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Abstract: In order to design a moving target fast tracking system with respect to a time-limited
and stable tracking process, specially when the shape of moving objective or its environment
condition change, a new approach named SURF-KMs which combines the advantage of
SURF algorithm with a cluster analysis of K-means method is proposed. First, based on
SUREF algorithm, interest points and vectors are presented. Second, using K-means method,
we can estimate the target-center, determine target’s cluster scope and update the tracking
window online. Finally, a self-adapting updating strategy for matching template is also pro-
posed in order to track moving target automatically. Experimental results indicate that
SURF-KMs is mostly able to achieve a stable tracking while the monitored target rotating,
scale changing, and also the environment illumination glittering. Moreover, it can satisfy the
system requirements of tracking stability, higher precision and anti-jamming.
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Fig.1 Template of Gaussian second order partial derivatives. (a)x-direction; (b) y-direction; (¢) xy-direction;

(d) x-direction; (e) y-direction; (f) x y-direction.
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Fig.2 Approximating of the Gaussian second order partial derivatives template
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Simplification of convolution. (a) Gaussian second

order template; (b)integral image.
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Fig.5 Comparison of the proposed algorithm and mean shift. (a) Frame 1;(b)Frame 60; (c¢)Frame 90;
(d)Frame 18;(e)Frame 230; (f) Frame 280; (g)Frame 430; (h)Frame 68.
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Fig. 6 Experiment of car tracking. (a)Frame 880; (b)Frame 910; (¢)Frame 940; (d)Frame 1040;
(e)Frame;1090({;Frame 1 140; (g)Frame 1 170; (h)Frame 1 310.
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