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Abstract

The challenge for the deep learning-based person re-identification method is how to solve the
problem of pedestrian misalignment caused by pedestrian posture change, mixed background,
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large camera viewing angle difference, and partial occlusion. How to extract fine-grained and
highly discriminative features has become the key to solving the problem. Therefore, a new per-
son re-identification method based on graph neural network is proposed, which includes: 1) Com-
bine the human semantic parsing model to locate the position map and learn fine-grained local
features as graph representation through the graph neural network. 2) Through the proposed
graph metric learning method to jointly optimize the learning network to learn more discrimina-
tive feature representation. Experiments were performed on mainstream evaluation datasets, and
the results showed the effectiveness of the method.

Keywords

Person Re-Identification, Graph Metric Learning, Human Semantic Parsing, Part Alignment

Copyright © 2021 by author(s) and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0/

1. 518

17 NE R 51 (Person Re-ldentification, Person Re-ID), J&f&7EFRG LN T, f£2 k4T ARG H L
HUCED AR NI BRI, T2 B TP RGN Re m A 8ek . 47 N B IR SEUE B i S A
B 5B T B BUR B URE, AR ARALLEE R B/ NHRFU S B SR S5 (2] B AT, A7 AN FE P 7
WA AT NEEBZE, BB R i MEER K, FERMTERSE . ok LR X A
TREAESEEURIAR AL B 5

fE 4247 N AR AT S0 58 32 A TR e N T TR AR SR IS, L SCHR [T th ) RBE AN AR R AIE AR 46t
(Scale-Invariant Feature Transform, SIFT), SCHER[4]H2 H )R &8 —fE 1 x((Local Binary Patterns, LBP) LA 2 3C
BR[5]4 H B4 JR) 35 B KA AE A7 (Local Maximal Occurrence, LOMO). {HiX 675 5 B B S (R AEF 1R BE 1 E B,
M LA 2 24 1 00N KEE AT N FEIRAIMTE S . BEE IR ST I, B RIHZ W 4% (Convolution
Neural Network, CNN)#EA H (4 FRFESRIRE 77, BUR TSRO N CRMESR IS . 0708 RIS M
28 FRIUAT N BRI 4 R REE, s AR R iR o sk, R U1 6], i LA 1E S Bk
[71E S VE R AL 43 B8] A I N A TE SUBNTS B0 E[9155, T RERRHESR I, 5544 R R
RSP AR 24T NHIRHIER R, 8 v 54T NRHIE 2 2 18] ) BR b B AT N R AL

BT IR B2 AR N 28 1) = SR R AR S B 7 vk BRAR W] DA BRI 0 PE R RHAE, AT AR BT SS E S
TR, ABATSAFAE I 1) 3 3= SR AR ) A R U 55 . 55—, T R R a0 IR R LUK,
SRR o 38 XL 547 N5 BA See 7 5 .. Ll PCB [6]4f 8 B 5 [ 3 A1 U H ) 7772, AN s
P& T RMA{EE . SpindleNet [7JHEH51E SCR ANARZEAS th S ARIRAL I G s O, % 2 B 4
B FANEAL, A REESCTT RAEAT N BUE BB SR A X3 N R SR SR B ) X e X Pk 07 A BB =)
ARG RS T RRAER. B, AT RIS R AR A B SRS 2R . SCHRI6] [7] [8] [9]
B RERHES IOV, ERR R IR 1 R AR B, SRS TH RS 1R SRR B AR LS, 3 b
77 NI TR A A AL AT AN, BT TSN B BE B, TR AT R A UL
Bt o

BEXS IR AR, ASCHREH T — i T A ARAE SUREAT A B 22 i 2% (AT N B RS . ARSI 2 T
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1) ARSTHINNATE ST I8 e T N B AR R X8, TSR AR P 1) R PR AL, SRIXEIAT
NS O URAR B, I8 T8 S50 P A5 S SR I 7 T R

