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Abstract

In this paper, we propose an efficient multi-object recognition and tracking scheme based on interest points
of objects and their feature descriptors. To do that, we first define a set of object types of interest and collect
their sample images. For sample images, we detect interest points and construct their feature descriptors using
SURF. Next, we perform a statistical analysis of the local features to select representative points among them.
Intuitively, the representative points of an object are the interest points that best characterize the object. in
addition, we make the movement vectors of the interest points based on matching between their SURF
descriptors and track the object using these vectors. Since our scheme treats all the objects independently, it
can recognize and track multiple objects simultaneously. Through the experiments, we show that our proposed
scheme can achieve reasonable performance.

Key words : Object recognition, Object tracking, Real-time, Local feature descriptor
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