domain and the local dependency in the image gradient domain respectively. Through the
fusion and gradual enhancement of the two kinds of information, the reconstructed image with large factor is obtained. In
addition, by introducing gradient loss and progressive training strategy, the difficulty of training is effectively reduced and
the stability of training is enhanced. A large number of experimental results on multiple public datasets demonstrate the
effectiveness of the proposed method in improving the performance of the reconstruction system.
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Fig. 1  Block diagram of the whole network structure
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Tab. 1  Comparison of PSNR(dB) and SSIM of different reconstruction algorithms at 8 scale factor

Set5 Set14 BSD100 Urban100 Mangal09

Method ~ Params
PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM
SRCNN™ 57K 25.33 0.690 23.76 0.591 24.13 0.566 21.29 0.544 22.37 0.682
VDSR"®! 667K 25.72 0.711 24.21 0.609 24.37 0.576 21.54 0.560 22.83 0.707
LapSRN'®" 131 M 26.15 0.738 24.35 0.620 24.54 0.586 21.81 0.581 23.39 0.735
EDSR'! 43 M 26.55 0.754 24.66 0.626 24.63 0.588 22.08 0.620 24.27 0.768
SPSR''"" 2398 M  26.88 0.773 24.82 0.635 24.75 0.572 22.31 0.608 24.33 0.772
SwinlR"*" 11.75M  27.01 0.772 24.94 0.638 24.79 0.587 22.49 0.615 24.58 0.707
Ours 6.12 M 27.03 0.776 24.96 0.642 24.83 0.595 22.51 0.623 24.52 0.779
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Tab. 3 Influence of the number of modules on network performance
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Fig. 3 Reconstructed results of image "bird” by different algorithms

at 8 scale factor
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Fig. 4 Reconstructed results of image ' YumeiroCooking’ by different

algorithms at 8 scale factor
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Fig. 5 Reconstructed results of image "BSD100_078" by different
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Tab. 4 Ablation experimental of STCHB structure
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Tab. 5 Ablation experimental of gradient information and
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Tab. 6 Ablation experimental of gradient loss
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Fig. 6 Reconstructed results of image 'baboon’ without and with the
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gradient information at 8 scale factor
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