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Table 1 Acronyms in this paper

H S EAR

SIFT
SVM
CNN
CCPD
RCNN
HMM
CTC
RNNs
BRNN
AP
FPS

GLOPS

loU
FPN
PAN
NMS
LSTM

Connected Component Analysis i [X 15 7 4
Vector Quantization 25 & &1k,
Sliding Concentric Window /|50y & H
Wavelet Transform /)N A8
Scale-Invariant Feature Transform < RNAR4GAE AR i 38
Support Vector Machine 37 £ i &L
Convolutional Neural Networks 5 #7125 X 4%
Chinese City Parking Dataset " [E 3 i 4= i £ 45 42
Regions with CNN features .45 CNN HHE (1] [X 45
Hidden Markov Model &4 D /R m Fe A A
Connectionist Temporal Classification %3z} 742K
Recurrent Neural Networks X3 1] 3 I #8125 [{%] 4%
Bidirectional RNN X [r) {f P11 28 /X 2%
Average Precision V3757
Frames Per Second 4> Mii%
Giga Floating-point Operations Per Second
FEAD 10 (LR T s I8 SEE
Intersection over Union =23tk
Feature Pyramids F1iE & 715
Path Aggregation Network #4528 & W 4%
Non Maximum Suppression JE# K {8 #1#]
Long-Short Term Memory 45 #1312
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License Plate Detection and Recognition in Complex Environment

based on Deep Learning
Author: Yiming Yang Tutor: Huaibo Song

Abstract: License plate detection and recognition system plays an important role in road monitoring,
highway toll management, intelligent parking system, traffic violation record and so on. It can effectively
control urban traffic and control vehicles more effectively. It is of great significance in real life. However, at
present, there are still some difficulties in license plate detection and recognition under complex
environmental conditions (such as illumination change, angle tilt, blurred field of vision). Therefore, how to
effectively detect and recognize license plates under complex environmental conditions has become an
important research direction in intelligent traffic management. Based on the deep learning method, in this
study, the license plates taken in the complex environment of CCPD data set were selected as the research
object, and YOLOVS target detection algorithm and CRNN+CTC character recognition algorithm were
applied to realize license plate detection and recognition in complex environment, and a set of intelligent
parking system including WeChat Mini Programs front-end, PyQt5 manager front-end and cloud
development database around the above research content were designed, which plays an important role in
promoting the intelligent traffic management of the city. The specific research work and conclusions of this
study are as follows:

(1) In order to solve the difficult problem of obtaining license plate image, a method of generating
license plate data set was proposed, and it was analyzed that the data set generated by this method can play
an auxiliary role in license plate detection and license plate recognition. it was also verified that using the
generated data set for license plate recognition training can alleviate the possible provincial inequality in the
license plate training set.

(2) In order to accurately locate and extract the license plate area, the deep learning network YOLOVS
was used to detect the license plate area, and the Landmark regression method wa added to locate the four
corners of the license plate, which lays a foundation for the subsequent tilted license plate correction. After
considering the factors such as average accuracy, reasoning speed, number of parameters and weight, the
network selection method preferably uses YOLOVSS as the main network structure. the test results trained
by CCPD data sets were compared with the experimental results of scholars. the results showed that the

average accuracy of the license plate detection network in CCPD data set was 99.8%, and the processing



speed of each frame was 10 ms. It showed that the license plate detection network effect of this study has the
characteristics of fast detection speed, high detection accuracy and good detection effect for license plates in
various complex environments.

(3) In the aspect of license plate recognition algorithm, considering that license plate recognition is a
special character recognition example, the network structure of CRNN+CTC was selected as license plate
recognition network, and transmission transformation was used to correct tilted license plate before
recognition network. The comparison between the test results after training using CCPD data set and the
experimental results of scholars showed that the average accuracy of the license plate recognition network in
this study was 98.8% on the CCPD data set, and the processing speed per frame was 15 ms, indicating that
the license plate recognition network in this study not only ensures the recognition speed, but also has a good
recognition effect, especially for tilted license plate recognition.

(4) WeChat Mini Programs and PyQt5 were used to design the front end of the user and the front end of
the manager, and the back end was built by Wechat cloud database, which jointly realizes the functions of
registration and login, license plate information registration, personal information query, parking information
query and so on. With the advantages of perfect function and beautiful interface, it can well met the needs of
both users and managers.

Keywords: license plate; deep learning; object detection; optical character recognition



1.1 fIRERNRENX

R BRI R B E SR, BN 2R BN LR ZME S, EaEkd Ei
o FRAVSN A EIRGESE N, X558 T EA a7 7 5 ae iR Tt . ik
H AT R E A 3 22 B EE R 2020 F4HEEERE, RERAR G RE 2H 2003
SRR 2400 JTIE A 2020 SR 2.81 25, TR 16.56%. MRS 2
AN AR ) 3 RS A 58 HAE B 1 2 AN S ROARAZ L, BRIV P L AE [ fo J2 T 22
WAE N — D E RGN KB A B DT e ME, R - IMEXRGEEINE
FARBL(W. Chu 2011; P. Chaney et al. 1991). B ER 4 E EIPUIE K, —LIRTh
AT AE 23T I 2% 28 VR4S DR &b T T B 3 ) A ) et 4914 - T BRI L UK
23S 1 YRR T A2 3 1] (MR FERE 2008; C. Ding et al. 2017 ). Bl AATTAE iS5 44 FH AT
RN, R IR IR I T O SIRE, . SSEESE, TR
Oh, FREEER, MRS YLSE ] RI(C. Lumetal. 2011; 55344 2017; ZUE etal. 2021).
U, 9T RO S AR I RE S SRR T I R, % FE A AR 7 ] B RO B
AP, AUARFETEE N R, FomiRm AR IRBCERH 1.

1 FH 2 RE A T 8L 4 SR 6T ZE AT R RE AL B R ] AR TS B IR B I RCR « (BRI
HIZE EARE ST, HEEE ARG T EEZE S FFH(C. Anagnostopoulos et al. 2006) .
R R RIS A AIB D B gL, B BRI AR R BEAS @B T O H TR
TR, AR T A2 8 B Be A B BE S HE it . 20 WA N 55 U0 3R G0 T B T A
EOE A BRI E L. BRI RS ORI OREE HEAER, Re A A0A
PR TR, Bk iEgE, (RIS AETE R B AT H 2 S Y (G. Liu et al. 2011; Y. Chiou et
al. 2011; S. Kranthi et al. 2011; C. Anagnostopoulos et al. 2008 ).

An ey A R AL B HOR IERA AR 5B 2% O A2 S A B rh oA 5 U ZE R, Bl oy B A T
(e B B 3. H AR FAT A v [ 22 R0 A S 7T, TS AFAE )
I L K22 HOWTE FE Rl ) 2 o AR 2o e v BT I, A2 R R AEE T (Ff BE LR, AR K
AR DI BOR),  FLT RN ZE R ARSI U AR 2 ORI (W. Wang et al
2020). J H H HT TR 2 2t [ 42 s R 5D, FalldkE ShniEr A+ & it
A FH VR B2 27 20k B AR EAT A A2 22 R 5 H BT S0 K AR 8, I HLER X Bs S B v k2R
HITE LB | — Lo o 8K

PRI, ASHIFFUdE TR B 2 ST HOR, A8 A 0 F) 077 24 00 380 2 2% A 55 2% A (B
Al A EEAURE . ALEFASORD) T B ZE IR B JE EAT R R IX AR L, R BUE B B HEAT B
AEFR R ZE R R 0 2 R P e B T S WSO e PR e L &5 3 B e i, AT T
18 F VG HH 7 A il — g™ 70 B A R 5 B s 5o 4 2R ARSI AR SRV b AT 4 2

-



ST IRPE A 2T R 2B T A2 ier T 5 R0 7 i 7t

FA N —IRSEPR I N —— it — B RS BB A . 7 A 2 S e 12 1 R e
FRG. Gk, AW T2 MBI m b B B IR0 =, AT (2 2tk
TR S0 A T TR

1.2 ERSMARIIR R & FR#ESS

1.2.1 RS ERIRIMTS %
(1) BEFBRTLGESZEHRE

HH T ZE il i A — K T LG AR TR TR, BRIk mT DR R G R BT A o] BE IR T
Xk FHR X . BT EMYE S 2 BFEE H RN, ERMriaRrErEg
Ha] LI ZoR KoK o KT I A 5 38 B A U 1A T 3 RIS IR, 2 Bt DX 3 m] 4 A0
RN—AEEEMAETY, IXFERRE R I H 22 T B e X 3k, R bt s W 7 2 FH R 5
FRIXLLHTE . H. Bai 5(2004) 8 7 UG IE AL A E A S G (0 7 2R S BU0T 5 A2 25 b
FIRETE, FREAT R IR oy 280 AR S g e s MBI X 3, 76 9825 IR AR FE AT B I |,
REIEF 99.6% AN FEE - C. Busch Z5(1998)3 F T 76 EL AN /K “F-f) Sobel HT- K 4> E 4 fit
X35, FAE AR JER #5140 Laplace 5+, XIS B BUR A RHE, FFH Sobel &
TFIEAT DL N B 2, DRIGPE 2SS AT HH BE EL 2 — 8 1) 7 B AR

SRl SRR ORI, R R B R/ NEON R — P E R R BRI, T
KL% R4 S BUR EARRAT 5] 2 1 5% Z(S. Wang et al. 2003). M. Sarfraz % (2003) %f
EURRHIE () 28 B ST VLD, 193] — Sk 5T, MRt ik 55 MK v L
IR FE A LR T, EAFDCIRFAT T, 27 E AR N 96.2%. D. Zheng
Z5(2003) K I, AN SR HEEEE BN S 2R T Sl 2RI R] i G UG AR BCH ZE X3
1165 18 EUZ R I ZAE 99% /547, — 1 384x288 [ IRMG M ALFLRT A A 47.9 ms. A. Al-
Ghaili 55(2008)F4 & 1 —Fi 22 R T LI 23 IR U 092, 3 b 80925 LU A% 49 1) B5EF-491 40 Sobel
AR, TR R . H. Lee Z5(2004) 82 H 7 3 THHEER I 53, ML E
X 3 g A2 0 255 ) 87 5 vy PR AR AE R X 3k, R g B A B sk 2> 77 5% 2 iy S Ak 1 R AE A
FAPE,  DRLE R FH T 2R R AN TE 2 0 B A B AR, HERR RN 92.5%. V. Kamat 55
(1995)i 1 T Hough A5 SZHL 1 %6 25 fiids S8 (ARG, LA p o o] LUK I 04 — & 1 A1
B2, Bka7E Hough A8 # (1) 715 LU #E N AR RTINS [A] o L2008 ARk R HER 2 = i)
A R, R A AE 1 1) R DA L o]

(1) ZMEFE oM, XA IER 5 R AEFE SEIEE SRR, T & iR %

(2) A T A5 Hp 2 B RN KPP LR T O AR T A 75 N R R X 3, 2 22 2 R A

TR 155 0L 5

(3) AR, BRI

2.
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(2) ETEGEBERNEMREN

38 [X 15 73 T (Connected Component Analysis, CCA) & A P15 AbH ik 42 vp ) 58 8L 43
BIFA, TR AR, IR R R PEE RS KA R B AR id N
—K. B A L EBIARAK 5 LR I0 A, o] B SR T 2R HU(N. Bellas et al. 2006).
H. Wu Z£(2006)¥ CCA N TR R L #2278 4 /Ny LB R AT I i) 45
RFH, HIE#RAIEE] 96.62%. M. Chacon Z£(2003)% 4-p B G e A —HKEE, N
FH 320 2550 B o ) S8 8 0 B o 5 P EL A AR UM AR 586 LU A TLARTARF AU PR R TR [X S A
e R X I sk X 38, HAER 2N 85%, (H 27/t FUE B ZENIFN T, &5 L]
Re A NFCER R B, S8 E M . K. Miyamoto Z5(1991)f# F 438 AR K Sk 42t
X3 5 TSEARAE ) 42 SR AT 4858 ORHK, XA R 34T e AL TR 42 R s ik
X3k, FH-5 4 BB A OGP T VR IR I 4 i S A R P AL B G, RE &
ZERR XS PR AL, (HAE 45T XA R ARFER 1Y, fEZE AL B PR EE R ANE . X g 4
JafE BT R R I IO ZE AL BN 2 2 E B ER ft TIR I I &, R AR AEZ K]
B ERZER . THEE R IH .

(3) BETLERYFERZERRE

BT SURRHIE ) T EMOB T 2 PR IAEAE, PO TRENES 42 0 St 2 4]
PRI 55 280 R A S 2 A P AR B U, 2 5 B0 W DX 3R T 5 P st v T DX 3

R. Zunino 5(2000)#2 ! T 2 T R &= & b (Vector Quantization, VQ)I 774 % iz 14
MSCARME R, fE/H VQ Ak sm B R X 4, 7570 X 4843 20 0] F s (5 8, AILL
o0y RIS Bk e A AR o BT 75 vk I A B 1 2540 65 R 5 A AR Rk S B 2
FRIERL, LIRSS RR, ST ARBRENEE, RZRIET] 98%, H2 5 ZEG
LA AR SCAE BB T3, C. Anagnostopoulos 45(2006) 42 HY 1 18 ) [A] 0 % 11 (Sliding
Concentric Window, SCW)HJ /732, HA T = A B SR AR PE, 45 H S0 548 fAr
B EIEIE N B, A 1334 18 EUE BT AR I 45 R 0, KB MR RN 96.5%.
K. Deb %5(2009)%2 H 7 —F3EF SCW FE 7 M = aa il 77 vk, 7EARFRDERRAIR <%
PR BRI S D 2 82.5%

Gabor Y& %42 FUG SRS BT (0 £ ZE 77k 2 —, 1% U8B 2% (AL A& mT DAYEANBR 77 1)
FR P XG4T 40 M1 (H. Caner et al. 2008). 245 T DL 5& F1 A B 3R 24 1 1%
i, F.Kahraman(2003)%{# F Gabor JE #3347 R E AL, A 98%, {HIZH L
TR BN BRIy . C. Hsieh 55(2005)2K FH 2% T /)N A8 4t (Wavelet Transform, WT) ) 42 2
W5k £ WT Jiikd, A IYASF47 . Hoh 7 High-Low £ 5 Hi4 45 5., Low-High

FACPINGAE B KA 5 K28 4 Low-High BUEKHIE R, Fidid
SHLRIMAT I . EEDGAK PR EIXZLUT, DR KB me &, 2
IEffZN 92.4%. H. Zhang %5(2006) B Je 4k 7 — M & R G iHE I 20 26 88, it

g
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70% 11 5 X 3T DABEHERR, SRJ5 R AdaBoost % ] BVEARYEE 2 (1 )53 Haar-like F
CE S AR RS, 258 BRI, BRI AR IREE, ZRGAAME R, A%
RS Bt RN BRI RS /L SeAR il B RN 93.5%. ST 407
12 5 R 20 o 25 A B B BOA KR A It e G N S 2 R O A0 R, (BRI B VA AE
KA RZ LG T EBOVE R

(4) ETHGFIERZE BRI

RGBS BAEERONE B, PRI IE T 20 e R AR 1 ZE SR B VRl AN UG A 5
EATHIBU R SEILFR L, AR FURFAE A2 45 R A R R AR € AN 7 R L ) A R ME— 1
E. Lee %(2005)% RGB Gk HSL Bitalifl 2 J5, i H#HE Mk MEE T
ERE AT 7028, X 1 220 D00 28 HE T L (1% 5 2 FL 0 6 A [) ) 0 i DX 3800 A7 2 LA ZK T 433
DA T B 0, 25 i XA B 42 X 3. S. Chang 25(2004), F T r 5 4 125 Hi X 28 f A A
T DUME (SR B, AEMLE), (A MEGEAE, Dtz w2
T —MNEAEDGRMEICRET =M@ Aa-A6, at-AtMagt-pe), FH7
AN )37 S FIAS [ S5 A S FA 5861 1088 i MG Rt 45 SR 2R B, ZE e S HEAf 26 97.9% .
B CVRFAE SR B R R A R 8 Aar il BRI AR T AL AL, (R FEA R INT

(1) EARFMIEBHELET, RGB itz % R KA HER ;

(2) HLS e 25 ] % i 7 AR U

(3) fHF R EILAI A T Re A MIES R, e i A2 2 BEG  J 28358 40 B AR D 1

RGN, WASEE R, TTEME EHESSFEORRIEE .

