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ABSTRACT

The relevant researches concerned with Thai Character Recognition in the past have
been emphasized in ability enhancement in the recognition rate by considering the structure
of the standard character pattern based on the Feature Characteristic. Thai characters which
are composed of dircct lines, curves, zig-zag lines and the beginning of writing with the head
circle loop which is known as the head of character. The examples of Thai Characters without
the head circle loop are “NV” “N”” “0V” “@” “@” “U” “U” “U” “U” “D” “D”. From these
examples, it can be seen that each single character is much more similar to each other. The
following problem is that the ability for recognition rate of non-head-loop is still not on the
right way.

Therefore, this thesis presents the new methodology utilizing the level classification
and Hierarchical Normalization Cross-Correlation ARTMAP for recognizing Thai Characters
that have pattern without head circle loop. This research applied with the cross-correlation
method which is used to be a criteria function to measure the similarity between the input
vector and the weight vector. The advantage of using cross-correlation function is that the
similarity of the pattern in each part can be independently measured concerning the size of
character because the method is to compare the similarity of each character regardless the
same size of starting. The set of data used in training and testing sets compose of non-circle
head loop 39 fonts and the characters from 506 vehicle license plates. The result from this
new method is shown the average of 88.49 percent recognition rate. Moreover, the data set

has been investigated by testing with the program AmnThai, ThaiOCR, and Fuzzy ARTMAP.
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2.2.1 HMM Topology Selection for On-line Thai Handwritten Recognition [15]
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2.2.2 Discriminative Training for HMM-Based Offline Handwritten Character
Recognition [16]
ﬂu%%ﬂf:ﬁ 1519 Discriminative Training 1A1A Maximum Mutual Information (MMI)
wouianisiies Composite Images ﬁﬁmﬁﬁuunmua:ﬂ%“mﬂ?;uuuuvaamwﬁ'aé’nys
awileluy 1z ANY135Y04 Principal Component Analysis (PCA) Taowan3s Imiduuuaz
. 5
3un71 Block-based PCA Faaziiiumsilszgnald pca sanmsfuuneiidoud il

n’: d’ o ar Yo - = o
FMTUUAAZNIDUAIDAYT  TUNIITNARDIATIHITU I INAUITEUUNITZVINUUDIVUUAT

803 eIy HMM-based System



kY = 9/ 9 @ o “ @ o
doyan1Flumsnaasnlsznouludio 77 Madnusiidundyrus a5z 155ugna uaz
o 3y laa = [ @ o d. 1 s
duav TavdsznoulUdrwaviio@ouves 20 AUNTITNISIIOULAAZAIONHINUANAIINU
th o - - 4 v @ o e ° Aq ¥
90N 11 11y Training Set ¥ZDNVUIIAITNYIAL 120 JUUVVIIN 20 ALY $Iun 1Y
. g " [ & @ o a [ v s [ "
Train 1A% Test NUUAMIANY FIAIGNYIIINIU 64 §20¢1UTZAD Baseline naz 13 @2 oyl
. ' i = o ' v ¥ ¢ d o
Baseline 191 25504gnA d5zNsIngszavvuuazaly waansvinnsnaaeave lanjesiyua

YDINITFIUNIAU 90.35%

2.2.3 The Clustering Technique for Thai Handwritten Recognition [17]
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2.2.4 An Object-Oriented Expert System for Thai Character Recognition [18]
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2.2.5 Recognition of Handprinted Thai Characters Using the Cavity Features of

Character Based on Neural Network [19]
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2.2.6 Off-line Handwritten Thai Characters from Word Script [20]
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2.2.7 Handwritten Thai Character Recognition Using Fuzzy Membership Function
and Fuzzy ARTMAP [21]
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2.2.8 Experimental results of Using Rough Sets for printed Thai Character
Recognition [22]
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2.2.9 Printed Thai Character Recognition using Fuzzy-Rough Sets [23]
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2.2.10 On Thai Character Recognition [24]
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2.2.11 Thai OCR: A Neural Network Application [25]
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2.2.12 On-line Thai-English Handwritten Character Recognition using Distinctive
Feature [26]
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2.2.13 On-line Thai Handwritten Character Recognition using Hidden Markov
Model and Fuzzy Logic [27]
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2.2.14 Online Thai Handwritten Character Recognition using Hidden Markov

Models and Support Vector Machines [28]
¥

uITuiitnauouIN1990335 Support Vector Machines (SVM) 191u115a1us iy

Hidden Markov Models (HMM) 1ag#i915841910 Confusion Matrix 499 HMM MIAWUN
) s ' A 1o ' ° i :: =1 ad
Confused Candidates imunaimisaaasngs hiansaidinguiivesnula fezl¥3s
3 o 0 3 - A a o Vo

SVM s wdoiemsmudszaninmlunmsis

ar

b z 1 o Y R AN A
'sxuuﬂs:ﬂau"lﬂmu‘uumauﬂaumsgm m;mwawagaw'lﬂmmﬂmuuﬂwummv

"
@ o

L4 : = o o o = a : = - o
poulahiuseiideyaii 1@ infedduvessafisafiianinnisinaeuiivesthnnuiiouniudh
o

“u

o o [ ] ] (B o " £ '
1vngUnssisudeyairu Tablet o819 lsAaw bilydmnyavzgninuuazauviu uave
¥

u 9

"
- o o o

" ¥ ¥
wewwaasaugaisudin daiulunszuunsiiszaagaitafigiiuusdiueenlinie

o ] d‘ =S { y 1 9 @ ar =) =
' lduilugannlavunlaniosigasen oNeemszuznvenduAIONYINNALNBIVUY

Wdszuziduiiga 91muezidhgnszuIuns Feature  Extraction  d1dudoyavoudas
F18nuT92nI 100N Sub-Stroke A7 Stroke Segmentation HAzZTANLAT 4 A1DONI
18un yadidagudnalIveduIitoy yuaIngaEudufgalasvesduistos Annu
tmmhwmquﬁm%’uﬁauuﬂadau*&uﬁ'ﬂﬁwuu'aciauriaunﬁ’w HAZANYIIVOIAIULLIDY
udrdanaedng HMM 5 TnseadraTauina Lefi-to-Right with No Skip llaziAag State Output il
uianonoonu11AAe Gaussian  Components VD Score-map 11199910 SVM 111 Binary
Classifier ﬁ'aﬁ”u'ﬁqﬁmiﬂszqnﬁmm svM 111414 Multi-Classification Tauidonld Max Win

