B0t 1M
2021 4E 1 A

B NMRFFH/CE RFF RO

Journal of Xiamen University (Natural Science)

Vol. 60 No. 1
Jan. 2021

doi:10. 6043/j. issn. 0438-0479. 202004035

—MHERUEREGRNEREIRIINGIE

WEZL, T ERY & AL, Fg%!
Q. HITRHAE R AR Rl BT 36100552, A4 Bi 8t 515 8 TRS5E . M A 364002)

FEEE . X STV 2 2 1 2 T RS R Bl = SR SR S AN R U RE D L LA B RIEREE ) — 7R R WURRAE AR
A5 SO A 0 U3 B4 Rf A TR B ) — bl 22 RUPE AR LR Ja8 A5 S 0 s RO R 58 70 R 4 B 65
BB JE PEAEAN TR RS T B AR E HL2 PR RS R FER S B A0 2 IR v, ZRAT 98 AL 52 TH A4 TR BE AR AIE 5 53 Sl 52
SUREAR R BRECS Triplet $51 pR AU H 2248 55 1) AR DEAL BR BOUH R A T 2 B0 5. 1207 R AE VeR-776 4t i 1
A SR AR W] < G R P 5 R 4 28 PRI T L P i vy 0 1) B o A 3R O T U T A TR 0 X

HIrk i RE.

FRERIA) . AR YU REHE BRI FUAE B 5 R A5 B AR RE

HRESES TP 391 SCERAR SRS A

B 0TI 2 0 L A 38 0, % E b 4 5 R B A
o BRER AN E A E R A LS8 2 e P BN
Z—. FURT R0 73 18 8% 5238 W 52 R G X A A iR
0l 2 R 1o PN S A R T Rk AR R A R
B R 5E LY 5 {ELTE 52 PR PR3 v A A7 78 R AR Sk
O3 BEAAR A AR R E L A R R S R O S 2L
 ENE R R R R U K 1 B AV I
WA T R FH A 32 S BT 2R3 TR 8 T AR, 424
FFUI A A R S R H R — A B
PGSR A B LGS /AR, BEAS X 3 — I P AR Sk
TSR AR E H bR 40, S B TGH MERG M G 2R 5 R
SO 2 0 A H A AN ) s 42 B4R Sk T % Iz H B Y [
AR B Y IE A0 I g D R R AT
i F L P E I A A S (B R ED N R
Prxt EVBR A0 A0 A [] A5 1) 208 5 B AR 45 10 23 B
TR 5, R 2 T BUR K G A W 22 S k. PR 5 H
b B BRGNP 531 [ 50 A 2K AR 2 S R VA ) 2 A
YU, HA Y — A E IR R SR I R IR AR Dy
YUY 2SS , RRAE 0 531 g 5k 55 4 5 )
PUIRYZE R

TEVREE A ] Tk g 1z i 2 07 E 2 ot

Wi BEA:2020-04-27 A HEH:2020-10-20

ESWE . HEARPIAEE4 (61876159,61806172,U1705286)
* IS5 4EE . zhiming. luo@xmu. edu. cn

SIS W FHL, BB SR, S RS R JE M R A IRk L] TR AR CA SRR RRD L 2021, 60

(1):72-79.

Citation: XIE X Z,LLUO Z M, LIANG S, et al. A vehicle re-identification method by fusing the vehicle appearance and attribute
information[ ] . J Xiamen Univ Nat Sci,2021,60(1):72-79. (in Chinese)

LE RS 0438-0479(2021)01-0072-08

T BT HRAS b 5 A 050 o 0 D P P 0 i R R AR
BCER 3 1Y B8 AR AT | S0 FHURE IE B G B R IX )
i), s Wy 45 F S 4R B4 A9 HSV Chue
saturation, value) Fl a5 (B = (LBP) -1 I 251 7 il
B BRI T8 Al BEIBCRR AR s 2R B2 56058 P
RGN B AT A X e ek 000 R B DX 1) 4 0 e ) 2 7
A SR AR AE R A TR G A OB A Rl 5 7
TIE S R JE I MR R IE 2 [8] () R B 3k A 743 21U,

Bt RIS 2 3 s A (R A A 4911 40 : VeRi-776
BAE AT VehiclelD $t#E 4 | Toy Car RE-IDM %t
PRAEFN VRICH HHin g . & Fh 5L R B 24 ) 1) 224
PR Al i 52 9 4 1. Liu 200482 1 T “PROVID”
AR AT 1 A A TR S BAE RRAE 5 T P R
S0 K W v i B AR 2 A A & Yan S50 R
BT AT AT S HESL BB AL 22 4 R AT AR
R CR IR T SCRy o AL/ ASFHALL”
K O HE R RS T 200 5 0 91 R HE T 7k i ik
Hu A FH 22 00 3 HE Py 20 ROk 52 A RS 0 4 A8 R ) e
Liu SE 4 4 AN 53 SCM R “RAM AR, i i

