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Survey of person re-identification technology based on deep learning
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Abstract: As one of intelligent video surveillance technologies, person Re-identification (Re-id) has great research
significance for maintaining social order and stability, and it aims to retrieve the specific person in different camera views.
For traditional hand-crafted feature methods are difficult to address the complex camera environment problem in person Re-id
task, a large number of deep learning-based person Re-id methods were proposed, so as to promote the development of
person Re-id technology greatly. In order to deeply understand the person Re-id technology based on deep learning, a large
number of related literature were collated and analyzed. First, a comprehensive introduction was given from three aspects:
image, video and cross-modality. The image-based person Re-id technology was divided into two categories: supervised and
unsupervised, and the two categories were generalized respectively. Then, some related datasets were listed, and the
performance of some algorithms in recent years on image and video datasets were compared and analyzed. At last, the
development difficulties of person Re-id technology were summarized, and the possible future research directions of this
technology were discussed.

Key words: person Re-identification (Re-id); deep learning; feature learning; metric learning; Convolutional Neural
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Fig. 1 Schematic diagram of person re-identification task
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Fig. 2 Challenges in person re-identification task
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Fig. 5 Schematic diagram of unsupervised methods
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AT LR IR T ) R S 4 oy F AR B rh A AR L
W ke R, IF filf FH SCDA (Selective Convolutional Descriptor
Aggregation) J7 1 L ER T B OB A TR BERRAAE . 7
PIESET GAN WS SRy 2, k46 78 5 19 2 i R — i L AL
A — Bl L BUE CAIRER, SCERL 58 10 1 BlthixX — B
PR T RS G S B SO R Y U i i B A
JR 4 254 GAN Bl CRGAN (Context Rendering GAN) , SZ 3 T
FH—A VIR AT A SR A W BA BAREU T Vb3 5 Nk
P8, P b 75 V645 2 A8 RO S A DU B 285 B O A TR
AT N IDARZE) i H A B AR b 4= 5 0Re M5 B LAtnT
VI TErR% 1Y B AR A W Re-id AL 25, GANHA
TEAT N TR SRR 7 7] AT T 5 W 0 B Oy vk 22 40, i v)
DU T Bl B i ) 2 I A7 NNAR R 4

B T GAN Jrik, Skl 65 42 s T — Ak & Jm 15 B
B 03 45 BB 09 IR JE 2% 2 #E 2 TJ-AIDL (Transferable Joint

Attribute-Identity Deep Learning) , 7] LA [R] s 2% 2 42 J5y ) B0
B JRTRE B B AR AT LU B JeAR 4 0 H
Frdalr b A AT A PRI A T W s AT 55 . SCRR (66 ] [R]
FER VSR PR R Bk F 8 A7 NRRE , DU 3E 52 30T A HE U Y
T M B Bl VA 55

55 ITC W T TR A L B SR B T ik RS )
2, Bl T GAN HR B4R | Ok 8 22 1 AT S {ii ) T 52
P R TC B Ty i o FEWIRPE W B 7 s, i T RS O YA A B
RS- CULEEEISONE 25 ¢ 23 wipr I RN G 3 28 22 0P oy
B AR, (EUR B 05 15 TN B AR 2 18] ) AR A
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Fig. 6 Schematic diagram of

generative adversarial network structure
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2 AHAT AFRA

UTAESR , B BCs B E I, 2 TR0 19 A7 AR IS
MO L . FT RS AT AR5 2 BE SRR (5 b 3k
WA BRI B, JF HAE M R A R e py BB R
UL AR S5 IR AOR A BR . AL, B T AT A T
WU AR S 2 A5 B o i T IEHS 51 4 5
B B AL UL, PR O T 5 7 A 2% A BRI AR Y LA 28 1k
TXAT AEAT R 1 H ST S 4 5 R AT G SERR
WA R G AT AR 55 I F5 0K, IXRE 2 A — S 4
PLATY A P 3 2

