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Abstract: Optical flow estimation is a core task in the field of computer vision. In recent years, deep
learning based optical flow estimation methods have made significant progress. However, optical flow
algorithms are easily affected by image occlusion, overlapping objects and similar objects, leading to a
decrease in the accuracy of motion estimation. To overcome this problem, an optical flow estimation
model combining convolutional and cross transformer network was proposed. Firstly, feature extraction

and enhancement were performed on two consecutive frames of images using convolution and cross
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attention mechanisms. Secondly, combining the contextual information provided by the context feature

network encoding, the feature aggregation module was used to generate aggregated features, and the

ConvGRU module was used to iteratively update the optical flow. The optical flow feature estimation

maps were generated through the upsampling module to complete the optical flow estimation task.

Finally, a comprehensive experimental comparative analysis was conducted on the MPI Sintel and

KITTI 2015 datasets. The experimental results show that the proposed method could effectively improve

the accuracy of optical flow estimation and had good generalization ability.

Keywords: optical flow estimation; convolutional neural network; cross transformer network;

attention mechanism; convex optimization upsampling
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Tab.l1 Training parameter settings of experiment

YIlZrdE AR IR SE 2k EilRTw AN BEARIREK By RSE
FlyingChairs FlyingChairs 2¢ 8 10° [368, 496]
FlyingThings3D FlyingChairs FlyingThings3D 2" 8 12x10" [400, 720]
MPI-Sintel FlyingThings3D MPI-Sintel+Flying Things3D 1.25¢ " 6 10° [368, 768]
KITTI 2015 MPI-Sintel KITTI 2015 125¢™ 6 5x10* [288, 960]
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Tab.2 Ablation experiment results

% 3 MPI-Sintel #iB& FIE S T4

Tab.3 Quantitative evaluation on MPI-Sintel datasets

. - MPI-Sintel KITTI 2015
Sk, AL N
EPE (Clean) EPE (Final) EPE F1-all/(%)
e 2.19 3.28 8.46  26.68
» 2.32 3.56 798 2697
IR AR
2.12 3.34 7.16  26.63
- GRU 2.14 331 776 2623
TR R
ConvGRU 2.10 3.15 721 2625
- WL PEAR(E 2.16 3.28 7.82 2672
SRR ‘
2.10 3.13 720 2622
. ) AR 2.24 3.62 825 2672
e =Wl 52
AMER 2.00 3.43 723 24.87
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JRARZEWIN 415 F1 4.42, KGR EEAL, i

Y

2 Ul

MPI Sintel (Clean) MPI Sintel (Final)

2 EPE (train)  EPE (test)  EPE (train) EPE (test)
FlowNet!"” 3.57 6.08 525 7.88
FlowNet2!"" 2.02 4.16 3.14 5.74

SpyNet"” 4.12 6.64 557 8.36
PWC-Net'” 2.55 3.86 3.93 5.13
LiteFlowNet"” 2.48 4.54 4.04 538
FastFlowNet!"” 2.89 4.89 4.14 6.08
RAFT(small) ™" 2.13 3.51 3.28 450
ES @RS 2.00 343 3.12 4.42
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Fig.6 Visual comparison on MPI-Sintel (Final) test set
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Tab.4 Quantitative evaluation on KITTI 2015 datasets

i KITTI 2015
ik EPE Fl-all/(%)
FlowNet” — —
FlowNet2!" 10.06 28.20
SpyNet[1 4 — —
PWC-Net'” 1035 33.67
LiteFlowNet!” 10.39 28.50
FastFlowNet!""! 12.24 33.10
RAFT(small) "*” 7.49 2527
A7k 7.23 24.87
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Fig.7 Visualization on KITTI 2015 test set
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