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Abstract

Though conventional video surveillance systems such as CCTV depended on operators, recently developed intelligent
surveillance systems no longer needed operators. However, these new intelligent surveillance systems have their own
problems such as Occlusion, changing scale of target object, and affine. This paper handled information damage caused by
changing the scale of the target object among other objects. Due to the change of the scale, the inaccurate information of
target can be obtained when we update the background information. To handle this problem, we introduce a solution for
information damage caused by problem of changing scale of target object located among other objects. Specifically, we
suggest multi-stage sampling particle filter based advanced MSER for object tracking system. Through this method, the
problem caused by changing scale of target can be avoided.
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