(5) ETFIHFERZERHR

BT FRPRHE ) B2 R BTV 2 il e 25 R R A S T 45 h iy
SE FAF AT ST 25 WAL X S 5 Ao o T SR AR BR824, ISR IS A T XA 9 ZE R IX
J. Matas %5(2005)ia &4k 21 B i a] A7 £ R/ X ek, 1T AN BLRAT 22 RO AIE &
P o AR R X 2808 X AT I 702, Gn SRR B T AR XS AL A, T o 2R R
X 3k e e X 3k, 22 MRAS I 2N 98%. F. Alegria 55(2006)4% 5 75 B A AH [ A LL I
Higit 30 MEE I A EUE X 3t AT 451 . 1% F Hough AR kA 4 br i MG B R
FEZ, WIRMFELAAE RN T AN 2147, HeATH A 5 X 48] DL
WO RRRI5E X 5. W. Ho %#(2009)f8H 36 4~ AdaBoost 73 &AM — 7 KA 3K
PRBE R A5 X3, SR B HAL 13 25 | 3 T RS AN AR R AE A% 0 4 38 - (Scale-Invariant
Feature Transform, SIFT)F) 37 #5¢ ] & H1(Support Vector Machine, SVM)#4J & 1 28 — 2 4328
LAt — DV R AR A AR X, BRI ZE N 90.1% . 3% e M\ —AF PG HR ok il =2 45 1) 5 v
AEFFERT, B A EUR AR HARSOARRY, 25 5 LR A I 1)1 Ol .
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1.2.2 ETREEANFERRRTE

IRBE 57 2] oV i 2 A A BZ A B T SRR Sk 2 ) B 2 N RGO Bk 2o,
WIS R AR S, TR IE S I 2% R MR R B AR P ) 5 2] B — I SO A, JF
FERT— AN B JE A D NS EOR S — AN RER R 1T 1 2 AL BRJZ (Y. LeCun et
al. 2015).

AR FE 2 2] TR AE ZE W2 b () S =2 ZE R B e R, B VR FE 5 2T 1)
KR, AW AR 0 2 TR B 5 ST I R e I 7 v, RIS 7 B TE 477
A RIEFSE R . H. LI Z5(2018) 8 F RIHE QLR IR IR, LA B & 11 77 2UE BRI R
FH G AR A 28 W 4% (Convolutional Neural Networks, CNN) 752888 A A M SCA A B SCA B
EVEE, R AR CCA R R I A irid &, Re, &
B I AT 2 R AT I e, FREE R A SR E AT A . e, A4
AR CNN 23 2888 k50T R A BB, B B HER 2R IE B 97% A, HHE
£ 0.95 Bl E. L. Xie F(Q018)FEH 17— FiFET CNN 12 75 7 4 h i 45 45 #)——MD-
YOLO. KALT YOLO, Hri@im A EGA 7 BN 7 X7 WM& ETG, FF HIRAE R 0
FIAE B B oo FH TRl e, o BONEEAS ool 2 M Bl E M EE S . 5 YOLO
ANFEHZ, MD-YOLO I T AEAE R, IR B BRI E 45 7 174 R R 1 e
FEARL, PR TR 22 1 T R oRaE T NAE S AR AR E A B, R B AL AE GPU
GTX980 L AbHRI [y Sms, #EMIZETTIE 99%LL 1o H1-F K2 HCH Al (¥ 27 RS IR 531
J7EHES M AR SR B AT I, BuR B AR, EEARAEM. B,
Z. Xu FQOI8)WEEH TR 17— MAH 30 RTMRA BV ZERR ) E 22 0 5
CCPD, F H#ZH 17— M 2R B 21 m I 25 1) W 26 4574 RPnet, /£ CCPD Lt 47 PP,
HEMf 23 fpe AT T 98.5%

1.2.3 ZERRFFHRRGFEMATIR

FRFEN R K R MR b B 5 B R B R B o AR R B A 2 A by
P 25, AREEBNE/FIIERSIS, 0 IEERMIURE/FIIRLE. 53ORME B
AFE, FERARFRBE AR 7S EASH R KIIZER .

ZERRAR ) ) B AR AU AT DAST IR o 10— B BRSR B ZE R BN, B B 1R E e 41
TEAL G ZE R R I R b, 2 /7 40 B0 2 LR 31 ORGP R o A SR IE A 2,
RIS — AR R R 01 253 7T AAL IR 2 PR AR s AN R A BUAs A AR e i, 22 R vl Re i
iR Bk, —SURE RN R R A Rt Ay E . I N T R R A
PRIAECY. Liu 2018), 454 HA CNN FHER X3 (Regions with CNN features, RCNN), #
T — RV FHIFRETT 5. WIEB AR 5B AT DR EE 7 T 7 B
WU EEANTE 7 B R B
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(1D ETFHFEIRAGE

TEEITH, EREIERBTU N E@S BT . TRk
R PR M HAE . BEREEINRE, B s gy fHRIE BT 5. EM
I3 BB 15 J5 25 R SR S R U

Y. Liu 55 (2018) 5 1 38 73 & 3 A A H 23 S AR 456 W ZE L= 75 40 1o 150k 17 A
] B () 330 U P 22 RR % —— 25 (] CNIND AR X 8 R U A i 2%, — N3RS, 5
— M THF ARG, o Tl BRI R, ok BT T E AR, DR R
T MR FER R, AR B R MRER ST, BRI LE. &5,
T B et R B OE@E sr &, FFR @ 5 B 0E 2 SRR BT R 747 .
T 2189 IEEE, 7 E AR HZ 5358 96.58%F1 98.09%. M. Dong Z5(2017)$2H 1 —
Folt B 47 25 1 2 46 D) % AR 1 =2 )\ AU 8 4L R () B0 3 48 4 o A% IE S 1) 4 R B N 31 A
SPAT T B PR A, A TR AR S AT R E & JE, BN IRAEHR AN B
BN RB R ADCF BNZE, HRSA R AR L A E o AR R R LR R R
89.05%. 43 E| J5 F- IR A B AR BRI — 8 HRCR, (H 2 20 FI I X 2352 11 HE R g:
SO, TR A B R R 2R 3 TR R

(2) BT ESBRFHRMNGE

To 53 B SR I A% 0 BUAE R 22 R A R AR Il U A O 2 55 7 B B A v Tl . 5
THFRFINEIEAR, To#IFEN M A ERE R 2 RER. F#EIR R L
B 5 b v ) AE 8 2 BR M 5 R 7] SR A Y (Hidden Markov Model, HMM) J H 8 & 7 vk
HMM-RNN, {HHAFH () 753 S H S AL BRAR AR P S IR 1) 7S . BRI, AL Graves 4%
(2006)$2E i 1 1% H0 JF¥ 7325 (Connectionist Temporal Classification, CTC)H5: 8 K fig L JG 77
F FU AR 0]

H. Li Z5(2017)H) B X ) 326 U5 #4128 X 28 (Recurrent Neural Networks, RNNs) ] CTC 452k
RFIRCTFRAE, FEEXE S RNN IR SRR H I EIBE B i B R, A 1 KA
WM, )5, K H CTC ZiEAT P21 65, /£ AOLP Hdl 4 b, iR m 2N 91.83%,
PATHE N 400ms. J. Zhuang 25(2018)# YOLO-VOC M2 T 47 it 73 A 775 iR 5],
SEI LG ZE R R S, 12 AR R BE S 1E 20 99% AT, IR A 93%.J. Wang 25(2018)
T FH ) G A4 28 (X 28 (Bidirectional RNN, BRNN)AI CTC %} 2= 7 5 3t 47 11 5, I 2%
[ A 8[R8 288 o AR AR T2 1) B2 R R AT 2, CNIN SR BURR IE J5 PR 25 R 455 17 BRI o A
FHIERAE 0 BRNN BRI, o FRoURRas d CTC seBL, kim0 96.62%, 4t
PRI 8] 4 17.53ms.
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1.3 W EBRg

ST ERWH SR, H AT A IR R T A B RIS T (A AR L
S EAGRE < AL RSO )AL -5 R ) DY e I R, R 5 ST B A AR 20 A 1 1 A A A
% ARG TR A (PR RE, PR AT TR PR B 5 21 TR il e B AR B 26 A T S 4
AR 2R B AR B ZE R T, AR T Al Rl A EdE R CCPD, EfEH]
PRI SREAT R TR o AN S RESTE B P L B 2R =R
CERRAIILFEDETT, X2 AR Bt S IR AR A e fL. AHE FE K E CCPD b Al
JHRMTERE, I BT — TR AT (0 [ 4 e 23 78 7 ik

BT b3 e [ 4 R ARG R ) T A7 A PR TR A R R, AT T TR A R B
B 1-1 fros, RSN SR R SRR Y. B SEAESE T PyQtS 1R B A A e
AN—IBFHEME, FAEAEZENE T 5T YOLOVS+Landmark ¥4 Uk AR SOk FoAr B
ANDYAS A B R, 2 PR A AR G o0 22 R DU A g n AT SE AR 2 PR AT 3
JRIENE RIS, 3 e Bl S HY T 20 R I I 45 5 2R RO I 4 iR 25,
CRNN+CTC {4 RIS H U AR 2R RS, Hh 2= o A0 PR AC o MR e
03K, Moz S Bl e 10 AR N s 5 A R A A T T . AR R I E &
L EIR, B Al AR R 5 RO 5 VAT LU, IERZ R GO T R IR ST T A R
Rl 5 A B R PR S SR . IR ENE R IZ AR GUAE M SE VRGN, EABUNY
SRR USRI IB AT R0

PyQts | > EEES
‘ N
RELNE
g2
Y
+ T \\
9 andmark =3 | * v’ PRI
% 53
0 [z ngem | cmmemeemi A Ll A
?-3 WASNER | T || M % 7
% f i
B |COPDHERMIRR | [TTTTTT00 TRRER
1l
WIEEFERIRE | 1 | FikaEs %
A
RAEHTHR | | > EIIERR
A
‘ b} epminss

2P

& 1-1 HAREEEZ
Fig. 1-1 Technology route
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AR FRNBEVERINT

(1) T AEE N AR 2R X Bh AR 2 /N GBI 7T ) S i R, ARAE A A AR o
R BEAREIR,  SERGRE 5 S0 B8RS 2R A N BV ) e %

A TR TSR AR UG A P DL SGER 25 ST A G BER, 3E 7R ZH A8 R A8 3
Bel 2R /7, 5 > 30 E A AR A U5 R0 BOR BRSO 7T LR . ABFFE UK YOLOVS
TR 2 S B AE N R RGN 7 7%, RIS 7E CCPD %t £ b 5 H A B 27 ST I 5 v 34T
X

(2) KT U R ENA H,  SEELBURL 22 R B 1E .

B YOLOVS #&78, M\ landmark S8 &5 [5] )5 LSRG 2R A DU A A . AR DU AN
A RIATIE AR e, DL IEZE R H TR 50

(3) KHHREE % 2 7 B AT IR A, 3 e AN RIS T BRI R

WTTENKR A CRNN+CTC WESHATIR A, s, AFEDEIEAR . AR
TR RS . B —EWRAEEE . A FRAEA R AT TN BT R, /iR aseR .

(4) E R AR EY R, I FAE AR .

T CCPD ##a 5 R A W SR A 42, [RIR A 7 A il B A2 5 T AR B L sie 3
P T MR, TRTHLS Rl ae /5 R0 68 77 e B 42 00 5 A S DL R T
R FRRERG, ARE GA 36-2018 HL3h 4 S Absi kAT B I PH 2, #Ein FoGRRAR
A T vy e 7 SRS S 1 R R AN D R B

(5) F L I EVEATH R, Wit —ERRIFERS.

HEIEERAEHEET PyQtS Wit B L v 2L TS AR 5 vk 89 B 7 1 o
BTG = AR e 5 v () 5 i o 2SR A8 EHL 3 1 v BE A 21 22 R I 5 AU 4 LA & B
BTSN, AT Rets S5k M. Tl EMT R0, B 2 5 m e i 17 H
FEMEREPANANGE. EREE. EWAERERE.

1.4 RXHEZRGH

TR T 2R AR ZE s U 5 VR 7 i SR SCHEZR S5 iy ] 1-2 o
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BRI I MR 2B T R
W ERHITERTI
I

\ 4 A 4 A 4 A 4 A 4 A 4

s HURAEIOIUS Y | | FYOLOVSIY || EFCRNNSCTC| BRSSP0 |
Hie WA g || AR || NG R 4 R BES
| | | | |
A\ 4 A\ 4 A4 A 4 A\ 4 A4 A\ 4 A4 A\ 4 A\ 4
was ||| e | oo | g | e | | L
g | [PRBE g | g | | smoae || aaite|| aem || oaie | [SEEEGH R

1-2 BIHEZREEHY
Fig. 1-2 Paper structure

ARG NSy, 20N it BEEFNSEEET . £ T
YOLOVS5 25 kM 77325 H5 T CRNN+CTC 4 R A7 . B T 1E /NS 1 P
RTSGETT JET PyQts M FEE AT I M SR, s Mo H T AL EE
fHH M EAESE CCPD, FEN4E 1A EIRE M PHE L ICJE IS PR T B DL S T4
NIRRT vk o FEE 28 7 A S0 A8 F I ZE R I IR 2%, F CCPD #4855 A s 42
HOREAT T INGRIGAE ORI 5 HoAth 22 RSB0 25 AT ST L, AR5 A2 1 Ak 748 1K 4
R4, F CCPD #dE 5 15 A2 U R 1 73 0 idEAT T 282k, K30 E 800 5 HoA
2B I A AT L, SR AHE TR 7 A SR B A P IR E R
UFHIPERE, JF HA R AR B B SR A AT I SRR LS — 2 BRI 5 R AR . &
JE KT TSR AT S B T TS /R P IR P T S 2 T PyQtS (A BRI,
XA IR S A R EAT T R



ST IRPE A 2T R 2B T A2 ier T 5 R0 7 i 7t

BE FHBIREERNSHIEET 87HE

T e B PR AR U R 5 RO PR 2 A, ANEURT DU 25l 2R IR Y
SHRLE, AE13 W28 FATR 22 R ARG U AT R K g 7, 3 w] UM -0 R 72 45 S 1A vE B
VESA AL B R e E A e 800, BB, B, R RAE 50
SEITI, AER T A RS DN S R T H R, R EETTEIR AN e G, A T R
f Y — T AR 3 5 22 PRI 5 IR0 T A B SRS T8 Uik . AR B B PR AR £ 1
BRI FRBIRRNY TSIk, O UUR B SRR H AT SR KA E A

2.1 FERRHEREAIIRE

H AT T _EAFAE AT R R S e, K2 HCAH 7 b B 2R A 5 3R
B SE B O SR MRS, M EeE . MR B A B A ARNED
A B AR, BT AR XIEEAG AR A G T, 2Tk
BB ISR 2 B ME B FRE DI B TG o A FEI H SR AT T R A
R A I S SRR B T, A P ) B S 7 B R AR B (A R A R RS
RIS B RS R TR, BN a5 BNR AT RE 2, IXHE (0 BidE 52
205 T 7R ARSI 5 R SE R PRIk il AR AS B4 I TR e

CCPD H#fa 2 Bl A BR K A2 F IR 0 B = 8 5, N2 BE &
T BRI 45 D AR T ok o LA 2-1 D95, 1ot A0 [ o B AT DU A oz B ) ik CCPD
HAn R R HARERI,  CCPD 4 BB AL A O T R A 58 s B (DA 5 5
(2)7K- TR R AN ELBURIRE S ; (3) M X IO G E: (DTN RALE: (5)
TR FAHE R (058 BB EHALRIEE S R RS a0 55455 2 70l
HARR 2-1 53 2-2 Wy 48 XS R A FREAT T A

| -3 x
I 1-843&476 452&518-452&515 345&518 343&479 450&476.0[0 17 18 24 27 24l12d1d.jpe
LI £ % L A YA iy i A i i ( Gl B

2-1 CCPD #iE&EAREMN
Fig.2-1 CCPD dataset annotation rules
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Hn SR S Bl Y 7807 %

*2-1 FhEE G RRAN

Table 2-1 Naming rules of provinces on license plate

Hn 95 A 95 H 9 5 A1 eIl
fc 0 :5 8 % 16 = 24
A 1 9 b 17 Tk 25
e 2 pi3 10 i 18 Bk 26
i 3 Wi 11 = 19 il 27
5 4 I 12 (23 20 H 28
H 5 ] 13 B 21 T 29
E 6 L 14 N 22 H 30
i 7 & 15 5t 23

*® 22 FEhF RN
Table 2-2 Naming rules of characters on license plate

A T T T T
A 0 K 9 U 18 3 27
B 1 L 10 \Y% 19 4 28
C 2 M 11 W 20 5 29
D 3 N 12 X 21 6 30
E 4 P 13 Y 22 7 31
F 5 Q 14 Z 23 8 32
G 6 R 15 0 24 9 33
H 7 S 16 1 25

