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Abstract

Target tracking has been already a research direction in the field of pattern recognition and com-
puter vision. Especially, video target tracking has become a focus of study. Target tracking plays
an important role in the intelligent monitoring, traffic monitoring, traffic statistics, and so on, due
to the variability of shooting environment, the fluid of target motion state, the shading of targets
and the interference of likeness, etc. These factors make video target tracking more complicated.
Video target tracking can be defined as select single or multiple target from the video sequences
filming with cameras, and can give target location accurately and timely, and then get target mo-
tion trajectory and its motor habit. Mainly in the framework of particle filter algorithm, this paper
analyzes the factors which affect the effect of particle filter tracking, and focuses on the study of
the target feature extraction, the similarity measurement method between models, controlling the
number of particles, in order to improve the robustness, accuracy and instantaneity of the algo-
rithm. Particle filter video target tracking algorithm based on Mean Shift is proposed. The algo-
rithm uses an iterative process of Mean Shift algorithm after the particle initialization and resam-
pling to reduce the amount of calculation. The algorithm updates the target model after estimating
location of the target, in order to adapt to changes of the target. The experimental results show
that the effect of the particle filter tracking based on Mean Shift is better, and it needs shorter time.
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Figure 2. The flow chart of the algorithm of particle filter
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Figure 3. The flow chart of the tracking algorithm of particle filter
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Figure 7. Color histograms in different color spaces of Figure 5(b)
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Figure 10. The tracking results of mean-shift and particle filter

& 10. Mean shift BIRIF 8B IR ERSUR

280 xJ %
260t 1
Ea 240 1
£
220+ _
=
2200} 1
(5
180} —— Eﬁ‘xfﬁ]ﬁ.ﬂ
——RTIER
S o
160} Y
1405 100 200 3,&9 400 500
120,
115f
_‘1 101
o +
£105f /i
§100 ',"
1)
E 95 H
> i
90+ ! 1
l
‘\ l’
85t .
%
805 100 200 300 400 500
)i}
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