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Research Progress, Challenge and Prospect of Local Features for Person Re-Identification

YAO Zu' GONG Xun' CHEN Rui' LU Qi' LUO Bin'

Abstract Person re-identification (Re-ID) aims to achieve pedestrian retrieval and tracking in cross-region and
cross-scene video. Its achievements have broad application prospects in intelligent monitoring, criminal investiga-
tion, counter-terrorism and riot control. Due to pedestrian images in real scenes having problems such as large illu-
mination differences, different shooting angles, and object occlusion, the global feature is susceptible to interference
from irrelevant factors, resulting in low recognition accuracy. The local feature-based method strengthens the mod-
el’s learning of key areas of the human body and reduces the interference of irrelevant factors by mining key in-
formation such as pedestrian posture, human body parts, and perspective features. Because the local feature meth-
od overcomes the defect of the global feature, it has become a research focus in recent years. In this paper, we
combed the literature of Re-ID based on local features in recent years, and briefly described the development pro-
cess of Re-ID. The methods based on local features can be classified into four categories: postural extraction, fea-
ture spatial partition, viewpoint information and attention mechanism. This paper first elaborates on the principles,
advantages and disadvantages of each category. Then we summarize some typical methods in detail and compare
their performance on three mainstream Re-ID data sets. Finally, this paper summarizes the difficulties of the meth-
od based on local features, and looks forward to the future research trend and development direction of this field.
Key words Person re-identification (Re-ID), local feature, deep learning, computer vision

Citation Yao Zu, Gong Xun, Chen Rui, Lu Qi, Luo Bin. Research progress, challenge and prospect of local fea-
tures for person re-identification. Acta Automatica Sinica, 2021, 47(12): 2742-2760

17 NE R (Person re-identification, Re-1D),

ok F ) 2019-12-03 S H YT 2020-04-27

Manuscript received December 3, 2019; accepted April 27, 2020

HEZ BRI 4> (61876158), MU)I14 T AHTKIH (2019YFS0432)
B

Supported by National Natural Science Foundation of China
(61876158) and Sichuan Science and Technology Program
(2019YFS0432)

AT ZE XL

Recommended by Associate Editor LIU Qing-Shan

L PER BRSNS N TR A2 0T B 611756

1. School of Computing and Artificial Intelligence, Southwest
Jiaotong University, Chengdu 611756

WARAT N, B RN FEHEARE R A
FEAN TR A AN TR 335 Sk 1l R BB SR IBGE SR, M
1 SIS 4% R v s AU P AT AR R Bk
BRER. AT NE R BOR TR TN TR R MR A,
SRAN T H AT E SRS L R R 1, R BRI
SEHUHMEATN AT HATIAT N BRI HET =
(RIS BR S, e rb BAT AR R K4 B e & B g 1
S [R EN TN N CR/A S S 7D TR B NN~ W R A
TN B RENLA NS, FIF, A7 NIRRT



12 WAL A T 1 AT AR R SR U L PR S R 2743

5 NKR A 2R 0 18 S0 A Ja 1 R ) 55 oA
SURIHAR G, BT B ARAT A 55 b R
H R 517 MR G5

A7 N NE S B S o I 1 22 e e, 322
RIMAEL R B IREET NBIEL R, JOBA
s TGS 22 7 WD P S IR BT K 3 T M .
X 22 M5 B BN AR 1) B R R R R R RO I
AMe, b ggm AT NSRBI PERE I B RIR 3R 247 N
AR SRS, B 1 AR e 4% AR BT B
Hil7 5 N AT NEUE, 7RO 3 i T A [ A A
SRR R, $8 kA REIRB E B AT A
K%, 1X{Hf3F PAN (Pedestrian alignment net-
work)!" Transfer”, SOMAne (Somatotype net-
work) " SEHEME AT B A SR RFIE TR R AL

L/LESUSE]

(a) ARHT A HOPT AR 5

(a) The occlusion of different pedestrians

AL

{f . .
(b) =47 NAEA ML T 257
(b) Differences of the same pedestrian in
different view points

I N RV WSS 2375 N F NS E
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Table 2 Summary of pose estimation based methods (rank-1 refers to the result of original paper on Market-1501)
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Table 3 Summary of feature spatial partition based methods (rank-1 refers to the result of original paper on Market-1501)
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Fig.8 The comparison of pedestrian feature representa-

tion captured by different cameras
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Table 4 Summary of viewpoint based methods
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Fig.11 Illustration of channel attention mechanism
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Table 5 Summary of attention based methods (rank-1 refers to the result of original paper on Market-1501)
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T2 RFHER ITE LGB #2107, K 6~8
TR AL G T 70k He TR FE 2% I I & R SRR AR 7 12
5 REEHE TN T 6 A, gt TARE VAT
EAEAR R, A SEEe A5 R 38 H R
WA

