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Video Super-resolution Method Based on Deep Learning Feature Warping

CHENG Song-sheng and PAN Jin-shan

School of Computer Science and Engineering, Nanjing University of Science and Technology, Nanjing 210094 , China
Abstract Video restoration aims to restore potential clear videos from a given degraded video sequence. Existing video restora-
tion methods usually focus on modeling the motion information among adjacent frames and establishing the alignment among
them. Different from these methods, this paper proposes a feature warping method based on deep learning for video super-resolu-
tion. Firstly, the proposed algorithm estimates the motion information based on deep convolutional neural networks. Then,it de-
velops a shallow deep convolutional neural network to estimate the features from input frames. Based on the estimated motion in-
formation. this paper warps the deep features to those of the central frames. Next, the proposed method fuses the deep features
effectively. Finally, this paper proposes a restoration network which is able to reconstruct clear frames. Experimental results de-
monstrate the effectiveness of the proposed algorithm. The proposed algorithm performs well on the benchmark datasets com-

pared to existing methods.
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Fig. 1 Network architecture of video super-resolution based on
deep feature warping
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Fig. 3 Architecture of feature fusion module 7
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Fig. 4 Architecture of reconstruction module %
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Table 1 Quantitative evaluations of different modules in the

proposed method
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Fig. 5 Loss function and PSNR convergence curve of different

methods
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Fig. 6 Visual comparisons of different methods on REDS4 dataset
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Table 2 Quantitative evaluations of the proposed method and existing methods on REDS4 dataset
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Fig. 7 Visual comparisons of the proposed method and existing

methods on REDS4 dataset
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