J 8 T 17 2 26

CCPD ## MR A Kl 2-2 fiow, K& —REHgmE 2-3 s, —Had
I = U RS PR S — N 720X 1160 4G . HAd CCPD-Base B8 —1JilE
AR 7R, CCPD-FN A5 9 /5 M 4 PR B B AR S A 2oz BUAH 243 (¥ 1R, CCPD-
DB & W iR 4 R s s B e I %, CCPD-Green 5 — J3 &5 5 2R W (18T E
JRIRZEEE, CCPD-Rotate .5 — JIlRZ /KPR A B 20-25°, T B AR} EE-10-10°
14, CCPD-Tilt &5 — R4 MR 15-45°, FEEMUR 15-45°0) &%, CCPD-
Weather £ — AR TR HRULS KOS ERPEWEIE, CCPD-Challenge
B —REA ZME AT B B AR5 R MBS, CCPD-Blur &7
T 08 BT AHBL ) T SR 65 ZE R R4 EI%R . CCPD-NP A1 5000 fi& 3% 42 R
BN

_11_
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ECCPD-Base

ECCPD-FN

@ CCPD-DB
CCPD-Green

B CCPD-Rotate

@ CCPD-Tilt

mCCPD-Weather

ECCPD-Challenge

[E] 2-2 CCPD ¥iRE ML N7
Fig.2-2 Distribution of CCPD dataset

® (® (h) (M) )

2-3 CCPD ¥iREFME K
Fig.2-3 Images in CCPD dataset

FEZE AN T, CCPD iRl M O M S s UM K, 2 LJE
J5E 2 IO B PR R SR ZE AN I 2% o (E SRR AN R 2 SR 1 B B 2R R A ZE AR M
B4k, kR CCPD Wt F AR S o b F MBI H a5 2, S 1E 0
FGBBEE WL 2-3. 2-4 7, KL CCPD i £ i (2 L 5 St Rl I AE B 0 AT
HIILER, Oy RAELBAE AT, Bk “me” 2Rl T HR R A RZH, X T&
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Hn SR S Bl Y 7807 %

FAR B R 531 5 T A AE AT RE I
R2-3 HEEHMEAMKE
Table 2-3 Number of provinces on blue license plate

{=K0) K 2K W {=K%) K 2K M

e 279794 H 26 % 1361 = 142
VA 1542 = 134 Tk 1124 ik, 1
ey 407 b3 7328 H 721 52 593
I 381 o 3418 L) 1291 H 95
#H 639 P 1076 FE 38 H 14
H 421 [X] 845 Bl 13 T 8
E 49 % 780 )| 425 B 35
L 312 & 1107 pay 53

R2-4 REEEENHE
Table 2-4 Number of provinces on green license plate

{=K) s A s A M A HE

i 11373 H 0 % 1 - 0
Va 151 = 0 5 Jidl 0
b3 2 D 139 M 3 B 0
i 0 W 25 L} 22 H 0
3 0 ? 2 ES 0 H 0
i 0 ] 0 B 0 T 1
£ 0 i 0 )| 0 Hr 0
L 0 & 5 pay 5

22 FRBEBERSE

BEX 2.1 F52 2 CCPD Hi SR EE B I A HHD AT I, AT
21— T o v [ 2R PR A R TE U ik

221 FEHESEGEM

RNT AR EW B EG, AW FI0E MR & HT1 GA36-2018 H13) 45 i i b
M, IR 2-4 BrosoRE, UEE TR 2-5 BRI AR S E M B, NG
S R GA 36-2018 MBI 45 bR dEAT BH 4T T 22 at .
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By R K

440
o 100 15 210 15 R10
pu v, "
=p =" 1 |
e " = =
= o o
= 5] 45 |12 a5 lizhon2dl 45 12l a5 f12] a5 [z 45 fig] 45
T
. ARK. T B
HAmME
REHLXRS
(@)
LR TASE 3 S
4180
. 120 15 210 15 120 R10
w b 120 5 _210 NE 120 . :
o /
* 7 = = X| w] |
— B = 2\
A D |
? g =
C Y ‘ﬁ
T — - - - - - 2 | 1
15. 56 45 9 43 49 43 J‘! 43 9 43 9 43 ‘Jl 43 9 43

. X, R
RO E S AR

(®)
2-4 GA 36-2018 HLENESHIREFREPIE, /. REMIRE
Fig.2-4 GA 36-2018 standard specification for three kinds of license plate

__[Sees]

B

(©

CDE

>

o 6189

i

0123

140 0jpg 140 1jpg  1402jpg 140 3jpg 140 4jpg 140 5jpg 140 6jpg 140 7jpg 140 8jpg 140 9jpg 140 Ajpg 140 Bjpg 140 Cjpg 140 Djpg 140 Ejpg
140 Hjpg 140 Jjpg 140 Kjpg 140 Ljpg 140 Mjpg 140 Njpg 140 Pjpg 140.Qjpg 140 Rjpg 140 Sjpg 140 Tjpg 140 Ujpg 140 Vjpg 140 Wjpg 140 Xjpg

(d)
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Hn SR S Bl Y 7807 %

28 N 9 H 8 g 7 8 2 FP 5 8B & g RN

140 8jpg 140 jpg 140 )ljpg 140 Hjpg 140 Hjpg 140 Ejpg 140 %Ejpg 140 |jpg 140 f5jpg 140 Bjpg 1405fjpg 140 Ejpg 140 jpg 140 Ejpg 140 Ejpg 140 Fjpg  140.iTjpg

BN ENENEEEEEEREENE

140 E.jpg 140 Rjpg 140 _Ejpg 140 Fjpg 140_F.jpg 140 Fjpg 140 FEjpg 140 {Ejpg 140 Fjpg 140 8%jpg 140 jpg 140 ¥ijpg 140fijpg 140 Mjpg 140 Ejpg 140_=jpg 140 #jpg
(e)
e
& 2-5 FhEPHzEGEY

Fig.2-5 Material for image mosaicking

2.2.2 FEEGEMBHESE

RHE GA 36-2018 HLEh4E S bRAE AT IG5, 85 N2 (2L K/ 440mm X
140mm, FrRETR S0 ZE R /Ny 480mm X 140mm, PRItk v DURF €6 . 2 60 22 F e AR [
B HE3 N 440px X 140px, HTAEIRZR OO 480px X 140px. MAh, 4R
FARNERA T, SHARNE, BEFEMSHRESEEMIRAS AR ETS
SRET . BEEIR GRS AL RN “DY “F7, o aRER AT BRI S
JEal B HT R IRIVR 4 o AR o St 4 T AR N A 2 1) () B B (mm) 7 A AR 2R R
(pixels), {81 H python & & % 52 /7 I HURIR A . A 78 FRFn] LABENL A 5 B
fa B RS E P W 2-6 FTURIUIERE . BERE. BT REURSRAE I S hh A R 2

2A-88888

(a) () (©)
& 2-6 EAbERBIESE

Fig.2-6 Basic generating yellow license plate

2.2.3 £ RBIRKERT RIS E

K 2-6 RYELAHAE AR R BB EL S, B FAHE R TEM, R RS
BT IR B GOE A e 22, IR R A — € 8 BB AL B iR AT A 2, AT E
i SR S TR R

(1) FFFEM S BAK

FEA R ISR A5 WA AR 0 T B 52 B MR 75 RO, Z0 R A 1A K /INAE PATHR A AL
WAL B P/ NGB ALK, DR AR A At A BB SR AT, X A A AT —
A B JE AL B R B AT 6 B

Hrpb s e BUG AL B o FI B3 A A T, EREA BRI E GG REE —
NG, EBE A “ERER” tRIARONET TR, SRR B R E S W R IR
TR M BB R SRS, WiESBAG TR N EBREREE N A BT
pRic, AP BIE R T 2 RIE SIS k. HrP A K E SR i S ORI
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ST IRPE A 2T R 2B T A2 ier T 5 R0 7 i 7t

BERESHIEN, 7T DUREF O 22 R 3EAT A /N 5 TIOR (2| 2016).
W 2-1 s, BBERES A giaifns “WEH” B 3TN, RBIEGRERE
& ATRBEAET “RE” B XM, X—IEREHEREGERESGWILAL, £
FEBGERES F AR
ABB ={:B + a c A} (2-1)
st 2-2 FoR, AW RETEATE . BBIEGERES A BdnE “R
Bt B EATIRIN, A SEBGREGIITEM. HAEREN “EAMIEL T ST
7, KSR EMA A S S AG IRz T, LA RN,
A®B =U{A + b|b € B} (2-2)
FEXT R EEAS 777 BRI 50% ME,  BENL RS T A 3EAT B2 AK B0/ e
1, AR 27 fos, FM ALz 1 ihecs IR A .

2A-88888

(a) (b) (c)
2-7 ZFTH SRS RBIESR
Fig.2-7 Generating dataset with corroding and dilating

(2) MAXRBLERE

T BT IR NER AR, IR KARE Bz 2] 7 2RI R
DAL I Tt i — 6 5 FE AR AL W AR S S5 SE 3 s R OB ARG Ol . HSV. 068 25 [R) AR 47 3
R T NERLGE R Gont Bz vh 6 R (g, G o PR B R P SR e R L v R S
FE A (2-3)-2-6) i, K EREG I g, ¥ gheP) HSV Bt m )5, xhg i,
YA, =, =ANEituiiE @i L el T — e FBEN LA . (H & ELLRUELE (i
s b B — e UETE R, AReik B K AR R AR .

HSV(gl[:,:,0]) = HSV(g[:,:,0]) * (0.8 + a x 0.2) (2-3)
HSV(gl[:,:,1]) = HSV(g[:,:,1]) * (0.3 + a * 0.7) (2-4)
HSV(gl:,:,2]) = HSV(gl:,:,2]) * (0.2 + a = 0.8) (2-5)

a={x|0<x<1} (2-6)

AL PREE RN K 2-8 Fo, FMEOEABRZ X At Rz 12
IR, B TR A
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AR IS By ek

2A-88885 [EIRNEEEEE

@ (b) (©
2-8 ZEBMETUWALIEEHIE BEIRESE

Fig.2-8 Generating dataset with illumination change
Zeid HSV Bt alb# G, SEMERRARL KN AR, HEG R R,
BB MR . @ R EGRE - IBEMEG S R DA X, EREHE R
We T, 52 2SI IBOR, PRl 70 AL BRER SR I — € BOME 75 . in(2-7)-(2-10)
iz, £ RGB Bt 25 18] oxt B HEAT e A i 5

drp = 255 —max (g[:,:,B]) B =1{0,1,2} 2-7)
F) = = e (-9)
noise = ) min (1) @9)
ds = noise x dgg (2-10)
gl:,:, B] = ds + noise B =1{0,1,2} (2-11)

KRB BN g, FgrE RGB 28 = A4y & (1 KA AT 2% AT s e a1
B deg, EXf)ETIESTA, noisestf()FATIHHEGHMEL R, dR£ETBIER
e 75 AR B B 2T AR B B M S R R R A ] 2-9 B, R ERE Y 2 T AP S
HEE AR E TR AR T — M, BRI RS2 T B,

ELX:LL T SA-88888

(@) (b) ©
2-9 ZMREAIRRIE RBIES

Fig.2-9 Generating dataset with noise
W H B TR RN IS B s R T, W R B s R O, ey
TIEJFIX 500, AW FEE A G R I B S . WAL I e R —
SE W7 T S ARNUECE M2 2h, X2 B s B LR BRI, AE4% R R ITTIN Bt
I 1) 2 AT AN R B, DRt A B AR AL R T ) EZ NS o0, 123 n] th = (2-
1D,

906, y) = [ glx — xo(6),y = yo(t)]dt (2-12)

K, goCx, y) ARG I EMR, B ER g (x, Y TETINIZS), 2xo(t)Flye(6) =3
RATE x Fly F7ial EiATIEsh 40/, T RonAE b7 ) LA M LIBE (] R SE [E] [a]f . £2123))
PR AL RIS I ZE R R W B 2-10 Fios, AR 4 R MG BE AL T T — 8 77 I A BE 1)
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ST IRPE A 2T R 2B T A2 ier T 5 R0 7 i 7t

s 14 O C
0T, 9488888 [ 08008
(a) (b) (c)

2-10 ZFEFNEMLIRERE RS

Fig.2-10 Generating dataset with motion blurring
2.2.4 FEEIGEGR

N LRI R, 7 2 15 R 5 nT DO A s SR 2t AT b e, it
BB E 2 R SES, AT 10 R 2 o 3 IR AR 40t A )l B e SR AT AL
15, A B AR B R A 7 iR AL R SR R <G AR SR AR

2.2.4.1 EMITH

BIARIA TR T Hbr il B BTG R = R 3R A, Bl e
ARG I (IE AL S 28 GBI e Se e — ML, BOREA 86 BOE AL IT IR AL
WRCR, VigetRFr R _ LR H U BDE A E BAZRR RS, #522, Pk —1
46~ T s — MR RO 245 P i b BRI RN R Q-12) R ,X Y,
ZRRHE AR, xv y z R BRI A, RO R BG4 i b3 T A e,
I z=1.

M o

X [A11 Q12 d13] X
Y[=1]021 0az2 Qaz3 M (2-13)
VA |d31 A3z 0433]lz

Hrp, B AR T LR R Ws(2-13) 1 4 Fis .
[A11 Q12 A13]
A=01 Ay Q33 (2-14)
[d31 A3z (33

mAQR-14), @-15)Fi7, Lt~ S, (X, v,z JFR0E s Eg
ER A EER . Hag BN 1.

(2-15)

N <X
Il
NN NN |

¥/ = GuX+Giytars
az1x+azzy+ass
/ _ Qa1X+az2y+az3 (2-16)

azi1x+dzzy+ass

Z =1
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AR IS By ek

N T BB AR A B AN RENE, DU ST DA 2\ R TR g, Riseds
/'ﬁlj—q/l\ﬁé*ﬂ—‘yy(xo’}’o)\(xph)\(xz:l)’z)\(x3:ZV3)’ Hﬁ?,ﬁ[ﬂl/l\%ﬁ?ﬁj\%ﬂﬁ(x{,,yé)\ (X1, Y1)~
x5, Vo~ (x5, %), BAR LN (2-15) AR H &5 P4 s i e K.

—xox’ , —Yox ', x’
xg yo 1 0 00 =%y o =YY ol |V o
0 0 (1) ’E)O 360 T xx’ L x| 212 x’
X1 Y1 0 / / 13 /
0 0 0 x1 Yy 1 ~*Y o TVY gflaa|_|Y 1 (2-17)
X, Y21 0 0 0 —x,x —y,x’ A | ™ x’
0 0 0 x, y, 1 , 2 ) 2[1azs3 , 2
’63 3(’)3 1 0 0 0 =Xy, =0 ,|[%1f (¥,
[as, ]
0 X3 Y3 1 —x3x/ 5 _)’3x/ ; 32 x’ 5
x5y, —ysy ' ] v,

FEBE AR BRI, DL R DY A RO 28 JE CCPD A 52 7 BE ML At X
KA R R, DU BRI A O8N B bs SR IE AR e, RIS 21E A
AR LA 1 B R

2.2.4.2 BIERENLTSE

N T AEAE AR AR AT R T ARSI, RIS AT TR A B R AR 4 B TR
FIURER B A Ay £, DISREEZ I REE, MR K 2-11 5K 2-
12 ffiR. SRR 7R MR RENLIE I T CCPD HyBE e,  ZEhi G N BEATLZ B T A B
ST

& 2-11 R HEIG
Fig.2-11 Original vehicle image

WE-9Z 772 LS(EEEE]

2-12 ERBHEEFHET
Fig.2-12 Materials of generating dataset

MR R DA A S R R R DA AT I AR A5 BB LR R s,
—oRAUR TAE R, {3 R R R GE AR 0 FORERE — R AT B A e, 45 2R
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2-13 Fhw, =R RS SR 46 240 1 1) 2R R, B HEAT 1 L R AR B A AL e
193 7 —IEbR Il E AL E AT SR A

2-13 BEMEHRENEREEGRSHE

Fig.2-13 Images and mask of license plate after perspective transformation
SR RS NGRS LE LR As by, I8 20T (2-18)5(2-19), ARFEVUIA A A x 55 y Aebs
TR R/ ME AT ATHS SR RO A RS o BLIET 2-14 D9, ARAE UG s Al b SRR 58 i
Xt A B XAV L N IR AT IRARTT IR, AEFEIR R R R B 0 I B, RFiEAR
HeJa ZE R BB AL B R R = I8 TE B S )5 4R MR Tz AL B R G R =l . &b
BRI 2-15 Fio, B REE RIR I B o 1 ORI A B
Xstart = Min (X, X1, X2, X3) (2-18)
Ystare = Min (Yo, Y1, Y2, ¥3) (2-19)

=

2-14 HBIEFENGTS %
Fig.2-14 Method of mask pasting
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BRI S MRSy ek

(b)
2-15 AN R ZEAME R
Fig.2-15 Vehicle images after mask pasting

2.3 AENGE

(1) A4l 7AW 5T 201 Hdh 2k
(2) IR 1 2E A £R ) S 2 IR L 5
(3) Pl 1 A e Ae B Un AT 3EAT I S IR S AL T DA o B L AR 40 ) R 479
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F=F HTF YOLOVS ByZEFE#&:M 75 3%

TERHREY e )G, PGB TR AE (1) B ARSI 5925k SEELRT 42 R R A o
WHIEEA R-CNN 55 Fast-RCNN, 2020 84 H 1) YOLOVS Hi2: R H kil i i
R 2 B 4E fi L R-CNN 5 Fast-RCNN B —%8 o ZE R I A2 25 WAL VR 01 I 1) e B
VE o ZEFHRG I — AN 2 ) P 4% 2 ST R R A, o 2290 RS A 9 =) I AR N A
g, LN A B R G PR I R E AT 22 D) U RS EORUE, SR 51 A I 2075
FIMACE SEATHERE, BRI AT R IR N ERM X I k. A FE K KM
YOLOVS+Landmark [ X4 2544, 5B H 20 R DX 35 140 R0 B K5 4 R A DO A A s [T 0 |
K, R JE RN ZE A 1 B8 B

3.1 HMRLE

YOLOVS5 F$2fit 7 VUFh YOLOVS RS al ], HAE COCO HHaE Lt 4T A
PIRCR A 3-1 firs, SRS AERIEE W3k 3-1 Fios.