M 6 ~8 HR LA th AT UE £ =A TR
b, Market-1501 #d4E LR & R i,
— e R m L T 95%, T CUHKO3 /2 H i
R PR PE B B, TR TR B R S B
S0 45 SRR X A, T3 TR B A ST B ) AR
MR TAE G T TIOR3 7 OKIE B R T, IR R
JEE 2 )T IRAE R U N A A iz AL Re Jy. AE
Toli & 2% 21 J5E /£ CVPR2018 BARTAT A EE iR
S E AR R I B ) )7 A UMDL (Un-
supervised cross-dataset transfer learning)™, T

AN 2z 2] i L SPGAN (Similarity pre-

# 6 DukeMTMC-RelD (45 4E % Fi
TR L R (%)
Table 6  Experimental results of various methods on
DukeMTMC-ReID dataset (%)
ik Eyit) rank-1  mAP
XQDA + LOMO!" (2015) FTHHE 307 170
UMDL™ (2016) T + FIEME 300 16.4
SPGAN™ (2018) LB + GAN 46.9 26.4
PANM (2017) 2 JRRHE 715 51.5
Pose-transfer™ (2018) BHIREL 78.5 56.9
MGN (2018) AL 23 ) 4321 88.7 784
Pyramidal® (2019) A3 1) 4 ) 89.0  79.0
PSE® (2018) WA B 79.8 62.0
HA-CNN®! (2018) RSB 80.5 63.8
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# 7 Market-1501 Hi#i 5 E&MINERIRT LA R (%)
Table 7 Experimental results of various methods on

Market-1501 dataset (%)

#* 8 CUHKO3 H#E&E L &Mk xt th s & (%)
Table 8 Experimental results of various methods on

CUHK dataset (%)

7 R rank-1  mAP
XQDA + LOMO™ (2015) FLHHE 43.8 22.2
UMDL™ (2016) B + FLEFE 345 12.4
SPGAN™ (2018) LB + GAN 58.1 26.9
SOMAne? (2017) 4 JRFAE 73.9 47.9
Spindle® (2017) BIRPRI 76.9 —
Pose-transfer® (2018) BRI 87.6 68.9
PCB!'" (2018) IRFAE 2% 1) 4331 923 774
MGN¥ (2018) REAE 2 ) 5331 95.7 86.9
Pyramidal® (2019) IRFAE 2% 1) 4331 95.7  88.2
PSE™ (2018) MsmfE R 877 69.0
HA-CNN®! (2018) RN 91.2 75.7
ABD-Net™ (2019) R IHL 95.6 88.2

serving generative adversarial network)™ SNt
(R BE 27 2] T W B 7 VE RO T F LARAE ) UM-
DL K B 2 52 &, A BT A8 F 3 22 (0 A
AR, 5HAA BB IEA A A BRI 5=
[H]. 55T 2 /EHER 75, = AN E R LR s
5 45 AT R W T R SRR AR ) 77 5 A SR T 1R
AERE.

F 9 R T Y RERRE AR ) b

J7i%: vt rank-1 mAP

XQDA + LOMO™ (2015) F LT 12.8 11.5
PANY (2019) 42 JRRHAT 36.3 34.0
Pose-transfer®™ (2018) RIAPEEL 41.6 38.7
PCB!' (2018) REE % 11 43 1] 61.3 54.2
MGNH (2018) R E 2R ) 43 1 66.8 66.0
HA-CNN® (2018) AR I 41.7 38.6

M2, o lmfE B S R SR A AL 5
SRR A HER AR SUE S, BT RS TR
P4 547 N R Bd SR BOK IS 22, A T
RZACRETIA R, W RS AT Ry B . T AL S
(1) 73 5 T3 AN R 0 R YA o T B R SOy
fiE, £ =A> Lo e EAA BRI R

® 10 Bon TR Z MR R IER S K BLE T
1EAE DukeMTMC-relD 50445 F Ry SEI0 45 3.
PGFA (Pose guided feature alignment)®" £
PCB [ E:All E3Gm 1 — AN LB TH 9 3¢, I KRB
RURFAETH BRI X 3K, )55 PCB 7 ST 2 B
REAEIR A T . 18 SCAE B SRS 2R R =) 4
FIEOL T HEAT 1R SEIG, IS4 R R Y] PGFA 1£
W5 T HF IR WA BORHIIRTE. P2 -Net

RO BRFERHLIT %L

Table 9  Comparison of various local feature methods
TREFA XRICHR RPAIE S S SR RE R LB R R
FERFAE 2 > I FE P Rl S VR A SR B AR AIE, DA OISR ST AR B A SR AT AR IORG JEE + RRAE R 5 T R0
BT [5, 29-30 AL RRAAE, BRI AT R B AR Rt 55 8 AR, RS M THEE R 517 AT U B 4 B A BOR R

24 i .

