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Abstract An improved algorithm for estimating the plane-fitting optical flow is proposed to further improve the accuracy
of event sensor optical flow estimation and solve the fitting model error of the plane-fitting algorithm. The algorithm
adopts the principle of the Prim greedy algorithm to extract effective events from the event flow and obtain the optimal
local adjacent event set, laying the foundation for subsequent optical flow estimation. In addition, the eigenvalue algorithm
is used to replace the traditional least square method, and the data ranking of the event set under the greedy algorithm is
combined to optimize the plane-fitting model and improve the accuracy of the optical flow estimation algorithm. The
experimental results show that compared with the existing estimation algorithm for event sensor optical flow based on
plane-fitting, the algorithm improves the average endpoint error and average angle error by 20% and 11%, respectively.
This study demonstrates effective improvement of the accuracy of the event sensor optical flow estimation algorithm.
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Table 1 Evaluation of optical flow estimations for different algorithms
) Ewe /% E, /() Processing time
Algorithm - - - -
chessboard Garfield disk chessboard Garfield disk per event /s
LP,, 75.29 89.51 59.87 13.37 25.68 28.03 4.37
LP, 56. 87 68.03 46.73 10. 22 19.75 21.88 0.83
LP,., 38.13 46. 26 31.22 8.12 15.61 17.32 0. 61
Proposed algorithm 30. 27 37.05 25.14 7.14 13.76 15.38 0.67
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