Better—_ YOLOv5x
50 4 &
YOLOVS! [
45 4 ~
r_g >
< "
S 40+ -
O
(@]
“ YoLOvss —— YOLOVSs
354 4 YOLOv5m
—eo— YOLOVSI
—o— YOLOV5x
30 o EfficientDet
0 5 10 15 20 25 30
Faster ‘— GPU Speed (ms/img)
3-1 MU YOLOVS M4 M gEXTEE
Fig.3-1 Performance comparison for four kinds of YOLOVS
& 3-1 [mF YOLOVS MK aESH
Table 3-1 Performance parameters for four kinds of YOOOVS
By B RAN  AP%)  EREE@ms)  FPS  BEEM)  GLOPS
YOLOVS5s 640*640 36.8 2.2 455 7.3 17.0
YOLOV5m 640*640 44.5 2.9 345 214 51.3
YOLOVSI 640*640 48.1 3.8 264 47.0 115.4

YOLOV5x 640*640 50.1 6.0 167 87.7 218.8
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He, ##ER 3-1 1 AP(Average Precision)fs 2 A& /%, FPS(Frames Per
Second) i [ /2 15 1Y b B PR N BE AP AT 3k 21 M4, GLOPS(Giga Floating-point Operations
Per Second)f5 (R EEAD 10 L IRHIVF miis 54 AT WHEHE ZHEEKIRTT, AP M GLOPS th
BE 2 $& T, AH S HER A B S MR T B o AR FT TR — N5 H 5 TR A A,
SHER N P RGBT, ISR A YOLOVSs A 9 22 U I ¢y e i R £

AHFFAE I YOLOVS FIM L5 A 3-2 iz, YOLOVS [ 44 45 4 B KB
N N\ Backbone 254, Neck 45#4. Prediction 2514

4 Prediction

1.5 N 2.Backbone 3.Neck
csP1 1 csp1_3| S fcse1 3| B A Mcspa 1
60876087 | Jconcat[¥|cSPZ ’a '

76*76*255

Y conv _p'

38*38%255

_"

19*19*255

— Leaky]
= relu

$=E CBL o JETT I 4

Dy R o
Conv

= CBL CBL Conv
el e )

Conv

3-2 YOLOVS MI4&45#4
Fig.3-2 Structure of YOLOVS network

3.1.1 i

fAImAL, YOLOVS {1 =FhHilab B 5 L8 o B R K5 ST RS E, Bl Mosaic %4
B, BENAETHE . HE N EBARER, R=FEoRGUESE, X R RIZ54T

=Y
o

(1) Mosaic #iEine
Mosaic HHa 3G 55 & —FpE& XS /N H Fess il g 8 s £E 18 535y v, AR i 3-3 Fios.
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Fig.3-3 Result of Mosaic data augmentation
Mosaic A4 Y 58 A0 A& K — 1> batch A EHRHATRENLANEL, SRJRREATRENLA . B
BT BEHLHEA T T sk A b, SRR R IR — 5Kk — SR AT B A& TR AT U 2R 1207
s BB R AR 1 H bR A AR B /N EE R, A AT 2 2 H AR
o YRS BENLHEAT LA R 0 LK MR A5 RSk A, AR SE S I R e
“B7 WEZHEREL MEFAEI AR “— KN BB 17X/ H s
PRI ROR o

(2) BEMNEETH

AL H bkl 77k, 255 — N E RSTE 1, BIRRE—sk g s +4
wWH, FHEESK, X NMHESIE D R R N AR E P 3T A 728, Ha2
X R AR = PRk A

(1) BT % H RS R E , K H PRIl ek se s, B AE &K B ir A
P

() FEUHENEONFRZ, HEEX;

(3) TR AT 1 L BEAT AN H bs——XF 7, RIS DR g R N2, i E
TR, AR AT A B N 27 B2 .

7£ YOLOVS th, FEHEQIAA 1) vE =y R Fa P, IR AEMZE I 2R, S R0 4G
W E [ HHAE 5 F5 25 P AE 8 H bR I B SCHEREAT LX), A K-means X HSHEREAT H 3 EHT .
XTHFREREST K-means (253N : (DBENLIEE K AMHFHEVE N WIIEEEAE, ot SUVE VA5
) =7 (3-1) s 1932 I He (Intersection over Union, ToU){& ¥R, A fREWIMGEEHE, B
RERHEE H bR I ESEAE, AR M TLEHHE 7 Be4h BE 25 i (B ToU & RS G)ih &
BN PN N R E T8 A s P ME, T S () EE 2-3 HRIE AL E
[ 52 B B 7R E RIS IR . IXREE AN A AR R P H AR RN . KT L AEE
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KL, HSHE S SR O R SAE -
loU =208 (3-1)

~ AUB
(3) BERMERIER

PR AT BER A TR RN AL, TR S N X 2% 1 7 B2 BEAT 4 TR R Gt — At )i 3%
A%, YOLOVS H@ s G480 8 it — B BB UG FRE LGk R4, N
T AETAEVEESK B R B A g — ROl R B R, BRI 2, &
MGG B TIUR, B T BRI R, Hitani 3-4 s, YOLOVS
FESHTE AR A

[ 3-4 BiEREGIER
Fig.3-4 Adaptive image scaling

3.1.2 Backbone 454

7E T M 2% Backbone HIME 2 FEEN LS 4FAE, 7E YOLOVS HJ Backbone H 3 &
CSP g4y 5 HAth YOLO FiiAs FR 45 [ Focus 4514

(1) CSP &4

CSPNet 45 /& Cross Stage Paritial Network, & —Fh2 BRI LELEN, A ITHHEE
AN HERRE R A MG EEERFEUIEIIR. MEERWEEZER, i
Wit /Z 1 _F CSPNet G AR Z R BURFIE MU I 73 AN SR, 78 )5 25 = IR S5 MR SO AT
G, RATRECRIEMERA R EINRN T iR E. 28 E, £ YOLOVS Hffi B 1% M 4% 45 44
72 PR Ry H 32 B AR A

(1) S omM &SR BURFE I RE /), B/ AT RE R UEAERR 2 10 RN T &

(2) BAGTHE ES NAERUA .

(2) Focus &544

Focus 45 AIME Xt EEREAT I 3-5 Pos bl igdt, AARaRAER — kil 7 &0
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—AMEEECAME, XS AT B DU SKAR R SR TS B sk, (HE2HA
HWIE NG KT VU XA AL R AR S 4 Focus AR HE ARAIE BIAETHE AS
SRR JFORI DU, RSO S N 7E 77

3-5 Focus £5H89Y] K #R1E

Fig.3-5 Slices operation in Focus structure

3.1.3 Neck 4543

Neck &5 1418 & A7 T FF M I 2 18], H W2y 1 5 G A B 3 R 2% 3 BUs
FIRFE . Tk 3-6 s K H B 24 AIE 4 715 (Feature Pyramid Networks, FPN)+545 5 4
2% (Path Aggregation Network, PAN)&E #4 I sm R R 1IE IRk & B8 77

FPN J&fii 1l 22 JE PR CNN RS B 5 b 5 4 FEERFAE Y 70, FPN EE
Rl v R RE SR T B ARSI R8CR, JGH AT DA /N RGT B AR BRI AR . it %07
VEAT DASR B HH 30 JR ERFAE R ) SE SR I RHAE ], AT DULE S5 2 T AT AT 55 H Rl |
bRl S s R IR . B T2 ER@EE: ONN SRRIRHMEA T3] E—2—
A IRAERHERE AR, B IEE T G R WOR IS 1 R M5 BB L 458 B IGE B
LR AT DL MR R OO BB RS 2, Bl Diikil g 22 BRnl%E: =46
FUZ % I feature map /N TIRE IR, HEIRER R RYEE . HRERMEIERER, Kt
BAVELR I — R E BN 2% F— R IR E RAE BAHCN R AN = B DL &R
RN E R EEE B A EREE, RERARERAE N ERERE S LR R
AT AN RIS A2 B

FPN Z /52— BRI ERRIE S 78, SHH KRS 7SN R, ZRHE
BB ELE IS PAN G54 BT —JZ FPN J2 B TR T A% IR 58 15 SURFIE, T 5 — 2655 PAN
FRRHIE 755 W E S In)_EAB TR s AL REE, W 455, MR B AR 2 5 H R A I
JET S HEE
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{19*19;@
19*19 _.{ * ’
19*19 PANH
{38"38 ; 38*38 0)
’ 38*38 ;

E_T_/ ol
76*76 !
®
FPN Botton-up
| o
| £

[ 3-6 FPN+PAN 4544
Fig.3-6 FPN+PAN structure

3.1.4 Hitiim
(1) Bounding box 355k R ¥

DU & ) £ (x, y, w,h) AT AR WL TRINAE Z5 44, o y Ron T DRI s A6, we h
FORTUIMAE R 8 5. % T 3-7, ZLEHIAE P ARy I 2400 4 R TRONAE, ZREHIHE G
B9 A AR ESEHE Ground Truth, P52 STRFALMT H A2 FHE— RO R, MEHIK
PR T R R R R AR AR I T O P e MU AR BN ER ISR O G R
PR E G

3-7 FMAEEYS

Fig.3-7 Prediction box regression
YOLOVS5 H1di | GIOU Loss f# Bounding box H#iiJk %, HABGIFEME 3-8 fr
N, WA ESHENA, SHEFTINRENA,, SORIMERTE AL EAHE C, GIOU it
N (3-2)53-3) s i Jal N %40 2k R Fiok 1A B P A 420 L SEHE R H
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[& 3-8 GIOU Loss i+ & 3%2

Fig.3-8 Calculation process of GIOU Loss
B = A1 UAZ (3_2)

GIOU,ps = 1 — (10U — %) (3-3)

(2) FERAIEHIHI

FEM RAE M| (Non Maximum Suppression, NMS), F T H st Al gg 2 HIL2 £
& ER S, AT 2 TR ER AT P4, B AR A DR B — A Tl R SR e I 1) T 0 A
HAeMAEER . HidfEn o 8eL P

(1) &5H A~F ZAMHTEHE, 4R IREZ 17T A<B<C<D<E<F;

(2) R KM IEAEZ F, ik b F LLANIHEAE S F 347 5 5 10U 115,
J i 25 SR 15 R T AN B0E ) R s

(3) Wk B. D 5 F it &E K IOU @ Ve ik K BsE, B4t By D, IEifiE
F J& st TR B R SRk JG 75 FRARvE S5 0 TR0 A 5

(4) MFIT IFETEAE BRI S 3 S ORI AETEAE SR 5 HAR I AR TEAE 5 M2 f R IR AR
EHETHE 10U, S5 KT — @M BMEN & 5E, OrBE T St i TiAE ;

(5) BEE FREE, BEMHEEHER L R A mIE R,

(3) BEfRESHEMKEH

BT FE R I 2% A T X A TR A7 H PR AR B W] REFEFE, YOLOVS itk B A5 B ok 4
RARTH WA 286 0] WA Hh o A AE HARRINBE ). BAR FEI R B A Lop; T HH T (3-4) P
TRNo
SRR R 17 [Ci10g(C) + (1 = €;)log(1 = €] = Anoonj ZiCK THLo 17°P [Cilog(C) + (1 - €)log(1 - €)]  (3-4)

AEIAE KXK AN, BRI =42 M AMEIEHE anchor, %™ anchor 85 2% 2515 3|
FH M Y bounding box, AL KX KX M 4> bounding box, 1% box P ¥EA WA, A
THEZ box KBS loss. C;R s ML HEHE H FIMMEFI R, CR Tz R LS, Anoon )
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FRBEA YRR EAGEIRAE, %ﬁ&%leu{’j”f {E A 1, 1;}""’”' FIE N 0, )i‘zl{‘j“””f
M1 IR0,

I AR R N T 500 5 LSRR 2 TR ) 22 8E, YOLOVS A A8 X 7 vk 3R
ANy PFARL s W T (3-5) KR

Aclass Z;c:(c) Iiojbj Zceclass[ﬁi(c) log(pi(c)) + (1 - ﬁi(c))IOg (1 - pi(c))] (3'5)

Actass NP FRIVRIIRE, ¢ ZFTAFRIES, pi(c)MKTMZYIHNFE ¢ 1)
B, pi (ORI IEIRISE ¢ KL, 2Ny 1 AN 0.

(4) landmark [B]V335 5% &3

T ik YOLOVS A& [l A7 A0 A 77, A8 landmark 453265 S o B AT
E, landmark 45K Ligna PT RSN G-6)FTR.

Lliandmark — ”yilandmark _ yilandmark”z (3_6)

gyLamamart g I A S HE A AR, HL A A P Bl A A, ylemamar
A8 T TRV M0 TS B WMLy B A AL M 188 2 1K T B A 5
L

3.2 WMER

N T IGAEM 5 PR RE S B TR R gl RAEXT L, AW IGUESE R, 43k
7 CCPD W KA EEAG I A= R s A I DA R B S 4 A AN AR B A2 VR S A o A
W3 A F 4% & 2 f - Z7-KP7S1, CPU N i7, ERESIEN 6G [ GTX1060.

3.2.1 CCPD ¥iiB&#in

¥ CCPD 4L & —HBrEHLLL 8:1:1 HIELHI > Bl 2R 8E . SR UEAR AN EE, WIth
2312 0.01 SR Warmup RS, BEE 2% EZE PR 0.1, batchsize &y 64, epochs
920, BFREGOR/NEHEEN 640x640px. Jy T IHERRR TP, BEREN 0.7 PR
fiie X 3 A Fe & mT AR U R R X k. Z. Xu Z5(2018)#F CCPD #dg4E g 7 Hith
H bRkl X 2% 40 Cascade classifier. SSD300. YOLO9000. Faster-RCNN. TE2E. RPnet
J7 153047 % EE(S. Wang et al. 2007; W. Liu et al. 2016; Redmon et al. 2016; S. Ren et al. 2015;
H.Lietal. 2017), 152 7 24 e Jaift (45 R, BRICAHE 72 0077155 HAib S0h J7%A4E CCPD
AR HXT LS5 R HEE 3-2 P
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3 3-2 SLIGRTEEEER

Table 3-2 Result of experimental comparison

J7ik FPS AP(%) Base(%) DB(%) FN(%) Rotate(%) Tilt(%) Weather(%) Challenge(%) Blur(%) Green(%)

Cascade 32 472 554 492 527 0.4 0.6 51.5 27.5 — —
classifier
SSD300 40 944  99.1 892 847 95.6 94.9 83.4 93.1 — —
YOLO9000 42  93.1 98.8 89.6 773 93.3 91.8 84.2 88.6 — —
Faster-RCNN 15 929  98.1 92.1 83.7 91.8 89.4 81.8 83.9 — —
TE2E 3 942 985 91.7 838 95.1 94.5 83.6 93.1 — —
RPnet 61 94.5 99.3 89.5 853 94.7 93.2 84.1 92.8 — —
YOLOVSS 100 99.8 100 99.7 100 100 100 100 99.8 99.9 98.6

R & dEr] LLE B, YOLOVSS b FRAEIR K4 38 B2 4 0.01s, X 3 i FPS A 1001 .
SFEIREE AP T LLIA ] 99.8%, fE CCPD i/ Bl 4 rh I REA BHEIE 100%H 30U,
BRI 5 HoAth 5 45 ST b b, SRE ik Bl n4h 3 .