X RUR B AEREAT S 53 7030, A A — B AR A el

IR (15, 477521 g ey e v ooty e 5

i LRI R . ROR LA AR B AN R LA B 1
AR HEAT 7 S AR e AR 57 BB AL M, A ML £ 2

WA B [54-60]
TREAIE (4 T

5 2 A B S A R 2 R DO, AR SR AR R 4R
R R R 52 8 DX PRS- P 8 A 7 B e X 3k

RS [61-68]
HIALE.

22, WML TR R AEAT N FARAAE 55 (078 S0 12K
RAE.

BB SORTRRE, FHAE 2 B X IR ARE 1, Y 3R s
AL 35 LRI SR, R T 6 v D
AR B EERE, H HTBCA T 1T X LA REAIE G 7F 7T 40
S HAMSSHAR IR B>, LA A THBAL R e A R EE T

TE R P RNE R 2 ek, MR TR R4 & 228
TERE IR fE 8 SRAS S 4 4 PERFAE.

# 10 DukeMTMC-relD L fli& 2 2K RS HRFE T VA LI 45 R (%)

Table 10 ~ Experimental results of the multiple-local feature fusion methods on DukeMTMC-relD (%)
o e rank-1 mAP
i SRR L B i e P
pPCBY ECCV 2018 REAE 2 1E) 231 81.9 42.6 65.3 33.7
PGFA® ICCV 2019 HREAE 2 ) 73 1+ L A i 82.6 51.4 65.5 37.3
P2 -Net!™ ICCV 2019 FRAEARE 7 B0 BT 86.5 — 73.1 —
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(Dual part-aligned network)™ 5 &I 15 L 57
FIRRAEAT NERMESS EREREBUR, fEH —E
B0y SORURE Al vH AT N SCEE, RS
PCB 73 SCI R B RHIERL &, 7EX 2 EA BUR M
Th. SRR, R 22 R BT AL AT D0 SR AL 1) 4
I RE ST, Herh i Al v B AE B S AR AR
R P T S PR R AR A T AR R AR AT N R e R
SO EIREE, T T I ML A B A R T
e I HIE, S i N B 25 B ) 5 S kg,
i B R 1 1) A

1) BEhmE R R 2 AR R IR 2%, 3& el
SRMERE e vH SN,

2) B2 A XA AL = A R
I RE 2 WA X3 ] AR DG, 7 28 E i B X
Z 8] R L A

Hh6 s Bk

T EFHIES BERFFIERTEE

R T P IIE SR AN A R DG R, 1A 12
25 H T REAE 2 18] 208 5 v MGNEO AR e A Ji 358
FEAE 70 SCF — A & R R AE 47 X AE Grad-CAM
(Gradient-weighted class activation mapping)!™
FOE TN RRHE R AT AAG S . B 12(a) IR IR
EIME, Kl 12(b) R T & JRRHIE 5 3 RFE AT A 40
S5, FHEROBCEE 73 A5 4 BT IR S5 135 i i 46
J3, Bl 12(c) A 12(d) AMAN R EBRHIE 75 3 B HF
TEFTARALSE R B T 4% D0 I B rd X33 B %%
AT AR, TGl a2 2 R R I 72 JR) AR AIE, #6T A
A b By R VR AR BER R, T XA IR T R
BER)ERAS B DA BB NARECBRAS B, UL 1A
BUGT B 50 B AR AR G FE B . AL T 22 SR R
532, Ja ARARFAIE 43 S B pt X35 10 60 B0 B 50 0
AT, ] A 0 DGy DX ek 9 A B ) Tt B AR v, B R
P T4 SR R AIE 7 SCHE BRI REAIE .

5 BrII{EMMRERSRE

T NERBIFE O EL T 249, AERA1NA
TFESE b, 5 RIS TR KR, AL
T 4R 5 TR R AR A AT N ARG U5 3, o A
NS s L AN IV R N /LS R E R G |
R AELTET N J S 37 5 ) e AP , T 1) JR)
AIE A AT N U BOR ZEMBIEFE B 32 (K SEBR L HT
T R — 28 471 PRI A

1) Jay FRAFAE XS 5. AEBLA Y R B AL TT 3%,
FUA 31 S SR B 7 325 RE W A R0 Ak B 8] X
Fr. oAt FR AR AR G = 15 T VR ORI N TR %, AR
LA WA AR A T A (137 5T X IS A PR ARFAE ]

4.2
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(b) Global branch
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(d) RT3 2
(d) Part branch 2
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(a) Original image
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B 12 MGN FA[E 5 SCHRHIE ] Ak 45
The feature visualization results of the different
branch of MGN

Fig.12
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