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Small Sample License Plate Recognition Based on Sample Expansion

You Mingyu,Han Xuan
(College of Electronics and Information Engineering,Tongji University, Shanghai 201804, China)

Abstract : As one of the significant topics of intelligent transportation system, license plate recognition technology has been
widely studied. In recent years, the rapid development of deep learning has provided a good solution for it. However,
in actual situations,it is difficult for researchers to collect enough data to support the training of the model sometimes.
This paper focuses on the license plate recognition with small amount of data,and proposes a method to generate training
data with adversarial generation network to assist the recognition model training. First, a large-scale image set is
generated using the generator of GAN. Then,these images are fed to a deep convolutional neural network followed by a
bidirectional recurrent neural network with long short-term memory, which performs the feature learning and sequence
labelling. Finally,the pre-trained model is fine-tuned on real images. Our experimental results on a few data sets demon-
strate the effectiveness of using GAN images: an improvement of 7.5 recognition accuracy percent points over a strong
baseline with moderate-sized real data being available. The proposed framework achieves competitive recognition accuracy
on challenging test datasets. This paper also leverages the depthwise separate convolution to construct a lightweight convolu-
tional recurrent neural network ,which is about half size and 2xfaster on CPU. Combining this framework and the proposed
pipeline, this paper makes progress in performing accurate recognition on mobile and embedded devices.
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(RNN) &6, 42 tH—Fh 70 F A9 B -1 26 ( C-RINN) 2= RSURHE SR  IOHE 2R LB ik 2 ot O 3of RATARRFAE.
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ARSI B RREIE. Sy T XX — Al AT T 9 T — AL T CyeleGAN' (i ZE it QAR WUBT 1%
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P AR B NV L
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PUA A R T DL A 2 A 43 ) LPRYY 506438 LPRYY . R W 20 Bl M rh &4 7
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Fig. 1 The architecture of the CycleGAN model and the pipeline of proposed approach
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Az BT 0 48— e £ 3% — AR Gt A —S 00, Nkl A 2 — A e DU A A < A s 5 1000 4%
HB A B A/ IMb B B4 % [R] I B AR X 7 B 2. B b DAl A B A 4 SR 02 - A e A T 0 LS Y
Bt F s A AR B 1 SR 2 B RE. A SR AT E 1 2R HE S 2 CycleGAN, JFf ] Wasserstein i
PNy gl
2.1.1 CycleGAN

i GAN 1Y H B2 2K KL & 5 25 8] S BB SE MG s 18] R L, G 5 F AR 128 1 -
G:S—R,F.R—S,D; 5 D, WMACEHIHILE. CycleGAN FRZ L ERAE F WA IE A — B, BRAUE G(S) =
R,EEAT F(G(S)) =S, iX— 5 W IB; 145 R A LR )L A SCHYAE A5 2 BB B, 6 5%

22 UK 2 AN IRCERUZ U EE B I8 T PatchGANs'7 AT MR 3 7070 ARG 0 0. SRR Y
ek Bn= (1)
L(G7F’DS’DR):LLS(HN(G’DR’S’R)+LI,SG1\N(F’DS’R’S)+/\Lnyc(G’F) ’ (1)

K, Lison (G, Dy, S, R) F Lo (F, D, R, S) BURERPIK , 20 (2) & L, 1T CycleGAN Hig 2275
X[l WSS, BT A 1387 1) B XA K.

Lisoan(G,D,S,R) = Er~Pdata(R) [ (Dy(r)-1 )2] +E5~Pdata(b') [DR( G(s) )ZJ (2)
L. (G, F) A — ik,
L(;yc( G,F)= Es~P(lata(S) [ | FCG(s))—s |l :|+Er~Pdata(R) [ | GCF(r))-r |l ] s (3)

(D) A R —EER 1 R AL
2.1.2 Wasserstein 45 %

AR TIRIER CycleGAN, A SCK: Wasserstein $125 5 CycleGAN 454 #2111 T CycleWGAN. 7£ GAN [
IRt b WK RECA & T4 EEAMER S EEA S S A A L SOF 5 i 25 R 50— 1k, Wasserstein
PAIARSS S 13X — ), AN G045 Z ) EM FEEg = (4) & X