2) ASLGINEEBRAFA ML, H TSR BUR AL R QIR G AR, 19 9 =) SRS AL (0 4 01

3) ASCRAT NJR BRG], 51N & Jm X OARBUEE 153 5% bR BREAT AR R I 25, 3t — 20 1 ol =

1 0 4
KWL : BN T NERBIORSE TR, =S mrs:, §00E R,

o T2 A5 A

2. HXI1E

2.1 fTTAEIRS

1T N B TE LIS TGSk AT R HAR A, E 2 R AL SR BRI 5 5 ST 8 4

BEAG R 2 BRI R, CNN &) iz B A TR AT 55 (0BG RFIESREL . @i CNN B
AR BUR Tk MG RHE i 77 2N S s 2, (HER IR R IR 5 5 AT N S i RS 2, il S804 R
RFETCIAR LT I X 43 S (AR AL BE B A 22 5 K AT AREAR . TRIE, B R AT 14 H 1 2 T Jm R e 1 AT
NFE PRI, 8 e A AT N B S ARERAL, SO0 BT 1 5y BURAS 2.« Sun [6]558 A3 7 PCB #&4Y,
AT NGO e, Gl B T W 25 SR BB R B R AE , PR R SR IE . Zhao [7]55 A$& 1)
SpindleNet 51\ TAT NEAE R, I8 B4 SR IE] 7 NS RXI, TG PR X R SFE
Li [8]5F A2 T HA-CNN BLRL, 5INT 25 JmER03C, 57 300 Tl SV B R (1 — B 30 DX 4k R AR AE
NG & S B R AT B A A5 2T N MR R-E . SCER[OTH Y SPRelD BRG] ANAT A AAEIE XL
PR AT N B SEBUT N B AR XSRS PG, 5 R A0 B T NSRS B E RS &, 15347 N J 1R X,
(SR EBARRAE . A2 56T R FARRAE AOAT N B IR I 51 IE S8 T R S0 ARRAIE 1A 2801

JE R )T B TR R — Rk, B TEIE I 4 S K R AR . 7EAT A
HR BT BRI [F— 47 N IAS [ AR AR AR 2K T AN [FAT NI S AR AL « Varior [10]55 A A
TR, RN AN, KX 2% (Contrastive Loss) Il 2R, i 7540 [A) 47 N RE (IF
FEAR) 2 (A1 RE BB B 450N, ANFAT NG (FUREAR) 2 A (R PR B2 038 K  SCRR[LL] & Se i it 4% — % 1A
AR —RHAREA ) = T04L, 7396 44 8 B AR F (Anchor), IEREA & Fr (Positive) 4R 4< [ Fr (Negative) .
SRJE R = u I R R BN 25N 4, Fii 7 IEREARZ AIEERS, BER T AR Z MRS . H = o4l
REAHEREREA M LT FE S, RIHSCHR[12] 82 H ook = o5k, 204525 bR K5 T 38 IE AR A 2 36} BE 55
ANIAH . Chen [13]5E NHE— % T EMFEAN 45T FE R, 20 T PUIt4L4 %% (Quadruplet Loss).

2.2. BERMEMLE

| 25: 71 % 4% (Graph Convolutional Network, GCN) /& — it B xof K R 4T VR B 2 2] R 77 5 0 T X 35 A
PRSI 2 1 BRI KA Jig, - A [ B o) 285 SRR AIEAS 85 45 A0 15 JE 3R AT i B0 1R 27 ) o SCHR[14] 8 Yk B 5 7
TR B A S BT AR T BTN 2 S5 B R W28 )72 A T AL 525U, ansh AR 1R I[15]
LRI AIL6]. 3D JUTEM[17]55, 7247 N EIRBIATUR, 1RE 78447 N IGREA R, #A] GCN
KT NEURIRER R . Hol, Shen [18]1558 AR 2 ) SR R AR 1K 1 ) W 2L ixt, JFidid GCN g
2SI WAE T SR 2 R R, Ye [19)5 A EEHLH I G REA G — KL, R
J& I EIUUAC 77 347 S S BN L bR 2 RS
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3. AXTE

AT F S T R 2% AT N R R R BRGNS . W 1 PR, SRR 4 /RoR
F 20 SOMERR 25 3, e 42 Ry 3 SO I AZ SR 33 2% B B0 = Jo 21 B K R ORI AT IR, 27
HEUT NEGR 2R RN . BRRIR Y 2100 3l i NARTE SURHT IO 45 RGBT N BB IR BRI, SR e
PR3 BRR R LA 9 B A8 R R RS SOERAFE i i, Sl B AR 0 46 BT J= A, P I
A2 AR5 PR BORN [ P 2 SR [ IN R R 45, 1 i B R RFAIE R IA g

[
| ‘/ S RER10ME RIS E \‘|
Global branch
| |
| .—~— B —— D Loss+Triplet Loss . . . . ‘ Jloss | |
| o0 00 |
| o T T T T T /7
—-—_ /
| a fp T /
|
: images Graph branch amemm o ees ee, o
|
|
|

|
¢ 4 |
- IO S fp’ Graph Metric Learning |
— * (et 000 aee Module
PxK Resnet50 mmomm EOC S |
|
|
|
|

Figure 1. Human semantic parsing and graph metric learning fused model

1 AMEEXBREEEER JMARE

3.1 2ERERRES

TR ZE M4 W0 2% [20] AT N BRI S5 HUAS T ARG I8CR DRI AR SO HY Resnet-50 ‘BT 45 Sk 4i
B N B R AL B REAE Lo A T 3 KRR R I S2 B, AR SCKE Resnet-50 M 4% 5t 5 — 2B ERID KR E
N1, AEAF RNy 256 x 128 46 ] 220 B T P48 S i IRARFAE B DR /N A 8 x 4, SR S5 SRR R R AT 4
Je F 153tk #E 4 (Global Average Pooling, GAP)#3 I LR 9 CxHxW IFIHREAE, b C iliEa 4, H s,
W NBERE . BRI — B4 %R E(Fully Connected, FC)HEAT[4E. — EHbAbBEIH—14 2 (Batch Nor-
malization, BN)IEATIH—4k, 1934 RRR. 43R5 SO A8 SOR 1 25 o8 B50RT R HERE AR = T 4458 2K o B0
AR, A% 7 210 0M0%, B2id BN ZRTHEEH T3 = o525, BN 25 KR
FH T A8 SR

