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Abstract: In recent years, neural networks based on self-attentive mechanism have been widely used in computer vision
tasks. As the intelligent transportation system is widely used, the task difficulty of license plate recognition is increasing
and the need for correct recognition is getting more pressing in the face of complex and changing traffic scenes. There-
fore, a rectification-free license plate recognition method T-LPR based on self-attention was proposed. Firstly, the images
were sliced and sequenced, and 3D convolution was used for feature extraction of the sliced sequences to obtain a se-
quence of image embedding vectors. Secondly, the sequence of embedding vectors was fed into an encoder based on
Transformer Encoder, which learned the relationship between the individual embedding vectors and outputs the final en-
coding result. Finally, the final encoding result was classified by a classifier. Experimental results on several public data-
sets show that T-LPR proposed is very effective for recognizing license plates in all kinds of difficult scenarios.
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z2 AEFAZEE CCPD HiEE LRI ERIRFIE

Vikr All Base DB FN Rotate Tilt Weather Challenge
Faster RCNN*+HC 92.8% 97.2% 94.4% 90.9% 82.9% 87.3% 85.5% 76.3%
YOLO9000M"+HC 93.7% 98.1% 96% 88.2% 84.5% 88.5% 87.0% 80.5%
SSD300™+HC 95.2% 98.3% 96.6% 95.9% 88.4% 91.5% 87.3% 83.8%
TE2E!! 94.4% 97.8% 94.8% 94.5% 87.9% 92.1% 86.8% 81.2%
RPnet!”! 95.5% 98.5% 96.9% 94.3% 90.8% 92.5% 87.9% 85.1%
DANE! 96.6% 98.9% 96.1% 96.4% 91.9% 93.7% 95.4% 83.1%
MORAN® 98.3% 99.5% 98.1% 98.6% 98.1% 98.6% 97.6% 86.5%
MTLPR!'®! 98.8% - - - - - - -
LPRNet!'? 93.0% 97.8% 92.2% 91.9% 79.4% 85.8% 92.0% 69.8%
ANet (real data only)!'"! 98.5% 99.6% 98.8% 98.8% 96.4% 97.6% 98.5% 88.9%
ANet (real+synthetic data)!'"] 98.9% 99.8% 99.2% 99.1% 98.1% 98.8% 98.6% 89.7%
T-LPR 99.0% 99.6% 99.1% 99.2% 98.1% 98.6% 98.9% 93.1%

Z:1f) ANet (real+synthetic data) ", XS0 T-LPR
R IR R EA% 705 S E S = E il i 5 1=

7£ CCPD % fli 4, Rotate. Tilt 245 H T-VPh iR
OO AR T O T B AR 4 R PR AR R AR T R

Weather HI T VPAl UM J7 iR AEAN R R AU 6L T (R
fie, Challenge WU FH T PPk TR 5 VAAE 25 S5 o e i
875 ol N 1 o O 1 e e (5 N 51 SN £ BN i S
i HEBOGE IS X 4 DR A RZOTA %
(IR fAE . M Rotate. Tilt Hrda e b4 Kok E,
5595 B BEI J7 ik, W Faster RCNNF+HCT |

YOLO9000!" H+HC %5 J7 i b, i 2113 0 R 7 v
(RPnet. DAN. MORAN. LPRNet. ANet. T-LPR)
AW B AR H o AT AT H A E B IE A% 1) 7 vk
(DANPU . TE2EV 45 ) Hi1 ¢ T 45 47 JF I B e 11
MORANPVGT &5 B 2 FE A b, 17 AR SCH HH ]
WA IERRBTENER] T 5 MORAN A5
PERERIN, IXULH] T AT AT DR G- SE N R
WrEZERE G 530 . 7 Weather £0#i4E I,

T-LPR 5 MORAN #HECPERESRTT T 1.3%, 3T
TR IS AT BLSEH4E 1) ANet (real data only)
FHEERAT 0.4%IM3 T, SATH T8 s 21
ANet (real+synthetic data) #HLLA 0.3% M8, X
BT T-LPR [AJAE AT LASEEAS [R] R A 4n B 4
RSN . ORISR THAILAE Challenge

Btk b, RS ANet (real+synthetic data) HE4T
AL, T-LPR MR R K REAL#, HAT L 3%
MvERESETH, PUNRIBR]T 93.1%. EXRTER IR
IFFIRA R, ASSTHU J7 V200 ME 5 5 s 1R 4
S b Rl HL A S s K R R A
4.3 PKUData BJSKIGZER 5

