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Fast optical flow estimation algorithm for edge GPU devices

SHI Ke', NIE Suzhen', LI Dongxing', CAO Jie’, SHENG Yunlong', YAO Bin', CHEN Honglin'
(1. School of Mechanical Engineering, Shandong University of Technology, Zibo 255000, China;
2. School of Optics and Photonics, Beijing Institute of Technology, Beijing 100081, China)

Abstract: An optical flow estimation network suitable for edge GPU devices was proposed, aiming to solve
the problem that dense optical flow estimation was difficult to deploy on embedded systems due to huge
quantity of computation. Firstly, to fully exploit the GPU resources, an efficient feature extraction network was
designed to reduce memory access costs. Secondly, by adopting a flat-shaped iterative update module to
estimate the optical flow, the size of the model was further reduced, and the utilization of GPU bandwidth was
improved. Experimental results on different datasets show that the proposed model has efficient inference
capability and excellent flow estimation performance. In particular, compared with the advanced lightweight
models, the proposed model reduces the error by 12.8% with only 0.54 Mb parameters, and improves the
inference speed by 22.2%, demonstrating the satisfactory performance on embedded development boards.

Key words: optical flow estimation; embedded systems; edge GPU devices; inference speed
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Fig. 1 Structure diagram of MiniFlow optical flow estimation neural network model
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Table 1 Performance comparison on Sintel and KITTI datasets

Sintel(train)

KITTI-15(train)

Tk ZHUMb I [El/s
Clean Final Fl-epe Fl-all/%

RAFT 1.43 2.71 5.04 17.4 4.80 0.327%*

RAFT-ft (0.76) (1.22) (0.63) (1.5) 4.80 0.327*
FlowNet2 2.02 3.14 10.06 30.37 162.52 0.116
FlowNet2-ft (1.45) (2.01) (2.30) (8.61) 162.52 0.116
LiteFlowNet 2.48 4.04 10.39 28.50 5.37 0.055
LiteFlowNet-ft (1.35) (1.78) (1.62) (5.58) 5.37 0.055
SPyNet 4.12 5.57 - 1.20 0.050
SPyNet-ft 3.17) (4.32) - 1.20 0.050

RAFT-small-10 221 3.38 9.55 28.67 0.99 0.041%*
PWC-Net 2.55 3.93 10.35 33.67 8.75 0.034
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PWC-Net-ft (2.02) (2.08) (2.16) (9.80) 8.75 0.034
LiteFlowNetX 3.58 4.79 15.81 34.90 0.90 0.030
RAFT-small-4 2.89 422 11.77 34.23 0.99 0.027*
PWC-Net-small 2.83 4.08 - - 4.08 0.024
FastFlowNet 2.89 4.14 12.24 33.10 1.37 0.011
FastFlowNet_v2 2.89 4.14 12.24 33.10 1.37 0.012*
FastFlowNet-ft (2.08) (2.71) (2.13) 8.21) 1.37 0.011

MiniFlow 2.52 3.77 12.98 39.73 0.54 0.009*

MiniFlow-ft (1.46) (1.88) (1.47) (6.09) 0.54 0.009*
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Fig. 5 Visualization results of model on Sintel dataset
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Table 2 Performance comparison of RAFT-small, FastFlowNet_v2, and MiniFlow on NX

ik Sintel (train) ' P /(frame/s) SHUMb
Clean Final NX
RAFT-small-4 2.89 422 2.1 0.99
FastFlowNet v2 2.89 4.14 2.77 1.37
MiniFlow 2.52 3.77 12.57 0.54
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Fig. 6 Visualization results of models on DAVIS 1 080x1 920 pixel video
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Table 3 Performance comparison of different models on Sintel dataset

S Sintel (train) A 1] /ms SHUMb
Clean Final 1080Ti
LMAC-Net 3.10 4.18 8.7 0.54
ResNet 3.32 4.46 10 0.56
FIUM 3.10 4.18 8.7 0.54

ConvGRU 3.08 4.39 8.9 0.82
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