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Research Progress on Video-based Person Re-Identification
Li Mengjing,Ji Genlin
(School of Computer Science and Technology , Nanjing Normal University , Nanjing 210023, China)

Abstract : Video-based person re-identification is a technique for retrieving specific pedestrians from video captured by
different cameras. Compared with image-based person re-identification, video-based person re-identification has more
information , including time information and motion information between frames , which is more conducive to improving the
accuracy of pedestrian retrieval , so it has attracted widespread attention from scholars at home and abroad. This paper
discusses the process of video-based person re-identification, introduces the methods of feature extraction and distance
metric in detail ,summarizes the characteristics and applications of various feature extraction methods, and some video-
based person re-identification experimental data sets and evaluation standards are also given,what’s more,the challenges
and corresponding solutions in the field of video person re-identification are presented. Finally an outlook to the future
research problems of video person re-identification technology is given.
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Fig. 1 The process of video-based person re-identification
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Table 2 Characteristics and application of feature extraction methods
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