T R T AT AR BAR A ] — 26 T Ty
TERR T ¥R, R IK 67 kSR B R AE 7T R P it (H 2 2
W T AT A 9 i R AR R AT AR R R A o
R JUAR e TR BE 2% 2] AT RO 7 70 B
SCHR[70] 48t T — Rh O TR ALY B A U5 75 RCN
(Recurrent Convolutional Network ) , HF FHf CNN M % 252 f) FL S
Wit vp i BCRRAE 98 )5 ) A BF Bl 28 9 2% (Recurrent Neural
Network , RNN )R i 5] 52 51 v 64 171 SCAR BB I 245 It
Mz rr, IR I R M A BT 35 Y AL B VR BRAT e 28 (49 7 1) AL
FoR o SCHK[70] 88— F i e) R A 0 ML A B TAM
(Temporal Attention Model ) > $2 B 32 7 W0AT o 45 78 47 A Y 1
i, Ak, 78K H RNN B2 SRM (Spatial Recurrent Model )
WASATT I &5 L SO B 35T AARIEm S h 817 A
WAL B R o SCHR [72] 42 ) T ASTPN (Attentive Spatial-
Temporal Pooling Network ) 4244 , 5| AT Aisf [] A5 o ) 2
ELERE AR LT e A b Y A i A i B AR L
Feo Z () BA A, ZEX A B0, Dt nT LA =



2484 it AL R

% 40 %

AR AT NFFAERT 55 o SCHRL73 JH2 1 [ 27 2] it
PAY P 28 IR [ 85 114 75 v, (A P R R T 58 8, O
I DX A3 AN TRl N AT 91 o A SR M A s, o e
FERUIR B T4, 80U T A FRR S R PR R 3 N R, X
AR, SCHR (74 148 (8T — o 09 5 T 0004 15 35 AL
(Self-Paced Weighting, SPW ) B {331 1l J7 vk , %07 ik 1 e
— PSR UG F) R VP A B T 81 Y e P R L AR R
SR FHASCRE 185 140 15460 T A [ 47 1) IR 90 R A7 B 2
i, TERCHTI T AR, SCER (75 18 T i e s R WL R AT 55
H A P i 22 [ L 2 T — R R B A X B B2 B 2] (Deep
Asymmetric Metric learning, DAM ) 77 , % J7 Bl ri b ad Ik
Xof R P 8 k2 > 51 2R PRBUIR A B — S XU A AR 2% v,
TR > 5 AL R A R 0 e 40, LA DR T LA
AT NTFFVR S0 P A R P s 2 1), fh T I2AS R AE 248 v (1932 B
AEARAS TG, MDGT a2 0 Tig s, Jf B2 % &
TR A, IO T AR IAL B] 207 AT AR AN S A 50
R T AR EE T A AT N PRI 55 bR A g 45 )
SCHRL76 11 UK R A ST 1 47 ACRERUM o 0 583 M B ) et
55 W B I AT AFERU R UG A Sl — A 2 52 2 45 48 (Multi-
Instance Multi-Label, MIML) 2% 2] [a] @, J&- % T — Fh s (L1 £
2 2 524 ( Cross-View Multi-Instance Multi-Label , CV-MIML,)
5wk 0T R RERE A AL R BN Y S AL S 9 R EA T N
PR 5%, I ELIE AR 20 A7 B i A B MIML H R A 287 [ AH
WAL IR 2 1] 04 5 76 DE P 52 481, B J #9922 05 T A BIR B i 22
Do 2 v, T Rl o 28] i ) TR B B AL P 2 A 4 22 S 1)~ T AL
BT TR AR U T AR L, R TR AT A
HHUNTTERA T Z A2 {5 B G2 35 B E 2 R4 ML
R, DA SRR R S DE PR AR, R 32 3060 . A
VP2 T EUR Y J7 ik vl L Je B TR 7 vk v, (H
THET U 7 v B0 AR AT N EUS 91, 380 RS it
L T ERCR . Bk, RS AT AFRR IR
TEBU T HE m R ZORT B 1 ) I, 75 225 BB A (i — 4>
SEPREE R B A T R U 7 125 R B b I A S o R M 4
ARG, e S 22 F0E

