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Video interpolation based on deep learing
ZHANG Qian, JIANG Feng
( School of Computer Science and Technology, Harbin Institute of Technology, Harbin 150001, China)

[ Abstract] The video frame rate conversion technique is a technique for reconstructing an intermediate frame by using correlation
information between adjacent two frames in the video and applying interpolation. Since the technology can remove redundant
information in encoding and reduce the frame rate during video transmission, and reduce the amount of data transmitted by the video
network, it can be applied to video compression or enhance video continuity.In this paper, the optical flow estimation and the deep
learning in the traditional method are combined, and an end —to-end convolutional neural network model is proposed, which
combines motion estimation and occlusion processing. First, the improved GridNet network model is used to calculate the
bidirectional optical flow between the input images, and two warped images are obtained based on warp operation of the estimated
bidirectional optical flow information and the input image. After that to solve the occlusion problem,the paper uses another GridNet
network. The model re—estimates the bidirectional optical flow information of the image and predicts the visibility of the pixels of the
interpolated frame, and linearly fuses the estimated information with the original image to form an intermediate frame.Finally, a
variety of loss functions are also tried, and the loss function is determined that weighted various loss functions such as L1 loss,
perceptual loss, wrap loss, and smoothness loss. The experimental results show that the video frame interpolation network structure
proposed in this paper can effectively improve the quality of optical flow estimation and improve the occlusion problem, and can
generate intermediate frames with vividness and naturality and better quality.

[ Key words] frame interpolation; deep learning; optical flow estimation
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Tab. 1 The results of the UCF101 dataset

) UCF-101

Jitk

PSNR SSIM

DVF 32.46 0.930

FlowNet2 32.30 0.930

SepConv 33.02 0.935

Ours—2401fps 32.84 0.935

The proposed 32.91 0.938
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Fig. 5 The result of the UCF101 dataset
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Tab. 2 The results of slowflow dataset

Tk PSNR SSIM
Phase—Based 31.05 0.858
FlowNet2 33.30 0.930
SepConv 31.79 0.895
The proposed 33.91 0.928
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Tab. 3 The results of the high-frame-rate Sintel dataset

ik PSNR SSIM
Phase—Based 28.75 0.840
FlowNet2 30.30 0.923
SepCony 31.79 0.907
The proposed 32.27 0.927
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