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Local-features and viewpoint-aware for vehicle re-identification

He Xiaodong, Wang Chunyan,Sun Hao,Zhao Yiwu

(School of Opio-elecironic Engineering, Changchun University of Science and Technology, Changchun 130000, China)

Abstract: The change of vehicle view may affect the accuracy of the re-identification algorithm. To solve the influence of changing
viewpoints on the accuracy of re-identification, we propose a vehicle re-identification method based on local features and viewpoint
perception. First, a parsing module is trained to parse a vehicle into four different views, front, back, side, and top. In this way, the
fine-grained representation of the vehicle is improved. Then, we intrduce a vehicle viewpoint-aware network. The output of the network
is the predicted probability information of the viewpoint, and the vehicle viewpoint perception effect is dynamically and smoothly
represented according to the probability information. Finally, the viewpoint-aware effect is used to assign different weights to each local
area of the vehicle to shorten the intra-class distance, expand the inter-class distance, and reduce the impact of viewpoint changes on
vehicle re-identification. This method is evaluated on public datasets, including VeRi776 and VehiclelD. The accuracy of mAP on
VeRi776 dataset has achieved 80.9%. Experimental results show that the proposed method can effectively improve the accuracy of
vehicle re-identification. Ablation experiments demonstrate the effectiveness of the viewpoint-aware smooth representation for vehicle re-
identification from multiple viewpoints.
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FIT A WA, X e Sl i B R B AR
REPUINES EMNEER ST Z N AEEERRR
S REAR A RS A4, TR HT TR BB A5 45 FT B AR AR ER L 4
BEE AL SE DI R BRI K Jie B BB AR AR AR . AT R TR BOR AR
G AR R E SO el RGP BOCTE RMIZER/NIZE N 2E R, /NI S TE] 22 S v IR i R
XS, AN B AU S RO AT B RS AR TR G LT A AR AL, R 2N 22 S el T
W, ARSEREE RO SRR O YU BRI AR DL IR A R AN SR

0 3

T

Wk H #7.2022-05-04 Received Date: 2022-05-04



178 & L £ ¥ W

43

BEXTZEIA) 22 S /NI B0, SCRRL S ] 2 4 17— Fh X ds
TRIE BN Y ( region-aware deep model, RAM) , A [] i
PEIA SR FAE AR EBARAE . 256 22450 1D RAVFnE @l
SRAEAL R T H A 7 0 4 R R AR AR AR . B
XN Z2E S R A0, SCHRL 6 ] 32 11 1 —Fh Al B T
BT Z A HEBRAEAY (viewpoint-aware attentive multi-view
inference, VAMI) , VAMI g4 B0 AT A MG R IR
PUARFAE | 2R AL R J RS R SR B AN ) R A A0 X
B, FAE X BN A 2 S A RRAE . VAMI 5 7 B
SRIHF (AT T 22 WA 0] T 4 0 e UK 2 1 52 (HL
TR A T A A X BT B 4% (generative adversarial
networks, GAN) , i GAN TFAE Y e ANFe0E BR BE T 2%
OB AR, SBR[ 7 ] 4 1 — i oBE T M A 1 4 Uk
Fi A R 4% 5 AU ( parsing-based view-aware embedding
network for vehicle re-identification, PVEN) , PVEN i [
FAARE PR 28K 250 5 Ry 4 A ST B AL B S 3 4 - 3t
AEXTFEAFAE , Sy ] ] U D8 4= 40 1R P13 AN T] /)
HYAER , fift ok G A0 f 278 )@, PVEN BURTE — & 12
JE bR T E U B BEAR T A Al X E P 4

SR, (R AR B I S, AL A B 3 [
A DL AR/ NI AN RESE 2 3s LA - A
N TARTHEZ AT DA E R B AR SR T
— B PHAR A VN SR AR 38 o (P AT
BRBRAE -1 AN [7] Py B RO A, A B VA 14 R A 93
MR . ARIFESE R IE R 42 R 03 3Lk AT ZAL 55
W2 AERRLAE o) BB H PRI YRR . )5 456 AT
AR R SERIE ] 10T IR A R

