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Vehicle Re-identification Method Based on Double-Branch Network Feature Fusion

ZHANG Xue, MENG Lingcan, NIE Xiushan
(Department of Computer Science and Technology, Shandong University of Architecture, Jinan 250000, China)

Abstract: The purpose of vehicle re-identification (vehicle reID) is to identify the same vehicle through
different cameras. However, vehicle relD is a very challenging task due to the large intra-class difference
and the large inter-class similarity of vehicle images. This paper proposes a vehicle relD method based on
double-branch network feature fusion to solve this problem. The method uses two branches and batch drop
block strategies to extract and fuse global features and local features for highlighting the intra-class
similarities and inter-class differences. At the same time, the method uses circle loss terms instead of the
traditional triplet loss terms and cross-entropy loss terms to construct the objective function. Extensive
experiments of the method are conducted on the two public datasets VeRi-776 and VehicleID, and results
show that its search accuracy is improved by about 5% compared with the existing methods, which verifies
the effectiveness of the method.
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Fig.1 Schematic diagram of intra-class differences and inter-class similarity of vehicles




470 R E B L Journal of Data Acquisition and Processing Vol. 36, No. 3, 2021

1 FDNetF %

1.1 MKEN

A SCHE Y FDNet J7 2510 I 48 25 M an &L 2 i s o i M 48 i Al P X KOsk RS Horh POl 4290
PG 26 0 (3t | KO B 2000 v ) 2 0 RS B Bk o 1% 455K FH RestNet=50 1 Ry 32 T I 4%, o &
B T RestNet-50 7E4 3.4 WY By T RAEERAE , I FAB Bl Ry 24> 40 S 2% A3 45 42 Jm) 43 S R R 8 43 32,
DLz B 2 B R AR B .

1

1

i

-G
1 1
— Bk 5

=/ { | | T

= : i e e e -

= ||‘i" e i

. A 1 | I

o | = |

ResNet-S0(3FI54H1 B i

: ﬂ*% S RERIA Iol_> mak ||

1

1

1

1
k
[ 2GR
Bottleneck

______________
________________________________________________________

€12 FDNet [ 45 25 4y
Fig.2 FDNet network structure

______________

TE4 R 3w, B e 4 R F ¥ 4k (Global average pooling , GAP) i ] F M ResNet-50 £ 4 [ Bt 4k
15 BRI T, LLARAS 2 048 HEAFAE ] & o SRS T I X LB FLZ ik H — 4k 2 R0 Re LU B0 pR 4L
2 L) 3 2 R OB A R AR ] B A AR B Sy 512 4E o fie S B G 512 AEHFAE 1] 5 AE S 42 JR REAE ) 4

FE Jry 853 3, B e M ResNet-50 55 4 B B4 B F# 1 18] i A 31 ResNet-50 9 Bottleneck 5 B 15/
e, W BDB 5 W 78 b Ab 27 v B B A5 B AR ] DX S8 0 R AE ] . 3% 0 3 P 9 BDB SR B 2 32 SCHR[ 13119 i3
R, AT LAAE A Ak B Sy Hi HB R AT ] i ATL 452 83 AR TR] A X3, DA 3 X £ DA G Al DX 382 2] 4 5 R AE . e
Mask & H1 O 1 1 B AL A= 1Y 5 4R A 1R /N A T B 46 B, - FLR]FH 3% Mask fE 18 482 B3 ¢ AF A% AR R DX 388
i LR 43 32 v Al i 4 JR dc Rt 46 ( Global maximum pooling, GMP) , 3% 4 K GMP 5 i 75 2 4 fe 2
AR T 0 I R 08 HRURRR 6 A 58 1 R AE . R O SRy H RO R SGTE E EA M  DXCR, Th
RAEZ A RHIE X B

R R Z AR B A HT R AR B K GMP T TR B AR 1 L AR B A 2 048 4ERFAIE ]
T Jay 8 43 S b Al F T R4 Sy 4 SOR [) 1) R e A B DL 3R AS 1 024 4 1) B, I8 HAE 0 R AR 1E o e
W54 Jr) 43 SORN JRy 08 3 S B4 AR AU 2 4 1R A 0 PG  RRAIE 1 d
1.2 Bf&EH

A% 3C FDNet 9 45 0t A6 H s R 50K T 81458 26 350, (] B4 1 43 S8 AT 55 L 655 2% 20 AT 55 2k Il 2k FDNet )
2% RAE T BA B X MR RRIE R R .

