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Abstract

An improved end-to-end license plate recognition algorithm based on DO-Conv was proposed. A
new Depthwise Over-Parameterized Convolutional Layer (DO-Conv) was introduced to replace the
conventional convolution to improve the effectiveness of image feature extraction and the accu-
racy of license plate recognition. The results show that the recognition accuracy of the improved
algorithm is 97.42% and 95.08% on the synthetic dataset and SYSU dataset respectively, both of
which are better than the end-to-end recognition algorithm using traditional convolution.

NEFIH: BB E, T, AN, BEL. T DO-Conv BSUk i i A MR HED]. THEAURE SR, 2021,
11(3): 588-595. DOI: 10.12677/csa.2021.113060


http://www.hanspub.org/journal/csa
https://doi.org/10.12677/csa.2021.113060
https://doi.org/10.12677/csa.2021.113060
http://www.hanspub.org

Keywords

License Plate Recognition, End to End, Deep Over-Parameterized Convolution, DO-Conv

Copyright © 2021 by author(s) and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0/

1. 518

I o R R VR ZE R A S PR B, 3R 7T TR s ) A2 0 A L g bRk 0K, B BEAC I R 4L 1 i BB TR JE Bt
ERR BN Ge B R A H AL 7, TN T EE AR E R AF R NS, EEL
W .

FESR ) W R R I T R 8 SE 7 0 B A, St — H AN =R BUR, AR5 (8 AR DL S 1]
RRAE BRI [2] A0 22 I 2% [ 3] 5 TR A BT FLEAT R0, K 35 A UG BRIl 45 SRy 20 & ke R (8 15 31 42
PRI S R e X VEAR KRR AR 7 7 7 AR 1, 7 ELAE U 00 B 55 0 R 1) 22 PR AR 2R 47
FEEL, HONACRAR. IER, HTHAKKRHES R8T, BIRME ML (CNNS) AR VF 2 2 BT L
P ) E S T BRI, a0 BG4y EANTE X A% HET CNN B ZE IR I S [4] [5]HHAH 4k 4 42
R, H TR U R B A 40 B S BUE RO 28 N IR R R, Li 558 N [614 42 R R0 i) /L& 1 — > 71 i
B, FIH CNN $REUE R IRRAE, SR51% N LSTM [7]M 48 $2H0 N SCRBME B, )5 FIH CTC [8]
R HAT RN R E T HIME S . Zherzdev S5 N[44 H —Fh J0 75 13 FH 28 A #2845 (RNIN) (1 5 B 5 A o
M4, HTPOERMEM TSR Zhang 55 A 10158 H— /i Bom Y, B #a@d CNN 58 BN ZEpi
IR, EESCHERI6] i 7 1 5 i

FIRFEF CNN 45 R R 1) 0925 5 BRI FUAS [ 14D X 4% 435 A6 o VR 3 HE R SR B S, A AT T AR S B AR 2
. HHUZE CNN RO EAR . (R, I ek o 1) M0k a5 1T LB 51 CNIN [ 1. — 2B ]
TEREGERIZN A 1R, XET77ET] DU s CNN FRHIE S ) fg 7Bk Z[11] [12]. IRFE
it Z#1k 487 13] (Depthwise Over-Parameterized Convolutional Layer, DO-Conv)Hi Cao 25 A3, A AR
5 CNN 7EVF 2 & AR 55 L RIPERE, WEHUE 5. KA 8. AR SCOB N T R TS+, 32
tH— P& DO-Conv )RR AR, HI T 5 T ZE MR AE S BRI A 80, AT 2 1 ZE R U TR AR 2

2. REESHULER

H5HEMERARE, WEEZH B DO-Conv £ H A R _EFm—AH T ik S8 41k
WRIEET . — M, I 0 2% s N 2 R 2 2 SR o o 2% 3 P58 T AR v I 2% F) 2B e
PETFIAZEPERE o ELRE A B AR 2 U P 4 S A A S I 22 i S . S U — A R AL 3
el ZHAE 2 )2 2 S ARG BU 5 v DA B9 R M 2. SRR fEHE R B AX
MR ZTEE, IR TSR . th4h, DO-Conv AU AS LARRTHAR A LA PERE, SEnT LUNER CNN
IR

