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A survey of person Re-ID based on deep learning

HUANG Ye-wen, XU Zhi-cong, SHAN Chun”
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Abstract: Person re-identification ( Re-ID) refers to retrieving a specific person from a large number
of pedestrian images collected by different cameras, which is an important sub-topic in the field of
computer vision after face recognition. In recent years, great achievements have been made in apply-
ing deep learning to person re-identification. In order to let readers know more about the research pro-
gress of pedestrian re-identification at home and abroad, this paper introduces the relevant literature at
home and abroad in recent years and makes analysis and summary. Firstly, person re-identification is
introduced, and then the basic methods of person re-identification based on deep learning are summa-
rized into three directions: supervised learning, weakly supervised learning, and cross-modal learn-
ing, and their status quo is discussed. Common performance indicators are listed, as well as common-
ly used datasets and the current best performance on these datasets. After that, the existing problems
of person re-identification are expounded, and finally, the future research direction has prospected.
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Fig. 1  Principle of the person re-identification model
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Fig.2  Comparison of three loss functions
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Table 1  Datasets of common image types for person re-identification
K pICITES KT [H] N HABLEL Bl R (IRE VN
E3EEA CUHKO03 2014 1 467 10 13 164 FT +DPM
Market-1501 2015 1501 6 32217 FT +DPM
DukeMTMC-ReID 2017 1812 8 36 441 FT
MSMT17 2018 4101 15 126 441 Faster RCNN
=2 TAERNERRGRBBIES
Table 2 Datasets of common video types for person re-identification
RH GAGITES R [H] N HIBLE BT 51 GA R ) b Jr
AL PRID-2011 2011 200 2 400(40K) FIT
iLIDS-VID 2014 300 2 600 (44K) FIT
MARS 2016 1261 6 20 715(1M) DPM + GMMCP
DukeMTMC-VideoRelD 2018 1812 8 4832(-) FL
R A LA RDTHR A R4 - Market-1501 %tfia g2 2015 4F % Aii (), 1 6 1%
(1) CUHK03 SRR T NEEARN R R 4 . B 19 732 5K

CUHKO3 Kila e m o, ﬂﬂl@ 4 FR .

K4  CUHKO3 %R ]
Fig.4 Example of CUHKO3 dataset
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(2) Market-1501
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e
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Fig.5 Example of Market-1501 dataset
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Fig.6 Example of DukeMTMC-RelD dataset
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Fig.7 Example of MSMT17 dataset
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Table 3  State-of-the-art methods and accuracy data for each

dataset

Rank-1

accuracy
SCSN®J (2020) 84.0  86.8
HLGAT™ (2021) 80.6 83.5
RGA-SC!®*(2020)  77.4  81.1
HLGAT™ (2021) 9.3 97.5
SGR'!(2021) 89.3  96.1
B-VNet'®’ (2021) 89.2  96.0
HLGAT™ (2021) 87.3  92.7

Ktk SOTA mAP

CUHKO3

Market-1501

DukeMTMC-RelID

SGR'*! (2021) 81.3  91.1
B-VNet'®’ (2021) 80.6  90.5
MSMT17 SCSN'®T (2020) 58.5  83.8
RGA-SCI*(2020)  57.5  80.3
CDNet!™ (2021) 54.7  78.9
iLIDS-VID CTL™ (2021) - 89.7
BiCnet-TKS[™! (2021) 75.1  84.6
STMN'! (2021) 66.6  80.6
MARS CTL™ (2021) 86.7 91.4
BiCnet-TKS™™! (2021) 86.0  90.2
STMN ™7 (2021) 84.5  90.5
DukeMTMC-VideoReID  BiCnet-TKS'™'(2021) 96.1  96.3
STMN'! (2021) 95.9  97.0
PSTA™ (2021) 97.4  98.3
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