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ABSTRACT Person re-identification is an important part of multi-target tracking across cameras; its aim is to identify the same person
across different cameras. Given a query image, the purpose of person re-identification is to find the best match for the query image in an
image set. Person re-identification is a key component in an intelligent security system; it is beneficial for building a smart bank or smart
factory and plays a crucial role in the construction of a smart city. Nowadays, with the development of artificial intelligence and
increasing demand for precise identification in practical scenarios, deep learning-based person re-identification technology has become a
popular research topic; this technology has achieved state-of-the-art results in comparison with conventional approaches. Although there
are many recently proposed networks with stronger representation ability and a high level of accuracy for person re-identification, there
also exist some problems that should be considered and solved. These include the insufficient generalization ability of various poses, the
inability to fully utilize the temporal information, and the ineffective identification of occluded objects. As a result, many scholars have
researched this field and have pointed out some promising solutions to cope with the aforementioned problems. This paper aims to
summarize the application of deep learning in the field of person re-identification along with its advantages and shortcomings. First, the
background of person re-identification is introduced, including the application scenarios, datasets, and evaluation indicators.
Additionally, some basic methods of person re-identification based on deep learning are summarized. According to the existing research

on person re-identification, the main approaches proposed by scholars worldwide can be summarized into four aspects, which are based
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on local features, generative adversarial networks, video data, and re-ranking. A detailed comparative study of these four methods is then

conducted. Finally, the existing problems and future studies that can be done in the field of person re-identification are analyzed and

discussed.

KEY WORDS deep learning; person re-identification; local feature; generating adversarial networks; video data; reranking
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Fig.1 An example of person re-identification application scenarios
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Table 1 Part of person re-identification public datasets

Dataset Camera ID Image Body

numbers numbers  numbers images

Market-1501%1 6 1501 32668 DPM

DukeMIMC 8 1812 36411 Hand

Faster

91

MSMT17 15 4101 126441 RCNN

CUHKO03™ 2 1467 14096 Hand
LPW! 11 2731 562438  DPM+Hand

COCAS!M 30 5266 62382 Hand

F2 WOMT NEYUIIIEEE

Table 2 Part of person re-identification video datasets

Camera 1D Sequence

Dataset numbers  numbers length Body images
PRID20117 2 200 400 Hand
a‘;tzg;g% 6 702 4832 —
iLIDS-VID ¥ 2 300 600 Hand
MARS!H 6 1261 20715  DPM+GMMCP
EgoRelD!"” 3 900 10200 Y%%%%Oé)m
LS-VID!'® 15 3772 14943 Faster R-CNN
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Table 3 State-of-the-art models and their precision for each dataset

Dataset SOTA Rank-1 accuracy mAP
St-ReID(RE, RK)™” 97.20 86.70
]\;[;‘(r)];it]‘ Viewpoint-Aware Loss?'! 96.79 95.43
DG-Net 94.80 84.00
St-ReID(RE, RK, Cam)™”! 94.50 92.70
Dukel;/]I)T[Sl}/lC- ABD-Net(ResNet-50)>" 89.00 78.95
Ie
Viewpoint-Aware Loss™!! 93.90 91.80
FD-GAN!"! 92.60 91.30
CUHK035 OSNet*! 67.80 —
DG-Net® 61.10 —
ABD-Net(ResNet-50)"> 82.30 60.80
MSMT17 OSNet! 78.70 52.90
DG-Net?! 77.20 52.30
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Fig.3 Research method framework of person re-identification methods
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WEP [R] . Varior 55 75 28 A4 45 AU 28 I 25 1) vh
[E]JZhn A T PEEC ] (Matching gate) AL, 8 i X e
G 7 45 FR b [] J2 B RRAIE, A 0 436 1 3 5 Sy 71
Y, 2T T L HI B RE ). A A AT 4R
T —Fh Z2 RUBE Az s 6 Be 2%, 5 IS 49 3R S
YE M A SR = o B R AT N BUR, ARG A
A ]URE i B 4 0 {5 8, $2 T 147 AN RIS e 4y
MPERE, R 4G T AR ITEEZDBEE BBy

Feature capture
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Table 4 Performance of person re-identification method based on local
feature

Market-1501 DukeMTMC-reID CUHKO3

Methods Year
Rank-1 mAP Rank-1 mAP Rank-1mAP

PCB+RPP™ 2018 938 81.6 833 692 63.7 57.5
SPRelD+re-ranking®*2018 94.6 909 889 849 - —
RNLSTM,™ 2019 903 764 77.0 621 86.1 83.6
mGD+ RNLSTMA®?2020 913 779 808 639  88.0 84.2

SMC-ReID*! 2020 953 93.0 — — — —
HOReID 2020 942 849 869  75.6 - —
ISp&Y 2020 953 88.6 89.6  80.0 - —

PO 5 RS O TR AT R A P )
PR T AT R Tk SRBUR AR
fIE AT DA PO 28 T fin SG i R i A AE R Hil T
el 7 1Y 23 B 7 20, FEAS RE AR D LA 0] 55 1) R,
W2 BTG T T B 3 5 B SR Y 2 3
P, BB SCBRALN 57, X AT AP AELER
Y 5 FR A AN XS FF R) R, TR AL H AT
TR T2, W AR DI
32 EFERXMmMENIT AEIRANGZE