95 78 R BB A B REAE ] dt e, SEP R BIRE A R 2, , TBIRE AR Ry o, 38 o A 5% AR AL EE 20 (1) 1T B4
a5 e, Z 8] B AL 23 %8, 10 O s, 5 3 2 A SR AR AL B 20 (2) AR i a2 5 e, 22 1) R AR O3 B
IEH $,0
x-T,

= (1)
e 1< ||, |

cos (04)



KT F AT XMAHERES N EMERAN T % 471

X T

cos(0,)=— ——— (2)
e 1< ||, |
WS HEA 2 A B S AR LB A3 80 KA, 5 o A B S Rl AE U 20 80 LA, 0 i st i
1,2, JKFHs ,j=1,2, - LWBEBRI T . 22 LN
T = log| 1+ Eexp yal, (s — Eexp (sy—4,)) (3)

s ol Al R AR SR, o R S A s BB s AL R A, 53 5 Sk s R0 s B TR) B 5y S — A LB R 6
BAAL B e R . Hod ey, ), 4,4, L
o, =[0,— 5]
a{\:[-?]n*()n] |
0,=1+m0,=—m
A,=1—m,A,=m
b [ ] RRTE O BT IZ 54 00 08 o, i o) B8 M AR OB s, B ARAE ] O, 5L B AR 0 O, FF H O,<<
O, sm A o
I 2, 42 JRy R R 43 3 T 43 AT 55 RN RE o2 2 AT 55 i A R A R

L,=MT, (4)
L,=T, (5)
La=L,+L, (6)

L, Ly 53 530 D 4 Jd 53 SRRy 38 00 SR SR 2K 5 Loy 9 FDNet J5 36 B9 (ARG 5 T, T, 90 500 42 Jmi 73
S Je #B a3 S PP IR A0 R I 5 Ay, A, 300 O T, T, BOACHE, BUE S O 10 AR S i die /e 26 300, 9F 4
S 1) 4% 5 3 2 R A AL FDNet (19 9 2% 25

2 SLIGIGIE

A SO VeRI=776 MR VehicleID M YA A FF A A5 5 UM ECHE 42 E AT 9258, R FDNet ik 5
JLFh B AT J7 2 3R AT He 42 . S B8 4l Pytorch! "SIV B 2 o) HE 2R | 76 2% 47 Intel Xeon E5-2520 V4 CPU
(2.10 GHz) fINVIDIA Titan XP GPU(12 GHz) i IR % £ | 52 .

2.1 HIEEMIWIEE

VeRi-776 B4 4 J& 77 3192t B I 29 A 5t Pl AR 1 R e 776 AN TR 224 1 49 357 3k KR4k
X A AE N ) A4 5 ) AR S A 20 SR & I BR AL . o 576 1 421 37 778 SR IEMR H
F Nk, 200 55 42 19 11 579 5K E& H T I3

VehicleID J& 53— T 40k AT 55 10 R BB 5 o 1% 83 4 th 26 328 AN [R) 4245 i1 221 567 7
FUR AL AL . A EURER A — A 5B B Oy R X R 09 ID AR %5, A 10 319 4 4= (31 90 196 Ik %) B %=
W55 B . VehicleID $2 4t T 3R /NI F 45 o /N v 78 760 R 4 43 ) 4 45 800 4K
1 600 45 F1 2 400 48 4= 4 15144