T S e b 3 v \ P @ 'Y == %
; g 5 e H .=

\um&ééu m

nse_plate 0.95

#“ s ] Liicense_plate 0.94
cense. lote?ﬁiw- — x
“2“‘ s

“WBHog

. e A
» reen Ticense plate 0.93"

\ - [158 m—
158660,

® (& (h) (@)
3-9 HKMALINEI R B

Fig.3-9 Cases of successful detection

R R B A B 3-10 B, T 2R IX sk sz 21 a0t R O G+ S R 0L T
MERAE T B W A RIS R, AT ISR A A I 7 B — B B RE, 2
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BRI K SR B TR 5K

7

(@) (b)
3-10 KM A

Fig.3-10 Failure cases

3.2.2 ERBUESERKN

WA AR AR P I B S BURAEATEL, DL 8:1:1 (LR B ZRE . BRAE AR,
£, WIHh# 212 0.01 R Warmup 5B, i 7 )i BB 52T 42 0.1, batchsize Jy 64,
epochs Jy 60, FFIEEG /NI N 640x640 155K, N T HREREN, BIEE N 0.7
DA b gt X384 4 2 4R R X 3

N T ARAE AT I 25 SR ) e, ASHIE A P AR s AR I A5 B A B AE FLSE R  |
BEAT IR RS T —ANTSLES, fE B/~ CCPD W R s Sl F i) CCPD-
Base JHASE tPgEAT A, & IR ) Bl 26 M 0.2%, £ CCPD-green [ ll5E rh gk 474
W, KRR D2 78%, HE Uk AT DLW L T I S ISR, RN 5] —FhAE Ak
AR B B SR LS, R — NI I R, AR R R R I
FIAE B SLBR AR R RO, PR R AT REFEAR IR epochs, 4R 2P # 2 7] ftE:
(188 Ao T B R AN AR, AR 7838t 90 L A 25 X S B s R i 2 240 350 M/
INREE . FE AT SOt T — ANV SIS, W84 I I R I S kb BRI A DL R 408
JER 3 SI Ak 3L ) 0 A e 0 B S A B R RO AT T X )
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® 3-3 SKIXTEELER
Table 3-3 Result of experimental comparison

i FPS AP Base DB FN Rotate Tilt Weather Challenge Blur Green Yellow
(%) ) (B (%) () (0 (%) (%) (B (%) ()
Cascade classifier 32 47.2 554 492 5277 04 0.6 51.5 27.5 — — —
SSD300 40 944 99.1 892 84.7 956 949 834 93.1 — — —
YOLO9000 42 931 98.8 89.6 773 933 91.8 84.2 88.6 — — —
Faster-RCNN 15 929 981 92.1 83.7 91.8 894 81.8 83.9 — — —
TE2E 3 942 985 91.7 83.8 951 945 83.6 93.1 — — —
RPnet 61 945 993 895 853 947 932 841 92.8 — — —
Ours(B#i% 1) 100 40.8 413 73 286 214 153 204 37.8 43 91.8 946
Ours(¥#E42) 100 36 61 03 1.7 28 13 1.3 0.8 0.1 53 3.2

Btk 1 MR L IE B S A BE SR, AELR 2 fa iR R ik [ sEAb 2
RIBE AR £ o« N SEEG 25 SR i mT LA HE 8 ) el e J L S A 3 1) 2 Rt SR U 2R B R
KA CCPD FL5K i i 4 s SR ROR AN, (B AE BB i S v LB T Green ¥
£ b5 Yellow $atk EAHE MEMRIIREE, AR NS BE IR 4% U 3 €0 2 L) ]
U FH 2B S SRR AT M 28 B I o LR R 22300 i I S A 38 10 A BBt 4 2 IR AL

HRRIRCRARE Ak, B

Bk

3.3 XE/NG

(1) N4 TR ZE YOLOVS+Landmark WX 2% 5 44) i i 22

L\ )
HEgiH

(2) Mk 7 CCPD Hd A I ZR A EAE M1 B _E AT ROCR s
(3) MR T 2B BRI SR B ELE CCPD i 4 FARIN R, 1IF B A FH AR il
SR ININS 7T AAE — e R B AU s ok )N ko
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FHEF CRNN+CTC FZERE R 51 7 1%

FNE EF CRNN+CTC BIZEREID R 5 3E

RS, O BIRAAE R G TR R 8, SRS SRk
FRIR E 2 ST TIEAN R A2, 3 8 45 3 S AR 75 BRI 27 S N 2% e g JHE B L —
RINARZE, AR TEIE 2 NI, I HI TP R 1 SEbr 7 7 4Lt s
S G200 R RF R AT LU 92 Bk Ui W A R 20100 e, 2 pdt b e 4103 A
—NRAE A E IR BE TR AN SE b b A2 B A i S )\ AL 75 o RNN 2R
JEEE M R I B2y 50, HAE AT BB E A RN TR I B, 8 1 aste
RNN (K& AE S, AW 708 ] CRNN+CTC W48 K BE4T o f 8 (R o

4.1 MLELEH

CRNN LRk sk nT an il 4-1 Frow, el LA N = ANy BRE. 18
2. xR, B, B ASTEIEM R T RRHE, SR E X AT o, %
SR JE W A IR J5 R R P SR AS o AAMESR I R

(1) CRNN H 8K B2 BRI A T S, IR Hh g ok T8 22 R 7 91 e 46
FEKE, XA H IR B oS BRSO, ARG E T X AT
Pl gE

(2) CTC Loss e | XAX T, RAEARG A Loss EREATEHMTHE T, A
EPRRERTE A . R/NBIAE IR 455 T DU H AR (R PP 1, DR A 0 4 1) SCAR AN 511
Sl L H 32 T R — i R v

=

— ey
MY 1 09CIGe - : S A S
M

— -y

4-1 ZEREIR R4

Fig.4-1 License plate recognition network

i
«J60TANGE »

[o] t [e[o]o]=]  [<]=]]

4.1.1 ERE

LREH D AT B A Z . T R ZE FE0E R EUZE =38 45 AR 1,
N2 2 B, RS AR T RN G — I T i AR5 15 B AR AE B o B 2R
BB ERAHTRE R &, RHEKER AN NITRER, A% EE e ek
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G ER. HTBRZ SR Z A & 802 A R i X B3R AN, HIXRhig
EREHTRALME, BlEZ, Rk ERSE— S0 N T B 4-2 o R G EHR R 2
BFXH, E rh AE RR R 2 2k R o0 OER - FRFU IR 7 5 E e S RS A I EHE I RF Ak
[ B M A [ Y

& 4-2 FHEFIIERRBEIGR EXTR X HR

Fig.4-2 Relationship of feature on origin image

4.1.2 BB

KR ad GRZ A ER S 7 s IHE,  HaeE 3]0 208 82 5 R AE 7 5 x =
x1, ., xp RE— M, , HEFRHARZE My, . HIHZ S5 BRI ZEE M A =AM

(1) ARSI P PR N SO RIAE S, A BT XS B AT w b soph s
F—ANFF5 3 AT P I AS S, — LA B AP T adad bR S0O0C R A5 3 H 4 i)
X s

(2) AT LA R 22 o0 AT S AR 3R 26 RS, (645 AT LAE — DMK TR & I 255
MESHIHE;

(3) AT LA Sk B EE A 2 B 7 21 3k A T 3 17

48 RNN i — ANl 2, FLrT DAERR — i, 5, G 2R he_ A A
Nxes BB HATHRES he, BRI T@E- DR, RIGET h S P8 50 Ay, AT — AT
{H2 4640 RNN [G58Z /A5 BT R i) @, BB RNgRp) a4, PR BT SO
HIYE o R g AT T BRI et 7 KR 1 id 2 (Long-Short Term Memory, LSTM)
IR YOX KA, WA 4-3a)fin, LSTM H =ANRET T —AMEE ot Ak, Wk
THINS HiH . BUE], LSTM o] DAFE R HH I ZR 0 48 s 0L S 42 27 21 F RS0k
Ao

he = g(x¢, he—1) (4-1)

fiTH LSTM AR BT AT HER, HPCRBATEREE, TR & 4-3(b)Xn i

LSTM A H 47 R SR AIRE J1(A. Graves et al. 2013), XN F 71 BICFHE L T
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I rr
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B 4-3 BYARLEAIFH) LSTM £ T FIX[E LSTM
Fig.4-3 LSTM unit and Bi-directional LSTM in structure of recursive layer

413 HFRE

S Z 0 TARE R R W T (0 25 SR N P 5IhR %, WNBCF ML B, _fE
TN TR N, FREIREER S 7 FAR S

AHFFEAEH CTC AR, SR AT DURRTIR A — NN n MR IHE RS
A= 5 = 4-2) 5 0 RS R AR R, Horh i — 1 m] LLROR = (4-3) s

V=Y ey Yn (4-2)
yE=yt et (4-3)

HT 2R, XE-4)RMEHAE RN 1,
k=oYnt =1 (4-4)

X —FE M argmax O A3 J5, BIRTEAL g 2R/ 285 IXBT 280k LSTM [1))7
FIAT LA R X (4-5) TR -
Ny: R™T - (RMT (4-5)
SRR FREEN m, i IBIHZ G R T n, KRR RE | — i B 5 745,
IRl PE B 5 Y — 2525 2 4F blank i N B T . 2 L LAAEE FEE A ZRNES, W=k
(4-6)FT7~, TMAN—8e2s PR A

L = LU {blank} (4-6)

K TR AN T H PR B AR R ARG A B e SO =(4-7) s

MBAH, M 2 ERIMATAFREKEN n MES, SBRHEER I JRIHH
FFHIL, BARLEIKEE/NT n.

B: L'™— [ 4-7)

filtn: g =12 i, BRBATHEH LT T (4-8)E4-10)J LI T RE, BAH T BT

FERRIF AR R 2R AT & 97, BDT A3 2E# P 51 . RARRT ydEAT BAS AN i — X — [ Bk
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U Xy~ IX =R DUEAT AT RESS 2 LA (1751

B(my) = B(— It MMY — 10 — 9C) = 5z MY109C (4-8)
B(m,) = B(—f — MM — Y10 — 9C) = it MY109C (4-9)
B(ms) = B(i% — MM — Y — 109 — C) = it MY109C (4-10)

Fitk, CTC (AN T LSTM 4 2 M Ao oL, ML M2k, it
(@ 1) R R 23t B VR [ S I R sk i KM, Mo € B (L) RoR& it B
W5 LT B2 10 A 7T e

P(LIx) = Xnep-1q) P(m|x) (4-11)

4.2 HAILER

TERG I X 25K B ZE R X 35k, R BRI A S B S, A 25 3 = 1t 3
IR, AR ZE R P RPR A ET, I8 75 EEXHER A BN ) ZE R T i A AR A 1E

4.2.1 WSIEFIE

AN B ARG FE S 2.2.4 /N JEHEREOHE, ME—ASE T 2, AN
BRAE K R R A A — 5K 25696 HE AR U M3t AT B A AR e Ve, 25 SR WEl 4-4 Fy
%,mﬁﬁﬁmﬂmiﬁﬁﬁﬁﬁﬂ%ETﬁ%,#E$%?ﬁmwﬁﬁﬁm%o




FHEF CRNN+CTC FZERE R 51 7 1%

(c)
4-4 FREFFIEILTE

Fig.4-4 License plate correction process

4.2.2 CCPD ¥R MR

¥ CCPD A £ # A A A IS b AT A I IR M FE S, B —3 5 LA 8:1:1 ¥ EL 43l
BENL 7 IR Bk R FNINAEE, H1462% 213 0.01 R H Warmup 58, FEE )L
ZGHETFE 0.1, batchsize A 256, epochs iy 100, A5k KGR/ FE N 256X96px.
5 AR 1771254 CCPD s8] Le &5 SR PT i 3E 4-1 fros, Hodr HC $5 1102 Holistic-
CNN 2% 2514 .

I 4-1 SLHXTEEEER
Table 4-1 Result of experimental comparison

. AP Base DB FN Rotate Tilt Weather Challenge Blur Green
J7i FPS

) ) ) ) B ) (%) (o) ) (%)
Cascade classifietHC 29 589 69.7 672 69.7 0.1 31 523 30.9 — —
SSD300+HC 35 952 983 966 959 884 915 873 83.8 — —

YOLO9000+HC 36 9377 981 96.0 882 845 885 87.0 80.5 — —

Faster-RCNN+HC 13 928 972 944 909 829 873 85.5 76.3 — —
TE2E 3 944 978 948 945 879 921 86.8 81.2 — —
RPnet 61 955 985 969 943 908 925 87.9 85.1 — —

YOLOVSS+CRNN 67 988 999 971 979 98.0 989 97.1 96.5 98.1 97.8

M85 Fefr T DL t, CRNN+CTC BT 7 B e, FL e 2R iR
FHAl 2 ()73, I FLAE Rotate b, BT (4 7 AV IE, HBIRUR B ART Sl
fE CCPD i 1417 101 45 0 4-5 BT

_37_



ST IRPE A 2T R 2B T A2 ier T 5 R0 7 i 7t

””':lxlx's's””l

(b)

® (® (h) (@)
& 4-5 IRARIHEIZ 5]

Fig.4-5 Cases of successful recognition

4.2.3 & REHEENR

AR, JATTRHYS CCPD #ds A2l b R I GRo7 ik EAT IR, Al
BCEASFH CCPD s 4R I ZR A ORAE A S E /D B 4 . AR T — MW Rse e,
MEL AR epochs I Zk R )4 I 30 J5 30 S Ak BARCHE 2R DL R OR 28340 5 30 S Ak 381 p) 40 4
TER B ESEHARE IR EAMX 5. /£ CCPD H#li4E L85 miskiG &5 Rk 4-2 Fix.

7 42 LEFTEEEER

Table 4-2 Result of experimental comparison

AP Base DB FN Rotate Tilt Weather Challenge Blur Green Yellow

ARES FPS
7 (%) (%) (%) (%) (%) (%) (%) (%) (%) (%) (%)

Cascade classifiertHC 29 589 69.7 672 69.7 0.1 3.1 523 30.9 - — —
SSD300+HC 35 952 983 96.6 959 884 915 873 83.8 - — —

YOLO9000+HC 36 937 98.1 96.0 832 845 885 87.0 80.5 - — —

Faster-RCNN+HC 13 92.8 97.2 944 909 829 873 855 76.3 — - -

TE2E 3 944 978 948 945 879 9211 86.8 81.2 — - -
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42 KRR (80
Table 4-2 Result of experimental comparison

RPnet 61 955 985 969 943 908 925 879 85.1 — — —
Ours(¥#fa 4 1) 67 373 608 1.7 17.5 234 134 35.1 54.6 23 236 374

Ours(F#z4E 2) 67 0.1 01 00 0 00 0 0 0 0 0.3 0.3

AL 1 FR IR Al i0 JFI S A B ER 48, Hl 4R 2 Fa R R & ad I8 J5 3 S b 2
(PIZEAE PR R o« Hh 3 AR B v DUE e, A8 F 280 3 Jir 300 S A P P 004 SR AT I R A
TEAR B ME BE 3 /NP Base B4 42 F1 22 Fh 2 4% 1 I 45 A 1 Challenge H¥a4E HF — 2 R 7
&1, 1H& DB A Blur 2 48 o 42 B i AR AR B0 ] o bk /), SR 28 J Gt /)
B, RUHRACRAE, Bk BRI RA 37.3%, R IEATINHRER.
{HAEAHEG T AR i 42 2 YIZRIAER, ASHIt 58 B30 S5 B0 S b B D7 VA AE SR T+ S S 42 R )
e 1 LI R E AR, X2 DR EREE 2 YIZR B EE 2 AR U AN B A 3 R R R 2= 1
HALER, HE A R SL AN 5 B AT 35— IR BE T

4.2.4 L ERBIEERBIZ A 4R

£ 2.1 143 CCPD Bl & %48 1y I MR I e A7 AE 48 0 AN (1 R, e 4
FREGIEZ, MHARE O B ERELD, Rl e “me” A “7 7 & ERIRCR
FEH A o BREAS /N TR 22104E CCPD #4871 — 2248 iy B A /b i) Bt & B im—
S R AR, WSS T RENE I B G2 1 A 280 Ir LA S8CR

N T BAERCR, AWK CCPD Hidla S rh AR~ 0 1O B O B =k ou It s,
ARIVESIEIN SR, 85 S Te AL B SR 4 O AR ORI A2 2000 LA B A
FEBY B T, AR A I BRI N 67.5%, ¥ ddig)s, R
FEERIER] 75.2%, DR n] A B AR it B R 315 B2 i 8 AN B I, ZRAiOR B —
LB 4-6 Pos, ERCERDE G BT T WR IS .
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Fig.4-6 Successful cases of province recognition

4.3 XENGE

(1) /487 CRNN+CTC [ 4% 45 1) 1) J 34

(2) W T CCPD %4 A I ZR AL EEAE M AR B AR s8R s

(3) W T AR AR S VI ZR AL E AE CCPD a4 UM B 34028
(4) BOAIE T A R BE 4 B 2 A 2R A 4 AN 3y il R
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FHE ETMIENMEFS Pyt NEREFEERS

BT A ARG AT i 70 N8 B i AR P o, AR BN P RS BT X R
R, TERE - BREWER. A AREEELK TR . N TERERE, &
Bk — BRI AN R E B R GA R M HATRINZEF LR PC AT
Fi1 o

5.1 ETRE/NMEFR PR T

5.1.1 Bt

WS NEFAE BN RIS, B 5 TR, WS 5E R B ERE T
A A IS AN R B Y BRSO RS SO B S A S, RO ORAF
MPHE R A BEERI B AN EAT )5, BRI 2245 B AR 21 5 ) 5
il

Wl e 5 2L 5 B v A 2 A SRR, W I EEE A MY SQL. SQL
Server. TlfE PR EHE A, UM = T R 808 e ol AELEAE S /MR P IF RN 5L, JF
Hi#id Python ) Requests 2% 5 APT i &) ] LA ) B 5U4E = HF A 8 2 v i 8E, A
R 12 0T R R S 2 F R e e D BT o AR O Y 2 0T R e R A7 ik
FUER HPERS . AP ERSES . BRI NSEE R

DS EEASAIT UK ol A /N R P BT i 0 2 5 B I e vt i s ) 7 120K 58 R
JUHT AR, RS NS 5-1 fos. AREEESQES T A
PN EFSS I TNE U AR PN cutt ERd ) D547 s

AR

TSR
@%’ T AER

EIREIR

-2
-
B
[2

I

I ANEZEIf

RTHA

(&% )
B 5-1 A FPRImEIHRE
Fig.5-1 Design process of client
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5.1.2 BR5FM

i 5-2 fros, #ENDEFPESE RS SR SEM . FEHREN )y T
IR SIS NG, B 7 — AN REI&AE, K55S KT WA HN T+ 07
B s, HIKS R 4 o v M. SN 7 4 K-S 500 fe s By e,
WAEIEFF 2 B3N 3 = T K EHR EE user R #HTR R, G IR S Ao, WA
4. KSR user K.

sesee WeChats 11:05 100% seses WeChat® 11:05 100% @mm) ~ veeee WeChat= 11:06 100% (-

< AN TYENO) < =z oe (@ 4 AR LIENO!

