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A Feature Pyramid Optical Flow Estimation Method Based on

Multi-scale Deformable Convolution
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Abstract To cope with the issue of edge-blurring caused by the existing deep-learning based optical flow estima-
tion methods, this paper proposes a feature pyramid optical flow estimation method based on multi-scale deforma-
tion convolution. Firstly, a feature extraction module based on multi-scale deformable convolution is constructed to
improve the accuracy of feature extraction in the regions of image edges. Secondly, by coupling the multi-scale de-
formable convolution feature extraction module with the feature pyramid based optical flow estimation network, a
feature pyramid optical flow estimation model based on multi-scale deformable convolution is presented. Thirdly, a
hybrid loss function combining the constraints of image and motion edges is designed, which addresses the issue of
edge-blurring by guiding the optical flow model to learn more accurate edge information. Finally, the MPI-Sintel
and KITTI2015 test datasets are used for conducting a comprehensive comparison between the proposed method
and some representative deep-learning based optical flow estimation methods. The experimental results indicate
that the proposed method achieves higher computational accuracy, and overcomes the issue of edge-blurring in op-
tical flow estimation.
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BOCIRBIE L, A8 T KA. &38R LA AER
MR TEA R 37 5. 1Z IR EE A Clean 1 Final
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Table 1  Optical flow calculation results of image sequences in MPI-Sintel dataset
Clean Final
XL TTE
All Matched Unmatched All Matched Unmatched

FlowNet 2.0 4.16 1.56 25.40 5.74 2.75 30.11
PWC-Net!'? 4.39 1.72 26.17 5.04 2.45 26.22
IRR-PWC_RVC™ 3.79 2.04 18.04 4.80 2.77 21.34
FDFlowNet?! 3.71 1.54 21.38 5.11 2.52 26.23
FastFlowNet/* 4.89 1.79 30.18 6.08 2.94 31.69
Semantic_ Lattice™ 3.84 1.70 21.30 4.89 2.46 24.70
OAS-Net! 3.65 1.49 21.32 5.04 2.46 25.86
VNSWIRTN 3.43 1.31 20.79 4.78 2.32 24.77
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Table 2 Comparison results of motion edge and large displacement index in MPI-Sintel dataset
Clean Final

X bE 75
do—10  dio—60 dso—140 S0—10  S10-40  Sa0+ do—10  di0—60 dgo—140  S0—10  S10-40  Si0+
FlowNet 2.0 3.09 1.32 0.92 0.64 1.90 25.42 5.14 2.79 2.10 1.24 4.03 34.51
PWC-Net!"” 4.28 1.66 0.67 0.61 2.07 28.79 4.64 2.09 1.48 0.80 2.99 31.07
IRR-PWC_RVC™ 4.05 1.70 1.04 0.68 2.11 23.23 5.06 2.55 1.66 0.81 3.20 28.45
FDFlowNet?! 3.81 1.42 0.69 0.84 2.20 21.63 4.67 2.17 1.64 1.03 3.12 30.16
FastFlowNet™! 4.25 1.64 0.91 0.81 2.36 31.24 5.20 2.56 2.04 1.07 3.41 37.44
Semantic_ Lattice™ 3.86 1.43 0.80 0.60 2.00 24.40 4.60 2.08 1.53 0.80 3.02 29.65
OAS-Net! 3.81 1.39 0.59 0.75 2.13 21.78 4.54 2.05 1.57 0.88 2.91 30.63
A7 3.15 1.15 0.59 0.64 1.78 21.33 4.13 1.87 1.59 0.85 2.60 29.51
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Fig.8 Visualization comparison of optical flow results in MPI-Sintel dataset
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Table 3  Calculation results in KITTI2015 dataset
TR Fl-bg Fl-fg Fl-all  time (s)
FlowNet 2.0!"” 10.75% 8.75% 10.41% 0.12
PWC-Net! 9.66% 9.31% 9.60% 0.07
IRR-PWC_RVC!" 7.61% 12.22% 8.38% 0.18
LiteFlowNet™! 9.66% 7.99% 9.38% 0.09
FlowNet3®" 9.82% 10.91% 10.00% 0.09
LSM_RvVC® 7.33% 13.06% 8.28% 0.25
FDFlowNet®!! 9.31% 9.71% 9.38% 0.05
ATk 7.25% 10.06% 7.72% 0.13
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Table 4 Comparison of ablation experiment results in

MPI-Sintel dataset

JHERER  All Matched Unmatched do—10 dio—60 deo—140

baseline  4.39  1.72 26.17 4.28 1.66 0.67
baseline _loss 4.03  1.63 23.76 3.17 1.25 0.97
baseline_md 4.19  1.69 24.58 3.32 1.35 0.98

full model 3.43 1.31 20.79 3.15 1.15 0.59
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Fig.10  Visual comparison of optical flow calculation
results for each ablation model, the second and

fourth rows are enlarged images of the label area
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