AR 3C K5 92K F ResNet-50 7E R £ T R 4% . H AR UG, F7E ImageNet 4035 45 F 11211 25 9 AL = 41
i 4k ResNet-50 H1 (19 )22, I HH Kaiming W 4L 0 T 09 )2 o XF T4 A BSR4 SO VeRi-776 %4l 5
[ R I #8256 18 3 X 12818 &K , VehicleID ¥4 48 vh iy R #8 Ty 256 18 3 X 256 13 K SR Ja 1l 2%
o BB ATL K - 0 5 B B ML B 21 45 — R BRHE 3G 5 07 1 o 7E VeRi-776 i 4R el ik b 2 0 KNk
B 128(P=8,K=16), £ VehicleID ¥4 £ h & & 96 (P =24, K = 4) . ¥ BDB Ay = B AL E 1Y
BEBR L E N 0.5, 8 ] Adam D46 25 220060 45 HEAT 160 58 1 U1 25k, B0 16 k2% > 58 0.001 ; 7E 55 40 58 F0



472 R E B L Journal of Data Acquisition and Processing Vol. 36, No. 3, 2021

5 805 Z IR BB AT Y + 40 2 — o X T RIR S HORAE LR SE 30 Z S5 02 19, LE By o
64, FABII 5 m 4 0.35,
2.2 EEEMR

K RAT 55, 38 F S 5 85 JE (mean Average precision, mAP) #1 2 B UL fi #h 28 (Cumulative
matching characteristics curve, CMC) I EARIFAN B2 09045 o I LA SCH 2Rk T m AP A CMC X Jifr 2
T AT o A SO Y mAP 2 i A A i) [KHECT 2R BE (Average precision, AP) V- 218, & L h

SYP(R) X 1(R)
AP= (7)

P em o 8 TR B B H 5 N R e 2 v IE A B RIS B BCRE s P (k) R R R 45 SR S RO HERR 32 52( %)
R AEBR PR, S5 e R DB IR, 2 (£)=1, &N £(£)=0, W mAP [} 5E LK

Q
> AP(g)

mAP= "' Q (8)

b Q M I EME 1Y B B .
CMC i £k [A] #E 0 F T 3748 7 3k i vE B0 , 3% il £k AR R rank il 28, rank-1 B R 5 — ¥R 4 7, rank—4
RIA 2 ek LA i, CMC & SCH
Q
>glq. k)

~ ~@p— 1 1
CMC@#k —a (9)

3o B S g 09 BB FR S R AE rank4 2 1T, g (¢, £)=1, 75 g (g, £)=0.
2.3 ZWERMHMH
2.3.1 VeRi-776 534 R 547

FE VeRI-776 BHa 45 T AL T AR SC FDNet J5 i A 8 F B AT J5 ik A ME g L A0 95 56 90 SRS i 1 52 )
22 W0 s AW 1 VAMIY i it 24 8 3R 3 35 PROVIDE! | I g 0 3 B 455 80y 3 RAME® | g
JE 1] VR B 2% 2] FRAE J7 75 QD-DLE ™ WU A2 [ 35 I v B ) BE A J5 1 AAVER' A0 2 IR0 ) 45 7 v
VANET %), L2 55 9 2% J7 7 BDBNet! ¥R B & B 2 AT 55 2% 2 ik PAMTRIZ , SCgG 25 S an e 167
AN EAESE SR ARLR WoR o e, B T AR SC FDNet J5 35 J2 76 1 5000 45 B 3T AR R AT 55, JIr LA T LA fili
FORHHE T A9 RK SRS 2542 2 mAP R PERE .