Algorithm W31z $117uvBangui 1aTivuialilng We13191n HMMs Confusion matrix 1A



29

o o Vo s ' ' i v : :: d”
Nﬁﬂﬂﬁﬂ1ﬂﬂ15Eﬂ]%:ﬂﬂﬂgiuﬂquﬁﬁﬂ‘] Maximum Number of Votes NIUANUUIIVDIVUIA

v
=

Ao W a - ad ] Y o Y1 a Ay o a
auvgﬂmmﬁnumm"lummmuau uamﬁmsh SVM ‘USW‘ENﬂ']ﬁuﬂ1ﬂﬂ’li)uﬂﬁ‘ﬂl“lﬂll"luulj
- )
VHIANAINININU
V
UV UAUONITNT Normalization of the Feature Vectors ‘mJ'i LNOVAIY 4
¥
o ‘ 3 . . $ .3
Junou ldun Sequence Length Normalization, Normalizing the Score-maps for Training and
" ¥
Testing, Score-space Whitening 10% Spherical Normalization TuszuuMminausluauisol

w 9 l:i

[ ¥
Whulmngit 2.12 HMMs 18 lunsSamisddudeyai 1dsuidmnndunaluduneunsn

L7l
L

LA AT ITHAAALIY Model Parameter 1131 Score-map 90NN 91NYU SVMs with Score-
space Kernel ﬂxnﬁmahﬂummﬂantjuﬁﬁa'lﬁmmsm:umaﬁwﬁ’ﬂlumifﬁﬂmfumﬂu“ﬁﬂm
Tauiin13519 Max Win Algorithm 1u Multi-class f9mau Input Candicate of SVMs ‘fli:"l.]
¥1INNI1 2 Classes

dmiunansnaneniaiiteyaiildiedasnusnn’ing 42 §snus Taolifusaw
@ ag 0" s zilegiiu lutinisiw 14082 Tungu Training Set Yszneudvawiiofon
30 31 AN SANNA 14,557 FaEnws uazNQY Testing Set Ysznoudumwiiowouninly
Training Sct $147U 10,844 A7I8NYT AT 7,812 AIONYINNAWLDIVUUYDI 62 AU HA
113391 lanldiinisues HMM  ~  89.9% uadmiumsnaasaniafii 2 33A0
HMM/SVM/LR  (HMM/SVM with Likelihood Ratio Score-space) = 88.1% Uz

HMM/SVM/SLR (HMM/SVM with Symmetric Likelihood Ratio Score-space) = 92.5%

No Confusion

Input J
—» HMM ——* Score-map \7’! SVMs |[—® Max Win
V'l__ —

I_

Confusion pair Binary

31]'71 2.12 StUUﬂTSiﬁﬂﬂUB”ﬂ%%ﬁ Support Vector Machines 10z Hidden Markov Models

2.2.15 Character Recognition System for Cellular Phone with Camera [29]
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2.2.16 Multi-Modular Architecture Based on Convolutional Neural Network for
Online Handwritten Character Recognition [30]
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|x ~w |

T(X,W,)= W

(2.3)

uazd M (X, W) Ao Match Function

(2.4)

aun1s lumsifSvuiRvum Match Criterion 1A Vigilance p

MX,W)2p (2.5)

- Y] . - ' w0 ..
INTUNITN 2.5 01 Match Function fifwnnmsaminum Vigilance 1aa3

el ¥ .
N I.H"Llﬂﬁulﬂu Winner Node 3ziinmsvonld Input ‘ilﬂl‘ﬁ"lﬂ’qn Node WU UAWIN Match
¥

Function 117 1B0A1AY Vigilance vy laifimsdal Input l‘ﬁmd‘u Node WU

anb =(a, ANDb,,a,ANDb,....,a_ANDb,) (2.6)
D

la] = > a, 2.7
i=]

2.3.1.2 Fuzzy ART

1 s 3 [ ¥

B Carpenter LA Grossberg 1aWan ¥ ART-1 snsmiinunugadeya
Sunaiifudeyaoziidonddan Taverfunguijves Fuzzy Set uaziin1ild Complement

Coding fugadeyaduna fmuald

Fuzzy AND operation A:aAb= (min(a,, b, ),min(al ,b, ),...,min(a,),b,) ) (2.8)
D
o ldl=3a 2

X (X,X('): (31 %) orns X iysl =gl = Bpensl =25 (2.10)
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2.3.1.3 ARTMAP
d‘ Y- | yu -} =1 9
IHD3I911N ART HAe Fuzzy ART l'ﬂlﬁlﬁﬂ'l‘igil'lu’UU‘lUlJﬂ']iling
P = o =) o J P o @ A
(Unsupervised Clustering Methods) 'i"‘iqm“lﬁ'umiwmm ARTMAP Mun1LW61‘§ﬁ1H5U1ﬁﬂ1i
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X j Y
31U 2.19 aoilaunssnues ARTMAP, Fuzzy ARTMAP
2.3.1.4 Fuzzy ARTMAP
@ " - A 9 s [ = = a
WAIUINDIUDINIIN ARTMAP I.Wfﬂ?‘l’(ﬂ!J'l‘iﬂi']Jﬂ']'llﬂllﬁﬂuWﬂﬂLﬂUBu'lﬁﬂﬂ
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11018 TaoiaAlelunisinsaszadodunuditinsuuniiou Fuzzy ART uazll
Tassaduanilaonssumilouniy ARTMAP Aagi#l 2.19
¥ ¥
WANNI5M191UUDY Fuzzy ARTMAP fiunsunse 111
2 4
TUADUN 1
Input Vector: luuaag Input Vector 9231411A n-dimensional vector HALINITTINIO

Complement Coding W l1ldae

x=(A, A= {AA A, . A 1-A 1-AI-A LT A (2.11)
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] = [(4,4) - 34, + (ZA} -

Amuald  x UMY Input Vector Y8IN521UIUNTIH1 ART,
A=A A, LU A1 Input Pattern
AS=1-A,1-A,1-A,...1-A,  uNU A1 Complement Coding Y94f1 Input

Pattern
. YUIAVYDA 1 Vector Input 7113V 1 Pattern (NMWAIDNYS) = 2n
x .
TuADUN 2

Weight Vector: IuIIAag Category 9231N13581MUAA1 Weight Vector
W=W,=W,=...=W=1 (2.13)

o 9/ n’:

Amualn W, W, W, . W, LN Weight Vector ¥03%U F,, Layer

¥ "

@ =

Jupou 3
Parameters:

=

- A Choice Parameter (& ) ﬂ:!.lfhl'i‘l’ﬂﬂfn{o ﬁWIuﬂalﬁ a =0
. a0 9 1 =1 = 9 o dy
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a ' =1 d? 1 o
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»
s L] as J . ¥ ' =
SarALAA10A IR UIEN IS Input LA Weight Vector M1 1A naunisee il

[xAW]
||
Winner =T, = max{T,(x)} (2.15)

T/(x)= (2.14)
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o 13& J 9 =S w ' 3
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J
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o a 1 T 9/
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v
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ar
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1. Resonance