FEAT N B PBIME 55 BB 5E b, XTI 2R 808
F A B RAT B0 B R, S X NI R R
TR R GRS OIE, SR A R g 2
J5 XS AR BEATAR 1, R AT A ID A K BT CR:
SN ] | $RECk g AR R BT AT ANE IR
— 8 R A, IR A X D, T B A
Market-1501 L=, SF-85— M1 AJGHA 17.2 5K
1%, CUHKO03 #5414 9.6 5K, DukeMTMC-relD
BP0 23.5 5k, i TRHREZ A 57 22 78
R, FERBIANZACRE SIS, BT IX SB[, 2%
IR AE BT M 4% (Generative adversarial networks,
GAN) P, e it 47 B4 46 0 97 5, AT s A7 A
PUNB AL 72 1k e

Zheng %5 PV YRR A2 O BT 45 AT N
AR 00 Lo B o R X (W S S E NN ER AR 3 € D)
DCGANP JE A7 Y1145, fan A BEAL ] £ A= BB 94T A
FUR, PR HEAT T R 78, IRl i 42 ) — R b
25 V-1 1E W 4k ( Label Smoothing Regularization for
Outliers, LSRO) iY77 1%, #EATF Wi E =~ A
O BT 0 28 A AT N R PR 45 Y B OB L 0T
AERS IS T /NIRRT, AT A U A A

P st RS, 7RI T e rY LAl -, Zhong
S5O fifi ] CycleGANY X % 48 4 #5471 2k, X AN
[ AR AL 0 BB AT, 4 il — T
NTEA RIAEAR HLXAS T 58T BIR, PR B T A7 A
Pra&As 8. RIS F X iy SCH 9 LSRO #4717
), 2 T —Fh LSR (Label smoothing regularization)
I7 5, W T AR R M R X AR AR I S ) 5
Deng %51 #4 CycleGAN 5 ZEA4: WK 45 6, $&1 T
—Fofr UG AR B 4R 22 () A% 1) O 1%, 764 RS R
Jr AR ) B bR SR L Ty #E b, B T
B EER. Wei P 4 PTGAN, 581 T 1T A
B R T A [) B 48 22 1) 09 KUAS B 88, JF e s T
MSMT17 £ 4. Li 55 $& 5 7 —Ff ReadNet H
T e RGN -7 1) 1. Zhai 25 $ H B4 50 51
BFETELHM T HIE TR . Zhang AR I IR
WEME S Hbr 5 EAG RE SC— 80, T 55 hn 1
R AT N EUR, K 5 B R 18 AR BT 75 2]
HprEk b, 8 5m 1 2 8017 N SR Rk R 1A e
77. Liu %5 2 H UnityGAN, 2% 2] N[ BERHLZ
] %) 5 AR 22 5, O A 0 T3 B 95 55 XURg 22
ST 4 AU LS, B T T AT N TR R A X T
AL S XA iz ikie 1. RSAh T ET
A BT M 48 AT N E TR 5 A M RE R I

RS T AR BFT NE IR R PERER

Table 5 Performance of person re-identification method based on GAN

Market-1501 DukeMTMC CUHKO03
Methods Year

Rank-1 mAP Rank-1 mAP Rank-1 mAP

DCGAN+LSRO®™ 2017 —  — —  — 846 874
IDE+CamStyle+RE™ 2018 89.5 71.6 783 586 — —
Pose-Transfer” 2018 87.7 689 785 569 451 42.0
PNGAN") 2018 89.4 72.6 73.6 532 798 —

PCB+UnityGAN 2020 958 93.6 893 962 — —
st-ReID+UnityGAN'*! 2020 98.5 958 951 93.6 — —

R TR A ) A 25 R, R AR K
XL 45 FEATE S TR, BN T 47 AN E IR BI4L
PAEY FER T BT I0). — 000 75 B9 i 25 ) 2% 45 71
A DAAE — o R L RN A T AT B
B, (BT TS R 0 B AT AR R 4R TR
RIPEBE Y OCHE. Liu SR T —F BT W
T, SRR A W MR AR, R ARG AR
PG AT NI R AAF B, I RGB Bl &
TTRAE, B B BAF B SR B A £ i NEl
G A g A BRI 2 CGAND® At i i 47 A &
%, ERCESE BT, RIHEE T —Fi S8
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W5 845 o T B 5 LI
GG N, 2EE IR T AR 2%, (0, ARl
X 40 I 2 7 A T R B AR AR T R EHE, TN L A
B2 W B S T AT N SR, VL B T B R N A
BT EMG R AT NFE BN D7 L RS B IR 3 T UEAE, 0

