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Multidayer weight and lightweight improved optical flow
estimation algorithm based on PWC-Net
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Abstract: To solve the problem of insufficient real-time performance of existing optical flow estimation methods this paper
proposed a lightweight improved PSC-NET model with deep separable convolution( depth pyramid warping and cost volume

DS-PWC) . One of the improvements was decoupling the conventional two-dimensional convolutional network layer into a deep
separable convolutional layer. The other one was adding a weight coefficient based on the number of layers in the pyramid layer
by DSPWC which greatly reduced the number of model parameters in the network structure without loss of precision. In addi-
tion in the training process the paper applied data enhancement technologies such as I + ORE to further improve the generali—
zation ability of estimation and prediction results. The experimental results show that the DS-PWC model was tested in the data—
set and the operating efficiency reaches about 58 fps while maintaining the quality. To verify the effectiveness of the algorithm

this paper carried out the ablation experiments of model structure and data enhancement. The results verify the effectiveness of

the DSPWC model.
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Fig.3  Depth separable convolutional structure
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Tab.2 Performance comparison of mainstream optical flow
estimation method( Sintel final test)

/s M EPE

FlowFields 28 - 5.81
FlowNet2 0.12 638.5 6.02
SpyNet 8 0.069 1.2 8.36
PWC-Net ° 0.03 8.75 4.95
VCN 10 0.03 6.2 4.40
DS-PWC 0.017 1.98 4.47
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