& H R YT AH

NORTHWEST A&F UNIVERSIT'

@I R A FH LS

NORTHWEST A&F UNIVERSIT

bt R4 FH AE

NORTHWEST A&F UNIVERSIT' N\

[ ] o - e
MfEREENERF BAKE: BNEPE
B3
BN EABPgS
A

ANENZ
iR

(@) (b) (c)

i ® = Q e @ o (0]
EROY BES e E= TR s £ BERE L
RN 5| EOR
ar
+ BoicR X 82 I 88 C mw
user
_id: 28ee4e3e6059d2c20c2f2b7858. - EER
_id: b00064876059d3100669€0bbS. . .
1": "28eese3e605bff2boc7317ea3629579¢
-id: 28eede3e6059d46f0c21745a79. openid”: "0iSLOSZVCPAKBSBEMPUINGrFPEgW"

_idk 79550af26059d9d90b8626b6. mima®: "2329656"

_id: 28ee4e3e6059dc1c0c30e16f5f.
hanghao’ "352184741"
.id: 28eede3e6059dcc40c30ffO111...
_id: 28ee4e3e6059dd830c3124845.
FHEME . _id: b00064a760590€91006bd f6b0.
.id: b00064a7605%35d0b6cd47d2.
-id: b00064a76059fc7a0b70429¢25.

_id: b00064a7605b389a0697ba514...

_id: 28eede3e605bff2b0c7317ea36...

(d)
& 52 HRERSEM
Fig.5-2 User login and registration

PR Rl AR AT N, S DERF S ARSI R B E user RPBATIER, K
B 44 55 S R B AR R AT VLG, A SR DUHEC R W e v F P #EA SIS A
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HoC S, I ORI B8 A5 Bl B 5-3 Pros A g7t . XA M) H K
T R P ] B NI AT R, AR R E MBI G BN BN A A

HEAT L HCE AT

iR EE BH SR ~ X
[w Wxml Console Sources Network Memory Security Maock AppData Audits Sensor Storage Trace 13 F = |
(] Filter. Current Size: 140.00 B
Key Value Type

- Object Object

user
_id: "28eede3eb05bff2bBc73172a3629579c"

_openid: "oi5Lo5ZVcpAkBsgEMrUINGrFPogW"

mima: "2329658"
name: "TMZEFE"
zhanghao: "352184741"

5-3 AHETF
Fig.5-3 Local cache

I E b JE WHEA 2] T I 5-4 Fros i Ao idm, SE At AEE. FmEid.
NEEW . RTHA B, XA ERAFRZ .

seeee \WeChats 11:39 100% (=)

AL e ®

@I R A FH AF

NORTHWEST A&F UNIVERSITY

n. -’-"
= et
PAER EWEC
BUDPARKING
ANEEW XFRAN
B

5-4 DAFILFE

Fig.5-4 Personal center screen

5.1.3 FHEid
NT R IR MEREZANER, ENBIAN NG S B H 2R R
1780, EEC A anE 5-5 Ais o
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lllll WeChats 11:19 100% (=)

< EREE e ®

NORTHWEST A&F UNIVERSITY

Qgﬁ&%ﬁﬁﬁ#k#

e Sl
E3E] &he
ERNBENEEROERS

HRERNER

e

& 5-5 ZBICAE

Fig.5-5 Vehicle registration screen
N TAET B A g P R R, AR EE 7 =M SRR R R IC T L
NIERR . SRR, I BT =R A AR TRORIE . s 7 AL RS, o
J 8 AL RS BEAT AN B 5-6 P i) B i %

PR e ] PR P
43 p P R fRAR L
- RMARRDEERNERS ERAEENBEFNESES EMANEENBERNEES
EERREER
(a) (b) (©)

[ 5-6 ZEhREBIELE
Fig.5-6 Vehicle type selection

EN R P AR RE R, T A — N 5-7 R R A S AN TRACE
B AL, ER PR AET T LR EE R ire, ek T TR B
B ECE T E N EBERE . WAL, R AR VIR AR IR BT 2R
—ALE Y, RIS — AR A NS « B S AR R TR LU ST
PRI 2R AL R SR N . B = A LRBE)S JUAR R 177 “17 5 “0” Ahig%L
THYSCFANAE, FE = HEE R LA RS T SRS H A A .
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= wE W=
7R 2B P E BEZ 1 2 3 4 5 6 7 8 9 0
TSR E N E & H S Q WER T Y UOP Q WE R T Y U p
B g r s )= A 'S D F G H J K L A'S D F G H J K L
R T HE B E @ Z X ¢ VBENM® Z X C VB N M @
(a) (b) (c)

[ 5-7 FWMEICMNIE
Fig.5-7 Input method of vehicle registration
WA, MATEMELEE, SEE. WA 5-8 B, WE/IMET AN
B 0 IR 55w hO F P B AT B, ARSI X T A G A5 BEAT SR, A
RN 5-9 Fon. @8N T 7B “license plate” Fl “tablndex” 43 HIAFAE 4 hi 5 5 2 pi ok
RfER, “tablndex” 1 0. 1. 2 7pHIUER VBG4, SOGM. WEGH.

" id": "28eede3e685bff2bac73172a3629579c"
" openid”: "0i5L05ZVcpAkBSgEMrU3INGErFP6gW”
"license plate”: "[A88888"

"mima": "2329656" (string) [4 @

"name": "FgZELE"

"tabIndex": "e"

"zhanghao”: "352184741"

5-8 RIRBIEENNEREH

Fig.5-8 Personal information update in cloud database

5.

iR EE SR

-~ X
[ Wixml Console Sources Network Memory Security Mock AppData Audits Sensor Storage Trace 18
(O] Filter.. Current Size: 181.00 B
Key Value Type
user - Object Object

_id: "28eede3e6@5bff2b@c7317ea3629579c"
_openid: "o0i5Lo57VcpAkBsgEMrUSNGrFP6gu”
license plate: "BFEag8888"

mima: "2329658"

name: "#ZEEE"

tabIndex: "8"

zhanghao: "352184741"

59 AMEGFERH
Fig.5-9 Local cache update

5.1.4 PAEREIS

F P BE S 2R U AR A D PRI T B A A L T 360 T B
A BREAIR. W 510 Fir, NI E A ST RSUR NG user P 514 A
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E A id Fre R E Bidsk, AREH s AE B B TR R . ¥ “zhanghao”
XF N K5, “name % B Y 44, “ tabIndex % N = Fh AR A, “license plate”
XL AE R SR R HoRk, IR AE S AR A E B P A

seees WeChats 14:48 100% =)
I TAER LIENO!

BRKS: y352184741
RP&#R: HEE
AR . BHRER
FHESHS: [kAs8888

N ‘-Q.\'/‘“k

5-10 MAEERE

Fig.5-10 Personal information screen

5.1.5 N\EEfEREIf

TEE PR T v ACAST U 5 R0 2 22400 NI, e ZE b AL (F RS ERS A
BHATICS, BEEREICIZER S “user id”, BB Z G H—FHICRAE ST RE
PiE ‘car’ FW.

Y PAEADS N O TR T NEEWIZER, AT ENEE R S
PR 2R AT 7 1 “user_id” ERIFREARER] ‘car” RNHHITIER, BHRHZ
“user_id” BiCEHIRIE L, BlanE 5-11 fis, BEREIHE RS ANERE R .

" id": "7955@af2605ab6fdeboe6oavoa3fc722" " id": "b@ees4a7605abdo60b82a8f6281165¢2"
"cfcarPark": "FEIERHEELE" "cfcarpark™: "BILRHREAE"

"inTime": "2021.3.24" "inTime": "2021.3.25"

"numberPlate”: “[EAsssss” “numberPlate”: "FEA88888"

"outTime": "2021.3.25" outTime": "20821.3.26

. "payTime™: true
"payTime": true pay

. e . “user_id": "beeveda7ee59de9dlebebdfebeceas4bo”
user 1d": "beo64a76059de918bébdfeboced44bg -

(@) (b)
5-11 ZALBTEES car RISRHINERR
Fig.5-11 Information recorded by CAR table in cloud database
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AN EEAG B 20, il 5-12 B, 1524900 /NE 7 40 A AR o AN 50
TR, ERENERHAPZIE N EBPNERGR, BEEES. EHS. Az
B ISR, BRI ZAMNET LR RZIIEER G S TIEES.. HTRA S
WS T, PR S A Dy RE B I TV S .

< Weixin o8 @

BES: FEREREAE .
FhES: BEA8S88S =
MNiBATE: 2021.3.24

HiFATE: 2021.3.25

BES: FERERERE
FEjeS: [kA88888 ;

MNipAdEl: 2021.3.25
HizAg[E): 2021.3.26

5-12 NEEEEERE

Fig.5-12 Incoming information query screen

5.2 ZETF PyQt5 KB H BIm kit

5.2.1 BT

TR EAAR T RE LI R Z AR F A V2 1) Windows Rt HIEAT, I BE#
AT Ui L@ e 7E Windows R4l BASEMEGR A 77 vk it % B Windows R Uity
Wit 7754 Java. Qt. PyQtS. HrR PyQts [ H 4% 51 & N Python, feiFf# F Python i&
WA Qt FEH ) APL. X PRI KEFAL SR AR TR T Qt Mg AT AR FII, KKHE
w1 FERAE, Python ZFEAGIIEE =7 FENF BRI T RERIER], ZERAI. RHFE
JP i Python 18 F i TS, (8T B SE FE A @ AR, ErTumh BEEA
Bk, I PyQts A& &8 B3 1 o 11 B ik Tk

B S SRR B 5-13 s, FTHF SR G 22 R R B S  BR A N
FERSE I 5 ZE RO S BTGB AR AR, SRS S N Ry g B AT SRR R R X 3 S 2
M5 RER, EMSEB LA RG 2] 58S A 25UE = 1 K HRE
FERAEE PSR ‘user” RN, SHAMZEMSSETICE, R RITER 17—
RS, PR PEAS BB BTG = R B R R A NS B “car” RN, [FIRY
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5-13 EREHRIRIHRE
Fig.5-13 Design process of manager

5.2.2 At

FHME B 5-14 Frox, FHEE—RBETF LYy, ANDAH DAAEA F#EIE,
ITEN 5 W A 53 3 B S PR AN B B, WO A LT A B4 D9 7 N S THT 5 H
JE ST o A5 SR A T AN T HE R T 2on N R R GG BHE SR B £ 5 BRI, I
6 AT RAEUR, AR N R NFERE . RS, EFRAR, St bl
B oA)E, S E3hE H Python ) requests B, %IRRT url 15A) S = FF &K HL
WEFEEREW ‘car” RANMANERE, BHREEERREREN. ‘E—00" 5 °F
— 00 A T RE B TR KN A IR IGIE 2 BRERE T EIL K. NEE RS
TN H B S ME— AR, Bl I BR AN ERA], J5#F il B HE
WA, ST ORBEF P RS AAYE, DRV BN 2 R0 ) R B ) 28 S s A ] — ST L
RAEARRHEN IR E S S e S A R R E BN ES HEER.
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(b)
5-14 B E WL
Fig.5-14 Design of manager screen

5.2.3 EHRET
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Fig.5-15 Personal information
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Fig.5-16 View incoming information
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Fig.5-17 View incoming information
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Towards End-to-End Car License Plates Detection
and Recognition with Deep Neural Networks

Hui Li, Peng WangT, and Chunhua Shen

Abstract—In this work, we tackle the problem of car license
plate detection and recognition in natural scene images. We
propose a unified deep neural network which can localize license
plates and recognize the letters simultaneously in a single forward
pass. The whole network can be trained end-to-end. In contrast
to existing approaches which take license plate detection and
recognition as two separate tasks and settle them step by step,
our method jointly solves these two tasks by a single network.
It not only avoids intermediate error accumulation, but also
accelerates the processing speed. For performance evaluation,
three datasets including images captured from various scenes
under different conditions are tested. Extensive experiments show
the effectiveness and efficiency of our proposed approach.

Index Terms—Car plate detection and recognition, Convolu-
tional neural networks, Recurrent neural networks

I. INTRODUCTION

UTOMATIC car license plate detection and recognition

plays an important role in intelligent transportation sys-
tems. It has a variety of potential applications ranging from
security to traffic control, and attracts considerable research
attentions during recent years.

However, most of the existing algorithms only work well
either under controlled conditions or with sophisticated image
capture systems. It is still a challenging task to read license
plates accurately in an uncontrolled environment. The diffi-
culty lies in the highly complicated backgrounds, like the
general text in shop boards, windows, guardrail or bricks,
and random photographing conditions, such as illumination,
distortion, occlusion or blurring.

Previous works on license plate detection and recognition
usually consider plate detection and recognition as two sep-
arate tasks, and solve them respectively by different meth-
ods. However, the tasks of plate detection and recognition
are highly correlated. Accurate bounding boxes obtained via
detection method can improve recognition accuracy, while the
recognition result can be used to eliminate false positives vice
versa. Thus in this paper, we propose a unified framework
to jointly tackle these two tasks at the same level. A deep
neural network is designed, which takes an image as input and
outputs the locations of license plates as well as plate labels
simultaneously, with both high efficiency and accuracy. We
prove that the low level features can be used for both detection
and recognition. The whole network can be trained end-to-end,

H. Li, and C. Shen are with the School of Computer Science, The
University of Adelaide, SA 5005, Australia. P. Wang is with the School of
Computer Science, Northwestern Polytechnical University, China. TP. Wang
is the corresponding author (E-mail: peng.wang@nwpu.edu.cn). This work
was done when P. Wang was with The University of Adelaide.

without using any heuristic rule. An overview of the network
architecture is shown in Figure [T} To our knowledge, this is
the first work that integrates both license plate detection and
recognition into a single network and solves them at the same
time. The main contributions of this work are as follows:

o A single unified deep neural network which can detect
license plates from an image and recognize the labels
all at once. The whole framework involves no heuristic
processes, such as the use of plate colors or character
space, and avoids intermediate procedures like character
grouping or separation. It can be trained end-to-end, with
only the image, plate positions and labels needed for
training. The resulting system achieves high accuracy on
both plate detection and letter recognition.

o Secondly, the convolutional features are shared by both
detection and recognition, which leads to fewer param-
eters compared to using separated models. Moreover,
with the joint optimization of both detection and recog-
nition losses, the extracted features would have richer
information. Experiments show that both detection and
recognition performance can be boosted via using the
jointly trained model.

« By integrating plate recognition directly into the detection
pipeline, instead of addressing them by separate models,
the resulting system is more efficient. With our frame-
work, we do not need to crop the detected license plates
from the input image and then recognize them by a
separate network. The whole framework takes 0.3 — 0.4
second per image on a Titan X GPU.

The rest of the paper is organized as follows. Section 2
gives a brief discussion on related work. Section 3 presents
the integrated method, and introduces each part in detail.
Experimental verifications are followed in Section 4, and
conclusions are drawn in Section 5.

II. RELATED WORK

As license plate detection and recognition are generally
addressed separately, we give a brief introduction to previous
work on each aspect respectively.

