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Abstract

Recently, the modular learning are very popular and receive much attention for pattern classification. The modular
learning method based on the "divide and conquer” strategy can not only solve the complex problems, but also reach
a better result than a single classifier's on the learning quality and speed. In the neural network area, some
researches that take the modular learning approach also have been made to improve classification performance.

In this paper, we propose a simple modular neural network for characters recognition of vehicle number plate and
evaluate its performance on the clustering methods of feature vectors used in constructing subnetworks. We implement
two clustering method, one is grouping similar feature vectors by K-means clustering algorithm, the other grouping
unsimilar feature vectors by our proposed algorithm. The experiment result shows that our algorithm achieves much
better performance.
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Table 6. Recognition rate of the modular neural network
constructed by the clustering method used in [18]
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constructed by the proposed clustering method

TE|FH2E | A QY| AT | e
LR e I I E T
1 214 181 33 7 845 %

2 215 187 28 11 873 %

3 236 225 11 5 953 %
HZH2E 220 214 6 972 %

58 H9-o 25 AALE S5ty AF HEgen
B Ao Az dolg 885/F 21474, 21574, 23674, 22074
U Z2Fe g o HaEsYg e, 7t gEHAER &

a
1=}
o
9l
% A o5 09, RAREL 022 aT AAFeA of
W oM Algetviel wet A4 g e nAh 2
wEAAE 24F T4 TS THE FAU F Adee
Melshs w293 29 wae gl 9 el A%
she EEalEs 92 u Aole] fAE ghe FE @ F
A destes P, aG3 FHE EAgke] EF 9y
S35} 9 AW Mustel b fA g Agshs P
2 727 gaesdn

obel E 8 AAF T4 Wl W Q48 S welF

£ 8 24% T4 PHel e A4g

Table 8. Recognition rates of decision logics

A A | = oA A A
s ks o
1 LHsE AR S 21 214 214
e A4 4E 165 174 181
— A4 E 771% | 81.3% | 845%
on |HSEAE & | 215 215 215
fre 24 4T 174 183 187
A E 809% | 851% | 87.3%
33 H2E A" & | 236 236 236
HiE A 4 207 219 225
— A4 E 87.1% | 927% | 953%
e | HZE Y $ | 220 220 220
e | 94 AF 201 210 214
_ A4 E 9.3% | 954% | 97.2%

414

Bl
(o
e
2 oW
i)
R
o ol¥
o
=2
& B
2
)
gh
o
e
:i
Hy
4z

B
tlo
bt
=
B

it ofy
B
ar

o, (L
2
ofl o
ol
ok
Ir

oy rlr
i)
)
:J_,

i xo

z 18

oA
lo
do
>~
Dl
=

1B by

g
o
T

s
[
ftio

o
122!
H

=

o ® KT = g
x
)
_(?h
rir
o &

Ry

o

[o
00k & o
W
12 o f o

=
rlo &l

i b

-

Ho
>
o
25 i
e
o

ue &
] 8ig AEdEea
E MBYESY I A
uth #g 57k 71 Wl wet
3hoAl WA AR 7 ABuEgae
delq WER BEAEs ) sjolol £
it

o L

qr}. o |

2
>
rr
o k| g
i\g 5 =)
o
v o
s
¥
2
&
fincs
D
£
o

iy T
o
oy B
tle
N
e
,
AL

SR

¢
)
oz
e

-0,
%

<

=
o

e (T

& iy
o
2
>
ot
i
i,
2k
off

o O&
ox
2,
X
=
i
Mo
2
N
o
i
i)
fd

i

2 Hp>x T
>,

Mo

ot

ik
-
=3
Bl
djo
M
2

i) 1ot
FE e
a
o,
ol
©1 o to
gy = fle oft
fo > S
o o oX, £
>

Ho
oo
Fe
2 1]
=
&

i)

flo W1 mo Jm o niy o= kI o
to ofl 32 E

oo o

o
hal
n
I
o
"
i,
42

urh 2859 Arde TH57) AsAE Ao $A4 wE
Qe AUEAE FEoHE A7 54 FEo dE A
37} Basih

Faed

(1] 437, §32, 293, Ao, 454 Wsw o
QoA e BxFEH NAHNZFS olgd T
47 gRANALYGE A FELE =87,

pp.1101-1104, 1997.

[2] D.H. Ballard, Computer Vision, Prentice-Hall, Inc.
pp76-79, 1991.

