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Abstract: The vehicle identification code (VIN) is of great significance to the annual vehicle inspection. However,
due to the lack of character-level annotations, it is impossible to perform the single-character style check on the VIN.
To solve this problem, a single-character detection and recognition framework for VIN is designed and a weakly
supervised learning algorithm without character-level annotation is proposed for this framework. Firstly, the feature
information of each level of VGG16-BN is fused to obtain a fusion feature map with single-character position infor-
mation and semantic information. Secondly, a network structure for both the character detection branch and the
character recognition branch is designed to extract the position and semantic information of a single character in the
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fusion feature map. Finally, using the text length and single-character category information, the proposed framework

is weakly supervised on the vehicle identification code data set without character-level annotations. On the VIN test

set, experimental results show that the proposed method realizes the Hmean score of 0.964 and a single-character

detection and recognition accuracy rate of 95.7%, showing high practicability.

Keywords: convolutional neural network; weakly supervised learning; scene text detection; scene text recognition;

vehicle identification number (VIN)
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DIHESE EAST, ASCAVEKI Hmean {HA 0.125 1942
Ths AR T 25 Ml SCARKE N2 CRAFT Fl TextSnake,
Hmean {43514 0.203 F1 0.05 32T, X THBIREL
CRNN, VIN iRAEEH 16.8% AR T, S2ub45 B0,
SO PHEZR SIS /2 7E VIN BRI RS2 A5 Y
PUIPRG B LA T A ik, i HL T DASEEG,
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1 BRwFxatsrstik

Table 1 Comparison of different algorithms

Methods Recall Precision Hmean Accuracy/% Speed/(f/s)
EAST 0.832 0.845 0.839 — 17.3
TextSnake 0.957 0.960 0.959 — 18.2
CRAFT 0.761 0.761 0.761 — 8.4
CRNN — — — 78.9 30.2
Ours 0.964 0.964 0.964 95.7 8.1
AT RIRGLN . RERERYREMR, SERRAS SRR [ 1 RS B X T AR

SEHR T AR VIN BIIAE B, XFEG T PSR X
BRI . 3% 2 f, ELSEE A T RE R A 745N
PR B4 Tedarl3 5 SCUT-FORU X THESE [ 540 ;
U3 3 F B0 5 ST 55 5 R A AR it
DCNV2 H FIRuEAE iR a3 35 | AR AR G B UZ X T
R AR RE T B sEme 5 A2 T 3 e A HE )
A5 AT 50

2, R R 2 XPH T AR Z RSB Ar S
TNHEIE R XFRIGE S 5m . T SynthText 4
NTAREIESE, FTUSIAT By s iE e e —
EFREE FERTHERANZ bR Ty, RIS IRE ST T
2 6 F1 7 MIXF LG 1 A 53 3 fa B B SE R X
R AR BIRG BT — 2 I EE T, AR ELSEIE iy
TERESS FE TR (RN AEIIRE 77, RISt e AR
I3 T RT DASRTHRR AL ) e

Tk 2 #0357 R SO TN S, Ty
2 3 BRI, FAFI SR — e R FAR TG
DTS, PR TR 53 SRS SR Al 321 M 45 S i f,
v SUAE B SR R Rl SRR

D5 3 R 5. 059 4 F1 7 XFEE T DCNV2 X TR 51

BB EEE, FAAFUNGE S T RE AR R Ak
EETt

D53 M4, Jrik 5 F 7 RFH T ASCER R
S TR AN EE S sZ ], YA HAT ARSI
W24 A= > )58 2 ER i TR VIN ER HRHIE, H
JEMGIAKRIIGN, WEEE ] LLE—252% ) BIF 51
Wk THAY VIN R R, DTS T 025 (ARG 2

S = X TSR AR5 S AE VIN Y2RS5
EARAT A VIN X FAFRMER R, 1 3 FR .

