http: /www. jsjkx. com

DOI:10. 11896/jsikx. 210300128

St A 2
COMPUTER SCIENCE

Z 5 XM %EREITABIR5

E—E XER #HH
ARI L AFIHAENEFEEFKR 4B 230031
(elsa_kf2016@163. com)

H E ¥4 ABELARFEALE LS AR SFAFTRS (re-identification) 4R AN L AW EE Mk FE, AE L 24 B4
AHEHEIFREERTIEAMBEELGER KNMIZEHFAZE. I FTERSAERIN B INALIRI L2 EHNE,
Aot P L PRET AKX BHFREEFLRLES AL ARG LRTRINBFREFINT . F ST 05K
M % (Multi-orientation Partitioned Network, MOPN) ,#Z M H 3 A5 %, — AR TRERAHHFIE. HAAR TRERHIFIE, Z
FERIRENFREZLE . MRAERRAGAHFR > LN BRER T TR ELAT OO AL TRELFELEL . ARFIREAY
B3R £ R, £ Market-1501 ,DukeMTMC-reIlD,CUHKO3 Fr 35 45 & & # 40 48 5 SketchRe-ID L #9424 5230 & 0, % 5 ik 44
B R TR st b ok, A& AU fo S 1,

KBRATAFVRANREF T 55 LM% RIFIE; & R 4FIE

FEZESES TP391

Multi-orientation Partitioned Network for Person Re-identification

TANG Yi-xing, LIU Xue-liang and HU She-jiao

School of Computer Science and Information Engineering, Hefei University of Technology, Hefei 230031, China
Abstract Combining global features with local features is an important solution to improve discriminative performances in person
re-identification (Re-ID) task. In the past, external information was used to locate regions with corresponding semantics, thus
mining local information. Most of these methods are not end-to-end,so the training process is complex. To solve this problem,a
multi-orientation partitioned network (MOPN) is proposed, which can effectively mine local information and combine global in-
formation with local information for end-to-end feature learning. The network has three branches:one for extracting global feature
and two for mining local information. Without relying on external information, the algorithm divides pedestrians’ images into hori-
zontal and vertical stripes in different local branches respectively,so as to obtain different local feature representations. Plenty of
experiments conducted on Market-1501, DukeMTMC-relD, CUHKO03 and cross-modal dataset SketchRe-ID show that the pro-

posed method has better overall performance than other comparison algorithms,and is effective and robust.
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Fig. 2 Multi-orientation partitioned network architecture
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PCB-+RPPL) 93.8  97.5 98.5 81.6
pcple! 92.3  97.2 98.2 77.4
ok

%jt F{, ' GLADM 89.9 — — 73.9
R 1tiScale 2t 88.9 — — 73.1

235 MultiScale .o 3.
PartLoss 1*] 88.2 — — 69.3
MultiLoss" %"’ 83.9 - - 64.4
GP-reid 267 92.2 97.9 — 81.2
DML 87.7 — — 68. 8
%$éﬁ. Triplet Losst'" 84.92  94.21 — 69. 14
R ANC28) 82.81 — — 63.35
25k PANTE . 3.3
SVDNet-?%) 82.3 92.3 95.2 62.1
SOMAnett3" 73.87  88.03  92.22  47.89

T HVHL T O S 81 £ B £ 18
4.5 TEHIEE DukeMTMC-relD FHLIE &R

TEBIREE DukeMTMC-relD b (95256 45 Rk 3 By,
Al LA ) MOPN A e HoAt 7 1 B T 5 i 19 S 56 245

% 3 fE DukeMTMC-relD ¥4 45 I i 5230 24
Table 3 Experiment results on DukeMTMC-relD

CRLA 2 %)
A Rank-1 mAP
MOPN(A& X 7 #%) 88. 04 76.22
MOPN w/o Part_V  86.56 74.61
MOPN(n=4) 87. 88 75. 96
GP-reid! 2% 85. 2 72.8
Manes-*1 84.9 71.8
PCB+RppL 83.3 69. 2
pcBH 81.7 66.1
GSRwE! 80.7 66. 4
SVDNett? 76.7 56. 8
PANL28] 71.59 51.51