Yuan Y L 2 APSH i) PKUData %4 45 55
T 220K . Zhang L T 25 AMI%) PKUData $#5
R AR AT E S bR, I TR 4
PNk AR T iR EEdE % . RHM
HARHERI 2> AR5 5 Zhang L T 25 N5
YA . B4k, 1T Sighthounds It 11 23 TT (4] API
AR ST I, R PP ISR AR R 0 22 B
TS G BB . PKUData Il CLPD #i#i 4k
MszaeaE A 3. thk 3 w40, %f-F PKUData %
WA, AT EREA ME B IS S U
b, MECZ R OTEAA W BRI, LAl R AE R
AR TE2E J7id48T1 T 17.1%, Lt ANet (real
data only) $2F+ T 9.9%, Lt ANet (real+synthetic data)
PTHT 6.5%, EFIT 94.7%MVUIH. EAEEEH
EGME BRI (BRI ACC wio) |, ARk
BT 97.5%, Lk ANet(real+synthetic data) 327+ T 7%
A SO VEAE N A AW R e, (R
N B A 72 HAT S Rz A
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%3 PKUData #0 CLPD #F&E FHYRIEER
Ji ik PKUData: ACC PKUData: ACC w/o CLPD: ACC CLPD: ACC w/o
Sighthound (2017)%%) - 89.3% - 85.2%
TE2E! 77.6% 78.4% 66.5% 78.9%
ANet (real data only)!"! 84.8% 86.5% 70.8% 86.1%
ANet (real+synthetic data)!'!} 88.2% 90.5% 76.8% 87.6%
T-LPR 94.7% 97.5% 81.4% 92.1%

4.4 CLPD RYSRIEER ST

CLPD %(#fi%E & i Zhang L J 45 N\ A
(R RIEZR ST CIRvA I RFive: S i v [ 7w ST ST ANV
TR W DAL ZE RO ik Rz A PE S &t . Ik
R AL AT CCPD I ZRA 2545 21 k4
R 3. HER 3 TR, A5k It 77k
HATHLF A e e A& 4 R v %
b, ARCTVEIER] T 81.4%, L ANet (real data only)
T+ 7T 10.6%, L& ANet (real+synthetic data) $HEJt
T 4.6%. {EAEFE T SCAHE BIRTERA F, AL
TFEIEBT 92.1%, W AT AR m 4.5%. £
FE A ME BRI 2 AR S0 5 B

=

PUHIHAR 10.7%, XT2E CCPD YIZEMA 1+
FEOIATANILI BT S 80K, CCPD 4 hi s K2 K4k
TH—AE10

843 i TR R A £ 2R R R B I B 3 BT
B AT RIS DUAT R T R M4 A4 T R e Th i) B
i, S AT REOR T — S SO U R R AR,
IR SRS I EBUG TR . B 3 KRR
SCHEH ) T-LPR 75V 22 8 1 22 R 491 o A0 4R e
SIS 1) 5 R R A, TR B 3 12 mT DA
N F ISR AEZ BRI 5, WO K T 4 p S
TR o N FH S L, B AR T A B v & 5 Ak
PR ER

'

[
& Bl BEA2S3WS  F: WASSNT  BMl: BRA2Z8I2 T BEASCS67 WM BRASFS2S  ill: E""A3Y388 ;
HAT: BFA283WS  EISL: BPA25SN7  ELUL: BRA2Z812  FUSI: BEASCS67  ELYL: KEA3FS28 BN BRA3Y38S !
____________________________________________________________________________
L . Ll o\ o =
BB G mAITI77 B BAOCIS  BN: BRAS3SKT  WO: BRA3PINS B BRAIKOSS N BAISSXS |
W BRAITI77  BL9Z: BRA99CL6  ZTSi: BEAS35K7  BASE: BRASP3NS  EL¥: [BEAIKO8S  FIST: BRAISSXS |
| aE# T K1
| BB W BEAGL278 T BEA9CS22  FHM: EEA23227  FAMN: BEAOB622  THW: frA185K7  TWN: JIIS58605
B BEAGL278  ESI: [RAICS22  ELAI: [RA23227 S BEA9B622  ELSL: [RAISSK7  ESE: JIS58605
R T BEA2FS06 s BEASBSS7 s BEATZT95 © ERATTXIS R BEASOUS6  TMl: JRASZH33 |
L BEA2F506 EQ; ZASB357 Ey; 2A72795 g; RATTXIS B9 BRASOUS6  ELST: JRASZH33 |
gy I RO [T ] S |
R W : BEAWGE3ST Ml BEA28DS6 T BEK94FOZ