3 BESATARERA

AT B R 22808 T A0 O 12 ) Ak R A P A mT L
JEHIHLR AR Y[Rl — 2 BB L, I A5 AR BIE 554 —
A FARSER VT IC R, SR, 7R SE PR AR TR I T L AU AT L
JCARLR A (4 B SAT A 2 1 S SBT3 BRIk Ol
IR AR A IR A8 [ R, 3904 52 W) ] LS ARBILAR 2 947 A PR Y T
i, BRI R R BN R . T SR SEBR AL A
2 Z B IREEXAT NG ZRNE BE RIS, 51 T 288817 N4
P CanE 7 s ) AL 45 5 UL I T I OEAH LR 4R (19 RGB R
%/ 5 HER IR ZL4F (Infra-Red , IR) 575 VR 2 4]
B SOARHR™ R HEE . SCIRI77 JEE X 85 23 BER 1Y
17 NS VL EC [A] B4R H T SING (Super-resolution and Identity
joiNt learninG ) 75 7% , 1t ik 4% 5 A% 70 B R [R5 P 00 A R b s
K DT AR 1 5 43 39 AT N DR E Hh 945 8 A 22 S ) T, SC
fik [ 78 142 8 X6 Fb a0 48 2% (Contrastive Center Loss, CCL) /7
15 AR LR RIAEAN 52 3 BEA 22 S W RS B T, AN [) 53 B

R EG T 2E 27 NFFIE . EEXTETAMEHREE Fe] 0B 4
B S BN AT N TEIR , SCHR (79 142 H o 21 3 X6 55 25 O
PURI 45 AlignGAN , HE AT LR A5 ) F A% 2000 5% FURHE X 5%, 22
fifp 5 LS BE H BAL , 2F ) BSRESAT NRMR I A BRFIE . 3C
ik [80] 4& i — i XX 2% 22 5 9 /)N Jr ¥ D’RL (Dual-level
Discrepancy Reduction Learning) , ¥ A Rl B2 g RS 21 4 M EMS:
FVRGB 5 48 SRy Gt — B 25 LA /M2 25 S, 138 3 W/ Ve
TE2E SR ARSI b AN o X TAT ABREEEIMR , SCrk(81]
FI AR BE BRI RGB UG Z ] (1 P AEIE 2 R T — TR B 5
FRZS W 2 P R AE RN AT IS AR B, LU AT A 285 11 4
P IR AR U AT NAFIE o SR SO R AT N EHR By T
TC 1 [ R0, SRR [ 82 4t — b 35 T B 173 B 0 1) 7O o B TR 2
STHESE  IZHESRAESE — B BOG RO i 18 11 725 5 11 B A R R T
AC , VR 50 I B R 28 VIR s, 72508 — I Bt IR e 2
JIHLA A9 CNN-LSTM Z5 g L[ PR AL VE LA 2R o 25 2 7R 52 PR
THOLT , FHREEE I A B ER 0T LAARAS , SCHRL83 19 th TR
AT N UINECAL, IR R T R AT AR . T
PZRAL, SCHR TP Y T — R IR B X AE 2T e, TR 3R] 24 5
TR R AE R
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Fig. 7 Cross-modal person re-identification
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Tab. 1 Datasets of person re-identification

" . " . FHHLEL , . .

B TR (8N KAEL IDEL =0 =5 R BT 51%0 i #%
VIPeR!3 RGB % 2007 632 0 2 1264 FT
GRID'®3! RGB & 2009 250 8 0 1275 FT
CUHKO1!8¢! RGBE1% 2012 971 0 2 3884 FT
CUHKO3!10:87) RGB K4 2014 1467 10 0 14096 FT+DPM
Market-1501'%) RGB 1% 2015 1501 0 6 32668 DPM
DukeMTMC-relD"' RGB &% 2017 1812 0 8 36411 FT
MSMT17"%] RGB & 2018 4101 3 12 126441 Faster RCNN
PRID-2011% RGB 3% 2011 200 0 2 400 FT
iLIDS-VID"! RGBJ¥5 2014 300 2 0 600 FI
MARS! RGB 41 2016 1261 0 6 20715 DPM+GMMCP
LVrelD[*?) RGB ¥4 2018 3772 3 12 14943 Faster RCNN
CAVIAR! /oy HE 2011 72 2 0 610 TT
SYSU-MMO1:%4) 2140 RGB [&{% 2017 491 2 4 287628 FT
RegDB!* 214 RGB EI% 2017 412 0 2 8340 FT
BIWI RGBD-ID !/ W RGB ¥4 2014 50 — — 106 —
RobotPKURGBD-ID'”! W RGBT 2017 90 — — 180 —
SketchRe-1D#3) 1l RGB &% 2018 200 0 2 600 TT