“If match function of the chosen node meets (equal or more than) the vigilance

criterion”

fx,W)yzp (2.18)

WINWUIT Neuron #111A1711808M17910 Category Choice Function 311103181
Vigilance 83111131 1 Neuron 9511101355300 Neuron dduusngafisus Taukhnmsasieden
Vigilance Criterion

2. Reset

“If match function of the chosen node meets (less than) the vigilance criterion”

feWY<p (2.19)

aj Y 3 ' o o/ 1w '
MIMiuziinIad1e Neuron Yum Iniidm iy Input Node ITmainfudignszuauns
¥ v ¥ 1
I mazimuan Weight Yuanisudumudunou 2
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¥ [
= 2

¥ ¥ .
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191 Input Nt P lunquioanu 18 dsaumsee Uil
W = B(x AW™)+(1- BW (2.20)

2.3.1.5 Adaptive Hamming Net (AHN)
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Neuron 1 j 11 Output Layer m11u 4913 Hidden Layer 92W913%41A1 Matching Score Net 21
a - e v Y ' - uly A vl lI - o P
Input Pattern PYANMWHUDUWDNISIALUINGY Neuron UU AYID U launo1932l Neurons N

o = 3 A [ n’a’ o ¥
AN Input (AA Activated 311N721 1 Neuron aandaniniuluy Output Layer vz lwn1sv
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O | 1 4 —a A
MAXNET 1un15fAnidendi Neuron Tnuvzaudanziily Neuron Niia Matching Score Net
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2.3.1.6 Gaussian ARTMAP
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2.3.2 Simplified Fuzzy ARTMAP (SFAM)

a A4 o4 v a o oA
i ART wiianilafifin1s15u35 lumsd i1 19 0iuIn Fuzzy ARTMAP Tasaziins
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¢
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3(1
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%) 0.75 0.625 0.5 0.875 0.75 0.75 0.75 | 0.75 0.625 0.5 0.875 0.75 0.75 0.75
4 (1
0.75 0.75 0.75 0.75
5 0.75 0.75 0.75 0.75 0.75 0.75 0.875
5:{0~) 0.75 0.75 0.75 0.75 0.75 0.75 0.875

0.875 0.875 0.875
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Ns0ULBUN Adoya Input Vector HUu1amIAy 10
6 0.5 0.5 0.5 0.625 0.5 0.5 0.5 0.5 0.5
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0.75 0.75 0.75
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087511 087511
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9(17) 0.125
0.125 0.125 0.125 0.125
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f(x,y) = maxp (3.15)

.l:argr'nax{TJ!1 (lh)} (3.16)
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W+ =ga AW @) + (- HW (1) (3.18)
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W+ =AM aWr )+ (- HWP (D) (3.18)
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M13197 3.5 MIUNUASHEUMIAURANW0INTNAI8nYS5 11 Training Set #3791 1

nsoudoUf Mdeya Input Vector HUHIAMINY 12

Laly |00 0 0.25 0.25 0.25 0.25 0.25 0.25 0 0.25 0.25 0.25 0.25 0.25
0.25 0.25 0.25 0.25 0.25

2(12) 0.25 0.25 0.25 0.25 0.25 0.25 0 0.25 0.25 0.25 0.25 0.25 0.25 0 0.25
0.25 0.25 0.25 0.25 0.25
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N30ULBLH Mdoya Input Vector HU11aimny 12
S 1 0751107510751 1075075 [0751107510751 1075 0.75
0.75 0.75 0.75 0.75
. 0.75 0.75 0.75 0.75 0.75 0.75 0.75
6(1°) | 0.75 0.75 0.75 0.75 0.75 0.75 0.75
0.75 0.75 0.75 0.75 0.75
: 0.75 0.75 0.75 0.75 0.75 0.75 0.75
7(1") 0.75 0.75 0.75 0.75 0.75 0.75
0.75 0.75 0.75 0.75 0.75
g(1%) |- 000000000000
9o(1?) |- 000000000000
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eLD) 000 025 0.2500.250.250.25 0.25 | 01 00.250.2500.250.25 0.25 0.25 0.25
2 0.25 0.25 0.25 0.25 0.25 0.25 0.25
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3313) 0.25 0.25 0.25 0.25 0 0 02502502502501 11110
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sy 0007510751 0.75 0.75 0.75 0007510751 0.75 0.75 0.75 0.75
I
0.75 0.75 0.75
6 0.75 0.75 0.75 0.75 0.75 0.75 0.75
6(1°) 0.75 0.75 0.75 0.75 0.75 0.75
0.75 0.75 0.75 0.75
7 0.75 0.75 0.75 0.75 0.75 0.75 0.75
7(1") 0.75 0.75 0.75 0.75 0.75
0.75 0.75 0.75 0.75
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0.875 0.875 0.875
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1 0.25 0.25 0.25 0.25 0.25 0.25 0.25
1(I') | 0.25 0.25 0.25 0.25 0.25 0.25 0.25
0.25 0.25 0.25 0.25 0.25 0.25
y(2) | 025 025 0250250025 0250|025 0.25 0.25 0.25 0 0.25 0.25 0 0.25
0.25 0.25 0.25 0.25 0.25 0.25
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0002500 0.25 0 0
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nIpULBUN Mdoya Input Vector HUMIAIMIAY 13
6(16) 0.75 0.75 0.75 0.75 0.75 0.75 0.75 | 0.75 0.75 0.75 0.75 0.75 0.75 0.75
0.75 0.75 0.75 0.75 0.75 0.75 0.75
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1(11) | 0.1250.250.1250.250.1250.25 025 | 0.125 0.25 0.125 0.25 0.125 0.25 0.25 0.25
2(12) | 025 025 0.25 0.25 0.25 0.125 0.25 | 0.25 0.25 0.25 0.25 0.25 0.125 0.25 0.25
3(1%) | 0375 0.25 0.25 0.25 0.125 0 0 0375 0.25 0.25 0.25 0.125 0 1 0
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7E1) 0.75 0.75 0.75 0.75 0.75 0.75 0.75 0.75 0.75 0.75 0.75 0.75 0.750.75
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0.25 0.25 0.25 0.25 0.125 0.25 0.25
2(1%) | 025 025 0.25 0.25 0.125 0.25 0.25

0.25 0.25
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3(W|3) 0.25 025 025 050500250002500