1) License Plate Detection: License plate detection aims to
localize the license plates in the image in the form of bounding
boxes. Existing methods can be roughly classified into four
categories []], [12], [3]]: edge-based, color-based, texture-based,
and character-based.

Since license plates are normally in a rectangular shape with
a specific aspect ratio, and they present higher edge density
than elsewhere in the image, edge information is used widely



SUBMITTED TO IEEE TRANSACTIONS ON INTELLIGENT TRANSPORTATION SYSTEMS 5 APRIL 2017; REVISED 26 SEPTEMBER 2017 2

License Plate
Detection License
Network Plate Scores
""" c—
Plate 1 1
Convo- Proposal 1
lutional Bounding 1 !
Features Region | Boxes | I |Bounding Box
- »| Proposal > Region | FClayers | Offsets
Network . Rol ' |Features | [ ====~= !
- = ntegra-
k™ ting
: License Plate
Pooling Recognition
N Network Recognized
Input Image Layers g e m e . Labels
————
1O L
1
RO 0
' BRNNs I

Fig. 1.

The overall structure of our model. It consists of several convolutional layers, a region proposal network for license plate proposals generation,

proposal integrating and pooling layer, multi-layer perceptrons for plate detection and bounding box regression, and RNNs for plate recognition. Given an
input RGB image, with a single forward evaluation, the network outputs scores of predicted bounding boxes being license plates, bounding box offsets with a
scale-invariant translation and log-space height/width shift relative to a proposal, as well as the recognized license plate labels at the same time. The extracted
region features are used by both detection and recognition, which not only shares computation, but also reduces model size.

to detect license plates. In [4] an edge-based method was
developed for plate detection. Expectation Maximization (EM)
was applied for edge clustering which extracts the regions
with dense sets of edges and with shapes similar to plates
as the candidate license plates. In [3], a novel line density
filter approach was proposed to connect regions with high edge
density and remove sparse regions in each row and column
from a binary edge image. Edge-based methods are fast in
computation, but they cannot be applied to complex images
as they are too sensitive to unwanted edges.

Color-based approaches are based on the observation that
color of the license plate is usually different from that of the
car body. In [6], a plate detection method was developed by
analyzing the target color pixels. A color-geometric template
was utilized to localize Iranian license plates via strip search.
Chang et al. [[/]] proposed a method to detect Taiwan license
plates in RGB images based on the different foreground and
background colors. They developed a color edge detector
which is sensitive to black-white, red-white and green-white
edges. Color-based methods can be used to detect inclined or
deformed license plates. However, they are very sensitive to
various illumination conditions in natural scene images, and
they cannot distinguish other objects in the image with similar
color and size as the license plates.

Texture-based approaches attempted to detect license plates
according to the unconventional pixel intensity distribution
in plate regions. Yu et al. [8] used a wavelet transform at
first to get the horizontal and vertical details of an image.
Empirical Mode Decomposition (EMD) analysis was then
employed to deal with the projection data and locate the
desired wave crest which indicates the position of a license
plate. Giannoukos et al. [9] developed a Sliding Concentric
Window (SCW) algorithm to identify license plates based on
the local irregularity property of plate texture in an image.
Operator Context Scanning (OCS) was proposed to accelerate
detection speed. Texture-based methods use more discrimina-
tive characteristics than edge or color, but result in a higher
computational complexity.

Considering the fact that license plates consist of a string

of characters, much work appeared recently based on the
character-based feature as it includes more specific informa-
tion. Zhou et al. [2] formulated license plate detection as
a visual matching problem. Principal Visual Word (PVW)
was generated for each character which contains geometric
clues such as orientation, characteristic scale and relative
position, and used for plate extraction. Li et al. [10]] applied
Maximally Stable Extremal Region (MSER) at the first stage
to extract candidate characters in images. Conditional Random
Field (CRF) was then constructed to represent the relationship
among license plate characters. License plates were finally
localized through the belief propagation inference on CRF.
Character-based methods are more reliable and can lead to a
high recall. However, the performance is affected largely by
other text in the image background.

2) License plate recognition: Previous work on license
plate recognition typically segments characters in the license
plate firstly, and then recognizes each segmented character
using Optical Character Recognition (OCR) techniques. For
example, In [L1], Extremal Regions (ER) were employed to
segment characters from coarsely detected license plates and
to refine plate location. Restricted Boltzmann machines were
applied to recognize the characters. In [4], MSER was adopted
for character segmentation. Local Binary Pattern (LBP) fea-
tures were extracted and classified using a Linear Discriminant
Analysis (LDA) classifier for character recognition.

However, character segmentation by itself is a really chal-
lenging task that is prone to be influenced by uneven lighting,
shadow and noise in the image. It has an immediate impact
on plate recognition. The plate cannot be recognized correctly
if the segmentation is improper, even if we have a strong
recognizer. With the development of deep neural networks,
approaches were proposed to recognize the whole license
plate directly with segmentation free. In [12]], segmentation
and optical character recognition were jointly performed using
Hidden Markov Models (HMMs) where the most likely label
sequence was determined by Viterbi algorithm. In [13]], plate
recognition was regarded as a sequence labeling problem.
Convolutional Neural Networks (CNNs) was employed in
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a sliding window manner to extract a sequence of feature
vectors from license plate bounding box. Recurrent Neural
Networks (RNNs) with Connectionist Temporal Classification
(CTC) [14]] were adopted to label the sequential data without
character separation.

ITII. MODEL

Different from the above-mentioned methods, our approach
addresses both detection and recognition using a single deep
network. As illustrated in Figure [T} our model consists of a
number of convolutional layers to extract discriminate features
for license plates, a region proposal network tailored specifi-
cally for car license plates, a Region of Interest (Rol) pooling
layer, multi-layer perceptrons for plate detection and bounding
box regression, and RNNs with CTC for plate recognition.
With this architecture, the plate detection and recognition can
be achieved simultaneously, with one network and a single
forward evaluation of the input image. Moreover, the whole
network is trained end-to-end, with both localization loss and
recognition loss being jointly optimized, and shows improved
performance. In the following subsections, we give a detailed
description about each component.

A. Model Architecture

1) Low-level Feature Extraction: The VGG-16 net-
work [15] is adopted here to extract low level CNN features.
VGG-16 consists of 13 layers of 3 x 3 convolutions followed
by Rectified Linear Unit (ReLU) non-linearity, 5 layers of 2 x2
max-pooling, and fully connected layers. Here we keep all the
convolutional layers and abandon the fully connected layers as
we require local features at each position for plate detection.
Given that the license plates are small compared with the
whole image size, we use 2 pooling layers instead of 5, in
case the feature information of license plates is vanished after
pooling. So the resulting feature maps are one fourth size of
the original input image. The higher-resolution feature maps
will benefit the detection of small objects [16]. They are used
as a base for both detection and recognition.

2) Plate Proposal Generation: Ren et al. [17] designed a
Region Proposal Network (RPN) for object detection, which
can generate candidate objects in images. RPN is a fully
convolutional network which takes the low-level convolutional
features as input, and outputs a set of potential bounding
boxes. It can be trained end-to-end so that high quality
proposals can be generated. In this work, we modify RPN
slightly to make it suitable for car license plate proposal.

According to the scales and aspect ratios of license plates in
our datasets, we designed 6 scales (the heights are respectively
5, 8, 11, 14, 17, 20) with an aspect ratio (width/height = 5),
which results in £ = 6 anchors at each position of the input
feature maps. In addition, inspired by inception-RPN [[18], we
use two 256-d rectangle convolutional filters (W, =5, H; = 3
and Wy = 3,Hy = 1) instead of the regularly used one
filter size 3 x 3. The two convolutional filters are applied
simultaneously across each sliding position. The extracted
local features are concatenated along the channel axis and form
a 512-d feature vector, which is then fed into two separate

fully convolutional layers for plate/non-plate classification
and box regression. On one hand, these rectangle filters are
more suitable for objects with larger aspect ratios (license
plates). On the other hand, the concatenated features keep both
local and contextual information, which will benefit the plate
classification.

For k anchors at each sliding position on the feature map,
the plate classification layer outputs 2k scores which indicate
the probabilities of the anchors as license plates or not. The
bounding box regression layer outputs 4k values which are
the offsets of anchor boxes to a nearby ground-truth. Given
an anchor with the center at (z,, y,), width w, and height h,,
the regression layer outputs 4 scalars (¢, t, t., t5) which are
the scale-invariant translation and log-space height/width shift.
The bounding box after regression is given by

T=2Tq +1aWa,Y = Yo + tyha;
W = Wq exp(ty), h = hq exp(ty),

where x, y are the center coordinates of the bounding box after
regression, and w, h are its width and height.

For a convolutional feature map with size M x N, there will
be M x N x k anchors in total. Those anchors are redundant
and highly overlapped with each other. Moreover, there are
much more negative anchors than positive ones, which will
lead to bias during training if we use all those anchors. We
randomly sample 256 anchors from one image as a mini-batch,
where the ratio between positive and negative anchors is up
to 1:1. The anchors that have Intersection over Union (IoU)
scores larger than 0.7 with any ground-truth bounding box are
selected as positives, while anchors with ToU lower than 0.3
as negatives. The anchors with the highest IoU scores are also
regarded as positives, so as to make sure that every ground-
truth box has at least one positive anchor. If there are not
enough positive anchors, we pad with negative ones.

The binary logistic loss is used here for box classification,
and smooth L loss [17] is employed for box regression. The
multi-task loss function used for training RPN is

Neis

Z Lcls(piap;) +

i=1

NTeg

D Lyeg(ti, t]), (1)

=1

1
NTEg

L =
RN Ncls

where N, is the size of a mini-batch and V,.., is the number
of positive anchors in this batch. Bounding box regression
is only for positive anchors, as there is no ground-truth
bounding box matched with negative ones. p; is the predicted
probability of anchor i being a license plate and p} is the
corresponding ground-truth label (1 for positive anchor, 0
for negative anchor). t; is the predicted coordinate offsets
(tiz tiy, tiw, t;p) for anchor ¢, and t7 is the associated
offsets for anchor 7 relative to the ground-truth. RPN is trained
end-to-end with back-propagation and Stochastic Gradient
Descent (SGD).

At test time, the forward evaluation of RPN will result in
M x N x k anchors with objectiveness scores as well as
bounding box offsets. We employ Non-Maximum Suppression
(NMS) to select 100 proposals with higher confidences based
on the predicted scores for the following processing.
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3) Proposal Processing and Pooling: As we state before,
256 anchors are sampled from the M x N x k anchors to
train RPN. After bounding box regression, the 256 samples
will later be used for plate detection and recognition.

We denote the bounding box samples as p =
(™, 4D 23 4 where (M), y1) is the top-left coor-
dinate of the bounding box, and (2(?), y(?)) is the bottom-right
coordinate of the boundm% box. For all the positive proposals
pij = (z 51])7341(1]), T 7 ,yw i =1,...,n that are associated
with the same ground truth plate gj, a blgger bounding box

1 1 2
b] _( ( )7yj( )a ()7yj( )

proposals Dij» 1.e.,

) is constructed that encompasses all

1 . 1 ) . )
§ ) lzr{l’lnv'r ( ("7)) y-§ ) = l:ril,ln,n(yl(]))’
2 e (2 _ @)

I Fmaxn( iJ ), Y = l:HllaXn(y” )

The constructed bounding boxes b;, j = 1,...,m will then
be used as positive samples for later plate detection and recog-
nition. To avoid the bias caused by the unbalanced distribution
between positive and negative samples, we randomly choose
3m negative ones from the 256 samples and form a mini-batch
with 4m samples.

Considering that the sizes of the samples are different
from each other, in order to interface with the plate detection
network as well as the recognition network, Rol pooling [19] is
adopted here to extract fixed-size feature representation. Each
Rol is projected into the image convolutional feature maps,
and results in feature maps of size H' x W’. The varying
sized feature maps H' x W' are then divided into X x Y grids,
where boundary pixels are aligned by rounding. Features are
max-pooled within each grid. Here we choose X = 4 and
Y = 20 instead of 7 x 7 that is used in [19]], because of
the subsequent plate recognition task. To be specific, since
we need to recognize each character in the license plate, it
would be better if we keep more feature horizontally. However,
the model size p from this layer to the next fully connected
layer is closely related to X and Y, ie., p x XY. A larger
feature map size will result in more parameters and increase
the computation burden. Considering the aspect ratio of license
plates, we use a longer width Y = 20 and a shorter height
X = 4. Experimental results demonstrate that these features
are sufficient for classification and recognition.

4) Plate Detection Network: Plate detection network aims
to judge whether the proposed Rols are car license plate or
not, and refine the coordinates of plate bounding boxes.

Two fully connected layers with 2048 neurons and a dropout
rate of 0.5 are employed here to extract discriminate features
for license plate detection. The features from each Rol are
flattened into a vector and passed through the two fully con-
nected layers. The encoded features are then fed concurrently
into two separate linear transformation layers respectively for
plate classification and bounding box regression. The plate
classification layer has 2 outputs, which indicate the softmax
probability of each Rol as plate/non-plate. The plate regression
layer produces the bounding box coordinate offsets for each
proposal, as in region proposal network.

*A02U10

Sequential Features
V= (vq,V,..,V)

Convolutional Layers

Region Features
CXXXY

i 020 Ol

Fig. 2. Plate Recognition Network. The pooled region features are regarded
as a feature sequence, and encoded by BRNNs, which capture the context
information in both sides. CTC are used for plate decoding without character
separation.

5) Plate Recognition Network: Plate recognition network
aims to recognize each character in Rols based on the extracted
region features. To avoid the challenging task of character
segmentation, we regard the plate recognition as a sequence
labeling problem. Bidirectional RNNs (BRNNs) with CTC
loss [14] are employed to label the sequential features, which
is illustrated in Figure [2]

The region features after Rol pooling are denoted as Q €
RE*XXXY "where C is the channel size. First of all, we add
two additional convolutional layers with ReL.Us. Both of them
use 512 filters. The kernel sizes are 3 and 2 respectively, with a
padding of 1 used in the first convolutional layer. A rectangular
pooling window with kyy = 1 and kg = 2 is adopted between
them, which would be beneficial for recognizing characters
with narrow shapes, such as 1 and I, referring to [20]]. These
operations will reform the region features Q to a sequence
with the size as D x L, where D = 512 and L = 19. We
denote the resulting features as V = (v1,va,...,vy), where
V; € RP.

Then BRNNSs are applied on top of the sequential features.
As presented in Figure 2] Two separated RNN layers with 512
units are used. One processes the feature sequence forward,
with the hidden state updated via h'") = g(v;,h{’)). The
other one processes it backward with the hidden state updated
via hﬁb) = g(vy, hgi)l). The two hidden states are concatenated
together and fed to a linear transformation with 37 outputs.
Softmax layer is followed to transform the 37 outputs into
probabilities, which correspond to the distributions over 26
capital letters, 10 digits, and a special non-character class.
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We record the probabilities at each time step. Hence, after
BRNNSs encoding, the feature sequence V is transformed into
a sequence of probability estimation q = (q1,Q2,.-.,qr)
with the same length as V. BRNNs capture abundant contex-
tual information from both directions, which will make the
character recognition more accurate. To overcome the short-
coming of gradient vanishing or exploding during traditional
RNN training, Long-Short Term Memory (LSTM) [21] is
employed here. It defines a new cell structure called memory
cell, and three multiplicative gates (i.e., input gate, forget gate
and output gate), which can selectively store information for
a long time.

Then CTC layer [14] is adopted here for sequence decoding,
which is to find an approximately optimal path 7* with
maximum probability through the BRNNs’ output sequence
q, ie.,

T~ B (arg max P(7r|q)) . ()

Here a path 7 is a label sequence based on the output activation
of BRNNs, and P(7|q) = Hthl P(m|q). The operator B is
defined as the operation of removing the repeated labels and
the non-character label from the path. For example, B(a —
a—b—) = B(—aa — —a — bb) = (aab). Details of CTC can
refer to [14]. The optimal label sequence 7* is exactly the
recognized plate label.

B. Loss Functions and Training

As we demonstrate previously, the whole network takes as
inputs an image, the plate bounding boxes and the associated
labels during training time. After we obtain the samples as
well as the region features, we combine the loss terms for
plate detection and recognition, and jointly train the detection
and recognition networks. Hence, the multi-task loss function
is defined as

N N,

1 1
L = X7 Lcs () : T ch t“t:
DRN N; 1 (P p )JF N, ; g( )

1 &
+ ) Lee(q?,s) 3)
N, &

where NV is the size of a mini-batch used in detection network
and N, is the number of positive samples in this batch. The
definitions of L., and L, are the same as that used in RPN.
Di, PF, ti, t7 also use the same definition as that used in RPN.
s() is the ground truth plate label for sample i and q'*) is the
corresponding output sequence by BRNNs.