3.2. BT AMSEXBHTNERRFES

3.2.1. FERFHIERREN

AT 1 5 B RFAE B L 7 VR (610 W 1 JR SRR AE K0 R, (LI e Dy Y B 30 11 S 0 [X 3 A REL L P 11
N T REHEEAAT N BRI X 38, A SO T 2 AR TE SUR BT AU 4 (Look into Person, LIP [22]) LTt
ZRUF i) SCHP [23)458, il i AR R4 N BRI 19 ME R BN bRE, 3L T8, &
BE. BB NG, ERMBEG, WE 2 s KT RS BUR] B REIE BN AE A R HE R R
St R E AR, PR AT A AT A Rt Ak, TSR BN AR AN 3] B AR A X R R AE A A SR SRR o
3.2.2. BEpEHERIHE

AT BAT N BRI RS ER R R e IS, AR AN S5 B SR fE S 5 8, Sl ) B (R el
KMAARAEBAT A, 206 T JS 3B ARAE 2 T (R 56 R o AR SCBFRELEIK 19 /> B AL [ RFHEAE A B 1 45 A
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FFEL 19 AN R B ARERRAE NI, MR ERHER RE G, W&l 3 pR, MER R R AL
RMEIR AR G Jm, TR B RE RH EE AR 28 A7 45 mi (85 B A 4, AT 5% 2% B v (R 45
BEAT SR, SRS G B AR AL £, SR B R E R E R R E RS . B
MBI A XKL R FOR, b H B8 E LRESBUSIORAE, AR5 R AR, W
FERL 2 5] B ASHAERE, h R ARL MG R 2L

H-=h(AH"W"?) )
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Figure 2. Human semantic parsing result of some query
images in Market-1501
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Figure 3. Relation graph of local features
3. BERFFHEX FRE

3.2.3. EEE&ER

Pl B 2 o) B R DI GBS 20 2 =) 21305 A2 T SR R PR AR 2 R R B B0, 97 2R BRI TE R I 3 o 2 [ B 8 e
FIEFR R . B B 2 B\ (Graph Embedding). #5201 %(Motif Counting) F1 & 4 4 5 25 (Graph Edit
Distance)5. AL B R R AR RAEE w1, FUbANE 2. i Pl g 5 100 7 207 T
THHEgERN, D Ema. BRI NR B EREE 2R ALE, 55 ERESHER, BibAscsl
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AT R R SE ) Tk, I LA B B 2 18] AR AL, IR AN [ AR R 3R A5 3 B AR
AP o RARSCIUBLERILE 1 Graph Metric Learning Module. & G — )z miBUR THE B A IR0 R4 ki)
M, Fad—ZeERRE AN A NEERE, SRR EE, Rl 4R o U
5K BRI BORE IE SR AS AR ABLAE XA 20 K

) BSOS R ABLRE 453 2% R M H SRR [24148 H 5 AR 8 G o EERAE AN RS, 25T AR [R50 AIAS [F) 1 4
RHAEARAUAE A0S AT BB e, B/ IESARALL BE RN S SRARALLBE 23 AT 1 0 22, S /MG IESRARBAEE 43 A 1)
EIE, IR SARUE AT O 3E, AE5% 5] R i B 7 R AR (AR 55 _ERCR S A SE B ok R . %4
PR GRS ISR U

I=(o" +o ) amax(om—(u' —u)) @
W =2t 1 )N @)
W= (f )N @)

ool ) o
o sl ) |

3.3. MELEH

3.3.1. IREFBIE L EL

A7 NI E PARAE AT S5, A U@ R BN ZRAT N BRI . B TAT A E R0l
SRR AT NRARI, AR GE 028 SR K o8 B0 2545 211 X 245 45 5 N 5 14T A b2t
PLA, N TEEGIX DL, BRAVRE S T SCRR[25100 0%, WFR&HET TP b3, Hr KRR A%
#H, eFopBE, LRPRENOL, WXT), @)Fixn.