4(W]4) 025011111111160

S(WIS) 0751107510751 10.75 0.75 0.75 0.75
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s v

m3isuinian 2 Sumzduuudadnysaan 2 Alinsimua Input Vector A1A1513%

3.6 Tavgtuuuveaiadnusilimsutseonilu 9 nsouteuiaaInegli 3.28

e

W
|
IS

51 3.28 uaaafimmaveaduiInus uns Training A21 2 MUMITAITHNTOUIBUYDS

e o o = o Qs 4 o ar Y e W
ﬂ'I‘Wﬂ'J'EJﬂ'H‘WI111ﬁ'Iﬂ‘l.ﬁlE]Gﬂﬁﬂ'ldlﬁ,uﬂ’]i}ﬂﬂ‘ilﬁﬂﬂ1ﬂuﬂiﬁﬁll‘\’lulﬁuﬂ’)ﬂﬂ}l‘i

o o ' . 3, — ) o " . h
¥i1m13A 120191 Choice Function (T () mwaumsi 3,14 udninerd T a")
WS OUROUR UM ppiggen = 0.75 Anmua’ld udnimsinrsaasvaeu Vigilance

= = o o
Parameter Y1 Hidden Layer ( phidden ) MWW AUNITN 3.17 AU
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N381GBLH 1: ATUIMMIAT Choice Function (T} (1')) = 0.7385
WI'i = 0.2500 0.2500 0 0.2500 0.2500 0.2500 0.2500 0.2500 0.2500 0.2500 0.2500 0.2500
{0990 T ') < prigden 1A Input viudinnuadiondaiu livinweiivz Sadh
sauegny Inuaisuziuld aovinivsziinisasinaInualvily Hidden  Layer oz
o Y . = ;Y J Voo J "
fmualiil Weight Vector w03 Tnualnifna3199uuun AU Input Vector ¥03%9N3501
¥ s
AIU00U h YU 25UNNTUHIINITINA “Reset”
Wéi =0 1.0000 0 0.2500 0.2500 0 0.2500 0.2500 0.2500 0.2500 0.2500 0.2500
N30ULYT 2: FIUINMIA Choice Function (T (17) ) = 0.9574
lei = 0.2500 0.2500 0.2500 0.2500 0.2500 0.2500 0 0.2500 0.2500 0.2500 0.2500 0.2500
A D i ' - v 2w - I
wWoann T (17) > phidden M1 Input HHUANUADIUAGINUNINWONIZIALUT

' ¥ L "
sawagnuTnuanwuziuld deeimiuezhinis iy Weight Vector ¥0aInuaiivuy wison

v
ISE= =

NIUUNNINA “Resonance”
WI:'; (t+1) =0.25000.2500 0.2500 0.2500 0.2500 0.2500 0 0.2500 0.2500 0.2500

0.2500 0.2500

ﬂ'iE)‘UtiE)U“?i 3: A1UINUH AT Choice Function (TI3 (13)) =0.8473
W) = 0.2500 0.2500 0.2500 0.5000 0.5000 0 0.2500 0 0 0.2500 0 0
ioanin T2 (1) > phidden We1R991 Input fusinnuadadadumnveiinziadh
sauacjﬁuTwuﬂﬁw:ﬁuH FoRIMTIZIINTUTY Weight Vector o3 Tnuaiisue wifon
ﬂ‘iiﬁ'ﬁ’hﬂ'ﬁlﬁﬂ “Resonance”

W]?; (t+1) =0.2500 0.2500 0.2500 0.4875 0.4750 0 0.2500 0 0 0.2500 0 0

n3ULEYd 4: AuImnIAT Choice Function (Tj (1%) ) = 0.7795
W} =0.2500 0 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 0
Wioann THA*) > phigden 1A Input uianundoadafunnneisz s
sauag'ﬁ'ﬂwuﬂﬁ‘wmfuvlﬁ A09IMTHERIN191/31 Weight Vector voaTnuaiizuz zidon
N3 iﬁf:’j'lm'ilﬁﬂ “Resonance”

W: (t+1) =0.2500 0 0.9500 0.9625 0.9500 1.0000 1.0000 1.0000 1.0000 1.0000 0.9500 0
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nspUbDLi 5: IMUIMNIAT Choice Function (TIS(IS) )=0.9266
Wﬁ = 0.7500 1.0000 1.0000 0.7500 1.0000 0.7500 1.0000 1.0000 0.7500 0.7500 0.7500 0.7500
ioa1n TIS(IS) > Phidden A1 Input ufinnundondeiumnnofive Sadh
samegiu Tnuaiisuzii 14 desimiuszinissy Weight Vector vosTnuaivuz szion
N3 ﬁﬁy’hm‘ilﬁﬂ “Resonance”

WISi (t+1) =0.7125 0.9500 0.9875 0.7500 0.9875 0.7500 0.9875 0.9875 0.7500 0.7500 0.7500
0.7500

N30ULDUN 6: AIUIUNIAT Choice Function (Tl6(l6)) =1
W](: =0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500

- 6 6 ' n’: =1 ¥ Q2w = ar 3/
Mo T (1) > phigden HTAIIT Input UUNANUADIWAAINULINWBNITIAN

¥
o

smegiu Tnuaisusivll AovMIMUIERINIUTY Weight Vector vaaTnuaiizuz wwidun
ﬂiﬁﬁ”hmﬁlﬁﬂ “Resonance”

‘v‘v’“ (t+1) =0.7500 0.7500 0.7500 0.75C0 0.7500 €.7500 0.7500 0.7500 0.7500 0.7500 0.7500
0.7500

=

10UGRLH 7: AMUIUMIAT Choice Function (T, (17)) = 1

Wl_)i =0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500
insain T/ (17) > phidden 1A Input fufinndoadafunnwofiaziadh

ﬂum_jﬁ’uinuﬂﬁ‘vuz&ﬂﬁ’ AovIMuezNs1u Weight Vector voaTnuaiisuz widon

ﬂ‘iﬁ'ﬁhﬂ'ﬁﬁﬂ “Resonance”

Wl (t+1) =0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500

0.7500

nsaudauﬁ 8: A1UIMHIAT Choice Function (T]8 (Is) )=0
wi-0 000000000 00
119991 VIIAVDA W2 = 0 uaAad1 Input Fuiinnuadondamunnoneiziadh
ianﬂgﬁ'ﬂﬂuﬂﬁ‘nuzﬁu‘lﬁ’ A9 IMTEMINISFY Weight Vector ¥oe Tnuaiisuz wiSon

ﬂ‘iﬁﬁ'j‘lmilﬁﬂ “Resonance”

wht+-0 0 0 0 0 0 0 0 0 0 0 0
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NIOVUBUN 9: ATUIUNIA Choice Function (Tlg(lg)) =0

W)=0 0 000000000 0
A 9 ' - ¥ 2 o a4 o W
194910 YUIAY03 W = 0 1Al Input Wuilnnuadiondsnuinnoiive i

¥
' Y o

] ¥ "
sawogiu Tnuaisuziiuld aevintiuaziinist5u Weight Vector ¥0alnuanyuz szison

€

¥
NIUUIINITING “Resonance”