AL TR 547 N TR B AR HR 2 5L T 50 RGB G F
TTSERRRFFE 00, IR UL B & AR % 8 SR i &2, HORURE 3R K
02 F T A AR B . B R R A R 4R T VIPeR™Y |
GRID™ | CUHKO1® S AL AW HCE D (B R B0b, B H
F TARER T IERIATN o BB TREE 2% 2] 1 R NS
PO SRR EE BRI R, FREEHRT
CUHKO3""" Market-1501"45 KM ECHR 45 , HoRH T A 3l
K2 BUF 7 A4 77 12 DPM (Deformable Part Model ) , [ T %4
PERAENMERE . 2018 4F/A A Y MSMT17- e 4 2% i 7 W i
Seik WETH A HARAS I T Faster RONNPX] B 2247 A 9647
GEARE, HEE THEE NS RER , TN L b
B, B XA T RS i R SR

BE TR AT N B RN B 4R L AR WL R AT PRID-
20115 iLIDS-VID™ MARS"", 3t S 3 440 & i A Z0 53 91
200,300 1261, A AR T35 5 514 B 43591 >4 100 i .73
Wit 58T, Hor, MARS 243 & A AT 98 AN AR 2
FIEAR AR , BRI T BN SR [ s J5 % DPM+GMMCP
(Generalized Maximum Multi Clique Problem) , {H /& 1% £ ¥t 4
SERIR AR R AP R — RS B R A
2018 4F A T IRAT MR I K B AT 46 LVrelD™?) HAL &5
T 3= NAPUA 124 SMHL, 245 3772 A H 14943440
B, HAF-35 554K B R 200 W, 33 7 25 1] RLAE K 3 A
AR B A PR B B S AT A B . LVrelD i B P BEORS
T AR 5 Faster RCNN' R 470 FEAEAG I , A B T 80 75 o
AT NI S EE

X 2 AT TAER D, RIS R SR ) B A2 4K
PEEWAIR D . CAVIAR™ & 2011 4R 42 H iy — — AN F
5 AR A T NS ) B SE BB AR , v e 35 1 RS o
PERTE 17x39~T2x 144 N5, T RS 73 HE3aq T NP0 A e
527 i fef P ) B 4 R 2 A VIPeR'™ | CUHKO03"®"' | Market-
1501 85 E0AT M BHim 4 p B ) KR AU 4 , HOMURE K/ NER 5

SXSCEAT B AEARIR] . SYSU-MMO1*J2 2017 4F & A (1 1] W,
H—LL AN T NBHRAE , A & 6 MBS B 4L
15 2NE PUANBIREIREE N TARLZLAMBRGHLA 44 K TAER A]
ACHAZHL, o] WICHEAGHL AL 24 P s F 2 4 P 4hg
e I ARER AL AMEESE RegDB™ & 412 A, Horp g
A NA 105838 AT WOCERGHLAY LA 10 5K58 [ 2T AMBEAZHL
MR . TR UGS Fom s th A s SR ML ) (1 5
B EMG, AT 3T A RSN A 2454 %55 8. . BIWT RGBD-
D" J2: i RGB-D AL RAE A o] F T4 7 N TR BIAF 58 AR 1
FGERSE AL SO VIZREE T H1F 56 MAAE P41, AT
SOMT N HBIRSEALE RGB IR A7 A5 B TR E S A
FURZEME R . RobotPKURGBD-IDP & i JT] Microsoft Kinect
SDK 5 Kinect f& 8 # — 2 4R TR BE G A5 A B 45, 05
180190 NWIMRSIFA . ZEARAE R FE i RGB 1R A7 A5
Pl R BE MG RS ZR 2540 (5 B SketchRe-TD'™/J2 2018 4F
RAT—AAT N B SE , HAE 200 M1 AT AR —
SR 1 A 52 04 Al G AN KR E SR AT ISR ALY
RGB &%, HArdEAT Z AT ARSI o2 3
A PME—— TR AT A H R s . AT AR
BIEG AR Bt TR B 2 2] F R I e, HOUR TR Ao, T &
MR HLECBOR % | B R AR R S PR Wi i R A B Y
s, HBAREN R RABEIUNUE L T, 158 R 2T HR
H #5005, R H 3552 2%, T ZE A I 2R et s e
DL, B R A R P 3 G SR Al A TR R A 5 R R VR
) FARM K REELR AR EL A A IR, SR W R SR
Be T AR Ak BR RSt 2 Fh 20, I 3 St A A ], (R
A MBS A REAR A AR FAE TR P 2R . DRt T e
XN T TR AR & e B S A i B, (2 SRl BE b
AT BRI UME TR SRR & — 2258 T4 Fhat
PR 2 st i) e & R R R I R 5t
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5 FHEMERILEK

