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Efficient Image Super—Resolution Reconstruction via Symmetric Visual
Attention Network

WU Chengxu, HU Jing
(School of Computer, Chengdu University of Information Technology, Chengdu 610225, China)

Abstract: The research focus of efficient super—resolution is to improve deep small kernel convolution to reduce model complexity and en-
hance efficiency. However, smaller receptive fields will limit the network’s ability to reconstruct details, while large kernel convolution can
provide larger receptive fields and improve image reconstruction quality, but the computational cost is too high. In order to reduce the number
of model parameters and achieve efficient super-resolution reconstruction, a symmetric visual attention network (SVAN) is proposed. Firstly,
the large kernel convolution is decomposed into three different lightweight and efficient convolutions. In the convolution combination, bottle-
neck structures are formed by using the receptive field sizes of different convolutions, and combined with attention mechanisms to form a bot-
tleneck attention module to enhance the network’s ability to focus on features; Secondly, the bottleneck attention modules are symmetrically
arranged to form symmetric large kernel attention blocks, in order to further enhance the network’s ability to extract deep features. The experi-
ment shows that the proposed model has significantly improved quantitative indicators compared to other lightweight super—resolution meth-
ods, and the reconstructed images have richer texture details with only 183K parameters. It is a competitive lightweight high—quality super—res-
olution model that provides new solutions for efficient super-resolution.
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Fig. 1 Analysis of large kernel convolution decomposition
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Fig. 2 Architecture of symmetric visual attention network
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Fig.3 Architecture of symmetric large kernel attention block
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Table 1 Quantitative results of different methods on benchmark datasets
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Fig. 4 Reconstructing images using different methods at a scale of x 4
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