Ve IR P o 90 19 B O (6
WA R H 4y 1) MOPN 5 MOPN #f [t . Rank-1 [
T 1.73% .mAP FEAR T 1.61% .31 B 5 1 R 43 3 part-



B — B A5 275 ) 43 X 46 45 4 1 4T N TR

209

VAT MR IA B U WS TR . A K RIS B
O33R 4y A4 By MOPN 5 %043y 2 iy MOPN A1 L,
Rank-1 AKX T 0.16% »mAP FEME T 0.26% , 0] LA &, 3 Jm
U 2% SOOI T A5 700 0 B O 4, HL 3R O R TG S SR 2 4R
FOUWEERL . MOPN 5 FU # ) % 43 BUR) & X 381 PCB AH
Lt v Rank-1 Fl mAP 4354 T 6. 34 %1 10, 12 % B9 T, AT LU
F 7R SRR A 40 S B SR R I 8 4 R 40 S AN R
Oy ST Sk T R TH, MOPN w/o Part-V #f It PCB,
Rank-1 F mAP 7354 FF T 4.86 % 1 8.51% . 0] LI 4 i &
S NHERRIART R AN AR SO E 5’ PCB
PERE T 4 1) PCB+ RPP M I, Rank-1 % T 4. 74% , mAP
PR T7.02%, AT LLE M, & PCB i &, A 3¢ 7 ¥ 76 Duke-
MTMC-relD F4&F + 431 &, DukeMTMC-relD #% 45 52 #1
B A, HAZ B0 4 vh 22 % BR[04 AT A 8 AR
LN AH ] B 13 (47 A B R 22 18] 22 S AR K918 B . Bk Duke-
MTMC-relD 2 % 47 A P 3550 AF 55 1R A $k iR 1 09 204 46
MOPN 7EZ 846 45 T Y R R BEN] T4 3007 3 0y 8 Bk
4.6 TEHIBEE CUHKO3 FHISIRER

ERAE S CUHKO3 Fiy s Rk 4 irgl, ml LI
MOPN % HAh 5 2 BURR T S ) SE 3 45 51

F 4 8 CUHKO3 B4R 1 iy 92 0 45 5
Table 4 Experiment results on CUHKO03

CHL7 2 %)
A A Rank-1 mAP
MOPN( A& X7 #%) 67.71 66. 85
MOPN w/o0 Part_V  66.00 65. 97
MOPN(n=4) 67.42 66.49
GoGL! 67.3 —
MB-DML 65. 04 —
PersonNet[3%] 64. 80 —
PCB+RPPL! 63.7 57.5
DNS[SG] 62.55 _
Ensemblel?7) 62.10 —
GatedSCNNE?S! 61.80 51.25
pcB-Y 61.3 54.2
SVDNet!?? 41.5 37.3
PANLZ8] 36. 29 34.00

< IR e i O 1

WA B B 4 S B MOPN 5 MOPN # [, Rank-1 [
T 1.71% ,mAP FEAKT 0. 88% i bt B Ja 35 ¢ B 43 32 % K4
HAHBEMBREFAWAER. BRESES TR 4 3m
MOPN 5 %1434 2 B MOPN i ko , Rank-1 FA% 70.29% ,
mAP FEET 0.45% . 45 K80 . 7T LLE i 2 1 5 K IF A g
AR AT () R B, BT 3 8 0 VB A RIS R A G
MOPN 55 FUF 8 1] %] 43 5 J5) #8 X 38 i) PCB A8 Y, Rank-1 Fl
mAP 5y A5 6. 41 % 1 12. 65 % (42 55 . 0 B 42 Jm) 43 S 0 i
BRI B4 SO BB R ) 4R F MR A . IR RS . MOPN 5 #: g
ti:F PCB #y PCB+ RPP #ltt . Rank-1 2% T 4. 01% ,mAP
PE T 9,350 A .
4,7 FEHIEE SketchRe-ID FRYTLIE £ R