K-1
Y, - 1- ” g c=Y ™
g/K, HAh
xcent ZY Iog(pc) (8)

3.3.2. EMEHER=TEB LT

T NERBMESBEAUNRRAT S, B A2 B AT NI B R st B s gk s 1], TRk
RLe AT NE TS 8 F = e B R AU AT IS . BRI K 2B = el R FRFEA, AR T
RINZR, FULMEST Alex [26]558 ANBE H I RMEREA = Jo H Bk s 4, 0 T8> HARIE fr anchor 7E—1>
PR P 26 3 W B B e ) IERE A &) A positive AR B B e 30t ) URE A ] A negative SRl 25 k9 4%,
BRI LR 2 AGRE T, WA X2 2 2] BITE A (R AE . MEREAR = ek B R rw, Hb o FoR
HERFEAR S IERBEARTIERSE, WEN 0.3, dap, dan 29N HESFEARFIEREARIRRIREE S, HAsFE
AR5 GREA IR RR I HE B9 .

Ly =(maxd, , —mind, , +a,0) )
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3.3.3. BREIRLER

AR SCHR H (AT N E AR ) 4 0 s AT A8 SO R R BRI — TG A48 2R bR SO 4 R Bt R AL 45 K
BREGHAT ISR, LR L0 AR, o 4 5 43 S AT FH BR80T 28 SR R BRI Lgent o 1 = TCAH B R BRI BT L
BEAT ISR, R840 S0 A AR T 28 XU HR R B Liceny o A1 45 R BN ARABLFE 3 25 R B O BEAT N5, 5T
4 JR) R AR ADURE 461 2 R A U FE 3.2.3 AT iR iR . Rk, A SR R B B = (L0) R

Ltotal = Lxcentfg + Ltrifg + Lxcentﬁl + ‘] (10)
4. EW 554
4.1. BIREEE

R SCHT R I SROEAEAT N EE DU A0 1) — K 2 i oM 4 (Market1501. DukeMTMC-relD. CUHKO3)
HEAT T2 928, JFiEid mAP. Rank-1. Rank-5. Rank-10 ¥FAM3EARAE 6T LIRS, TR T 9286 45 5L 9F
RIAT EHEF A

Market1501 $dE4Er, YIZRER A ECh 12936, 45 751 AN MEREN 19732 5k KK, BIEEH
4E 3368 kK15 . DukeMTMC-relD FHRAETE 2017 AT, s 702 A, 16522 5k K& M4+ 702
A, 19889 kK%, BIEE I 2228 FKEE . CUHKO3 HdRAELE 2014 FEATT, A d M 1 #ihk
PR, KRS N E 767 AMT ANRINIZREERIAL S 700 M7 ARIIHAER . 2 1 3 T R4 Hd
ETEANE R .

Table 1. Details of the datasets
=1 BIBRENSET

EVEITES 1T NIREEHL TG 3 KB

Market-1501 1501 6 32668 THHER

DukeMTMC-relD 1404 8 36411 FFERE
CUHKO03 1467 10 14097 TR

4.2. VHEFRE

PEAGAT N AR () PEREINS,  R5 BRI OGS0 AR AL PR AR o« S REA R AR %S, PPN 4
FRBARAME . FEAT NERAMES 7 ALV AC 2R (Rank-1) AR - 508 2 (MAP)IX 7 M FAN Fa ok
R B EREAIIL S . SRR AN FEbR R, SRR AT N B RO R SR

T 7 VL AC 2 (Rank-1) /2 72X 5 (1 25 #14E (Query Set) i 457k AT NG, i AT N F R SR AE M 16 4R
HHIE B P H1, 0 AT N B MR HELE 8368 72 1 5 — 1 (R 30 o5 AN A R BB I b gl . e A h
EP={p, P, Pn}r RIEEG={0,0,,0,}> M nHAEREZRIKE. PR G ZiHHARBLES S
FRALFERRE S, 4 S W BT HEUE MR BN BIRUFHES I, S A AIEUE R K, 87 3 7 B R AR AL ek s,
SE S sp NS FRER— B HOG BRI SR [ A AR A SR A R B A2 R — AT N S O s, A DE R R
A[R/RH: Rankl = si/m. Rank-5, Rank-10 R~ {EiEk a0 ar 5 ok B A Aar 5k B R b B AMESS far
R, Al H FERE TR AR

B ST 250K FE (MAP) 2 7 B A AL AR TP SR K b, BB Bl 3 MORS i SR AT TF A . X T &
WA AN AW MR, 8 SORSFE P oA 13 il k AN B ITEE R S S n 5 k I LUAE,
AR P o= n/ke T EHEFE A BIF A [ 26 R CHTEMRIE SR MIHT k A~ EHE IR UL I%CE n 517 ATE
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i i MG B0 m (O EL A, BI: R=k/m.