EM(P,,P)= infy r1rpy Ecoyyal o=y Il ] (4)

EM BEBS RGeSO — A0 Ai Rk 1) o — oA Se e, O 1 LA S il T O DAk iml et AR

#& Kantorovich-Rubinstein Z ¥, 15325 (5) .
EM(P,,P,)=sup HfHleEx~P,_[f(x) ] _E1~P5[f(x) 1, (5)
max HfHLS]Ex~Pr|:f<x):I_Ex~Pl¢|:f(x)J ’ (6)
K (5)H, fIE—r Lipschitz BREC it AL (6), T LIHIE —HRE S, |, LR FTIH N K Hr
Lipschitz pREL, W2 [ f], <K HIAEEIE(T) .
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max, yE, p [f(x) ]-E _, [f(x) ]. (7)
T ¥ K B Lipschitz pRECT B o BRI TE 29 5% I8 BN, 3 ATHRE B — 58 AUE 19 22 fb i 29 OA7E [ 5E 31
Ml B, 72 GAN Ml Zerb A0 88 5824 1= (7) b PERTL
g5 b FRATKIRAR Y CycleGAN #E47 T 40 F JL A Bt .
(1) =K (8) 1Y Wasserstein 5 28 HAR TR AU XTHTHAR (Lisoan(F, Dy, R, S) [F1FE)
Ly (G,Dg,S,R) = E, piuacr) [Dx(R) ] ~E, _pguacs) [D(G(S))]. (8)
(2) 3 Uk A= s BRI 22 i H il 4 BB A R .
(3) TERFIRSHCE G | BRI S AR ).
2.2 C-RNN H£# 51l %k
P ZH CNN 5 RNN AHZ5 G RIS 3 20 P FIRRIESR I P 5100 5 5 91 i, 3x 3 AN
P55 W 2 B B R B ER 05 IR0 o —— XN, R4 AT N 1.
%1 C-RNN#EEEE
Table 1 Configuration of the C-RNN model

JREA [N JREA [N
Bidirectional-LSTM #hidden units:256 MaxPooling s:1x2,p:1x0
Bidirectional-LSTM #hidden units:256 ReLu —

ReLu — Convolution #filters: 256,k :3%3,s:1,p:1
BatchNormalization — ReLu —
Convolution #filters ;512 ,k:2%2,s:1,p:0 BatchNormalization —
ReLu — Convolution #filters 256,k :3%3,s:1,p:1
BatchNormalization — MaxPooling p:2%X2,s:2
Convolution #filters: 512,k :2X2,s:1,p:0 ReLu —
MaxPooling s:1x2,p:1x0 Convolution #filters; 128 ,k:3x3,s:1,p:1
ReLu — MaxPooling p:2%x2,s:2
Convolution #filters: 512,k :3%3,s:1,p:1 RelLu —
RelLu — Convolution #filters: 64,k :3%3,s:1,p:1
BatchNormalization — Input 160x48x3 RGB images
Convolution #filters: 512 ,k:3%3,s:1,p:1

2.2.1 R 4IRS
PRAG WS UER , CNN 78 R ARAF BE A R B PE38  ASCfli ] 8 J2H9 CNN M4 i Ak 160
48x3 [ RGB EME, Hi i B HRAE 751, Bk J 22 RNN A A
222 FFRA
N T ARG TAF R E R SCER  FRATTHE CNN A R BB T — A X RNN 4%, 3R LSTM
T A% FE T O W TR, FERL] LSTM Z )5 , & —A it S8 B R 68 W22, X I 45 42 Jt v Bir A 7T i o R
A 31 A SCFAF, 26 DBESCFERT, 10 ADBTRAAECT , DA zs A0 S BRI RRIE 7 5 i 4ol 8
HERS) X={x" %, 2", TARER S ARFIE P K, &5
7 I 7 50 b 0 o i R ot AR ¢ AT A i BA-8AUC