Wi (t+1)=0 0 0 0 0 0 0 0 0 0 0 0

' v ¥
INATITNN 3.13 LTAINT Weight Vector N9 Hidden Layer °1umsrmuf{ﬂ‘iw 200y

. [ ¥ "
715199 3.14 LEAAIAT Weight Vector N4 Cluster Layer 1uﬂ1ﬁliuu§ﬂ§dﬂ 2

] ¥
-~ ar A

M13199 3.13 71 Weight Vector 15U Hidden Layer TumsiSouinian 2

. v ¥
N30VUDUN Weight Vector 14U Hidden Layer

1 \«Vzli ) | 01.0000 0 0.2500 0.2500 0 0.2500 0.2500 0.2500 0.2500 0.2500 0.2500

2( Wﬁ ) | 0.2500 0.2500 0.2500 0.2500 0.2500 0.2500 0 0.2500 0.2500 0.2500 0.2500 0.25

3 Wﬁ ) 0.2500 0.2500 0.2500 0.4875 0.475G 0 0.2500 0 0 6.2560 0 0

4 ( W]d; j 0.2500 0 0.95060 0.9625 0.9500 1.0000 1.0000 1.0000 1.0000 1.0000 0.9500 0

5¢( \Vﬁ) 0.7125 0.95 0.9875 0.75 0.9875 0.75 0.9875 0.9875 0.75 0.75 0.75 0.75

6 ( \VIF.: ) 0.75 0.75 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.75

7( Wl_g ) | 0.750.75 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.75

S(WIS;)OOOOOOOOOOOO

9(\’\"";)000000000000

¥
o

| ' =S 3 n’: —
M13190 3.14 A1 Weight Vector 715U Cluster Layer 1UM5(50U3A5N 2

' y ¥
NSOVLOUT Weight Vector N9 Cluster Layer

1( \?./21 ) | 01.0000 0 0.2500 0.2500 0 0.2500 0.2500 0.2500 0.2500 0.2500 0.2500

2( sz ) | 0.2500 0.2500 0.2500 0.2500 0.2500 0.2500 0 0.2500 0.2500 0.2500 0.2500 0.25

3( W23 ) | 0.2500 0.2500 0.2500 0.4875 0.4750 0 0.2500 0 0 0.2500 00

4( W24) 0.2500 0 0.9500 0.9625 0.9500 1.0000 1.0000 1.0000 1.0000 1.0000 0.9500 0

5 (w25) 0.7125 0.9500 0.9875 0.7500 0.9875 0.7500 0.9875 0.9875 0.7500 0.75 0.75 0.75

6( W26 ) | 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.75 0.75 0.75

7( W27) 0.75 0.75 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.75
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M1319N 3.14 (7D)

" v WV
N3DVUDUN Weight Vector NHU Cluster Layer

8(W28)000000000000

9(W29)000000000000

' v ¥
1119%1013MW1501 Choice Function muaunsh 3.20 9z 1Af1 Cp N1 1INtiuh
=l =] Pl ' “ q’: dy A o Vv a
msifSouinoy Cy = pepyster n30 1 awaunsh 3.22 val C, =0.7896 Fai I aunsn
o M A ' ~ ' oA £ “
3.22 WhuianseiFonduiunsd “Reset” naaan Tnuaiidon il Tnuasuz K=1 M Cluster
v '
Layer Wuiin1sdadinqui ligndeansaniu nqu Output Class 481 Input Pattern 9£3im3aing
u; a o 3 . 1
Tnualnivuulu Cluster Layer 1auii K = 2 11825101358 1M1uA Weight Vector 484 1Hua 1]
(W) hummmum Weight Vector (W) )‘nﬂmmummn Hidden Layer AANNII T
325 nasnIMiuzimIadieamaFounesinTnualnily Cluster Layer T Tnualu Output
Layer 1390 Target Output ¥84 Input Pattern ﬁﬁmnﬁuui’ﬂf wiudo Target Output = “”
- I ;

midouindan 3 Sumzuuudadnysifinisdimua nput Vector A1uA1319# 3.7

u

Taoguuuveaddnusifinsumiseomilu 9 nsoutouiaasiagali 3.29

(1)

Rt

31 3.29 naasfirmsveaduAIBHEI U3 Training §21 3 AWMITAGVINTOULDLYDS

o o = @ o " ar ¥ o e
ﬂWWﬁ’JﬁﬂH‘iﬂ'll!'ﬂ']ﬂ‘U‘Uﬂdﬂﬂ'ﬂwl’gﬂﬂjﬂﬂkﬁlﬁﬂﬂ"muﬂiﬂﬁllﬂulﬁuﬂﬂﬂﬂ‘ﬂﬁ
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NINIIAIUINUNIAT Choice Funcnon(Th(lh))mnﬂumsn 3.14 AN Th(l )

]
)

VSouROUAIA phiggen = 075 fmuald udihimsWosans9aouaT Vigilance

Parameter 1 Hidden Layer ( phigden ) AMNANATST 3.17 dail

_j_B‘UdBUﬁ 1: AIUIUNIAT Choice Function (T% (I ) ))=0.7055

W, =0 1.0000 0 0.2500 0.2500 0 0.2500 0.2500 0.2500 0.2500 0.2500 0.2500

199990 TLAY) < priggen HAATI Input vufinmadondaiu lisnnwoiiaz faidh
's:}ua;jﬁu‘lnuﬂﬁ%uzfu"lﬁ Aevmfusziimsadialnualinilu Hidden  Layer ung
fmualnil Weight Vector vosTnualmifadrsduniium Input Vector ¥93%¥33N50V
Faubou h 1 v2GonnsdiinTIAa “Reser”

W:}!i =0.5000 0.5000 0.6250 0.5000 0.5000 0.5000 0.5000 0.5000 0.5000 0.5000 0.5000 0.5000

NSDULOUTN 2: ATUINNMINT Choice Function (Tl2 (1%)) = 0.9374
w2 ~0.2500 0.2500 0.2500 0.2500 0.2500 0.2500 0 0.2500 0.2500 0.2500 0.2500 0.2500

199970 T, 1% > phldd"n A3 Input uunﬂ'nuﬂnwﬂmﬂumnwaﬂi}vi}mw

3
o ~

uegiuTnuaiisuziu1d o AonimiusziinIzl iy Weieht Veetor ¥osTnuafivug sxion

d’ -~ = (T3 "
H 3INA gsonance

ifn

N3
lei (t+1) =0.2500 0.2500 0.2500 0.2500 0.2500 0.2500 0 0.2500 0.2500 0.2500 0.2500