WS SHACEREHINIE 1 PR WREERET o BB TIREER A D MHEAKRHLE P,
AR AL P = Do P o SRJE W B RUSTAT « N TH BN W AL P, A A 5 (1)
FHIEO =W =P’ o B, WSS TR N: O=W=*(DoP). fE& 14, MM N A
AR RI4ERE, C, NI B REIESL C,, N FEEEL d, = M x N NIREECER IR LA

DOI: 10.12677/csa.2021.113060 589 HENLIRE 55


https://doi.org/10.12677/csa.2021.113060
http://creativecommons.org/licenses/by/4.0/

i ﬁ/dmul‘.

1 rd !

i Cin !

- a i

: D i

: L] :

: U MxN

WEBR | ° :

- MxN E

i P

lcmat%?ﬁm :
._______._:__ ..... li_”__”_i___._‘\
/ /,dmul : dmul ! |

i / i :
|Cin jE % Cin —_— :
| L | —L Cout k v Cout ! ¥ Cout !
L A |

\ w P'=DoP O=W*p
BRI

Figure 1. Deep over-parameterized convolutional structures
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Figure 2. The flow chart of the proposed model
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Figure 3. The proposed model network structure
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Table 1. Fusion of CNN parameter settings for DO-Conv
= 1. B4 DO-Conv #9 CNN S¥1I&E

Type

Configuration

Input
DO-Conv, ReLU
Max pooling
DO-Conv, ReLU
Max pooling
DO-Conv, BatchNorm, ReLU
DO-Conv, ReLU
Max pooling
DO-Conv, BatchNorm, ReLU
DO-Conv, ReLU
Max pooling

DO-Conv, BatchNorm, ReLU

110 x 32 x 1 gray-scale image
filters: 64, k:3x3,s:1x1,p: 1
ki2x2,5:2x%x2
filters: 128, k: 3x 3,s:1x1,p: 1
ki2x2,8:2%x2
filters: 256, k: 3x 3,s:1x1,p: 1
filters: 256, k: 3x 3,,s:1x1,p: 1
ki2x2,s:2%x2
filters: 512, k:3x 3,s:1x1,p: 1
filters: 512, k:3x 3,s:1x1,p: 1
ki2x2,5:2x%x2
filters: 512, k: 3% 3,s:1x1,p: 0
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Figure 4. Composite license plate image

4. AREFRER

N T IR TR A AT BRI B R M RE, A SCIRAE T IR A SO R E SYSU [14]. SYSU i
£ KA T B 3000 KoK HE A B SR L A ERBFEA . BT 28O E RSSO S, SRR
A HyperLPR % ZERAIX 34T s r, eIl i 3671 kMg, b 2939 skl Tl %k, 4 732 kil
FIF

42 KB E

AR F RS S Pythony C++4n5, fiiF pytorch HEZLSEHL . HAMEEEFECE 41 Intel
Core i7-8700k 3.70 GHZ 12 #% 8G N 1£, NVIDIA 1080ti & F, 17 11 GB, ubuntul6.04LTS &%

DOI: 10.12677/csa.2021.113060 592 TR 5 R H


https://doi.org/10.12677/csa.2021.113060

P 2% | G 1) 5 3] 225 1e-5, FRBU(A] batch size 5y 128, HEEME ] RMS 4L 283E4T 04K -
4.3. VN IER
ARSCR IR AERR 2R (RA) [15] R VP4l 2 R R B R e, THE AR -
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Table 2. Comparison of structural performance of different models
= 2. TR REXTEE

TR B SYSU 4 42 1R ) e 2 A R S R T R
{5 FH S R R AR Y 94.81% 96.90%
AR 95.08% 97.42%
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Figure 5. Relationship between test accuracy and training times in synthetic data set
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Figure 3. Performance comparison of different methods
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