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ABSTRACT

Recently, the smart video surveillance research, which has been receiving increasing attention, has mainly focused on
the intruder detection and tracking, and abandoned object detection. On the other hand, research on real-time detection of
stolen objects is relatively insufficient compared to its importance. Considering various smart surveillance video
application environments, this paper presents two different types of stolen object detection algorithms. We first propose
an algorithm that detects theft of statically and dynamically registered surveillance objects using a dual background
subtraction model. In addition, we propose another algorithm that detects theft of general surveillance objects by applying
the dual background subtraction model and Mask R-CNN-based object segmentation technology. The former algorithm can
provide economical theft detection service for pre-registered surveillance objects in low computational power environments,
and the latter algorithm can be applied to the theft detection of a wider range of general surveillance objects in
environments capable of providing sufficient computational power.
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