(31 A&, 234, “£sd ddo S4E o]&d A%
Hed =37 dxABAss =724, A21E A6
%, pp.1149-1159, 1994.

[4] M. R. Fairchild, Color Appearance Model, Wesley,
1998.

(5] W7, "Wt ZAHARE o &3 Y MEH
Q1 R A3 =FA A, VOL. 06, NO.
12 pp. 3683-3693, 1999. 12.

[6] olahAl, w3z Aws3t "HSIY YIQY &3 MA4A
HE o83 AF A 949 F& FFHHEAE
skl =&X A VOL. 07, NO. 12, pp. 3995-4003,
2000. 12.

[71 2235, 349, “ART2 AZA2We ol §d A3
WEH BA A4 FFARHN, 97 1S e
W =E3(2), pp. 455-458, 1997, 10.



8] A=, old3, Auls, Aoy, "A5x HZD o
do] EFAFEI Ao #AI AT ARG
2000 FAstZw3, VOL. 27, NO. 02, pp.
0338-0340, 2000. 10.

(9] A&7, HEH, Ao}, 2A9dY, "2EZ X9} ART2

g o]8% s X HAE ¢ FA Aade oA

of #E AT HRIEE 20013 FAS=UI,

VOL. 28, NO. 02, pp. 0328-0330, 2001. 10.

ol g, A Y £ WIE Mgy 98 -

HEE o] &F AFUER FF 2 A4 FuAF

SR AYTE =F« B, VOL. 8-B, NO. 02,

pp. 0195-0200, 2001. 04.

(101

[11] Shailesh Kumar, Joydeep Ghosh, Melba M.
Crawford, “Hierarchical Fusion of Multiple
Classifiers for Hyperspectral Data Analysis,”

Pattern Analysis & Applications Volume 5, Issue
2, pp 210-220, 2002.

[12] Sushmita Mitra, Pabitra Mitra, Sankar K. Pal,
"Evolutionary ~ Modular  Design of  Rough
Knowledge-based Network using Fuzzy

Attributes,” Neurocomputing, Vol. 36, pp 45-66,

2001.

Ballard D., "Modular learning in neural

networks,” Proc AAAI-87, pp. 279-284, 1987.

[14] Happel BLM, Murre JM]J., "Design and evolution
of modular neural network architectures,” Neural
Network, Vol. 7 pp. 985-1004, 1994.

[15] Ramamurti V, Chosh J., "Structurally adaptive
modular networks for nonstationary
environments,” IEEE Trans Neural Network, Vol
10, pp. 152-160, 1999.

[16] Petridis V, Kehagias A., "Predictive Modular

Neural Networks,” Applications to Time Series.

Kluwer Academic, Boston, 1998,

ol A, “ZHH v]grlol A AAHFHIH A

w3 A AU stw Al sk =E 1995, 6.

T,

[13]

[17]

r

[18] 44, 49, o35, AxY, 058, “BEa 4
AHE o4 AFA WEd BAAL FTAR
a3, hestedE =84, Vol 29, No. 2, pp.

568~570, 2002, 10.
[19] Fafael C. Gonzalez and Richard E. Woods, Digital
Image Processing, Addison Wesley, 1993.

utxA (Chang Seok Park)

20021 © A eASE RFE G B F
4.

2002~ A : Fo TS AxE)

ol gt} AAL 714

AR 1 w214,

E-mail : icisl@se.kur

2y ot (Byeong Ma

19879 : A&t

1989 : gh=rwEly|<
4}

19924 : sk23slv)4
Fepuba

1992~ @A) : FOF AL HFENS
s pas

19983 ~ 19994 : ©]= Univ. of California, Irvine Post Doc.

#AAEF : AEAE, RN, AZE o HF

E-mail : bmkim@se kumoh.ac.kr

AHZE (Byung Hooi
20034 L HE
TEdo]Ft

2003 ~HA - 72
o} &t

BAIRok 1 AR,
E-mail : seozzang@se kumoh.ac.kr

RSN g e

o| 2% (KwangHo Lee)

19874 : A edistm AFE gt )
1980 : atslr)eq Adetn o
A}
19964 : gFaksbr] &9l Aaeta B
B
19963 ~ AR © BEo)hL AFE 24T
=]

TRk GAR, A

E-mail : klee@ai.mokpo.ac.kr

415