0.2500

N3OULBYHN 3: AUIUHIAT Choice Function ( T13 (1°)) = 0.7888
Wﬁ = 0.2500 0.2500 0.2500 0.4875 0.4750 0 0.2500 0 0 0.2500 0 0

v 3 ' o - 8 P @ 9
1194910 T]’(I3) > Phidden TR Input Wudanuadioadanuuinneivziam,

v
o

" as P " n‘: ° a . A =
samegiuTnuaisuiu1d dovimiuenimiliy Weight Vector vaalvuaiizug wzisun
b

A5M1121N15NA “Resonance”

Wl?: (t+1) =0.2500 0.2437 0.2500 0.4756 0.4638 0 0.2500000.250000

N3BULBYN 4: A1UIUNIAT Choice Function (Tl4 (I4 ))=0.7491
W} =0.2500 0 0.9500 0.9625 0.9500 1.0000 1.0000 1.0000 1.0000 1.0000 0.9500 0
ifioenn TH(I*Y) < phidden HAAII Input vuilnnuadwadaiu luuinwenzia

Y - q‘: ' n’: ° ¥ ' . &
himegiu Tnuafisuz:iu1d denimivezsimsadialnualuily Hidden  Layer uds
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o 1!1:! i ld. 3/ J [ Y} [ [

AMMUATHL Weight Vector v03 Tnualnifas s9uuuminun Input Vector U93%290501
v v

AIUUOU h 1Y VZI5UNNTRTIINITINA “Reset”

W;i =0.2500 0.1250 0.1250 0.1250 0.1250 0.1250 0 1.0000 1.0000 1.0000 1.0000 0

NIDUUBUN 5: AUIUNIA Choice Function ('I'l5 (1°))=0.9233
Wlsi =0.7125 0.9500 0.9875 0.7500 0.9875 0.7500 0.9875 0.9875 0.7500 0.7500 0.7500 0.7500C
- 5,15 ' n’: = 3 Q2 o a Ly Y
WoInn T (I7) > phidden HAAI77 Input HUNANUANWATINUIINWONIZIAIUT
sanegiu Tnuaisusiuld deeimiuezsiinsliy Weight Vector va3nuanruz wison
A3M171N1510A “Resonance”
\Nis1 (t+1) =0.6769 0.9500 0.9875 0.7500 0.9381 0.7500 0.9819 0.9819 0.7500 0.7500 0.7500

0.7500

N30ULBUTA 6: AMIUNIAT Choice Function (T (1%)) = 0.9932

"VIGi = (0.7500C 9.7500 £.7500 9.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500

2
1

¥ v
0 @ " 3 2 o v vV
IGERRE Tf(lﬁ) > Pridden HAAIT Input Muiinnuadiondsiumnanefssiae

. » ¥ a -
saagiuTnuaivusiu i desimiuezhimistiu Weight Vector ¥oalnuaiisuz wison
N38ti1INIAA “Resonance”

W (t+1) =0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500

0.7560

N3VLLUN 7: AUIUNIAT Choice Function (Tf (17) )=10.9951

Wl-’i' =0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500

b .
A o L= | " w A FY A2 o a2 e £
1109910 T, (I') > Phidden HAAII Input HUNANUADIWAINUIINNINIZIAIN

&

a

4 Y a -
sanagiu Tnuaivuziu1d desimineziinisiu Weight Vector voalvuaisuz wison
v
N3M1171N191NA “Resonance”

W]"; (t+1) =0.7500 0.7500 0.7.500 0.7437 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500

0.7500

N39ULDUN 8: A1UIMUNIAT Choice Function (Tlg ay-=o

Wﬁzoooooooooooo
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‘ﬂl. L ] 1] ] ] ar o : " QvJ o
11199910 ngi = 0 uAA Input Vector 1A 11IMITY 0 A1TuUaAIN Input 1WUIEABIM
¥ " . o . Ve J
msa319Inualvilu Hidden Layer uazfimualiil Weight Vector voaTnualmifiadiaduin

¥ ¥
ININUAT Input Vector YOIFIINITDUAIUUOU h WY 92150NNIUHUIINITINA “Reset”

ng =0.6250 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500

NIOULBUN 9: AIUIUNIAT Choice Function (T19 (19) )=0
W.=0 000000000 0 0
2 9 " : - 9 =S w = [ FY
19991NUUIAY03 W = 0 1A Input WHINWAAIWARINUIINHONIZ I
' ¥ L v
swegiu Tnuanauziuld deaniuziinsiu Weight Vector vealnuaiisuz wison
v
N30111791N1510A “Resonance”
Wi (t+1)=0 0 0 0 0 0 0 0 0 0 0 0
- 1 5: = 3 n’: a
INATTIN 3.15 UTAIAT Weight Vector N¥U Hidden Laycr “lumsnsuugﬂsm 3uae
v v W ¥ 1]
A15100 3.16 LaALA1 Weight Vector A% Cluster Layer TM5i50u3a599 3
= ¥ o

M193197 3.15 M1 Weight Vector %1 Hidden Layer TunisiGouniaii 3

] v ¥
nsautend Weight Vector 719U Hidden Layer

| 0.5000 0.5000 0.6250 0.5000 0.5000 0.5000 0.5000 0.5000 0.5000 0.5000 0.5000

L(W5;)
0.3000

) 0.2500 0.2500 0.2500 0.2500 0.2500 0.2500 0 0.2500 0.2500 0.2500 0.2500
2(W2)

h

0.2500

3( wl3i ) 0.2500 0.2437 0.2500 0.4756 0.4638 0 0.2500 0 0 0.25000 0

4 (\N;i ) | 0.25000.1250 0.1250 0.1250 0.1250 0.1250 0 1.0000 1.0000 1.0000 1.0000 0

0.6769 0.9500 0.9875 0.7500 0.9381 0.7500 0.9819 0.9819 0.7500 0.7500 0.7500

S(W)
0.7500
5 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500
6 (W};)
0.7500
; 0.7500 0.7500 0.7500 0.7437 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500
7(W,.)
li

0.7500

8 (WZBi ) | 0.6250 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.75 0.75 0.75

9(W2) |0 0 0 0 0 0 0 00 0 0 0
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a i ) - o > &
M3199 3.16 A1 Weight Vector 7191 Cluster Layer Tunmisizoninsaii 3

X 42
NIDVUDUN Weight Vector N¥H Cluster Layer

0.5000 0.5000 0.6250 0.5000 0.5000 0.5000 0.5000 0.5000 0.5000 0.5000 0.5000
1 (W3l)

0.5000

0.2500 0.2500 0.2500 0.2500 0.2500 0.2500 0 0.2500 0.2500 0.2500 0.2500
2(W35)

0.2500
3( W33) 0.2500 0.2437 0.2500 0.4756 0.4638 0 0.2500 0 0 0.25000 0
4( W34 ) | 0.2500 0.1250 0.1250 0.1250 0.1250 0.1250 0 1.0000 1.0000 1.0000 1.0000 0