2k AFEMERS, AT LATEARAR R FAR 2 A P AR S RAEM 2, F R 7 K VOS54 P B A
AEA RAE AR LIS E] PR . ZFEARKFEIRGE (AP RIS PR B A # 28 H B T AL, 1 mAP ST &
WEHR T AP ERIAME. mAP 1ERH VS Tads, 1T A ISR &R WK PEA B Y 14 B

4.3, jERhSCIE

N T PR UE SR I R B RRAE A R, AR SC A4 SR 23 S ) AR R Model_G {24 Baseline,
FE R TR 2811 A8 SO 402K bR BIORD — e 40 R e b AT I 25 . 35 T AH A Baseline 7£ Market1501 A1
DukeMTMC-relD #4846 1 2 2HiH mhscde, SEIR4s RNk 2 s

MEE R FATTARIN, [R5 R4 SR R AN = FRFAE ) Model_G_L B2, 7£ Market1501 #5448 1 ()
F N rank-1, mAP Lt Baseline #2877 0.3%7#1 1.3%, 7£ DukeMTMC-relD E#EHE RN rank-1 127+ 7T
1.3%, MAP $&F+T 0.6%. UFH T JRHRFIE RS 05 0 2 4 R R IE S I AT A 405 15 2.

M —PEERARER R, SIANEERMZE, B4 Model_G_L_GCN 7EM M 4#5 4 | rank-1,
MAP 735 42 T 0.4%, 0.5%7F1 0.2%, 1.8%. iEM] | SI NJm#ERR R (5 S, MHEERS AT NREIER,
AT AR 4 (1 S BT N E IR BT S

T SR E P R S B R, SRR ST, 24T triplet loss, 51N IR B 2% S REHLAH A
Model_G_L_GCN_Jloss #%!, 7F rank-1 F1 mAP Li#t—23E7+ T 1.0%, 0.4%7F1 0.5%, 1.0%. kR T &
JE 2 SRR ) 4 Ry Rt REALAFE 47 2R R UEE BRI R 2 SIS BRI T = etk ek B . BIRE &5
IR TR T S s RIARE, Il 24 2 % o) &N I E A, = e R R R
HEAA AL B e~ B S PR R RFAE

Table 2. Person re-I1D evaluation value on Market-1501 and DukeMTMC-relD
%2 2. 1£ Market-1501 1 DukeMTMC-RelD ##E& FRystif4ER

Market-1501 DukeMTMC-relD
Y
Rank-1 Rank-5 Rank10 mAP Rank-1 Rank-5 Rank-10 mAP
Model_G 93.8 97.8 98.3 84.5 85.5 929 94.7 72.7
Model G L 94.1 98.0 98.6 85.8 86.8 93.1 94.8 73.3
Model G_L_GCN 794.5 98.1 98.7 86.3 87.0 93.5 95.2 75.1
Model_G_L_GCN_Jloss 95.5 98.3 98.9 86.7 87.5 93.7 95.4 76.1

4.4, SEYMEIERGFEXIEE

N T WA S P b EE R, AR SO 3T LA AT N B AR A L 4 I AE Market1501
DukeMTMC-relD. CUHKO03-NP = /M4 kT Tt . i3k 3 W40, 7E Market1501, DukeMTMC-relD
B L, AR BRI ESR Rank-1. Rank-5. Rank-10. mAP 5 x 22 o HLBE YA L H51iA ) T %8
Ko XFEE MGN AT PSRL #57, A 37 Market1501 A DukeMTMC [ rank-1 1 mAP FEFRIE A%, X2
K2 MGN FIFH T 2 2R RFAE R BUR SRR, REIE RS SeR SRR IS . PSRL B T 4%
TEPHEtiE, HE— P RlE RARHE, FEIZREAL % 115 3 5 M 45 M 2 IR R R . AR 4 AT A1, MGN
Al PSRL 7EAT NAZAE ™ S IES I 50 N $2 R (O FRAE AN S . CUHKO3 i 4E AT NSBAR K, I
4 i 7, AT N B R R L A P AN R SR R T A SR H ) SRR AR 1 R B I R i i e
RS, F BT AR SO I R A ST IR B R R N BB AR
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Table 3. Comparison with mainstream algorithm evaluation indicators on Market-1501 and DukeMTMC-relD
% 3. 7 Market-1501 #1 DukeMTMC-relD £ 5 R EIFM H5ARELE
Market-1501 DukeMTMC-relD
FR
Rank-1 Rank-5 Rank10 mAP Rank-1 Rank-5 Rank-10 mAP
SpindleNet [7] 76.9 98.1 94.6 - - - - -
PSE [27] 87.7 915 96.8 69.0 79.8 89.7 92.2 62.0
PGR [28] 93.8 90.8 - 77.2 83.6 91.7 - 65.9
MaskRelD [29] 90.0 97.7 - 75.3 78.8 - - 61.9
AlignedRelD [30] 91.8 97.6 - 79.3 - - - -
PCB [6] 93.8 - 98.5 81.6 83.3 90.5 925 69.2
BFE [31] 94.2 97.1 - 84.3 86.8 - - 72.1
MGN [32] 95.7 97.5 - 86.9 88.7 - - 78.4
DuATM [33] 91.4 - - 76.6 81.8 90.2 - 64.6
HA-CNN [8] 91.2 - - 75.7 80.5 - - 63.8
Mancs [34] 93.1 97.1 - 82.3 84.9 - - 71.8
PSRL [35] 95.9 - - 87.2 88.1 93.9 95.7 76.7
Our approach 95.5 98.3 98.9 86.7 87.5 93.7 95.4 76.1
Table 4. Comparison with mainstream algorithm evaluation indicators on CUHK03-NP
F 4. £ CUHKO3-NP E5EREIFNIEIRELER
Labeled
el
Rank-1 mAP Rank-1 mAP
HA-CNN [8] 41.7 38.6 444 41.0
PCB [6] 62.8 56.7 - -
Mancs [34] 65.5 60.5 65.5 60.5
MGN [32] 68.0 67.4 68.0 67.4
BFE [31] 73.6 69.7 73.6 71.7
PSRL [35] 67.6 65.8 68.7 68.2
Our approach 76.3 70.8 76.4 725
5. 5