SO WRAESE RIS | 9 BRE WibomEE {o igh
e Ferm i 2. 5
2.2.3 B35 g ,
BB SR 25, T AR e ek @ g s )
B FREFEI. A ¢ WP ESAR o (B st (9) 753 B
T 40
p(mix)= [T+, (9)  Chinese |,
t=1 characters
B8 F SRy, 1R TTERHIEL I 0 A RIBREE o, 1O TT Al "
PE AR (10) 5 B R T LR B (s P e R A2, Blank —-—-- Low

I=8(7"), where 7" =argmax p(7 | x), (10) H2 ERRAEREERFS
jii P ’fﬁ%‘é*}%@?ﬁ?& El*ﬁ'—?‘ﬁﬁéiﬁﬁbﬁ , ﬁ[l B( aa——ab——) - Fig.2 License plate recognition confidence map
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B(—a—aa—b)=aab. BE I FA AR BB 45 RO IE—E R, R e e R — A 5 e 5 B8 fE
FERR BRI AT (HSEERIE ST, 3CRE A SR I AR 48 K 280G B0 T A5 IE AR B 25 5. IR ISR
PRI RARIEI 7421k (CTC) ™ IR E R Adadelta ™.
3 SEEGIRE
31 HIE&E

TATEE T KSR R, S P B0 46, X SE IR A #00Kk B T B S 28 W 4, A L sh A8
B OCHRAE SRR A X S 4. Nk 2 R, — S BARAEAL S 203 774 SR UIZRE 19 986 kKK i =%
B 45 139 5KIIZRIE R A1 5 825 I F, & B IEAN R, 250 M0 DAFAE— 222050, K3 5
Kl 4 /R — L ji B8 R (BRI, FHIX SEsh 253 5 T 10 BEOR- DI A8 A2 i o P i 1.

®2 EEBUREER

Table 2 Composition of the real datasets

#F i (BH) m(BE) SR AR J] MR VIEREEES VLS HUFNEEEL VLS
— SRR LE 100~ 160 30~50 HR, W, 203 774 9 986
ZEHRAE 50~150 15~40 MK, K W, 45 139 5825

[A-4050° |HBTIPS79 JeN 8V0é8] tiA-1 G50

—

E-28110

REEEEE] (1020979 [ET7550 HA FFO72JD 38B6 TISE-66N68

[88-54052] BISEN ;¢ 25627 NSO

#B 04279/ [5E 4E953 I (5T 62653 £ MD39 |
B3 —SHIEEIRHELb B4 Z—SHIEEIHH LM

3.2 FMERR

A SCH G R S TE B T ( recognition accuracy, RA) I FAPR B E ( character recognition accuracy,
CRA) i it RIVERE , B 2 UNE B Y P 9 80 S BB F SR L, J5 & 2 PUNE i 19 P A5 50 4 BB 4
Bzl

AR, AR T Top-N BYTEOMNMERS 2, BRI ETA 1Y 45 2R v B 05 B2 B B9 RT N AL & B 45 R 1Y
P, MRS LST™M % th , A HTE 8 RITIER A 5158 Top—N AYSER. TE3E QRVTFN 42 f 40 1k 55 52 B 1
FH, Top—N BZ5 /A2 A B mSHMER.
3.3 EHEAETS
3.3.1 HAER

C-RNN #&# 512 H TensorFlow' ™ 58 i &R HHA R 160x48 1)K/ A S 45 v | 00 2% e J (1) 4

. Graves 25 NVl T — Pl 8 &R 00 B, R B I S R E R B L (B % R BT R A B AR AT I
FHZ i k.
3.3.2 AR BA

15 BEECSE A R AR B R 400 G G MG 35 145 31 831 200 k SRS & . JF Hid
MG T SR I8 SO L B A AR R BN FL SR L. BE AN A — e B R BRI B R,
TR BECFRF, L WS 5 N FARHPELH 2 AR FEF (R T 5407) B 5(a) BAR T
T4 HH A LR A1)
3.3.3  GAN 9l % Foiml X

S H 4 500 5KAH G RIS 42 R AT 4 500 1 LS IS M ORI T — 58 42 ) Ul 2k CycleGAN. =X
(1) P50 A BU10. P BB R 5 143x143 19N, HEFEHLARE 128%128 1 EG . ik 285 Adam,
B,=0.5,8,=0.999,2% 2%} 0.000 2. YIZFFEE 30 4 epoch, B4~ epoch J& FRAF H I RL. 3HT FH 20 4

R 5 N
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FEAIIEAE B 100 k #5CEME. X8I 4 617 R R B0 e FRATI3RAS T 200 k 5KA R E F. Wasser-
stein 1 d, PR 5, FIR RSB AIE [ -0.01,0.01 ). JFZEIIZRAT, 200 k 5K & 4 R BEDLERER , 153 i
11 800 k FiYIZRIE Fr.