331 3x3 FR RS R 3 Y H BT , den(3x3)
FRRGT R 3 IR BBUZ(DCNV2), i e 5
£ SynthText L iilI%% 1 4~ epoch, fREFER T 4551
G X USMYITE S8 30 3 R B ZR75 2 A
RIACHEL, U] VINSet YIZREE I R8T A VIN X,
XF FEA [R5 R AR R AR 1 KN

T ZH], IR 2B AT AR R
(R Z B, AT S RESR B A5 1) N AEARFAE, BTLAE
el 4 1 3x3 B BUIRICERF INTESS I RFE, 4R
M 1x1 (W6 FUZSRIGEE FRHIE, RV
AR 63.19%8 UG EE, JF HZEE 467Q1 X .

A2 FRAESRAT AR 6 %0

Table 2 Comparison of effects of different modules on model accuracy

Jiik 1 2 4 5 6 7
B K v v v v
P v v v v

DCNV2 v v v

PSSl v v v

Hmean 0.654 0.761 0.793 0.851 0.812 0.928 0.964
Accuracy/% - - 69.3 80.2 74.6 93.2 95.7
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MFRFBRIREEE 0, FIERMfeRi)E 1x1 6
B BA INESAFE W EEE, TS ZAS R
i 34> 3x3 BRI FERFEN, &G—1 3x3 &
FEAZ T il 25 ()R TR RRAE & BRIR JHG BE AT 3R
72.7% o HJE R IMHELL AP IRG FEERLAIK . 5 2 mT fig
RBAZIF R, FIAT 2S5 S, LKA 3
A 3x3 BB EEALS , RITFAFR IR B A1
PR R, AREXT T EE UL SRR KA AR
ARG, R TR AN R, 5 AR ARG
(DCNV2), *fH T ¥ DCNV2 i fEfe )5 T R4 i
AL S i T FH TS O AR I S5 A RRAE , & T B
AU R = . 1 A S B 5 A 52
LA B R AR U BB IR, I AR S
PRI G R T den(3x3), 3x3, 3x3 IXFEAYLE
.

SCEGUY . GiitAE VIN I8 R AR B
R, WNEK 4 PR,

BEE RN R AW T, A5 10 S A ER %

A3 FHEA S LM R
Table 3 Comparative experiments on the branch
structure of character recognition

FRFRN Y L5 PUIERR %
3x3,3%3,3x3,3x3,1x1 63.1
3x3,3x3,3x3,3x3 72.7
3x3,3x3,3x3 742
3x3,3x3,dcn(3x3) 76.8
Dcn(3x3),3%3,3x3 81.1
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10 3k AR B AR PR 23 LA B 3 A i ) — 2
PRI ATET, B 4 55 e B o > SR SR A8 o

3.3 SLWHERER

AT 5 T BB S P A9HE B A i) e 2 45 R A
AR 55 T 2 =4 S T A 1 S 6 PR e s
AR, XA E R R E VIN R, WRSE
1200%x1200,

11 R W 55 B2 T e A SO R ) VIN
R BIRESR AT LS o) HuA: DU IR0 B 74 - 18] 12
JE7R T 2 i At S e AR BREE R ARG B A
M 255 regmap . affmap. clsmap, g f5AbEEIRTT
BEASFAFHE RO E R 2 o % FE AR I A,
R TR AT AT BE S VIN XSSCAE . SRy 1 (8
ATRRA, R 2 25 R e L R

A4 BRI GLER

Table 4 lterative training results

Epoch BUNTER A4 HEWR %
0 29228 81.10
10 31067 86.20
20 32256 89.50
30 33554 93.10
40 35534 98.59

QOB 0000006060060000

‘e 280 ; WHEZERELEN WEEE B

B 10 #RIN%HET

Fig. 10 lIterative training diagram
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Fig. 11 VIN detection and recognition results
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Fig. 12 Network output and post-processing results
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L, ASCER R T — AT DA 33 1 2517 VIN KA R ANFARF, I E ARG B2 RR I BE GRS 8 B AL AL

200270-11



YT https://doi.org/10.12086/0ee.2021.200270

e

ARSCTF DR TAERZSEL GPU A J5 A B
LA B R 1 A I 1]

S 3Rk

(1]

[2]

[3]

[4]

[8]

[6]

[7]

[8]

[9]

[10]

(1]

[12]

[13]

Subedi B, Yunusov J, Gaybulayev A, et al. Development of a
low-cost industrial OCR system with an end-to-end deep learn-
ing technology[J]. IEMEK J Embedded Syst Appl, 2020, 15(2):
51-60.

