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Abstract: When vehicle re-identification models based on convolutional neural network perform convolu-
tional and pooling operation, it is inevitable that the global sensitivity field will be narrow and local infor-
mation will be lost. When illumination, perspective and resolution change dramatically, the robustness and
accuracy of vehicle re-identification will decline sharply. Therefore. the part coupled Transformer (PCT)
network for vehicle re-identification is proposed, which stacks multiple PCT blocks to build a
re-identification model. Each PCT block uses a part adaptation embedding (PAE) module to extract dis-
criminative local features and employs a Transformer layer to extract robust global features. Firstly, the PAE

that splits and adjusts dynamically feature map according to positions and scales, enhances the ability to
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capture local parts. Secondly, the self-attention mechanism of Transformer layers improves the representa-

tion of global features. Finally, the coupling between PAE module and Transformer layer results in an effec-

tive cooperation between global and local features. Experimental results on VeRi-776 datasets and VehicleID
datasets show that CMC@1/CMC@5 of PCT reaches 0.970/0.988 and 0.865/0.985 respectively, which is

superior to the comparison models

Key words: vehicle re-identification; Transformer; part adaptation embedding
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Wz 2 s, Hih, Baseline %678 PCT £ T i A
HARE, {CFH Transformer 2% > ZE 5 1) 4 R
?E Baseline+PAE /R fE2% ) 4 Jry FfiE i J6 4l 2k

P 148 0 Xk i R S AE R AE B 2 2, BIDRE 4 SR 45 Ok A

o .....
R — —— :

gl ;

| [ \ | | a- | (B9
N : = — | ~—

Jay BB R AR [ 28 BEAT 290 PCT R7R 7%
> 4 JRy TRy FRARFAIE 1) BE Al b A — AR S B AR

*2 PCT HRRIEMELE

7k mAP CMC@1 CMC@5
Baseline 0.783 0.965 0.972
Baseline+PAE 0.788 0.966 0.982
PCT 0.811 0.970 0.988

FH 2% 2 AT, PCT 76 A BEE 1Y S5 50 Hh B i
FERY FE BRI, 3 2 PR A AR S 445 455 78 AS Y
g2 o) WM Y 42 JRy R RN IX 40 B4 Ja) 30 3 1 A
Tk, B BEfE W & A s Rl & 1. LAk, PCT A1
Baseline+PAE 433 5 Baseline #17%f [, PCT FEiH
SRS EE S THA MR BE TR, HAE mAP, CMC@1
CMC@/3r BT 2.8%, 0.5%F1 1.6%. X4
Je R R AR AT R W ) A AE A B T4 v S U Y
FIAET.

T 25 UE B I 4 AR TR ) RO, AR SOHE
VeRi-776 a4 T RYER /> SE A5 R nl diAk, &l 3
fiw. B 3 A —FoRaERE A Al
10 %1132/ Baseline 1 PCT 4% AHAL BE 1543 HEF 09 AT
10 MR REERE. 20 EME A 42505 18 7 2678 1E Al Y 52
IZER, WV SR 2 S AR A & R 35 UAE
B 2 P R D 3 s S R I S B 25 IR, B S R A )
EHB A —BONE F. BB 3 WL ATHL, AT
h&%mﬁﬂ%ﬁﬂfwwA#%/%¢E@m
HE R L K F Baseline, {#115 Vehicle Re-1D F) & Fe 4
AR TER 2] T R IE T
3.3.3  PAE ORI (B RAE J7 15 10 52

A TR 5 H L ) SRR A (B 7 i 04T T
XFHLSCES, 25 R 3 Fs. Hr, WM E R
R XL = R A B 7 3 ARG B 3R T e 4B T ik
SR TE SR AR 2050 SR T T L2 P 97 1L AR = Uk 3

~N- -
B

K 3 TOP10 mJ ¥4k 2



1296 THA MU BT 5 BB 2222 i 35 4%
&3 PAE FERMEALE X a=p=1.0 W}, BRI PERES Bl HcfE. Fit, EH
i mAP cMc@1 CMC@s X AT il S 6 AR SCIE L a=p=1.0.
X AEZEE 0.778 0.957 0.974 3.4 S5HiMEER LT
e 0.811 0.970 0.988 BASCEE W) PCT 78 2 DEFH AT EELE
fi i 4 0.812 0.969 0.989 VeRi-776 Fil VehicleID - 5 HAlh Vehicle Re-1D {4

R ZEAR, R HE R, M 16 A
L A8 o A58 B9 X = A (L ) 330 00 R T Xk
fRAE. SO SCHE ORI (B R AR DT 1%, DL
e A ) TSR
3.3.4 KRB P AT S R

AR 45 % R R R S 1 2 RO e BOHEAT TX
FESCE, ARmE 4 pros. H, B5E «=0.0, £
RNER A =oed kR, B =0.0, Fom HEMT
2SI AR K.

