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A video super-resolution method based on channel attention
mechanism

CHEN Yaling’, ZHU Yonggui
(School of Data Science and Media Intelligence, Communication University of China, Beijing100024, China)

Abstract: Based on the information between video frames, a recurrent residual attention network based on
channel attention mechanism was proposed in this paper. Continuous low-resolution video frames, along with
the output frame and the hidden state from the previous moment were input into the network for feature
extraction. The residual connection and the attention mechanism were introduced in the hidden state to enhance
the network’s feature extraction ability. The high-resolution video frames were reconstructed through the
sub-pixel convolution layer. The video super-resolution network model presented in this paper was tested on
Vid4, UDM10 and SPMCS video datasets. The experimental results show that compared with other deep
learning based video super-resolution methods, the proposed method uses interframe feature information to
better recover high-frequency feature information. The PSNR and SSIM values of the recovered video images
outperform other general methods, while the subjective visual effect is better.

Keywords: video super-resolution; recurrent neural network; residual block; attention mechanism
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