(c) CycleWGANZE (&% (d) FLIEIG
Bs5 HFXERERSEZEGITL

Fig. 5 Comparison of various synthetic images, generated images and real images

4 SEuGEh

4.1 ERTE

AT B BRI EH I 25 C-RNN 132362k 25 3k 3 Fi3k 4. ) T 5 IFEC-RNNHEZL (A7
Rtk , AR CBIA EasyPRY HEAT X L, EasyPR J2& 3% T 32 ¢ ) s LAY FF IR LPR HEZE J& 45 40 %1 )7 ik, o
5 R ASERIE C-RNN BEARITERCR ERRH T EasyPR.

Ry T A i AR AR O VAR R Y S, FRATT B AR B I 2 TR, IR 5 CycleGAN FiI
CycleWGAN % Bhilll 25 SRR X HE , 45 5 an 3R 6. v LA £, FLAH ARG BRI U1 25 0 1S AU A5 SR AR 25, %)
FeiEl 3 51 5(a) , ASHER B H A EHLA B E WU o T 5 — R R Tz L.

#3 FRAERMERNSGERILR

Table 3 Comparison of models using different volumes of the real data and synthetic data %

VIERAE [l HERRZ (Top—1) TR IR R TR (Top-3) HERH 2 (Top-5)
Baseline 86.1 94.9 90.1 92.3
9k Seript 90.2 97.0 94.6 95.6
CycleWGAN 93.6 98.4 96.8 97.4
Baseline 93.1 97.9 96.4 97.2
50 k Seript 95.2 98.8 97.7 98.1
CycleWGAN 96.3 99.2 98.3 98.8
Baseline 96.1 98.9 98.0 98.5
200 k(All) Seript 96.7 99.1 98.6 98.8
CycleWGAN 97.6 99.5 98.9 99.2

F4 ANFFEEBLE_SHIRENHBRENL

Table 4 Comparison of our method and baseline on dataset—2 %
Tk R Z (Top—1) FAFUN R % YRR (Top-3) YER K (Top-5)
Baseline 94.5 98.4 97.6 98.1
CycleWGAN 96.2 99.2 98.7 99.1

x5 TRERE-—SHEEE LHBRILER

Table 5 Comparison of different frameworks on dataset—1 %
HEZR MBI (Top-1) TR MR R
SVM+ANN[1?] 68.2 82.5
CNN+LSTMs 96.1 98.9
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x6 AREMRBE—SHEE LRI

Table 6 Comparison of models that use different generated methods on dataset—1 %
i HERI R (Top-1) FARFHER R SO AU R R BRI SRR S TR %
Seript 4.4 30.0 20.0 31.7
CycleGAN 34.6 82.8 41.3 89.8
CycleWGAN 61.3 90.6 66.2 94.8

CycleGAN HI5 | AKHERTFE F 4.4% 3T 5] T 34.6% , BB LR A s A B2 B USROS, 19 5(b)
JER T H A FER]. CycleGAN I8 $E KM HETF 23 (8], PR A S I 19 11 i ) - [] — A XURS TIESE T B RTIA
JEATAE— B s e — A g 4,

WE 5(c) fizs, CycleWGAN Az il & 1 RS B 2 RE Ak, 1B Wasserstein 2% 1978 851, 1 2 E
AEEC 2R LMBELE A FEREE . 8] CycleWGAN ZJ5 , Top—1 #EREIETHE 61.3%. Ak SCEAF I E
FETZIREN T 94.8%. FI UL, Az iU RSB i B SC IR 0, 15 31 O B A 30O R iy
4.2 HERHW

