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Abstract: Motion blur has an extremely negative effect on video frame interpolation. In order to handle this problem, a

novel blurred video frame interpolation method was proposed. Firstly, a multi-task fusion convolutional neural network was

proposed, which consists of a deblurring module and a frame interpolation module. In the deblurring module, based on the

deep Convolutional Neural Network (CNN) with stack of ResBlocks, motion blur removal of two input frames was

implemented by extracting and learning the deep blur features. And the frame interpolation module was used to estimate

voxel flow between two consecutive frames after blur removal, then the obtained voxel flow was used to guide the trilinear

interpolation of the pixels to synthesize the intermediate frame. Secondly, a large blurred video simulation dataset was made,

and a “first separate and then combine” “from coarse to fine” training strategy was proposed, experimental results show that

this strategy promotes the effective convergence of the multi-task fusion network. Finally, compared with the simple

combination of the state-of-the-art deblurring and frame interpolation algorithms, experimental metrics show that the

intermediate frame synthesized by the proposed method has the peak-to-noise ratio increased by 1.41 dB, the structural

similarity improved by 0. 020, and the interpolation error decreased by 1. 99, at least. Visual comparison and reconstructed

sequences show that the proposed model performs good frame rate up conversion effect for blurred videos, in other words, two

blurred consecutive frames can be reconstructed end-to-end to three sharp and visually smooth frames by the model.
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Fig. 2 Debluring module framework
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Tab. 2 Parameter setting of each convolution layer in

frame interpolation network
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Fig. 4 Schematic diagram of trilinear interpolation
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