SR DX BURRAE 36 G R R, BRI T 40 L T 2B )
(RAFAE s Bai 261 (i FH AR —Jodl i A By ik, 350

A




14

WFHEA . —MRLG 2T Jm AR S 4 B ER B 7k © 73

2T S IRVAEARURI N T 2 X6 AR B IR 50 9 5% 080 Zhou
LRI P A 0 A BE AR S BT e g 3 3y R 2 4R
H4) 25 > DN R R A A BE PR 46 5 Shen 550 454 1
2GR I T — A PIB BHESL, HERR B AT i A D)
PRI AN [+ 2 A 1) £ AR B 0 A R LY 1 E R 2
s He S50l 3 Y Zh— NS 42390 0 A T 45 7T
PAE A B 25 40 5 BE 3 B9 Jas 8 DX S - i BURH I #)
R 12207 3% T LA 258 R P 2 40 14 = R 411 5 Chen
SO A A KO T T LA R R A SE 18 T 1) ) 4 B
AR T HB 3+ SR PR 3 2 138 23 A AR A T
Rl A5 AL B 2 SR RS L AR

R TIEIA —E AR BEUT S R T8
Pt IR B A I R 0 o ) 2 0 T R 31 A b T A
9 R A S A A R SR IR R A1 2 A L 3
REAZ I A B AP RE. AR 2 807k 2 R A THT
SR IPCAAARAL R = X S5 ¥ 20 1 B A 5 s
HIMRAGEIN 73 A RE S A A R DX e, i TN TR i
AR e Ah A TR B0 (0 B AN [R) 4 Y 1) 31
HA AR 1D, HFi 5 4R e A8 A A PR3 IR 2 R e
B WHIR R 2 (B DT L B L2 2B A, 4
RUNE Ry JE MEAR S A B A1 i) B 40 2% e 0, O i
ARG K X 28 8 R A5 B R B AR e A b T
S THAE TE U A MR R,

FETF I AR SO T — R 22 U RAFIE” 5
A AR A A U SR R, AR L
YIZRAY ResNet-50 Ay BT 19 2% B A2 490 ) S
A i 5 365 P 23 SR 2 S S B i 5
ZERUA G B0 J PEARFAIE | Jm) 055 B Ml 5 9 22 RUBE R 0L
AR s SR B2 B 3E RIS 7 20 1 B A 73 52 10
MEHEAT RS T T4 B AT 50 0 R 1 i R
R N 2R 0 B 2R 3 s TR — > 24155 H
BRI e RO B AT A T 2R 1T 2.

1 HERIFELS

ARSCHE T — AU 1T s A 24 0 ) ) 4%
B Z AR ¢ 5638 i — AN 7E TmageNet B4 % I #)
A TR 22 P 48-50 (ResNet-50) FH8 45 1 4 4 1L il
FRAE I 25 52 T o8 430 DAL Rl AR AE 1 o v 31 A3 4 B
PO LR EYERE £ o A 2 RO AR
FEE f ppearance 3 SR 5 FF 22400 J M ARR 11E & 1) 242 40 2 O
SAF LS B3 B AL 32 T A0 42 30 R AE ) i f, AR SGE
i — AN ZAE 55 PR R A TR LR B B IR 2 R
R (0,53 IS RN 42 A 43 2 1 S At EL AR P ke o 246 A A
SR AR G SR 5 i A 4 s A AL BRI R

otz ST
x T
e fE]| ]
[tz —
2 ! 3
e Lt | peiiE], O wennin
esNet- L = ’ ©
| EI’ | @
FHIES ) RE O @ st
i), SRS

[

So /KPS ] SRy R I
S 1) 10 Jo PRI 1) B

BT Rl 20U s P A 5 00 A B U 1 2%

Fig. 1 The vehicle re-identification network fused appearance with attribute information
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Fig. 2 The top-10 retrieval result of our method
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A vehicle re-identification method by fusing the

vehicle appearance and attribute information

XIE Xiuzhen"?,LUO Zhiming'* , LIANG Sheng', LI Shaozi'

(1. School of Informatics, Xiamen University, Xiamen 361005, China; 2. College of Mathematics and

Information Engineering, Longyan University, Longyan 364002 ,China)

Abstract : Although global features extracted from the deep learning-based model have secured strong discrimination abilities, they

endure lack of descriptions about local details. Besides, the appearance of the same car in different environments changes significantly,

thus increasing the difficulty of vehicle re-identification. Therefore,in this study, we propose a vehicle re-identification model which

integrates multi-scale vehicle appearance and attribute information. Due to the robustness of the attribute information in different

environments, we fuse attribute features into the appearance features to obtain an enhanced feature for accurate vehicle re-

identification. Finally, a multi-task loss function containing the cross-entropy loss and the triplet loss is adopted to train model

parameters. We conduct extensive experiment on the large-scale VeRi-776 dataset, and experimental results demonstrate the

effectiveness of our proposed method,which can significantly improve the accuracy and outperform most compared methods.

Keywords: vehicle re-identification; feature extraction;appearance information;attribute information;feature fusion