0.6769 0.9500 0.9875 0.7500 0.9381 0.7500 0.9819 0.9819 0.7500 0.7500 0.7500
5¢( ‘W3 5 )

0.7500

0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500
6 (Ws¢)

0.7500

0.7500 0.7500 0.7500 0.7437 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500
7( W'37 )

0.7500

0.6250 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500
8( W3 g)

0.7500
9(\\’39)000000000000

4 o = - 1 Y avr o
319%113W 91307 Choice Function AWaun1sh 3.20 9z1daA1 C poAU1 MIimiuih

msulsouioy Ck 2 Peluster 3oyl muaumsi 3.22 mu C, =028134 FahIdauns

d

322 Wufontedun i uiunsd “Reset” uaasih Inuaiidon iy Tnuasus K=1 # Cluster

& @ ar Vo ' ~ P
Layer tuiimsdadngui ligndeans a1 ngu Output Class Y94 Input Pattern 931M3@373

2 a g . -
Tnualnutuulu Cluster Layer Tagfi K = 3 ttazsiinissimua Weight Vector ¥ Tnualn

4
(th y A uNIAUA1 Weight Vector (WJ ) wmﬁa‘uuuwm Hidden Layer mnfmmiw

3.25 nmmﬂuuavumsmnm'maumamnlnuﬂnu'lu Cluster Layer T1daTnualu Output

Layer ﬁmamu Target Output Y94 Input Pattern 'n‘mmsxs ngﬂﬂuuﬂﬂ Target Output = “0”

msBouiniaf 4 Sumizduuuaadnusnin1sMvua nput Vector MNAIIIAN 3.8

o ot C;d 1 " o ql
Tﬂug1J1m‘ummmanmwmmmaamﬂu 9 nspVLBLLTAIAIZUN 3.30
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B
..... ko

519 3.30 uanaiAMmIIveAdUAINYI TUNIS Training AN 4 MUNIIIATLINTDULBUVDY

ANAIDNHSMURIAVYBINAMATUA IS NY IR IMUATH ANUITUAIONYS

M1N13A1UINUNIAT Choice Function (T}‘(lh) )y MuaANNIN 3.14 udninerm T}‘(l")

V30U UA VA priggen, = 0.75 N muald udniimsiaiswinseaou Vigilance

Parameter N Hidden Layer ( phigden ) MANMIH 3.17 Aail

ﬂ'iE]UU'EJUﬁ 1: A1UIUNIA Choice Function (Tll (Il) ) =0.9608
W/, =0.2500 0.2500 0 0.2500 0.2500 0.2500 0.2500 0.2500 0.2500 0.2500 0.2500 0.2500
0.2500

199910 T/ (1') > prigden 1A Input ufinnuadiadafumnsefios i
mnagiﬁ'ﬂwuﬂﬁw:gu"lﬁ' Ap9IMTLE M1 Weight Vector voTnunafisus wwidon
N8I 1IM3IfA “Resonance”

Wlli (t+1) =0.2500 0.2500 0 0.2500 0.2500 0.2500 0.2500 0.2500 0.2500 0.2500 0.25 0.25 0.25

n3PULOLH 2: A1UIUNIA Choice Function (T,2 (12) ) =0.8704
W,: =0.2500 0.2500 0.2500 0.2500 0.2500 0.2500 0 0.2500 0.2500 0.2500 02500 0.2500
0.2500

199910 TE(I?) > Phidden 1A Input yufiamuadeadaiunnneisz e
sanaéﬁulﬂuﬂﬁmumfu"lé’f ADIMIZRIN13151 Weight Vector ¥03 Tvuafisuz szifun

¥
NTUUIINIILNA “Resonance”
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lei(t +1) =0.2500 0.2500 0.2500 0.2500 0.2375 0.2500 0 0.2375 0.2500 0.2500 0.2500
0.2500 0.2500

30116081 3: AUIUMIA Choice Function (T}’ (17)) = 0.7486
Wfi = 0.2500 0.2437 0.2500 0.4756 0.4638 0 0.2500 0 0 0.2500 0 1 0
A T3 13 . o a v 2 o ul- 4 e
1199910 T} (I°) < phidden #9391 Input 1uiinuAdwaaIny bimnwohiszia
v ¥ ¥
wWhsawegnu Inuaisuziuld aosimivszdinisadalnualuilu Hidden Layer unay
§ - . ra 4 e .
fmualiil Weight Vector ¥93 Inualnina3193uuuminua Input Vector 4935340501
¥ ¥

#IU00U h 1Y 92I50NNTUNINSINA “Reset”

W23i =0.5000 0.2500 0.5000 0.2500 0.2500 0.2500 0 0.2500 0 0 0.2500 0 0

n3ouYeUH 4: 119N A1 Choice Function (Tj (1)) = 0.9901

\Vﬁ =0.2500 0 0.9500 0.9625 0.9500 1.0000 1.0000 1.0000 1.0000 1.0000 0.9500 0 0

[}
-~

4.4 ' A Y 4 o 4 e w
130 T (I7) > Phidden HERI1 Input HULANUANIWADINUNINWONIZIAIN
' ¥ v - a A
savegiu Tnuafisusiuld donimineziinsysy weight Vector voaTvuahisuy vzi5un
b4
A3ATIINI5NA “Resonance”

W (t+1) =0.2375 00,9025 0.9144 0.9400 1.0000 1.0000 1.0000 1.0000 1.0000 0.9500 0 0

ASDUUDUN 5: AMUIUNIA Choice Function (T15 (I°)) = 0.9900
Wlf; =0.6769 0.9500 0.9875 0.7500 0.9381 0.7500 0.9819 0.9819 0.7500 0.7500 0.7500 0.7500
0.7500
A 5,15 ' S a ¥ &£ o -~ e
Ho39N T (I7) > phidden HETAII Input UHUUANUANIUADININNWONISIAI]
g Tnuafivuziiu1d desimiueziinsfu Weight Vector voalnuaiisug wiun
¥
N3IH31N154A9 “Resonance”
W (t+1) = 0.6769 0.9500 0.9875 07500 0.9381 0.7500 0.9703 0.9703 0.7500 0.7500 0.7500

0.7500 0.7500

nspULDLT 6: #11IUNIA Choice Function (TP (1)) = 1
W =0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500

0.7500
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iioanin TP (1°) > phidden 1AAIIT Input Yuiiamuadoadafusnnmefieziad
ﬂnagﬁiﬁwuﬂﬁw:&uqﬁ' AD9INITIAEIMSUTY Weight Vector v09Tnuafisuy azidun
ﬂsﬁﬁy’jm]‘ilﬁﬂ “Resonance”
WS (t+1) =0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500

0.7500 0.7500

N50VYDYN 7: ATUIUNIA Choice Function (T]7(I7) )=1
Wfi =0.7500 0.7500 0.7500 0.7437 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500
0.7500