It is observed that the length of BRNNs’ outputs q(*) is
not consistent with the length of target label s(). Following
CTC loss in [14]], the objective function for plate recognition
is defined as the negative log probability of the network
outputting correct label, i.e.,

Lrec(@®,s") = —log P(s"”|q"”) “)
where

PsWqW)y= > P(rlq") )

m:B(m)=s(1)

which is the sum of probabilities of all 7 that can be mapped
to s by B.

We use the approximate joint training process [[L7] to train
the whole network, ignoring the derivatives with respect to the
proposed boxes’ coordinates. Fortunately, this does not have
a great influence on the performance [17]. We train the whole
network using SGD. CNNs for extracting low-level features
are initialized from the pre-trained VGG-16 model. We do
not fine-tune the first four convolutional layers for efficiency.
The rest of CNN layers are fine-tuned only in the first
50K iterations. The other weights are initialized according to
Gaussian distribution. For optimization, we use ADAM [22],
with an initial learning rate of 10~° for parameters in the pre-
trained VGG-16 model, and 10~* for other parameters. The
latter learning rate is halved every 10K iterations until 1075,
The network is trained for 200K iterations. Each iteration uses
a single image sampled randomly from training dataset. For
each training image, we resize it to the shorter side of 700
pixels, while the longer side no more than 1500 pixels.

IV. EXPERIMENTS

In this section, we conduct experiments to verify the effec-
tiveness of the proposed methods. Our network is implemented
using Torch 7. The experiments are performed on NVIDIA
Titan X GPU with 12GB memory.

A. Datasets

Three datasets are used here to evaluate the effectiveness of
our proposed method.

The first dataset is composed of car license plates from
China, denoted as “CarFlag-Large”. We collected 450K im-
ages for training, and 7378 images for test. The images are
captured from frontal viewpoint by fixed surveillance cameras
under different weather and illumination conditions, e.g., in
sunny days, in rainy days, or at night time, with a resolution
of 1600 x 2048. The plates are nearly horizontal. Only the
nearest license plate in the image is labeled in the ground
truth file.

The second dataset is the Application-Oriented License
Plate (AOLP) database [4]. It has 2049 images in total with
Taiwan license plates. This database is categorized into three
subsets with different level of difficulty and photographing
condition, as refer to [4]]: Access Control (AC), Traffic Law
Enforcement (LE), and Road Patrol (RP). Since we do not
have any other images with Taiwan license plates, to train
the network, we use images from different sub-datasets for
training and test separately. For example, we use images from
LE and RP subsets to train the network, and evaluate the
performance on AC subset. Considering the small number of
training images, data augmentation is implemented by rotation
and affine transformation.

The third dataset is issued by Yuan et al. [S], and denoted
as "PKUData”. It has 3977 images with Chinese license plates
captured from various scenes. It is categorized into 5 groups
(i.e., G1-G5) corresponding to different configurations, as
introduced in [5]. However, there are only the plate bounding
boxes given in the ground truth file. Hence, we merely evaluate
the detection performance on this dataset.
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Fig. 3. Example results for open wide car license plate detection and recognition by our jointly trained model. Images in the first line are from CarFlag-Large,
the second line are from AOLP and the third line are from PKUData. The results demonstrate that our model can detect and recognize car license plates
under various photographing conditions, such as day and night, sunny and rainy days, etc.

B. Evaluation Criterion

To evaluate the “End-to-end” performance with both detec-
tion and recognition results considered, we follow the “End-
to-end” evaluation protocol for general text spotting in natural
scene [23]] as they have similar application scenario. Define
IoU as

area(Rgeq N Rgt) ©

area(Rge; U Rgt)
where Rjq¢ and Rgy are regions of the detected bounding box
and ground-truth respectively.

The bounding box is considered to be correct if its loU with
a ground truth bounding box is more than 50% (IoU > 0.5),
and the plate labels match. It should be note that we denote all
Chinese character in license plates as “*’, since the training
images in CarFlag-Large are all from one province and use
the same Chinese character. The trained network can not be
used to distinguish other Chinese characters.

As to the detection-only performance, we follow the crite-
rion used in [3] for fair competition, i.e., a detection is consid-
ered to be correct if the license plate is totally encompassed
by the bounding box, and IoU > 0.5.

C. Performance Evaluation on CarFlag-Large

In this section, we would like to demonstrate the superi-
ority of our end-to-end jointly trained framework compared
with commonly used two-stage approaches. As illustrated in
Figure 4] a commonly used two-stage approach implements
plate detection and recognition by two separated models.
Plate detection is carried out firstly. The detected objects are

Two-stage Approach

Stage2: Plate Recognition |
I

CRNN \

Netwotk 1
*AS1K67

1

I

Our Proposed Method

The Proposed Jointly-trained Network

Fig. 4. Two-stage approach VS. our proposed method. In the two-stage
approach, after license plate detection by Faster R-CNN, we crop the detected
license plates from the image, and then recognize them by another separate
model (CRNN in this paper). The features need to be re-computed during
recognition phase. In contrast our proposed network takes an image as
input, and produces license plate bounding boxes and plate labels in one-
shot. It avoids some intermediate processes like image cropping, and share
computation for convolutional feature extraction.

cropped out and then recognized by another different model.
In contrast, our proposed network outputs both detection and
recognition results at the same time, with a single forward pass
and requiring no image cropping. The convolutional features
are shared by both detection and recognition, which omits
feature re-computation. For simplicity, we denote our jointly
trained network as “Ours (Jointly-trained)”, and the two stage
approach as “Ours (Two-stage)”. The model used only for
plate detection is denoted as “Ours (Detection-only)”.

For fair competition, we train a Faster R-CNN model
using the 450K training images for plate detection only. We
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modify the scales and shapes of anchors as the ones we used
in this paper so that they fit the license plates. The network
is also trained with 200K iterations, using the same initial
parameters and learning rate. As to the plate recognition, we
employ CRNN framework [20], which produces the state-of-
the-art performance on general text recognition. It is an end-to-
end framework for cropped word recognition, including CNN
layers, RNN layers and CTC for transcription, from bottom to
top. We crop the groud-truth license plates from the 450000
training images, and resize them to 160 x 32 pixels. Then we
fine-tune the CRNN model with these training data.

In order to boost the performance, we rescale the input im-
age into multiple sizes during test phase for both our proposed
network and the detection-only Faster R-CNN network. The
input images are resized to the shorter side of 600, 1200 pixels
respectively, while the longer side less than 1500 pixels. With
our framework, both detection and recognition results come
out together, while with the two-stage approach, we crop the
detected bounding boxes from input images, resize them to
160 x 32 pixels, and then feed into the trained CRNN model
for recognition. Only bounding boxes with classification score
larger than 0.95 are kept and merged via NMS. Considering
that there is only one plate labeled as ground truth per image,
we finally choose the one that has 7 characters recognized
and/or with the highest detection score for evaluation. The
test results are presented in Table [ Our jointly trained
network gives the “End-to-end” performance with F-measure
of 96.13% on 7378 test images. It is around 2% higher than
the results by the two-stage approach, which demonstrates
the advantage of end-to-end training for both detection and
recognition in an unified network. The learned features are
more informative, and the two subtasks can help with each
other.

TABLE I
EXPERIMENTAL RESULTS ON CARFLAG-LARGE DATASET. WE COMPARE
BOTH PERFORMANCE AND RUNNING SPEED OF OUR JOINTLY TRAINED
NETWORK WITH A TWO-STAGE BASELINE METHOD. THE JOINTLY
TRAINED NETWORK ACHIEVES NOT ONLY HIGHER ACCURACIES ON BOTH
DETECTION AND “END-TO-END” PERFORMANCE, BUT ALSO IN A
SHORTER TIME.

End-to-end Detection-only Sp.eed
Method Performance Performance (per 1mage
(%) (%) single scale)
(ms)
Ours(Jointly-trained) 96.13 98.15 300
Ours(Two-stage) 94.09 97.00 450

In terms of the computational speed, the unified framework
takes about 300ms per image for a forward evaluation on the
single small input scale, while the two-stage approach needs
around 450ms to get both detection and recognition results,
as it needs to implement image cropping and CNN feature
re-calculation.

We also compare the detection-only performance. Our
jointly trained network produces a detection accuracy of
98.15%, which is 1% higher than the result given by detection-
only Faster R-CNN network. This result illustrates that car
license plate detection can be improved with the multi-task
loss used during training time.

Some experimental results using our jointly trained network
are presented in the first row of Figure [3] which show that
our model can deal with images under different illumination
conditions.

D. Performance Evaluation on AOLP

In this section, we compare the “End-to-end” performance
of our method with other state-of-the-art methods on the
AOLP dataset. Note that the network is only trained with
15K iterations because of the small number of training images
in this dataset. Moreover, since the sizes of license plates in
AOLP are almost the same, and the ratios between license
plates and images sizes are also similar. For this dataset, we
only use a single image scale with shorter side as 700 pixels
in test phase.

The detection and recognition results are presented on
the second row in Figure 3] Comparison results with other
methods in Table [[I] show that our approach performs better
on AC and LE subsets with “End-to-end” evaluation. It also
gives the best performance for plate detection on all three
subsets, with averagely 2% higher than the sliding window
based method used in Li et al. [13], and 4% higher than
the edge based method used in Hsu et al. [4]. As to the
computational speed, out network takes about 400ms to get
both detection and recognition results, while Li et al.’s method
[L3] costs 2—3s, and Hsu et al.’s approach [4] needs averagely
260ms.

It should be noted that in Table “End-to-end” perfor-
mance on RP subset is worse than that in [13]]. That may be
because the license plates in RP have a large degree of rotation
and projective orientation. In [13], the detected license plates
are cropped out and Hough transform is employed to correct
the orientation. In contrast, our method does not explicitly
handle the rotated plates. Integrating spatial transform network
into our end-to-end framework may be a solution, referring
to [24], which is a future work.

E. Performance Evaluation on PKUData

Because the ground truth file in PKUData only provides
the plate bounding boxes, we simply evaluate the detection
performance on this dataset. Both the detection accuracy
and computational efficiency are compared with other meth-
ods [LO], [2f], [S]. We use the same model trained by the
CarFlag-Large dataset, as they are both datasets with Chinese
license plates.

Images on the third line of Figure [3] show examples with
both detection and recognition results. The detection-only
results by our approach and other three methods are presented
in Table [T} Our jointly trained model demonstrates absolute
advantage on all 5 subsets, especially on G4, where we achieve
100% detection rate. This result proves the robustness of our
approach in face of various scenes and diverse conditions.
Qualitatively, our jointly trained network achieves a average
detection ratio of 99.80%, which is 2% higher than the
previous best performance method.

In addition, the detection performance by our jointly trained
network is slightly better than that by the detection-only
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TABLE II
EXPERIMENTAL RESULTS ON AOLP DATASET. AC (ACCESS CONTROL) IS THE EASIEST DATASET WHERE IMAGES ARE CAPTURED WHEN VEHICLES PASS
A FIXED PASSAGE WITH A LOWER SPEED OR FULL STOP. LE (LAW ENFORCEMENT) DATASET CONSISTS OF IMAGES CAPTURED BY ROADSIDE CAMERA
WHEN A VEHICLE VIOLATES TRAFFIC LAWS. RP (ROAD PATROL) REFERS TO THE CASES THAT THE CAMERA IS HELD ON A PATROLLING VEHICLE, AND
THE IMAGES ARE TAKEN WITH ARBITRARY VIEWPOINTS AND DISTANCES. WE COMPARE OUR PROPOSED METHOD WITH OTHER STATE-OF-THE-ART
METHODS ON BOTH PERFORMANCE AND RUNNING SPEED. OUR JOINTLY-TRAINED NETWORK SHOWS IMPROVED PERFORMANCE FOR IMAGES WITH
LICENSE PLATES IN NEARLY HORIZONTAL POSITION.

End-to-end Performance Detection-only Performance (per ima Sepfier? Je scale)
Method (%) (%) ’ g(n;s)g
AC LE RP AC LE RP
Hsu et al. [4] — — — 96 95 94 260
Li et al. [13] 94.85 | 94.19 | 88.38 | 98.38 | 97.62 95.58 1000 — 2000
Ours(Jointly-trained) | 95.29 96.57 | 83.63 | 99.56 99.34 98.85 400
TABLE III

EXPERIMENTAL RESULTS ON PKUDATA. DETECTION PERFORMANCE AND RUNNING SPEED ARE COMPARED BETWEEN OUR PROPOSED METHOD AND
OTHER STATE-OF-THE-ART METHODS. G1 - G5 CORRESPOND TO DIFFERENT IMAGE CAPTURING CONDITIONS. OUR JOINTLY TRAINED NETWORK
ACHIEVES A AVERAGE DETECTION RATIO OF 99.80%, WHICH IS 2% HIGHER THAN THE PREVIOUS BEST PERFORMANCE METHOD. IN ADDITION, THE
JOINTLY TRAINED NETWORK, WHICH INTEGRATES BOTH DETECTION AND RECOGNITION LOSSES, PERFORMS BETTER THAN THAT TRAINED ONLY WITH
THE DETECTION INFORMATION.

Speed
Method Detection Performance (%) (per 1mag? Hir)lgle scale)
Gl G2 G3 G4 G5 Average
Zhou et al. [2] 95.43 97.85 94.21 81.23 82.37 90.22 475
Li et al. [10] 98.89 98.42 95.83 81.17 83.31 91.52 672
Yuan ez al. [3] 98.76  98.42 97.72 96.23 97.32 97.69 42
Ours(Detection-only) | 99.88 99.71  99.87 99.65 98.81 99.58 300
Ours(Jointly-trained) 99.88 99.86 99.87 100 99.38 99.80 300
network as seen from Table m This is consistent with the [3] C. Anagnostopoulos, I. Anagnostopoulos, V. Loumos, and E. Kayafas,
outcome on CarFlag-Large dataset, and proves again that the “A licens.e pl.ate—recognition algorithm for intelligent transportation sys-
. . . tem applications,” IEEE Trans. Intell. Transp. Syst., vol. 7, no. 3, pp.
detection performance can be boosted when training with the 377-392. 2006.
label information. [4] G. Hsu, J. Chen, and Y. Chung, “Application-oriented license plate
In terms of computational speed, Yuan et al.’s method [3] is ;%Clos‘o’“‘“o“f’ IEEE Trans. Veh. Technol., vol. 62, no. 2, pp. 552-561,
rela.mvely faster than ours’, since they use simple linear SVMs, [5] Y. Yuan, W. Zou, Y. Zhao, X. Wang, X. Hu, and N. Komodakis, “A
while we use deep CNNs and RNNs. robust and efficient approach to license plate detection.” IEEE Trans.
Image Process., vol. 26, no. 3, pp. 1102-1114, 2017.
[6] A. H. Ashtari, M. J. Nordin, and M. Fathy, “An iranian license plate
V. CONCLUSION recognition system based on color features,” IEEE Trans. Intell. Transp.
In this paper we have presented a jointly trained network for Syst., vol. 15, pp. 1690-1705, 2014. . o
simultaneous car license plate detection and recognition. With 7 rsecgélr?::in]“ g;g ’Tféncshl;ztge’llanﬁmsr;;h;;; ’ Avl:)tlo Hslatfo hien;c 41)21256
this network, car license plates can be detected and recognized 2004.
all at once in a single forward pass, with both high accuracy ~ [81 S. Yu, B. Li, Q Zhang, C. Liu, and M. Meng, “A novel license plate
and efficien cy. By sharin g conv olutional features with both location method based on wavelet transform and emd analysis,” Pattern
X o . Recogn., vol. 48, no. 1, p. 114125, 2015.
detection and recognition network, the model size decreases [9] I Giannoukos, C.-N. Anagnostopoulos, V. Loumos, and E. Kayafas,
largely. The whole network can be trained approximately end- “Operator context scanning to support high segmentation rates for real
. . . . . . . i license plate recognition,” Pattern Recogn., vol. 43, no. 11, p.
to-end, without intermediate processing like image cropping time p g ’ 875 ’ - P
i . . . 38663878, 2010.
or character separation. Comprehensive evaluation and com- [10] B. Li, B. Tian, Y. Li, and D. Wen, “Component-based license plate
parison on three datasets with different approaches validate detection using conditional random field model,” IEEE Trans. Intell.
: Transp. Syst., vol. 14, no. 4, pp. 1690-1699, 2013.
the advantage of Ou? method. In the future, we will e)_(t_end [11] C. Gou, K. Wang, Y. Yao, and Z. Li, “Vehicle license plate recognition
our network to multi-oriented car license plates. In addition, based on extremal regions and restricted boltzmann machines,” IEEE
with the time analysis, it is found that NMS takes about half Trans. Intell. Transp. Syst., vol. 17, pp. 1096-1107, 2016. _
of the whole processing time. Hence, we will optimize NMS (12] O. Bulan, V. Kozitsky, P. Ramesh, and M. Shreve, “Segmentation-
. and annotation-free license plate recognition with deep localization and
to accelerate the processing speed. failure identification,” IEEE Trans. Intell. Transp. Syst., vol. 1, no. 1,
pp- 1 — 13, 2017.
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