5 N TR 4 i A 1 E A ER R . TR
P45 22 T XU 728 8 R B DA Sy S 3R IR AT TR S IR A 1Y —
T 43 o PN it DA o 22 i XA o BE AL 3/4 AT U5 4 30 T

B 1/4 FET I, LA o T R A [a] 2 XU RS 0F 52 56 45 R Y

R

F 5 BRAR Ly XU 3R A 1A B

Table 5 Numbers of sketches of each painting style
2\ R A & I % & s g
(a) 46 35 11
(b) 20 15 5
€9} 79 59 20
(d) 33 25 8
(e) 22 16 6
& 200 150 50

1E SketchRe-TD ¥4 5 A S2 B0 45 R 13k 6 gl . Trip-
let SN 2B TT T T2 Wy i B2 18 U0 1 I 2%, 58 AT AN TR R
PRBOGH G R SR 5 M R IO AT NG - T AR R
% A Triplet SN, GN Siamese &# P> GoogleNet™" 43 37 [
W 4%, 2 A Y A) 2 o A [A)  SCA ] A AN R TR 3. AFL Net
P T — T B SR I X BT R AIE 2 2] B R R 2 2T AT N B Oy
AR RIS AR A B AE . DIFL Net A3 fill 25 44 3 — 4 = 04 4
2%, 38 I Al A TR B 2 I 4% B TR R AE T R AE R R
T 45 R B

% 6 TE SketchRe-ID 4 5 1 52 50 45 1

Table 6 Experiment results on dataset SketchRe-ID

BT %)
CMC
#A —
Rank-1  Rank-5  Rank-10  Rank-20
MOPN 53.0 68.8 80. 0 94.2
MOPN w/o Part_V 50. 2 66.5 77.0 92.4
MOPN(n=4) 52.6 68.0 80. 4 94.0
DIFL Netl ! 49.0 70. 4 80.2 92.0
AFL Net!?3 34.0 56.3 72.5 84.7
GNSiamesel*! 28.9 54.0 62.4 78.2
Triplet SN'*2) 9.0 26.8 12.2 65.2

i« DR 4 4 90 9 B A1 i
MR 6 B LA, A S0 T7 vk 5 % TR AE 2% 2 4% AFL
Net AL, Rank-1 55 T 19% , % 4b AFL Net 578 Mar-
ket-1501 1 I 25 2 Bk 245 $al %k 71 R AIE 27 > 485 B 9 A2 0 38 4
SRJG1E SketchRe-ID b il . T A% 3C 7 12 52 vt 3 0w 1) » & T3
Y. ARICTTEE S JLAY H T HE 0 3UOR B FRAE 4% 3] W 45 DIFL
Net # 1t Rank-1 #8745, SLH0E45 R R W], A SORERY 7 5
A R AR SketchRe-1D L [RIBER BT VLT T 48 S
RURT DL o] AT B A A S AS A8 VR 28 e G R AIE L 7 B B B d
£ PIRSRL R R BWIE I T A SO R &Pt 52 1 ak
HERIE AL T M Z 0 RENE—ZT7
] 43 DX R 2%, F T 2EAT AN FRR T 55 h 2% 20 A X 43k 1 R AiE
TR o AR SCBEL I BN 43 SCH IEOR TR /9 0 43 05 e > 2 R
R DX AR R R . IR T W L S KT 4 FRN R L A
FN W RHAE 22 80 1 1 R R AT L 58 4 2 il B 19 2 2 L, RBIA X
o AN LA AN T A R A L R AR MK EE ARG B . L
S5 F ], A SCH B AE W AT TR 5 BE 4 Market-
1501, DukeMTMC-relID Hil CUHKO3 F# B 48 T 4 F xF kb o7
BRI IR AL B S U )2 B N TR 5 R, AR
SO IR AE BB Z AT AN TR BI85 4 SketchRe-ID A
LR AR X AE R R R T I S B R AR R
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