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Hybrid visual tracking method based on similarity optimization
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Abstract: Aiming to the problem of video target tracking in complex environment, a hybrid visual
tracking method based on similarity optimization is proposed. Firstly, local cosine similarity is utilized to
measure the similarity between target and candidate template, which can effectively suppress impulse
noise caused by occlusion and light mutation, and improve the template matching accuracy. Secondly,
discrimination weights of local targets are deduced based on the quadratic programming method of
objective function, which effectively improves the discrimination ability of algorithm to target and
background. Finally, in the process of system updating, discriminant updating of template is introduced,
which effectively improves the model drift problem. The experimental results show that the proposed
method can improve the tracking robustness and accuracy in complex and challenging environments.
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Fig.5 Tracking results under the condition of light change and attitude change
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Fig.6 Tracking results under fast motion and background clutter
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F1 ALY E B (%)
Tablel Average overlap rates of different methods(%)

&k

image sequence FragT VT MIL TLD MTT KCF proposed method
Singer1 34 66 34 41 32 78 85
DavidIndoor 90 69 23 50 53 69 78
Deer 8 22 21 41 60 62 73
Carll 9 81 17 38 58 81 75

22 Iy PR R %)

Table2 Average success rates of different methods(%)

image sequence FragT IVT MIL TLD MTT KCF proposed method
Singerl 25 94 25 46 35 100 100
DavidIndoor 9 94 8 44 55 84 89
Deer 3 28 14 59 80 89 89
Carll 9 100 8 47 87 97 100
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