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A robust multi-object detection and matching algorithm
for multi-egocentric videos
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Transportation Data Analysis and Mining, Beijing Jiaotong University, Beijing 100044, China)

Abstract; In this paper, a robust multi-object detection and matching algorithm for a multi-egocentric video is pro-
posed by considering the characteristics of multi-egocentric videos, for example, sudden changes in background,
and variable target scales and viewpoints. First, a multi-target detection model based on a boosting method is con-
structed, to roughly detect any salient objects in the video frames. Then an optimization algorithm based on local
similarity is proposed for optimizing the salient-object area and improving the accuracy of salient-object detection
and localization. Finally, a SVM classifier based on HOG features is trained to realize multi-target matching in
multi-egocentric videos. Experiments using Scene Party datasets show the effectiveness of the proposed method.
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Fig.1 The framework of our method (n represents the number of camera, f,,i=1,2,:--,11 is target number)
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Fig.3 Bounding box area optimization based on local similarity
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