Rashtehroudi A R, Shahbahrami A, Akoushideh A. Iranian li-
cense plate recognition using deep learning[C]//Proceedings of
the 2020 International Conference on Machine Vision and Image
Processing (MVIP), 2020: 1-5.

Naz S, Khan N H, Zahoor S, et al. Deep OCR for Arabic script-
based language like Pastho[J]. Expert Syst, 2020, 37(5):
e12565.

Liao M H, Wan Z Y, Yao C, et al. Real-time scene text detection
with differentiable binarization[C]//Proceedings of the AAAI,
2020: 11474-11481.

Liu Y L, Chen H, Shen C H, et al. ABCNet: real-time scene text
spotting with adaptive Bezier-curve network[C]//Proceedings of
the 2020 IEEE/CVF Conference on Computer Vision and Pat-
tern Recognition, 2020: 9809-9818.

Tian Z, Huang W L, He T, et al. Detecting text in natural image
with connectionist text proposal network[C]//Proceedings of the
14th European Conference on Computer Vision, 2016: 56—72.
Ma J Q, Shao W Y, Ye H, et al. Arbitrary-oriented scene text
detection via rotation proposals[J]. IEEE Trans Multimed, 2018,
20(11): 3111-3122.

Zhou X Y, Yao C, Wen H, et al. East: an efficient and accurate
scene text detector[C]//Proceedings of the 2017 IEEE Confer-
ence on Computer Vision and Pattern Recognition, 2017:
5551-5560.

Long S B, Ruan J Q, Zhang W J, et al. Textsnake: a flexible
representation for detecting text of arbitrary
shapes[C]//Proceedings of the 15th European Conference on
Computer Vision, 2018: 20-36.

Baek Y, Lee B, Han D Y, et al. Character region awareness for
text detection[C]//Proceedings of the 2019 IEEE/CVF Confer-
ence on Computer Vision and Pattern Recognition, 2019:
9365-9374.

Shi B G, Yang M K, Wang X G, et al. ASTER: an attentional
scene text recognizer with flexible rectification[J]. IEEE Trans
Pattern Anal Mach Intell, 2019, 41(9): 2035-2048.

Wang Q Q, Huang Y, Jia W J, et al. FACLSTM: ConvLSTM with
focused attention for scene text recognition[J]. Sci China Inf Sci,
2020, 63(2): 120103.

Shi B G, Bai X, Yao C. An end-to-end trainable neural network
for image-based sequence recognition and its application to
scene text recognition[J]. IEEE Trans Pattern Anal Mach Intell,

=
B

(18]

[16]

(17

(8]

[19]

[20]

[21]

[22]

(23]

[24]

(23]

[26]

[27]

200270-12

2016, 39(11): 2298-2304.

Liao M H, Zhang J, Wan Z, et al. Scene text recognition from
two-dimensional perspective[C]//Proceedings of the AAAI Con-
ference on Atrtificial Intelligence, 2019: 8714-8721.

Ren S Q, He K M, Girshick R, et al. Faster R-CNN: towards
real-time object detection with region proposal net-
works[C]//Proceedings of the 28th International Conference on
Neural Information Processing Systems, 2015: 91-99.

Liu W, Anguelov D, Erhan D, et al. SSD: single shot MultiBox
detector[C]//Proceedings of the 14th European Conference on
Computer Vision, 2016: 21-37.

Krizhevsky A, Sutskever |, Hinton G E. ImageNet classification
with deep convolutional neural networks[C]//Proceedings of the
25th International Conference on Neural Information Processing
Systems, 2012: 1097-1105.

Hochreiter S, Schmidhuber J. Long short-term memory[J].
Neural Comput, 1997, 9(8): 1735-1780.

Graves A, Fernandez S, Gomez F, et al. Connectionist temporal
classification: labelling unsegmented sequence data with recur-
rent neural networks[C]//Proceedings of the 23rd International
Conference on Machine Learning, 2006: 369-376.

Simonyan K, Zisserman A. Very deep convolutional networks for
large-scale image recognition[Z]. arXiv:1409.1556, 2014.

Luo W J, Li Y J, Urtasun R, et al. Understanding the effective
receptive field in deep convolutional neural net-
works[C]//Proceedings of the 30th International Conference on
Neural Information Processing Systems, 2016: 4905-4913.