B TSRS T vk b B B SR RS & i HLABS RS
Jr AR B AR SO 2 F RGB BUR 194 7 AU 7
RHEAT T PERE LA, A G A T S i G BT T ik LA
A TR 0 7 12 L3
5.1 ATFaEmBEGNAE

22 I AT J LA 1 — 63 RS AT RSB 5 Tk b
B, BV Bt D3R A 4R 2 Market-1501%Fl DukeMTMC-
relDY, JT fff FH 009 9 9 B2 2F 4l J5 7 /& Rank-1 Al mAP (mean
Average Precision) . Rank-1 37K i3 £ if) &l Ir DG e i 56 —
TR MR- BT ER , mAP 2R BT A 25000 B R 19 B2 1) ]
5 0 8 4 DR TE 1) F- XA B oR AN TR ECT- S {8, 38 Pi 20
T AT W B A PR RE E A, e B T RSO R T A,

F2 ERITABRANGEERLLE

Tab. 2 Performance comparison of image-based person re-identification methods

IBSE AN T HAlSCRR Y — 285 R HEA TR RE LU, A5 < IDE
(ID-disciminative Embedding)"’ . BoW (Bag-of-Words ) +KISSME
(Keep It Simple and Straightforward MEtric ) | Pyramid-Net'"” |
PPS (Part Set)™ | AANet (Attribute
Network )™ | Auto-ReID"™’ | OSNet (Omni-Scale Network )" |
DG-Net (Discriminative and Generative Network)"® | MHN
(Mixed High-order attention Network )"\ Multi-Scale "™ \UMFL
(Unified Multifaceted Feature -enabled ABD
(Attentive But Diverse)'* | SCR (Spatial and Channel partition
Representation network )" J& 15 T 504 2 TG W B A4 7 i1
RE L, Ho B T HTSCA 2R 7 80 s i 7 A Sk P i —
g7 B, AL 5 BoW (Bag-of-Words)™ . HHL (Hetero-

106

Power Attention

Learning)

Homogeneous Learning)"* | ECN (E: Exemplar-invariance. C:
Camera-invariance. N: Neighborhood-invariance )",

B %

unit: %

Market-1501 DukeMTMC-relD

SK N Sz Y >

23 ik oRIR g Rank-1 mAP Rank-1 mAP
BoW+KISSME!? ICCV2015 F TAHHE 44. 4 20.8 25.1 12.1
IDE! arXiv2016 CNN FE2E 72.5 46.0 — —
Quadruplet'® CVPR2017 BEEE S UoTd Bk 81.5 64.9 73.5 54.3
PDC] ICCV2017 B EAE , BN 84.4 63.4 — —
GLAD?! IEEE2018 TMM2018 JEFBARAE AT 89.9 73.9 — —
HA-CNN24 CVPR2018 b =waLi[Niill 91.2 75.7 80. 5 63.8
AlignedRelD26) arXiv2017 Jey SRR AE R 5 91.8 79.3 — —
PCB!> ECCV2018 EGARE S35, FE2k M 4 92.8 77. 4 81.1 66. 1
PCB+RPP>] ECCV2018 ER AL 535 93.8 81.6 83.3 69.2