x4 FEHSY oM pISLWERNFM

a B mAP CMC@1  CMC@5
0.0 1.0 0.726 0.949 0.973
0.2 1.0 0.755 0.953 0.979
0.4 1.0 0.771 0.962 0.981
0.6 1.0 0.785 0.967 0.985
0.8 1.0 0.796 0.969 0.987
1.0 0.0 0.712 0.947 0.970
1.0 0.2 0.753 0.951 0.974
1.0 0.4 0.778 0.959 0.977
1.0 0.6 0.787 0.966 0.982
1.0 0.8 0.792 0.968 0.986
1.0 1.0 0.811 0.970 0.988

M4 AT LU H, 25 R =Jnd i 2k mlise )
MR, BRI PERE SRR R, X Ul E R
ISR A ey P RE R BAS 45 T — Ju AL 2 A Sg U
PR AR LR, B B 2 Mt 2k pR B A7 B
TR ISR, PIH AF e R 2. 1Ak,
a=1.0 FFLLMIFE 0.2 ZUCH L g I {E, HER
REREE B AU RIZLHETE. K0, 24 p=1.0 B,
PIAHIR S Bk o, AERIPEREMRIH AT LAZ AP $2 7T

BERUHEATXF L, PR B R 4l an e 5 fdk 6 P,
3.4.1 7E VeRi-776 BU4E iR M

AR ZE LTI AE VeRi-776 Bidi g b VERE Ho#
W% 5 . 16 VeRi-776 Bil4E b, 2%, 5HAb
B FE TR O 25 AR RUA HE, AR SCIY) PCT W 5 455 750 o
THIKG B2 2430 43 HiAth Vehicle Re-ID R 2545 %1 PCT
BAS T e i) Map, CMC@1, CMC@5. X154 T
ARSCH) PCT ANMUAHA BG4 )5y (1IR3 Y, A figte
PRE VRGN R AR, LAk, S 38 N i AR
F1 Transformer 2 Z [B] AUFHG 56 R 0] DL ) 4 Rl s
E R AR AE 2 1) A AR B DG 2R, (A5 4 ey R A A
JRFRRIE BEAE A A P R A 1.

£5 TEIMEERILE VeRi-776 1B E M gELL %

[ 28 A5 A1 mAP CMC@1 CMC@5
OIFE!! 0.480 0.894

VAMIP 0.613 0.859 0.918
RAMP! 0.615 0.886 0.940
AAVER™! 0.612 0.890 0.947
PRN!! 0.743 0.943 0.989
PVENBY 0.795 0.965 0.984
TBE-Net!!?! 0.795 0.960 0.985
PCT 0.811 0.970 0.988

3.4.2 7F VehicleID ¥yt 4 by

S UE B BT 8 AR ()9 A, AR SCE PCT
TE VehicleID F 47 7. 3 6 Fr/n A VehiclelD
B SR LY 4 AT 5 M LT DCNNs 9
Vehicle Re-ID MZHAIH CMC@1 Fl CMC@S5
A hFR 6 WA AT, A SC W 41T A
VehicleID 800, 1600, 2400 K/ 3 A~ T4 |
BIAS TR m g . FeilEXF T VehicleID HE

#* 6 A REIMEIERIZE VehiclelD RS EMEREELER

- 800 1600 2400
CMC@]1 CMC @5 CMC @1 CMC @5 CMC @1 CMC @5
OIFE™ 0.670 0.829
VAMIP! 0.631 0.833 0.529 0.751 0.473 0.703
RAMP 0.752 0.915 0.723 0.870 0.677 0.845
AAVER™ 0.747 0.938 0.686 0.900 0.635 0.856
PRN!! 0.784 0.923 0.750 0.883 0.742 0.864
PVENE 0.847 0.970 0.806 0.945 0.778 0.920
TBE-Net!'? 0.860 0.984 0.823 0.966 0.807 0.949
PCT 0.865 0.985 0.826 0.970 0.825 0.963
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B R F8E, B TFEAMUAE TEZSEHE R,
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2RI = H T 1.8%, CMC@5 &t T 1.4%.
I, AHXHT PVEN, TBE-Net %53 T DCNNs # /¥ 4%
SR, AR SC 1) ) 45 A5 TR B 6% T 4 b i JEC A 2 R
M PE PRI, DT g EE R R B

4 % iE

ARSCHMW T —F PCT P48 A AU -t 7 i
P, HAMEEEET Transformer =T M %% Y Vehicle
Re-1D BEAY, 4 M S T % 28 0 1Y 42 Jr e ik 1 2
2. $EH PAE R, i@ A SN R F IR K, 1S
15370 BB A% B R 4240 X o0 M 19 R SRR R AR . 4
H R G HLE PAE AHCFN Transformer J2 #E174H
A, BEWE A= ) B 4 R AN Ry AR =2 1] () BRD R G
KF&, 1545 Fl s SR RFE BE 0% 58 A 2 kb P [R] T
YE. T2 2 REBRMER BHE 2L VeRi-776 F1 VehiclelD
I TR RS, EB T AR SCM LT PCT (1)
BB PE.

% cross-attention 75 BE AP 4 B UE 45
LR R R K&, KRFEF I cross-attention
A REAE XS FERE 1, 4 B Am SR 538 A B A e S5 )
G — WL S [ gE 1722 2, DIWi/> Vehicle Re-ID
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