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A Survey on Multi-source Person Re-identification

YE Yu"*? WANG Zheng"* LIANG Chao"*? HAN Zhen">* CHEN Jun“*® HU Rui-Min"*?

Abstract Person re-identification (Re-ID) has been a popular and well-investigated topic in computer vision com-
munity. However, current researches have a relatively ideal assumption that person images are captured under a
sufficient light condition and with high-resolution. Although most researches can achieve very exciting perform-
ances, they are not suitable for practical applications. Since practical conditions are a little complicated, and there
are multiple sources to represent persons' appearance. In this paper, we focus on the multi-source person Re-ID,
which refers to the problem of using multiple sources of data for person re-identification. Compared with general
person Re-ID methods, multi-source person Re-ID researches are more practical, yet more challenging in reality. We
need to face challenges caused by domain gap among different data sources, such as low-resolution images, infrared
images, depth images, text information and sketch images. In this paper, we start with a brief introduction of gener-
al person Re-ID. The differences between general and multi-source person Re-ID are then compared. Five types of
multi-source person Re-ID are further analyzed and summarized. From these discussions, it will become evident that
several advantages exist in multi-source person Re-ID over general person Re-ID methods, as the former can make
full use of data sources to learn cross-modality feature transformation. Finally, the future trends of multi-source per-
son Re-ID are discussed.

Key words Multi-source person re-identification (Re-ID), cross-modality, metric learning, feature model, modality
unifying
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Fig.2  Scope of multi-source data person re-identification studied in this survey
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Table 2 A summary of representational methods in multi-source data Re-ID
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Table 3 A summary of general Re-ID dataset and multi-source data Re-ID datase
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Table 4 Comparison of state-of-the-art methods on infra-red person re-identification dataset
Mt Bk Ay Rankl (%) Rankb (%) Rank10 (%)
SLD2L¥ 2015 16.86 41.22 58.06
VIPeR MVSLDL™ 2017 20.79 45.08 61.24
B DSPDLU! 2018 28.51 61.08 76.11
o .
JUDEA® 2015 22.12 59.56 80.48
CAVIAR SLD2L¥ 2015 18.40 44.80 61.20
SING!™ 2018 33.50 72.70 89
WuZg R 2017 24.43 - 75.86
SYSU-MMO1 Y5 2018 17.01 - 55.43
AR CMGAN® 2018 37.00 - 80.94
Ye2k 2018 33.47 - 58.42
RegDB
TONE™ 2018 16.87 - 34.03
WuZs 2017 39.38 72.13 -
BIWI RGBD-ID o
Hafner®! 2018 36.29 7.7 94.44
RIS R ,
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Shi &5 2015 41.60 71.90 86.20
VIPeR SSDAL® 2016 43.50 71.80 81.50
A MTL-LORAE®! 2018 42.30 42.30 81.6
SSDAL® 2016 22.60 48.70 57.80
PRID
MTL-LORAE® 2018 18 37.40 50.10
Topl Top10
CNN-LSTM! 2017 25.94 60.48
A CUHK-PEDES
GNA-RNN# 2017 19.05 53.64
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