— AANet(ResNet-50) IEEE TIP2019 HERITHLE, Bt 2 93.9 82.4 86. 4 71.6

e pPS!1s! 1JCAI2019 SRR , 42 5 B 94.3 85.3 88.7 78. 4
Auto-ReID'! ICCV2019 125 ) 245 B AR AR 2R 94.5 85. 1 88.5 75.1
OSNet! 1] ICCV2019 A RUZRHIE > 94.8 84.8 88.6 73.5
DG-Net!'o! CVPR2019 GAN, EiHf it i 94. 8 86.0 86.6 73. 4
MHN-6(PCB) 102! ICCV2019 TER B 95.1 85.0 89. 1 77.2
Multi-Scale %] arXiv2019 e = WALl 95.5 89.0 89.4 79.2
MGN!'5! ACMMM2018 2R BE IR AR AE 535 95.7 86.9 88.7 78.4
Pyramid-Net'!) CVPR2019 FFIEST ], 4 S P AR 95.7 88.2 89.0 79.0
UMFL-enabled ABD!%4) arXiv2019 =JCH B FEHLE R 95.7 88.7 89.5 79.3
SCR!10s) IEEE2020 JRFRAEAE 1 BT HL 95.7 89.0 91.1 81.4
BoW?! ICCV2015 T THHE 35.8 14.8 17.1 8.3
PTGAN!3 ACMMM2018 CycleGAN, XA iE 5% 38.5 — 27.4 —
PUL] ACMMM2018 L 45.5 20.5 30.0 16. 4
CAMEL™ 1CCV2017 B AT PR 54.5 26.3 — —
TJ-AIDLS) CVPR2018 EHER+H R ER 58.2 26.5 44.3 23.0
HHL!106] ECCV2018 CycleGAN, B4 4 62.2 31.4 46.9 27.2

Tt TAUDLM! ECCV2018 tracklet JEK2%: ) 63.7 41.2 61.7 43.5
BUC!H! AAAI2019 LSS 66.2 38.2 47.4 27.5
UTAL) TPAMI2019 tracklet Sk~ 69. 2 46.2 62.3 44.6
ARN! CVPR2018 2 ) BURNARRRE 70.3 39.4 60.2 33.4
CDS ICME2019 B AT NEPE 71.6 39.9 67.2 42.7
ECN!1o7) CVPR2019 CycleGAN 75. 1 43.6 63.3 40. 4
CR-GAN+TAUDL® ICCV2019 GAN, KUA&IiEH 71.7 54.0 68.9 48.6
UGA™) 1CCV2019 tracklet,, JG Wi B 1 Sk 87.2 70.3 75.0 53.3

TEA W 5, 2016 4 LR HTWE S A TR E 2 > ik
AT N BRI ik R B T — AN i 8, B 2019 4F, 78
Market-1501 £#54E A9 Rank-1 52 5 B 358 95. 7%, 2020 4E- %
) 7 1 FE DukeMTMC-relD 045 £E |- 1% Rank-1 8 2 35 3]

90% VA L, Herpige It 75 9 J LA T30k AR R R i Rk 2 > B 7
R I RS EEHUAT AR EE . SRR R R ik 2 ) 17
L TR AL R GARAE > H ) 5 k2 P AR R A 5
ROREF 710 A7 IR AR L 2e 2 5 R R
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BRI AR 2R T AR M ERE T . AT AR
EREFIEAE N 2R IR B (5 B v IER KRS R M7 A
REBRABEE , AL, 76 ARG BOAT A TR o, anfaf 3RO 4% |
T ELHIBIRE S AT R R S — A T B A I B

TE TG W B 1Y 07 ¥, GAN FE 3T 9 4 32 2 o, 4
2T LN B BR SR E sk A T G RS RS, AR E A H
FRIBARHLIRUAE G947 A H DRIV NA [R50 38 =2 [ 114 24 0
GAN B AR 2 J A5 0 W B AT N FR B AR A T KAy &
Wi BRILZ A0, 47 NS0 Fr B (tracklet) 7 WL sh 10 W
BAT AT B AR (G & R, 3 2 s i B i 19 05 1 UGA
T R R R %25 1, 7 Market-1501 1 DukeMTM C-relD 1
Rank-1 & 43 513k 5] 87. 2% F1 75. 0%, T 45 ] LI 35 —SLA45 Wy
BRIk . M TA WE AT PR AR, TC B Iy
TR ZE MR K, LS P B PRI TG B A T R B A