1 5l A I P £ B 8 i 2 el 7 B2 SR B 1R
B, XA G| KT HET I AY AT N E IR A BT A
3.3 ETHHMTARRMNTE

BT MR AT N E U 7 vk AR AR R o KL
Ak B T B AROCR (R th TR SR,
T HOE T LT AR B9 AT N0 5 B AR
ZACBEST. TR, Bt S AR MESR A4 T A B A LA
FBEBEAERE R, BT A P s O
ARG, AT 8 S50 RE T ROR T . A0 X
)R, 2 B TR R T TR AT N B U T Ik,
T $ B 4 ik ) BE A L, R AT R0 25 18 2 i a]
KA. FETIBBFT NFE RSB J7 ik 2 3
o3 2 BT P BRI SR I, LA 81 I P AR
WA R oy 2], 36 6 45 1 T #8233k T AL i A7
NFERHITT LR PERER B

6 LTI MAT AT IR B tERe R

Table 6 Performance of video-based person re-identification method

Rank-1 MARS DukeMTMC VideoReID!!
Methods Year
PRID20117"  iLIDS-VID®  Rank-1 mAP Rank-1 mAP
CNN-+RNN+Temporal Pooling!”” 2016 70.0 58.0 — —
Deep RCN¥4+KISSME 2016 69.0 46.1
RFA-Net™ 2016 58.2 49.3
SCAN+ResNet501" 2018 92.0 81.3 86.6  76.7
ResNet3D-50+Non-Local™ 2018 91.2 81.3 843  77.0
Spatial Attention+Temporal Attention'! 2018 93.2 80.2 823  65.8
AP3D®™ 2020 — 86.7 90.1  85.1 96.3 95.6
STCNet*! 2020 — 83.4 88.5 823 95.0 93.5
MGH"*® 2020 94.8 85.6 90.0 85.8

XT T BT RGO AR IR B B K pR R,
AT SR 2 T R B9 A7 N FE DR ) S5 iy ik U7,
BT B AT N J7 1 B B TR T IR AR
ERANEE, B wTascoh iz N ) 7 vk SR i U
2% (Recurrent neural network, RNN)%, McLaughlin
SR T —Fh LT CNN 5 RNN (947 A 3H 5
Jr i, Gl s s, 3T AR AR R4 I 4% LURE A%
YE R A, T 453 o CNN $2 BOO0 A B 4 — it (<144
() R AIE, 4% BEAS ] I 2% A RNN H1. Z )5, RNN
iAW TR B R RME M T8, a8 TR
XoF i — B ZA 5L A o BE AR, AT B AR )2,
XF A B ] 45 S AT IR A, 15 BT 4 1
fE T £ OV L SAE TR DU A K Y
AT A R g A, TR) B A A5 B — B 220 A 15 84D
fe A — &M ILE. 7R RS L, Wu ST

Xt W2 BEAT T 8, {8 GRU BT (R 3 LST™M
BB, FERUCRIEAR AN ILT, BIE T S50
Ry vk, AR TR B Ak R R
RMREG, X ROk i T T — 2 A
SR GAAAREAY L (HEF AT AR, — B
A U AT N B B R B RRAE 2 B 1
[ R, e — S5 (I 2 X &5 SR s R ). X 3K — (1]
J, Yan %50 42 4 RFA-net, 45 A W (8144 00 45718,
FRAT NAMAE B, fd ] LSTM 42 B & 1% 2 4] 4
fif, #FRITANHEEL. MAIMNEESHERFL,
PASFLFHIR SIS EE. Zhang 200 $211 T —Fh SCAN
T NEE A, I T2 800 32 1L, 7 AT
J 51 v 3 BCEL A 9 S g A O i, O e 2 a3
SRR B R D) R A R 45 SR Liao B4
3D & BN B AT T TR 00 4 3 4 A AR A 1Y
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Classfication loss ~ Contrast loss  Classfication loss

T I
Feature map Feature map
I I

Temporal pooling Temporal pooling
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| | | | | |
CNN  CNN  CNN

i

CNN
|

CNN CNN
. i 1

B 5 R S5 BRLE ikt
Fig.5 Temporal information fusion of video frames sequence!””
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granularity reference-aided attentive feature aggregation,
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(k-Nearest Neighbor, KNN) X 455 74 i H HE Jy> 25 2% 1F
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Ay Ir . Ye PRI T —Fh BT KNN (1)
HEFP R A 7k, 4 i B R 1 4 s R 1E 5 R
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1k, Zhong'® &5 F| H K # ¥1 4P H. % 15 ( k-reciprocal
encoding) A% 7 2 X 1R ) 45 SR ik 47w HE I, i %
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KU 2B, A BB B 03K 5 B 12 > oy B
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NP ARG . WangP S5 3 H —FhAe 26 A0 AL HE
o 25 0 i, BN IR 58 UE 7 2 HL L 4% 2%
(Human verification incremental learning, HVIL) , 7£
Tt i R P, N T i D HE e 25 SR v R T A D
Fie, 3145 4 Rank-1 252 AL (True match/similar/
dissimilar) , HR 3k DA b 25 SR 2EAT 02 22 3H 55 B8
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