ARICMHIT NESZ AL

EISESR
H 51

RS AR 22 5 IR 0 B4 T BAT AASK FF3 X — 1)l T

FEH T AT I R AOAT N AR SE, A NARIE SURHT A3 24T N BRSO ARTE, SEHARRLE
JE R AL R A, BB EE RS BN R AR SE/15 S, JF BRI &2 21 45 3 S B A
Tor. WA 3 NEURE LN RERN], ASCrR A L H AT ER R EIRAR R RKRW
TARR ISR R 2 LR DL T, SRR LR F AR B R AT, IR U A R 5 Hdfa 55 R
BT, LIS AT NEIRBIAESS

DOI: 10.12677/csa.2021.114101

991

VBB b


https://doi.org/10.12677/csa.2021.114101

E&WmE

2K 3 AR FH 7 5L 4 B B 10 H (61876043, 61976052).

S5

[1]
[2]

(3]
(4]

[5]

(6]

[7]

(8]

[9]

[10]

[11]

[12]

[13]

[14]
[15]

[16]

[17]

(18]

[19]

Dk, B, WA, & BTIREEIMAT ANERBTTREER]. B3k, 2019, 45(11): 2032-2049.

Zheng, L., Shen, L., Tian, L., et al. (2015) Scalable Person Re-Identification: A Benchmark. Proceedings of the IEEE
International Conference on Computer Vision, Santiago, 7-13 December 2015, 1116-1124.
https://doi.org/10.1109/ICCV.2015.133

Lindeberg, T. (2012) Scale Invariant Feature Transform. Scholarpedia, 7, 10491.
https://doi.org/10.4249/scholarpedia.10491

Ahonen, T., Hadid, A. and Pietikdinen, M. (2004) Face Recognition with Local Binary Patterns. In: Pajdla, T. and Ma-
tas, J., Eds., European Conference on Computer Vision, Springer, Berlin, Heidelberg, 469-481.
https://doi.org/10.1007/978-3-540-24670-1 36

Liao, S., Hu, Y., Zhu, X. and Li, S.Z. (2015) Person Re-ldentification by Local Maximal Occurrence Representation
and Metric Learning. Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, Boston, 7-12
June 2015, 2197-2206. https://doi.org/10.1109/CVPR.2015.7298832

Sun, Y., Zheng, L., Yang, Y., et al. (2018) Beyond Part Models: Person Retrieval with Refined Part Pooling (and a
Strong Convolutional Baseline). Proceedings of the European Conference on Computer Vision (ECCV), 480-496.
https://doi.org/10.1007/978-3-030-01225-0_30

Zhao, H., Tian, M., Sun, S., et al. (2017) Spindle Net: Person Re-ldentification with Human Body Region Guided
Feature Decomposition and Fusion. Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition,
Honolulu, 21-26 July 2017, 1077-1085. https://doi.org/10.1109/CVPR.2017.103

Li, W., Zhu, X. and Gong, S. (2018) Harmonious Attention Network for Person Re-ldentification. Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recognition, Salt Lake City, 18-23 June 2018, 2285-2294.
https://doi.org/10.1109/CVPR.2018.00243

Kalayeh, M.M., Basaran, E., Gokmen, M., et al. (2018) Human Semantic Parsing for Person Re-Identification. Pro-
ceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, Salt Lake City, 18-23 June 2018,
1062-1071. https://doi.org/10.1109/CVPR.2018.00117

Varior, R.R., Haloi, M. and Wang, G. (2016) Gated Siamese Convolutional Neural Network Architecture for Human
Re-lIdentification. In: Leibe, B., Matas, J., Sebe, N. and Welling, M., Eds., European Conference on Computer Vision,
Springer, Cham, 791-808. https://doi.org/10.1007/978-3-319-46484-8_48

Hermans, A., Beyer, L. and Leibe, B. (2017) In Defense of the Triplet Loss for Person Re-ldentification. arXiv preprint
arXiv:1703.07737.