T -
HI: BEA223CS

Pl 3 2R R 2 RO T 45

JIIA223C5 7pB271UK

Ei JpB27UIK  HEI:

BEAW438T  HSZ: HEA28056

T : BEAMOS04 |

HS: BEK94F01  ESE: BEAMOS0A )
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4.5 TRl RiEE
T 2%} Transformer J5 24 W 2 (1) 52 W ,

PKUData H 4RGN A 4 210 5K, PRIASCAEH
CCPD N ZREEN B BT I 25, Bl J5{E PKUData
RATROR, DO SO A R AR T
WIZRIE RITERERIN, SEIas R WK 4. 80k CCPD |
GAETNGRZ G, TRV ZRA R AR b A TR ZhAsi R A
ACC LEmT 3.2%, K37 97.9%, {EAEEH
SO OHE B HERA 2 R = 2 98.9% .

4 T AR B 400
WiRES ACC ACC w/o
ARTRINZRI T-LPR 94.7% 97.5%
TYIZR5E 1) T-LPR 97.9% 98.9%

4.6 5 VIT g93ftE

eG4y 2850, VITPYHS T 0] 5142 B R
LY VD IO N = Ko ]| E 4 T R o = i 8
BURF /D, RO VIT IIDRZHATES, D
—ANERKMMERIERE, IR CTC T II%, LA5E
FRAERRATSS o B Z IS ARSI T .
s L, BBUIA KNS T-LPR —28, SifilmE
H 160 fEGmIS 2 HNE R I Sk 0 E B R R — 3
SEIORTLL A AR 50 IR 5 AT AN, 16y, v
BiZE BG4 22 () Weather 2l 4E |, T-LPR FII ViT
S TR 25 5, 1X R IHIE T Transformer [ 754
PUR T VLT DA A B R R L Vo i AR U
MAETER: . BURHER B8 2 1) Rotate Tilt 4k
I, 5 VAT #fkL, T-LPR FILH T B 2T REIL
IR T 1.3%K1 0.8%, X & W] T-LPR ] LA N
AR AL TR« AR5 . /1 PKUData Fil
CLPD ##is4E I, T-LPR EILH T Lk VIT Bk Z
otk 5EkEPE, /8 PKUData F#E5 T 6.3%, £F
CLPD U2 T 20.1%, Xt 3 WALEAH [ I R 45
f5 LR, T-LPR el 4 Ednf k. 5
ViT M tk, T-LPR 7EFFAEHREN FoRIEN 3D BN, 1R
U i vl 70 R AL S 5 2 G D 2 )
(I8 Lo ) it il It 3D R AT LUR Gt 2
GOV LR S, SR ARSI ) o 1K
ATIAE T-LPR AR sy, i 7 i EHR R &
R E L T T-LPR 76/ N LR,
3 — 5 AU S A2 e vE S seBr A B B AT T
JeH 2 PR LA

%5 T-LPR 5 ViT 893 LLSREE 45 R

E{GITES ViT?Y T-LPR
Base 99.4% 99.6%
DB 99.0% 99.1%
FN 99.2% 99.2%
Rotate 96.8% 98.1%
Tilt 97.8% 98.6%
Weather 98.9% 98.9%
Challenge 92.2% 93.1%
PKUData 88.4% 94.7%
CLPD 61.3% 81.4%
5 HWRiE

AP T AT AEE R IER 4
WO 570 T-LPR. A 3D ARG Fr gk 4T
A, DUSRICE me By i fE e . ET
Transformer % ith# 56 BOM EHFRK N 1) & K Gt , Al
FH 23 AR R 45 R 2 B, 3 i A3 FH D
SR MR FE R EAT SR A, AN SRA B 25 (M 2R R
TN EE R, e T AEARZ BRI N 3% 50 F 0TS
SRR ACETRAR Z AR ). AR R
AERBIST AL BRI ZE R W], T-LPR AL Z
HI IR AH ¢ TAEAE U0 f i v LA 2 7 13—
T IR, EFHFWREIRE 3D HBRAETH A
FAF AR N RBRTE, DO £ 1 Tt
g% Transformer [PJPERERINAZIEH EEN, KL
TEARNKI TAES, ZE8 W ARSI fer xR 1 Jm)
AR B A4 RS BT BN W e s 5 )
b, I H I W T 2R 2 5 N ZE RO,
KA A H A > B I 2 B A (A 9T ] L
A5 FH 1 RE AR B 2 R 7
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