AR KB A 2]
5.2 ATFHmm s E

3 TR S JLARSE T AU 91 1 D7 i PR RE LU, i
5 K RATUBCH 4 S PRID-2011 1 HLIDS-VID™ , Jif it FH
YERf I PPAG 5 15 J2 Rank-1 F Rank-5. Rank-1 375 T 47 11
JF 51 JI DT TRC 14 56— B P 91 B4 1 34 M 3%, Rank-5 878 I A £
51 BT UE E B9 T B 81 A S S R R . Rrp AR 13 00
el bR T RSO S B B — L0740 ik i T H Al SCRR P Y
— L8753k 4045 : TDL( Top-push Distance Learning)"*®'  GAN+
Keypoint"®’ | QAN (Quality Aware Network)™"®" | STMP (Spatial
and Temporal Mutual Promotion)™"" | CSA (Competitive Snippet-
similarity ~Aggregation)"' | M3D (Multi-scale 3D deep
convolutional neural network)""'  GLTR (Global-Local Temporal

Representations )",

F3 WHRITABRA AR LEE Bl %
Tab. 3 Performance comparison of video-based person re-identification methods unit: %
. s . PRID-2011 iLIDS-VID

ik R iig Rank-1 Rank-5 Rank-1 Rank5
TDL08! CVPR2016 F TR 56.7 80.0 56.3 87.6
RCN!7J CVPR2016 CNN+RNN 70.0 90. 0 58.0 84.0
SIZPLI! IEEE TIP2018 |5 =] 76.6 95.6 48.7 81.1
ASTPNL7! ICCV2017 e =waLiINiill 77.0 95.0 62.0 86.0
TAM+SRM!™") CVPR2017 R JIHLE L RNN 79.0 94. 4 55.2 86.5
GAN+Keypoint!1®] A 3k 2018 GAN, B4 80.2 96.0 66.3 88. 4
Spw!] AAAI2018 TR 5 g 2 ) 83.5 96.3 69.3 89.6
DAM!™! PR2019 AEXS B 2 2] 87.0 97.0 77.3 94.0
QANL10] CVPR2017 IR, Softmax #i1 2K 90.3 98.2 68.0 86.8
STMP!1Y AAAI2019 A 7 L+ 2 A 92.7 98.8 84.3 9. 8
CSAL2] CVPR2018 AAEAS T, LSTM 93.0 99.3 85. 4 96.7
M3D!3! AAAI2019 WA TR 2% 94. 4 100. 0 74.0 94.3
GLTR!" ICCV2019 s ) [ A A 95.5 100. 0 86.0 98.0

3T UG, WRIE S W ki m s T 5 F 1T
FRE I 3k o PR I 4 AR T LA ] B A AILAT P 31) o 4 B s [
T BRI A L, I LAAS Bl a5 RE R 06 PR AV Sy 2 1 T B, 51
T = R B B AR ALIE B ik . 2019 4F H BLAY M3DRI
GLTR"™J5 9% 7E PRID-2011 A1 iLIDS-VID £ Rank-5 #J 315 5] T
100. 0% , X L5 M4 NI, AE [] Bt 4t v 1 AR AP S ME
JESEATT TR T EAE BT R s T B 2% AT & bR it
BT AR b SR TR, ER T RS (4 AR B L S R R
EE 2R O R A T R ESR . Ak,
TR T AR 51 5 28 3 — > 56 2 ) 5 B R LB B R 4
WFHEARAT A F SIS 1 — 2R 4
6 HAELHREY

T NERGUESS A $2 Dok — BRI b sk i i
FER H T e it S w e B A ERE L, ZHARE
JERS BARTTEIA BB AR LIk 3] ARG 1Pk Be  (ERAT
NEPUNBARTEAR 2 75 TR A7 7E— S8 [ B, X T R FE 1% 40
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