Cheng, D., Gong, Y., Zhou, S., et al. (2016) Person Re-ldentification by Multi-Channel Parts-Based CNN with Im-
proved Triplet Loss Function. Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, Las
Vegas, 27-30 June 2016, 1335-1344. https://doi.org/10.1109/CVPR.2016.149

Chen, W., Chen, X., Zhang, J. Huang, K. (2017) Beyond Triplet Loss: A Deep Quadruplet Network for Person
Re-lIdentification. Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, Honolulu, 21-26
July 2017, 403-412. https://doi.org/10.1109/CVPR.2017.145

Kipf, T.N. and Welling, M. (2016) Semi-Supervised Classification with Graph Convolutional Networks. arXiv preprint
arXiv:1609.02907.

Caramalau, R., Bhattarai, B. and Kim, T.K. (2020) Sequential Graph Convolutional Network for Active Learning. ar-
Xiv preprint arXiv:2006.10219.

Chen, Z.M., Wei, X.S., Wang, P. and Guo, Y. (2019) Multi-Label Image Recognition with Graph Convolutional Net-
works. Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, Long Beach, 15-20
June 2019, 5177-5186. https://doi.org/10.1109/CVPR.2019.00532

Lei, H., Akhtar, N. and Mian, A. (2020) Spherical Kernel for Efficient Graph Convolution on 3D Point Clouds. IEEE
Transactions on Pattern Analysis and Machine Intelligence, 1. https://doi.org/10.1109/TPAMI.2020.2983410

Shen, Y., Li, H., Yi, S., et al. (2018) Person Re-ldentification with Deep Similarity-Guided Graph Neural Network.
Proceedings of the European Conference on Computer Vision (ECCV), 486-504.
https://doi.org/10.1007/978-3-030-01267-0_30

Ye, M., Li, J.,, Ma, AJ., et al. (2019) Dynamic Graph Co-Matching for Unsupervised Video-Based Person Re-ldenti-

DOI: 10.12677/csa.2021.114101 992 H LR 15


https://doi.org/10.12677/csa.2021.114101
https://doi.org/10.1109/ICCV.2015.133
https://doi.org/10.4249/scholarpedia.10491
https://doi.org/10.1007/978-3-540-24670-1_36
https://doi.org/10.1109/CVPR.2015.7298832
https://doi.org/10.1007/978-3-030-01225-0_30
https://doi.org/10.1109/CVPR.2017.103
https://doi.org/10.1109/CVPR.2018.00243
https://doi.org/10.1109/CVPR.2018.00117
https://doi.org/10.1007/978-3-319-46484-8_48
https://doi.org/10.1109/CVPR.2016.149
https://doi.org/10.1109/CVPR.2017.145
https://doi.org/10.1109/CVPR.2019.00532
https://doi.org/10.1109/TPAMI.2020.2983410
https://doi.org/10.1007/978-3-030-01267-0_30

ML 55

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

fication. IEEE Transactions on Image Processing, 28, 2976-2990. https://doi.org/10.1109/T1P.2019.2893066

He, K., Zhang, X., Ren, S. and Sun, J. (2016) Deep Residual Learning for Image Recognition. Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition, Las Vegas, 27-30 June 2016, 770-778.
https://doi.org/10.1109/CVPR.2016.90

Luo, H., Jiang, W., Gu, Y., Liu, F., et al. (2019) A Strong Baseline and Batch Normalization Neck for Deep Person
Re-Identification. IEEE Transactions on Multimedia, 22, 2597-2609. https://doi.org/10.1109/TMM.2019.2958756

Gong, K., Liang, X., Zhang, D., et al. (2017) Look into Person: Self-Supervised Structure-Sensitive Learning and a
New Benchmark for Human Parsing. Proceedings of the IEEE Conference on Computer Vision and Pattern Recogni-
tion, Honolulu, 21-26 July 2017, 932-940. https://doi.org/10.1109/CVPR.2017.715

Li, P., Xu, Y., Wei, Y. and Yang, Y. (2020) Self-Correction for Human Parsing. IEEE Transactions on Pattern Analy-
sis and Machine Intelligence, 1. https://doi.org/10.1109/TPAMI.2020.3048039

Kumar, B.G.V., Carneiro, G. and Reid, I. (2016) Learning Local Image Descriptors with Deep Siamese and Triplet
Convolutional Networks by Minimising Global Loss Functions. Proceedings of the IEEE Conference on Computer Vi-
sion and Pattern Recognition, Las Vegas, 27-30 June 2016, 5385-5394.

