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An Optimization Method of Optical Flow Velocimetry
for UAV Navigation

YANG Sheng-wei, ZHAO Wei, LIU Jian-ye

( College of Automation Engineering, Nanjing University of Aeronautics and Astronautics, Nanjing 211106, China)
Abstract; Considering that the velocimetry accuracy will decline when the optical flow information is
affected by foreground moving objects and noise in UAV visual navigation, we proposed an optical flow
velocimetry optimization method based on the Mean-Shift algorithm. The method uses the pyramid Lucas-
Kanade algorithm to calculate the sparse optical flow and the improved Mean-Shift algorithm for the cluste-
ring of the optical flow data, which eliminates the interference items in the data according to the consistency
of speed. Experimental results show that the proposed method can reduce the effects of foreground moving
objects and noise on optical flow velocimetry in UAV visual navigation, and improve the precision of UAV
velocity measurement.
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Fig.3 Optical flow data clustering graph
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Table 1 Indoor experiment velocity statistics (m-s~!)

HEBIE bR
s LK i E 0.18 0.21
B LK R E 0.01 0.01
RATSER R LK SBREE 0.29 0.26
AT LKOBRARL RN 0.15 0.06




E14

HEGS: ATEAVLSAEERME Ty % 11

HPE f(ms™)

g0
O
B o
0 20 40 60 80 100 120 140
T
b KITRE

5 FNEBRE TOCRBEEER Lhs
Fig.5 Velocity contrast of optical flow algorithms
in indoor experiments
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Fig.6 Noise effects eliminating experiment
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