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Abstract: The vehicle re-identification algorithm based on deep learning uses filters with ambiguous spatial relationships to
extract features. These non-independent filters will cause feature extraction to be interdependent and redundant, and hinder
the model from finding potential patters in the data. To this end, an explicit vehicle re-identification algorithm ResNet group-
ing convolution (Res-GC) based on redundant feature regularization is proposed in this article. The residual grouped convolu-
tional network is used to prevent the mutual adaptation of features to obtain vehicle features with regular characteristics. The
batch normalization neck (BNNeck) method is introduced to solve the problem of the inconsistency of the vehicle feature
space applicable to the cross-entropy loss and the triple loss function, thereby improving the efficiency of the use of regular
features. On the public data sets VeRi-776 and VehiclelD for vehicle re-identification, the experimental results of the Res-GC
are ahead of the existing models, thus verifying the effectiveness of the proposed algorithm.

Key words: vehicle re-identification; grouped convolution; regularization; residual network

AR PUIEIARN T R RESSEESUIRA )T SEREEE R M. DU AR B A, SR
RN, MPETHA T E R LM AT A E ORI A BORMERE , 5 B s RO T 2k
GO SR, BT HSL s PREMBAE AT 2 B IEEE. Wk, b PAEB A S Rl —) R
WER B LB A e — IR E AL 55, BUSEAENE ARSI A [ A7 AE 3 ARLE , iR 25 4=
AR SR, BIADEIR AR LR IAR (553 ARSI L AHIRD, S804 i sy AR R SR B AR

Wi EHE: 2021-12-30; fEEHH: 2022-03-09
BEEUH: HRARBEELTIHE (61976156) ;5 KHTT AR 5135 H (20YDTPIC00560)
EEREmAN: £ O (1989—) , &, KEA, MI#PZ, wangyuan23@tust.edu.cn



2022 4 10 A

£ OB, S JETIURFHEEN AL R 44 U5k © 57 -

FRIEA LA BRI, DR, BEICE HAa He Mg
) GRS 423 B TR 55 E

it 5 TR P A 28 I 2% 1) R TR, TR 2 ) A AR e R
Z WA T EPIMTE S, TR B PRR
PEFIE R P ARAAE AR S A B R AR 2, 1 2
PR SR B IR DR . Chu EPIR I VANet
2%, W AH [0 A8 5 AN [RIRR A 1) IS 53 A 3L, S aek i
TS [A] N RS 23 (B4 2% pR AR, AT RE 22 b2y > 24
SRR, TR 5 A T R B B e K. Liu 250
P2 PROVID Jy i f— i U8 B 26 X 245 1
AR AR S, i AR B R R4 R AE
B, 7E27 ) 2R RHIE B[R] B 22 > 4005 R AE , A4S Ao
FRAIE L ZE R S0 8 5 AR TR B MR
L IR R R K REAR T AR R S B
Ji¥:. He %JF% T PNVR HESE, i1 —Fh i i
AR A IE WAL SRR OR BA i, ARG sl Al 2
SEREAIRE T, 3 1 IR RN 5 ARAE R AT R PR
MITUARFHE, #E— D4 T R R B e . 52
FE % A BIRL T — b T o A R S A 1) A R
AT, R AN ] DX A5 AN TR, I
AEPRHUBAY | DB H s A SR AR, D/ R 4 H
I TCARFHIE. 3R PR 7 338 2o B U B AR T AR AR
PRI T R RO 1 HERR .

IR A AR RS AR AR 2 (7]
T T LA R R IE A HE R R R ek, o
Uit 5 | SRR 2 o] A ARE S IV EAL e R H
KREZH0;7 8RR EUR & RS O R
TERIUA. BRFHESR U & S BRI 22 2] 21 (1)
FRIEA BCsm Y B 3 LR R, FRIE ARG R rhRR A B
T IV, AR FLEERRE B B AR RN TR, A kX
FRAIESR IO R T N AR B 5 28 50 B0 1L
W, FHAE SR AR TCAR LA ST AR BEME AR A 3T, 5
I AR AR AL — i B 22