Zhu X Z, Hu H, Lin S, et al. Deformable ConvNets V2: more
deformable, better results[C]/Proceedings of the 2019
IEEE/CVF Conference on Computer Vision and Pattern Recog-
nition, 2019: 9308-9316.

Gupta A, Vedaldi A, Zisserman A. Synthetic data for text locali-
sation in natural images[C]//Proceedings of the 2016 IEEE
Conference on Computer Vision and Pattern Recognition, 2016:
2315-2324.

Karatzas D, Shafait F, Uchida S, et al. ICDAR 2013 robust
reading competition[Cl//Proceedings of the 2013 12th Interna-
tional Conference on Document Analysis and Recognition, 2013:
1484-1493.

Zhang S Y, Lin M D, Chen T S, et al. Character proposal network
for robust text extraction[C1//2016 IEEE International Conference
on Acoustics, Speech and Signal Processing (ICASSP), 2016:
2633-2637.

Vincent L, Soille P. Watersheds in digital spaces: an efficient
algorithm based on immersion simulations[J]. /EEE Trans Pat-
tern Anal Mach Intell, 1991, 13(6): 583-598.

Kingma D P, Ba J. Adam: a method for stochastic optimization[Z].
arXiv:1412.6980, 2014.



Y THE  https://doi.org/10.12086/0ee.2021.200270

A weakly supervised learning method for vehicle
identification code detection and recognition

Cao ZhilZ, Shang Lidan?, Yin Dongl2*

!School of Information Science Technology, University of Science and Technology of China, Hefei, Anhui 230027, China;
?Key Laboratory of Electromagnetic Space Information of Chinese Academy of Sciences,
University of Science and Technology of China, Hefei, Anhui 230027, China

atershed
_ T el 1
®WB AGN L 10103 (; egmap Predict OWBAGN410100M762670

Match:$WBAGN41010#M76267$

SWong Nm.n.’ﬁﬁﬂﬂ“"ﬁ C 5x(17/17+16/[17)=0.97  —

Clsmap

- -
’ {Pseudo-regmap Pseudo-affma
............ :
—_
1
1

VINimage = ®» & = meeme————a-
— Generate pseudo-gt — Train with VIN image

Pseudo-gt generation for VIN

Overview: The vehicle identification number (VIN) is a combination of 17 letters and numbers. It is a unique set of
numbers on the car. It plays an important role in verifying the unique identity of the vehicle during the annual vehicle
inspection. The manual review of VIN consists of two parts: reviewing whether the VIN in the picture matches the actu-
al VIN; reviewing whether the VIN character style (font type) in the picture is consistent with the VIN extension style.
With the development of deep learning technology, the use of computer automatic review has become a trend. The au-
tomatic review of VIN can use the universal optical character recognition (OCR) technology. Universal OCR detects
and recognizes text from non-specific scenes containing text, which is mainly divided into scene text detection and sce-
ne text recognition. The development of scene text detection has mainly gone through three stages: the detection of
horizontal text, the detection of text at any angle, and the detection of curved text. There are two main ways of scene text
recognition: recognition of the whole text based on the RNN structure and recognition of each character based on the
segmentation method. However, due to the lack of character-level annotations, both the text detection method and the
text recognition method treat the entire text line as a whole. Since the verification of the character style of VIN needs to
detect a single character, we propose a framework to detect and recognize a single character at the same time. In order
to solve the problem of lack of character-level annotations in the VIN dataset, we propose a weakly supervised learning
algorithm for the framework, which can achieve end-to-end training of the framework. The single character detection
and recognition framework proposed in this paper is mainly composed of three parts, namely, backbone, text detection
branch, and character branch. Backbone is used to extract the feature F that combines the location and semantic infor-
mation of the picture. Text detection branch is used to decode single-character position information from F. Character
branch is used to extract the category information of a single character from F. The weakly supervised learning algo-
rithm is used to estimate the single-character pseudo-labels, thus completing the training of the framework. The final
experimental results show that our framework can not only detect and recognize a single character without charac-
ter-level annotations, but also achieve good results in detection accuracy and recognition accuracy.
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