2 180T LA B, AR SC FDNet J7 ¥ 19 mAP fl rank-1 45 B 08 F H At ir A 69 5 5, T rank-5 k5 &
{Z L BDBNet % 0.5% . 7€ =B HEF Z 5 , mAP ¥ i 7 2% , rank-1 K5 JE 84 i T 2% , rank-5 45 )& % A
Ak

A FDNet 7776 VeRi-776 %4 5 E A nl P AL 25 & 3 B n o B 3 Bon T M 14 42 i) % oh
R 22 B T 5 A MG, IR G A8 €0 R0 21 60 4 590 38 A 080 ZE 3 U 5 A 0 22 9 VR LA A TRD D 1Y) 42 4
PG AN 5 ) 42 405 [EUR B R [R) ID 19 4250 B T 13 912 el 38 ), B J — 9 o R W 3 491
2.3.2 VehiclelD % 32 £ 547

#£ VehicleID 505 4 b H# T AR SC FDNet J7 365 7 FBUA J7 ik A9 PR B L 6035 « IR B A AT I 5 24 21 O
12 DRDL'™), VAMI J7 170, 51 27 B HE Jy 5 6 W B 0 0 9000 38 ) I 4% 7 1 TAMIR'™, AAVER 7
%151, QD-DLF J7 &%), RAM J5 ¥ 2R3 2 1 W Ak 5 42 )5 15 PN, X F VehiclelD #0454 , K ok 45
A i) R B T A LA GRS IE B DT IC , BT LATE VeRi-776 %54l 4 vh i I 9 RK SR B AR 18 H T Vehi-



KT FATRYIAMEHIERESHEMERAANT & 473

K1 AEFHEEVeRI-TICHIBEE FHMTHER

Table 1 Results on the VeRi-776 dataset using different methods %
Ik mAP rank-1 rank-5
VAMI 50.13 77.03 90.82
PROVID 53.42 81.56 95.11
RAM 61.50 88.60 94.00
QD-DLF 61.83 88.50 94.46
AAVER 61.18 88.97 94.70
VANet 66.34 89.78 95.99
BDBNet 70.20 93.70 97.70
PAMTRI 71.88 92.86 96.67
FDNet 72.58 93.90 97.10
FDNet+RK 72.78 94.10 97.10

3 FDNetfE VeRi-776 ##i 4 - i) n] #2553
Fig.3 Visualization images of FDNet method on VeRi-776 dataset

cleID Bdi 4 o AR 7 48 VehicleID 3086 48 b 5230 45 R AN 3R 2 BR , 45 R IR B . W LLE
H, AR ¢ FDNet J7 #: 78 VehiclelD = A4~ [\ K /N 03K 42 E B rank-1 F1 rank-5 K5 & 400 F H AL BT &
Tk

*2 AREFHETE VehicleID HIFEM KW E R

Table 2 Results on the VehicleID dataset using different methods %
c SN T A T4 KT 4

ik rank-1 rank-5 rank-1 rank-5 rank-1 rank-5
DRDL 49.00 73.50 42.80 66.80 38.20 61.60
VAMI 63.12 83.25 52.87 75.12 47.24 70.29
TAMR 66.02 79.71 62.90 76.80 59.69 73.87
QD-DLF 72.32 92.48 70.66 88.90 64.14 83.37
RAM 75.20 91.50 72.30 87.00 67.70 84.50
AAVER 74.69 93.82 68.62 89.95 63.54 85.64
PN 78.40 92.30 75.00 88.30 74.20 86.40

FDNet 80.90 95.50 78.10 92.90 74.20 90.40
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2.3.3 B ER GRS
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Table 3 Results of circle loss term on the VeRi-776 dataset %
7k mAP rank-1 rank-5
FDNet-OR 59.00 87.6 94.3
FDNet 72.58 93.9 97.1

% 4 VehicleID ##E % F B3R K TR HEREXT L 45 R

Table 4 Results of circle loss term on the VehicleID dataset %
JNHRL T4 rh AR KAEF4E
WIRPS
rank-1 rank-5 rank-1 rank-5 rank-1 rank-5
FDNet-OR 69.1 85.8 67.4 80.5 65.2 78.3
FDNet 80.9 95.5 78.1 92.9 74.2 90.4
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Fig.4 CMC curves on two datasets
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