1 FEEREIRR WKL

AR SC A AR YR 00 W 45 E K 43 R 42 SR 43 S 5 R 4%
S, HAp R S A R AR EASTHRR R A5 B SR B,
B s, TEINZRBY B, 4R 4 S0 4 R R i A 2 4
5 ID Loss M4xJm) Triplet Loss™ o &84 32 v i =y 35
FEAE R A B A JR SR AR AE , 55 00 A SRS B i ) 17 40
T B R JR5 3 Triplet Loss, 7B iiF B BE , ¥ 4> Joy 4o
1F5 R AR T PR B4 B 42 L AR N A Sy J5e 26 2 47 )
AOARARL P B S

/ ( .- - \\\
/ | : \
/ GAP BN FC N \
,' — — — \:
| | : :
! I !
| N e - !
: P i i e e e et e — \» :
! !
I : |
= Sl G |
I p ) ——+ U-Net - | J :
_—___] i
l - | |
| - — _ |
| N T RIREAR |
T Vo T |
i B e e e e o e e o e e e N :
! 4 i !
! ! ! |
! ol VM ! )
! !

. Camsamn wimwE /

BT e R R 2 4 A

Fig. 1 Network architecture of vehicle re-identification
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Fig.2 Semantic segmentation example
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Fig. 3 Viewpoint-aware model
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Fig. 4 Results of vehicle re-identification
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Table 1 The performance of methods on VeRi776 dataset

VRS mAP cMc@ 1 CMC@5
GoogleNet[ 19] 0.170 0. 498 0.712
FACT[ 15] 0. 185 0.510 0.735
PROVID[ 20] 0.278 0.614 0. 788
OIFE[ 21] 0. 480 0. 894 -
RAM([5] 0. 615 0. 886 0. 940
VANet[ 22] 0. 663 0. 878 0. 960
PRN[ 18] 0.743 0.943 0. 989
PVEN[7] 0.794 0. 956 0.984
VAT[ 23] 0. 804 0.958 -
PVM(A3) 0. 809 0. 961 0. 986

£ 2 FEFHIETE VehiclelD ¥iE%E LRI
Table 2 The performance of methods on VehicleID dataset

Small Medium Large
Trik
CMC@1 CMC@5 CMC@1 CMC@5 CMC@1 CMC@5
OIFE[ 21] - - - - 0.670  0.829

VAMI[6] 0.631 0.833 0.529 0.751 0.473 0.703
RAM[5] 0.752  0.915 0.723 0.870 0.677 0.845
AAVER[24] 0.747 0.938 0.686 0.900 0.635 0.856
PRN[18] 0.784 0.923 0.750 0.883 0.742 0.864
VAT[23]  0.845 - 0. 805 - 0.782 -
PVEN[7] 0.847 0.970 0.806 0.945 0.778 0.920

PVM(ZA3L) 0.849 0.976 0.811 0.943  0.780 0.904
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Fig. 6 The Result of Vehicle re—identification
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Table 3 The model validity verification

YIRS mAP CMC@ 1 CMC@5
baseline 0. 726 0.925 0.963
Global 0.775 0.958 0.983
Local (PM+VM) 0. 767 0.958 0.982
PVM 0. 809 0. 961 0. 986

HA baseline 1 %2k, F ResNet50 #2204 /45
HE A AE H ID 52k s L, $E4TYI1%%, Global /R4 R
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Table 4 The effect of A, and A, for query

Ay A, mAP CMC@ 1 CMC@5
1 0 0. 784 0. 952 0.973
1 0.3 0.795 0.959 0.983
1 0.5 0. 809 0.961 0.986
1 0.7 0.798 0. 960 0. 986
1 1 0.768 0.957 0.972
0 1 0.726 0.915 0. 964
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