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Event-based Continuous Optical Flow Estimation

FU Jing-Yi' YU Lei* YANG Wen' LU Xin'

Abstract Event camera encodes the brightness change of the scene and outputs asynchronous event data, with ex-
tremely low delay and few motion blur problem. Therefore, event camera can be used to solve the problem of optic-
al flow (OF) estimation in high-speed motion scenes. In this paper, based on the assumption of constant brightness
and event generation model, continuous optical flow estimation algorithm based on event camera is proposed by
utilizing the low-delay property of event stream and fusing the brightness images with motion blur, which greatly
improves the optical flow estimation accuracy in high-speed motion scenes. Experimental results show that the pro-
posed algorithm improves the average endpoint error, the average angular error and the mean square error by 11%,
45% and 8%, respectively, comparing with the existing event-based optical flow estimation algorithms. In high-speed
motion scenes, the proposed algorithm can accurately reconstruct the continuous optical flow of the high-speed mov-
ing target, thus guaranteeing the accuracy of optical flow estimation in the presence of motion blur.
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Fig.1 Comparison of traditional camera and event
camera based optical flow ((a) The samples of images
acquired by traditional camera; (b) The results using
Horn-Schunck algorithm; (¢) The event data generated
by event camera; (d) The results using the proposed
EDI-CLG algorithm)
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Table 1 Optical flow error on DAVIS240 datasets
e Bk AEE (%) AAE (°)  MSE
DVS-CM 43.65 + 27.15  21.46 + 32.86 39.94
DVS-LP 124.78 £ 92.05 19.66 + 13.71 81.03
TranslBoxes DAVIS-OF 31.20 + 3.18 17.29 £ 7.18  15.57
EDI-HS 18.65 + 2.92 5.13 +4.72 17.86
EDI-CLG 18.01 4 2.65 4.79 + 3.05  16.77
DVS-CM 54.26 + 28.30  34.39 + 25.88 40.75
DVS-LP 104.63 4+ 97.15  20.76 + 14.17 77.25
RotDisk DAVIS-OF  33.94 + 17.02 13.07 + 8.58 14.30
EDI-HS 42.93 + 20.91  14.87 + 12.83 33.10
EDI-CLG  42.44 4 20.86 13.79 4 10.52 33.02
DVS-CM 91.96 + 9.95 43.16 + 39.09 8541
DVS-LP 107.68 4+ 70.04 69.53 + 30.82 94.53
TranslSin ~ DAVIS-OF  84.78 4+ 61.22  56.75 4+ 41.53 62.61
EDI-HS 75.74 4+ 51.69  30.14 + 9.98 72.96
EDI-CLG 72.45 + 44.12  28.53 + 4.97 35.28
22 AT L
Table 2 Comparison of running time
Sk SERIREWESATINE] (s)
DVS-CM 206.85
DVS-LP 5.29
DAVIS-OF 0.52
EDI-HS 0.61
EDI-CLG 0.63
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Fig.6  Continuous optical flow error comparison ((a) The average endpoint error of EDI-CLG before improvement;

(b) The average angular error of EDI-CLG before improvement; (¢) Comparison of the average endpoint error
between the improved EDI-CLG and DAVIS-OF; (d) Comparison of the average angular error
between the improved EDI-CLG and DAVIS-OF)
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Fig.7 Comparison of continuous optical flow results
between EDI-CLG algorithm and DAVIS-OF algorithm
((a) Ground truth; (b) The DAVIS-OF method; (c) The
results of four continuous optical flow calculations within

the exposure time of a frame using the proposed
EDI-CLG method)
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