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( Recognition of Numeric Characters in License Plate based on
Independent Component Analysis )
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Abstract

This paper presents an enhanced hybrid model based on Independent Component Analysis(ICA) in order to abstract
features of numeric characters in license plates. ICA which is used only in high dimensional statistical features doesn't
consider statistical features in low dimension and correlation between numeric characters. To overcome the drawbacks of
ICA, we propose an improved ICA with the hybrid model using both Principle Component Analysis(PCA) and Linear
Discriminant Analysis(LDA). Experiment results show that the proposed model has a superior performance in feature
extraction and recognition compared with ICA only as well as other hybrid models.

Keywords : Statistical Pattern Recognition, Independent Component Analysis. License Plate Recognition
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Fig. 7. PCAHCA Hybrid model result images.

HAE AAY 5 A ABBAYL AATE B
AAY Zolx, 92 ol 2ol A1 gle
H9 54o] o} gg oulggls

PCA+ICA &§ =] H3} r= 4 307 #th

I=V W;CA = X WpcaWica

PCA+ICA &3 mde] A3}
o 98 GAH oS FARE FEE A

AT, PCAE B3] el zhs oux]s
EAE 2= 7t% dEol ugHry] gid
wo|ze} 2o FEA gEo] dojt
BY, 8 ICAY A7 YA
T 7t Ee] neHo 938 A
o] E3&HAAY, & #AEHL o
A3E »elrh

oju A&

ga 4 574

25 AAZ A}

aE T g WEzke] Aaan
PCA+ICA Y Rd o A7 7

& Agel= LDA 7588 W, S
ot} PCA+ICA+LDA &% =He] A7 R
o}

ok

rlr

==X H 46 A SP H

(215)

2z

105

PCA+CA+LDA &8 29 Z3

a3 8 } ofo|x]|
Fig. 8. PCAHCA+LDA Hybrid model result images
R=1IWypy =V Wes "Wipa®
(31)
=X Wpea Wica ! Wipa T

PCA+ICA+LDA &3 292 PCA+ICA £ 249

A 3} E‘r/\l LDAE &3] Ake] 540 AU
HAH =g st Bdoltth. o8 T3 AN W& =
Hul—o] 1/1-7}] Eh:]—

a9 85 2ol A 9 e Ny Azt ojs
the 43% Ro|AT PCAHICA+LDA £3 29& ¢
g dole 54& IFGAME HolHFSe Eoli, &
Ao FFE 54T AW B S| BF w#57]
o] Z3d 84 25& ¢ 4 Yot

dolg AuA HFsE
&k ARl BAA B
23 PCA+LDA, PCA+ICA &
A olm|A] 7t} FHAE
og gz AAdE A
2 PCA+LDA &% 549 A4,
olf} §tFo| dojstorg HeolH e
e Hdistdgs 2 As N

FozH

3}
=

A
AL Bl

3}
s}



106

J2 9 SZFFF ghHy FAE 24 CDF Bl
Fig. 9. Comparison of variance and variance’s CDF

from the feature abstraction models.
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