FEXTLA b IR , ACSCRR H— A i S S IO E
FEIE AR A3 U582 Res-GC (ResNet group-
ing convolution) . 7EZFRFFFFEIRBN B , LT R b
2 M 4%, 8 o 21 G AR b 0 B 5 B R A T 40
A, AR HEAE B SE, TR
P ZR a1V 1) TE UV ZH K, AT AP <08 J2 I 2 1 AH
Kk, IENAETUAR RRAE , $2 5O L X AP ) A2 4
Tk, [R5 1A BR 22 45, ik D] I 28 % i i >R 114 1)
ZEIRAIR . TE SR BRI B, S fe i —ocdi ik
PR S8 SRR 5% PR S AR AR 2 [ e, 5
A BNNeck (batch normalization neck) 77" " 7E##}

I BREE R ARRAE Z [ E mt  Ud— b2, ffkse
4510 BREIOR = e L 101 2K eRBGE FH 1) 42 R AE 25 1)
AN—F Al FE R ER A R B, 5IAE
Hesgems ™, SR Al — 0 4 R A R TERE. S2062h
T, FEEWE R A ILEIEE VeRi-776 F
VehicleID I+, Res-GC 3% 9k R M REAL T B4 B
AL, BE T RE AR

1 JEEam

1.1 REVEKZeH

B 1 AR SCHR A ST TUARRAAE I D0 Ak 1) 24
BRI . R R B B, S AR
AL A UG EMGAR S, X A A G A T
BEMLEEER | B FUIH) ; 72 RIS U B, ]
S BB ERMZ M SR T4, $20E
WK A ZE AR A, [ B7E AR A SR U B 5 | A Bk 22
D265 5 LEL R SRR B, R — 2451 2K pR BRI 22 X
TR BRBGHATS40# 2], 51 BNNeck JiEAERL X
T PRECRT G AL A —AR 2, DD 28 XU 2k R
BOM = UL pREE FH A9 2 3R A0 25 (R A — 207
). TR T i b PR B 5 | A B HE T S g kAT
GEILA IR, 2D g A — A 4 ) B A = M e

W BRI [ Bk mik
a0 s
N NN IS A 11 P <
BE-RE> | @ﬁ@ e | = Nk
A Ej \@ § @/ (g | SRRl I
T ok R FHEL HHE,

B 1 AXHFERFIRNEBERZEN
Fig.1 Overall architecture of vehicle re-identification
model in this article
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Fig. 3 Block structure of grouped convolutional layer
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Tab.1 Comparison of evaluation results of different algo-
rithms on VeRi-776 datasets

S PN TETR/%
mAP Rank-1 Rank-5

PROVID 53.4 81.5 95.1
VANet 66.3 89.7 95.9
PNVR 74.3 94.3 98.7
TBE-Net 79.5 96.0 98.5
SGFDVIA 86.2 96.7 98.6
PRN 85.8 97.1 99.4
TransRelD 82.0 97.1 —
Res-GC 89.0 97.5 98.6
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Tab.2 Comparison of evaluation results of different algo-
rithms on VehicleID datasets

g PN R %
Rank-1 Rank-5

VANet 83.2 95.9
PNVR 78.4 92.3
TBE-Net 86.0 98.4
SGFDVIA 86.8 97.4
PRN 78.9 94.8
TransRelD 85.2 97.5
Res-GC 97.4 99.1
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Tab.3 Ablation experiment results of different algorithms
on VeRi-776 datasets

Jri TEN /%

mAP Rank-1 Rank-5
AU FH A SRR HE P 80.9 96.4 98.2
{URE FH Ay HAB TR 87.8 97.1 97.9
ORI EHET 81.3 96.8 98.3
U = a2 4% 86.0 97.1 98.0
VNI S E T ETES 88.9 97.0 98.3
A F BNNeck 774 85.9 96.2 97.7
Res-GC 89.0 97.5 98.6
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Tab. 4 Ablation experiment results of different algorithms

on VehicleID datasets
S TEN R %
mAP Rank-1 Rank-5
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Fig. 4 Top 10 search results in similarity in this algorithm
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