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Lightweight Image Super—Resolution Reconstruction Based on Feature
Reuse Method

LIN Zijie, GUO Heng, GE Fangyan
(School of Computer Science , Chengdu University of Information Technology , Chengdu 610225, China)

Abstract: Increasing the depth and parameter count of the image super—resolution reconstruction network model is considered the key to
achieving excellent image reconstruction performance, but it greatly increases its complexity and computational cost. Therefore, a lightweight
image super—resolution reconstruction algorithm was studied, which achieves feature reuse through multi-level skip connections, effectively
improving the utilization and propagation speed of feature information. Firstly, in order to improve the feature extraction efficiency of convolu-
tion, a fast convolutional layer combining depthwise separable convolution was designed, greatly reducing the number of convolution kernels
required for feature extraction; Secondly, the introduction of a decoupled fully connected attention module enhances the global information
perception capability of the network model with minimal parameter count; Finally, the fusion mechanism of perceived features is compared to
better preserve high—frequency information in the image, resulting in a reconstructed image with better visual effects. Experiments have shown
that with only 636 KB parameters, the proposed model outperforms most current lightweight image super-resolution models, demonstrating the
effectiveness of the research method and providing new ideas for the lightweighting of deep neural network models.
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Fig.7 Qualitative results comparison on BSD100 dataset
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Table 2 Ablation experimental result of feature reuse structure
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Table 3 Ablation experimental results
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