METIFRA T RE NS F 1B GAN Az s RN ZR A 52 . AR SCINSIEB0 H & 45 Hh k. R B A
FUA] DU D2 R s A B A 20 A ) B A5 000 SKBERLIE 5 15, TR Bk H SE-2 1551 [K 6
Fogar . B 6(b) R T Bl filt A AR ARSI R AR (25 51 | LASE — A5 A3 R 1], S 32 B4R v e
P ] DI T3 — DXCIO0T O] Y TE SR 0 SOk R O 28— R B AR T A A & i (5

AR A SO TS 1 HELAS AR 552, TS SER A 1) T S I 491, e R 20 35% 2 1E
HSCFERF B, 25% W& R — 26 2 IR B 45, 0" 54D” “8” 5B UKL “5" 5“S”. & I, it

e ——

(a) HI800 kA= 1 1% 11 45 (b) JH800 k CycleWGANZE I [#115:3)11 4

(c) HI800 kA= ML R TIZE, FHI200 kBTS2 E (d) FH200 KITIZIEME 2R
B 6 ZEAREEELINSGHRELE

Fig. 6 Comparison of models trained on different datasets
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LA B TR B B2 528 GAN 8 21 A4 B S RURAFAE | #XRR 18 B I 255 o i 3.
4.3 1RBIESE
N T A R R s AN A S A TR AR SO R BE AT 43 B S B B AR R, T T (37 ]
TS BT TR, — MR SRS S A BB EM 1x1 BRE, RNz 0 R
MR EREHHT Nl A58 7 E R ER BRI —Light CRNN , HAL R Z5H 4n 3k 7.
KATEALE GPU, H R fH 1 4> CPU #(2.40 GHz Intel (R) Xeon ( R) E5-2620 CPU and 64 GB
RAM) A 25 F R AT, 25 S 40 38 8. AR K /N 71.4 MB FRMI% T 40.3 MB,izf7# & i 7.2 FPS |7t
F| 13.9 FPS, [RIHAERA LA T T, H B — RO mT R PR N 2 s (R 0/ ikt e T B [ G UL, 3R
1.2 AR TE A TRk

& 7 LightCRNN # & fi B
Table 7 Configuration of Light CRNN model

JREA [ JREAY [
Bidirectional-LSTM #hidden units ;256 MaxPooling s:1X2,p: 1x0
Bidirectional-LSTM #hidden units ;256 Conv #filters . 256,k 1x1,s:1,p:0

Conv #filters: 512, k:1x1,s:1,p:0 Depthwise Conv k:3x3,s:2,p:1
Depthwise Conv k:2x2,s:1,p:0 Conv #filters: 128 ,k:1X1,s:1,p:0
Conv #filters. 512,k 1x1,s:1,p:0 Conv #filters . 128 k. 1x1,s:1,p:0
Depthwise Conv k:2x2,s:1,p:0 Depthwise Conv k:3x3,s:2,p:1
MaxPooling s:1X2,p: 1x0 Conv #filters:64,k:3%X3,s:1,p:1
Conv #filters: 512 ,k:1x1,s:1,p:0 Input
Depthwise Conv k:3x3,s:1,p:1

% 8 LightCRNN ##BIy R L&

Table 8 Comparison of using different models

TR HEWR (Top-1) /% K7/ MB HEE/FPS
LightCRNN 96.5 40.3 13.9
1.2 Light CRNN 97.0 44.2 11.5
1.2 LightCRNN+CycleWGAN images 98.6 44.2 11.5

4.4 ZELPR

R T RS S A e R FRATHE — W 25 22 TR, Lk AR AT A A 8 R 4 ) 2
J. XL R 7 TCIR LA R SR X AR S B, LR R A —F 8 Sl G OUERTE 5 2% | s In) UK A 2
A LPR,IZBARAEHG B 5l 8 B ISP AR S a8 N SR A Tz 1 g .

A LPR AAE PSS, o S AR B8 & Ok A BB B E R 3115, AR SO vk h i Bt A=
SHLA A Light CRNN 6 8- 1T LR R 33 P4~ 7] .

S A7 11 e 1 W = 1 B e € i N B R T S B G DR R Al N =BT /A i S i 3 -
5 BASEN T 20 026 3K UIZRE A A2 000 SRR R X5 Fr 2 =S 5.
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