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Abstract: Traditional optical flow method tends to cause poor quality or loss of target tracking in areas of image
feature missing, boundary and occlusien. In viéw of this problem, this paper proposes a semi-dense optical flow method to
achieve stable tracking of image features, First, pixel area with great gradient changes in the image is calculated. Secondly,
pixel velocity vector is calculated\bysspatiotemporal gradient function of time-varying image gray in order to realize pixel
area tracking. Finally, state veetor 1s used as a basis for removing tracking failure and pixel area with good tracking quality
is retained. Results show thatithe proposed algorithm can effectively improve image feature tracking ability and ensure
important information in the image and calculation rate.
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Fig.1 Algorithm flow of semi=dense optical flow method
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Fig.2 Gaussian pyramid optical flow model
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Fig.3 Experimental results of the ORB feature method
and the proposed method
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Tab.1 Feature number and image matching time

ORBY:% ORBYIL fg—HHEN
BB G /s FERE/ms

AL AL B HEX

PR B BGM/s  REEN/ms

Pl fgnf

[&3(a) 500 0.37 0.74 [&3(b)
FEI3(d)
FE3(f)
R IR vA SERS O A FEAT

RANEAFTR

14,036  2.28 0.1624

E3(c) 500 0.39 0.78 14,327  2.76 0.193

[#3(e) 500 0.37 0.74 23,261 4.084 0.175
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Fig.4 Experimental results of LK optical flow method

and the proposed method
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Tab.2 Features loss rate and time consumption

PRt LKGIk LKﬁ'IZz LK57ik LK51ik g AL
g H  ZREH TREN KEnt/s FEIT/ms
El4(a) 2,069 212 10.25 0.53 0.256
El4c) 1,781 20 1.12 0.19 0.1066
E4e) 3,476 233 6.70 0.47 0.135
PRt ASCENE ASCONLT ASCRLER ASRL B RN
kg H RBH Je%% ket /s FEmf /ms
E4(b) 14,036 12 0.085 2.28 0.1624
E4d) 14,327 233 1.63 2.76 0.193
E4(f) 23,261 1,157 4.97 4.084 0.175
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