Szegedy, C., Vanhoucke, V., loffe, S., et al. (2016) Rethinking the Inception Architecture for Computer Vision. Pro-
ceedings of the IEEE Conference on Computer Vision and Pattern Recognition, Las Vegas, 27-30 June 2016, 2818-
2826. https://doi.org/10.1109/CVPR.2016.308

Alex, D., Sami, Z., Banerjee, S. and Panda, S. (2018) Cluster Loss for Person Re-Identification. Proceedings of the
11th Indian Conference on Computer Vision, Graphics and Image Processing, December 2018, Article No. 43.
https://doi.org/10.1145/3293353.3293396

Saquib Sarfraz, M., Schumann, A., Eberle, A. and Stiefelhagen, R. (2018) A Pose-Sensitive Embedding for Person Re-
Identification with Expanded cross Neighborhood Re-Ranking. Proceedings of the IEEE/CVF Conference on Comput-
er Vision and Pattern Recognition, Salt Lake City, 18-23 June 2018, 420-429.
https://doi.org/10.1109/CVPR.2018.00051

Li, J., Zhang, S., Tian, Q., et al. (2019) Pose-Guided Representation Learning for Person Re-ldentification. IEEE Trans-
actions on Pattern Analysis and Machine Intelligence, 1. https://doi.org/10.1109/TPAMI.2019.2929036

Song, C., Huang, Y., Ouyang, W., et al. (2018) Mask-Guided Contrastive Attention Model for Person Re-lIdentification.
Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, Salt Lake City, 18-23 June
2018, 1179-1188. https://doi.org/10.1109/CVPR.2018.00129

Zhang, X., Luo, H., Fan, X, et al. (2017) Alignedreid: Surpassing Human-Level Performance in Person Re-Identification.
arXiv preprint arXiv:1711.08184.

Dai, Z., Chen, M., Gu, X, et al. (2019) Batch DropBlock Network for Person Re-Identification and Beyond. Proceed-
ings of the IEEE/CVF International Conference on Computer Vision, Seoul, 27 October-2 November 2019, 3691-3701.
https://doi.org/10.1109/ICCV.2019.00379

Wang, G., Yuan, Y., Chen, X., et al. (2018) Learning Discriminative Features with Multiple Granularities for Person
Re-lIdentification. Proceedings of the 26th ACM international conference on Multimedia, October 2018, 274-282.
https://doi.org/10.1145/3240508.3240552

Si, J., Zhang, H., Li, C.G., et al. (2018) Dual Attention Matching Network for Context-Aware Feature Sequence Based
Person Re-Identification. Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, Salt
Lake City, 18-23 June 2018, 5363-5372. https://doi.org/10.1109/CVPR.2018.00562

Wang, C., Zhang, Q., Huang, C., et al. (2018) Mancs: A Multi-Task Attentional Network with Curriculum Sampling
for Person Re-Identification. In: Ferrari, V., Hebert, M., Sminchisescu, C. and Weiss, Y., Eds., Proceedings of the Eu-
ropean Conference on Computer Vision (ECCV), Springer, Cham, 365-381.
https://doi.org/10.1007/978-3-030-01225-0_23

Li, Y., Yao, H., Zhang, T. and Xu, C. (2020) Part-Based Structured Representation Learning for Person Re-Identification.
ACM Transactions on Multimedia Computing, Communications, and Applications (TOMM), 16, 1-22.
https://doi.org/10.1145/3412384

DOI: 10.12677/csa.2021.114101 993 H LR 15


https://doi.org/10.12677/csa.2021.114101
https://doi.org/10.1109/TIP.2019.2893066
https://doi.org/10.1109/CVPR.2016.90
https://doi.org/10.1109/TMM.2019.2958756
https://doi.org/10.1109/CVPR.2017.715
https://doi.org/10.1109/TPAMI.2020.3048039
https://doi.org/10.1109/CVPR.2016.308
https://doi.org/10.1145/3293353.3293396
https://doi.org/10.1109/CVPR.2018.00051
https://doi.org/10.1109/TPAMI.2019.2929036
https://doi.org/10.1109/CVPR.2018.00129
https://doi.org/10.1109/ICCV.2019.00379
https://doi.org/10.1145/3240508.3240552
https://doi.org/10.1109/CVPR.2018.00562
https://doi.org/10.1007/978-3-030-01225-0_23
https://doi.org/10.1145/3412384

	基于图神经网络的行人重识别方法
	摘  要
	关键词
	Person Re-Identification Method Based on Graph Neural Network
	Abstract
	Keywords
	1. 引言
	2. 相关工作
	2.1. 行人重识别
	2.2. 图卷积神经网络

	3. 本文方法
	3.1. 全局表示学习
	3.2. 基于人体语义解析的图表示学习
	3.2.1. 局部特征提取
	3.2.2. 局部结构图的构建
	3.2.3. 图度量模块

	3.3. 损失函数
	3.3.1. 标签平滑交叉熵损失函数
	3.3.2. 困难样本三元组损失函数
	3.3.3. 联合损失函数


	4. 实验与分析
	4.1. 数据集
	4.2. 评估标准
	4.3. 消融实验
	4.4. 与当前主流方法对比

	5. 结论
	基金项目
	参考文献