- 7 i 3 : o ¥ =_2 W — - 3/

Won T (17) > ppidden AR Input UUUANUATIWATINUNINWONIZIAIU
sawegnu Inuaiisuziiuld Aea1niueziinis iy Weight Vector voaTnuaisuy iion
ﬂiﬁﬁ’j 13109 “Resonance”
WI"I.' (t+1) =0.7500 0.7500 0.7500 0.7437 0.75C0 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500
0.7500 0.7500

NIDULDUN 8: AIUIMNIA Choice Function(Tlg(Is))=0

w¥-0 0000000000 0
A 8 ' a’: = 4 - o = o ¥V
111949 INVNIAYEY Wi = 0 1aAadl Input 1UIAINATIATINUIINNONIZ VA
[l ¥ ¥ '
TmegiuTnuaiivusiuld desiniuezsinisifu Weight Vector voelnuanyug azion
»

A38I191IN1510A “Resonance”

Wi(t+)=0 0 0 0 0 0 0 0 0 0 0 0

nmudauﬁ 9: AMUIMMIA Choice Function (T19 (19) )=0
Wﬁzoooooooooooo
11199910 VUIAYDA W = 0 ua@A3 Input uuummmwﬂaaﬂumnwwvsmun
nuaUﬂuTﬁuﬂw%uvuu"lﬂ ﬂmnﬂuua..,mmiﬂm Weight Vector ‘umiﬁuﬂwmuw V250N
M

ﬂiﬁ 21N7151NA “Resonance”

W)(t+1)=0 0 0 0 0 0 0 0 0 0 0 0

¥y
s =

] ' io < a 3 o
91NA15190 3.17 LAAIA1 Weight Vector NHU Hidden Layer TUM3i50u3n399 4 1oy

¥ ¥ .
“ " . - o = Y o A
M13149N 3.18 LAAIAT Weight Vector N¥U Cluster Layer 11«Iﬂ’13t‘56u§'ﬂﬂﬂ L
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" T ¥ ]
@1319% 3.17 A1 Weight Vector N%U Hidden Layer lunmisisousnian 4

ﬂSBUdDUﬁ Weight Vector ‘?l‘f?ﬂ Hidden Layer

|| 0:25000.2500 0 0.2500 0.2500 0.2500 0.2500 0.2500 0.2500 0.2500 0.2500

i 0.2500 0.2500
o | 0.25000.2500 0.2500 0.2500 0.2375 0.2500 0 0.2375 0.2500 0.2500 0.2500

L P —

3(W3) | 0.50000.2500 0.5000 0.2500 0.2500 0.2500 0 0.2500 0.0 0.2500 0 0

4(W,}) | 0.2375 0 0.9025 0.9144 0.9400 10000 1.0000 1.0000 1.0000 1.0000 0.9500 0 0

oW 0.6769 0.9500 0.9875 0.7500 0.9381 0.7500 0.9703 0.9703 0.7500 0.7500 0.7500
10,7500 0.7500

- 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500
" 10,7500 0.7500

oWl 0.7500 0.7500 0.7500 0.7437 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500
10,7500 0.7500

s(W 1o 000 00 00 0000

9(WS) {0 00 0 0 00000 00

v v ¥ ¥ v
A13197 3.18 A1 Weight Vector % Cluster Layer TUn15i50u3n3an 4

N30UU0N Weight Vector AU Cluster Layer
0.2500 0.2500 0 0.2500 0.2500 0.2500 0.2500 0.2500 0.2500 0.2500 0.2500
1 (W“)
0.2500 0.2500
0.2500 0.2500 0.2500 0.2500 0.2375 0.2500 0 0.2375 0.2500 0.2500 0.2500
2(Wyp)
0.2500 0.2500
3 (Wl3 ) | 0.2500 0.2500 0.2500 0.4875 0.4875 0 0.2375000.2375000
4(W;,) |0.237500.9025 0.9144 0.9400 1.0000 1.0000 1.0000 1.0000 1.0000 0.9500 0 0
0.6769 0.9500 0.9875 0.7500 0.9381 0.7500 0.9703 0.9703 0.7500 0.7500 0.7500
5(Wis)
0.7500 0.7500 _
0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500
6 (W)
0.7500 0.7500
0.7500 0.7500 0.7500 0.7437 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500
7(W;5)
17

0.7500 0.7500
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= '
13190 3.18 (D)

v v ¥
NIDVUDUN Weight Vector WU Cluster Layer

S(WIS)OOOOOOOOOOOO

9(W]9)000000000000

' v ¥
1519¥1M13W915041 Choice Function a5 3.20 9z1dm1 Cy 0N 1IN
4 : ;2 i 4
msuSouiiioy Cy 2 popusier 1301 Ameunsh 3.22 Mafl C; =0.9448 Fainliounmisi
¥
3.22 usiinSeiSunduiansdi “Resonance” HaAII1 Weight Vector (W, ) 1iuiinu
AMWAAAY Weight Vector (W, ) voalnuaiden iy Tnuaisuzde Inua k=1 Tu
ar A [y 4 qw = 3 : [
Cluster Layer LLOZATINUNQUHADNWEVDI Input Pattern HDNIINUITWIITUIN W;i uurﬂum
5 v P Iy J ' % d =] [ v
Weight Vector Naaa111910 Tvua 1=2 #ilimsa3199ulvulu Hidden Layer Avziinisisum
. ¥ '
Weight Veetor (W5 (t+1)) amaunisi 3.23 NaI9IMINIZINIs A3 1M TIFouaIN Tnua

K=1 1u Cluster Layer T Tnualu Output Layer ARTIAY Target Output Y84 Input Pattern i

¥ ¥
2 el Y o w
WINSI50UFATNIUAD Target Output = “n”

a v o a w v o da o -
ﬂ]SISU“EﬂSQ'ﬂS 'i‘L‘ﬂ'l:i'ﬂLLUUﬂ’JBnBﬁﬂHﬂ’I?ﬂ??‘iuﬂ Input Vector #13A13130 3.9

Taogdunuvesdiionys iimsuteeniiu 9 nsouteuimaiagili 3.31

307 3.31 uansfitmiaveadudisnyslums Training 4291 5 MUN5TAIGLINTOVIBLUD

o Qs o o a @ e y [ o ¥ @ o
ﬂ’l‘Wﬂ’JE}ﬂ‘H'iﬂ'll]ﬁ'lﬂ"lj‘ilﬂ@ﬂﬁ'ﬂ%‘llguﬂﬁﬂﬂﬂilﬁﬂﬂ']ﬂuﬂiﬂﬁuﬂulﬁuﬂ'})ﬂﬂ‘ﬂﬁ
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MINI3AIUIUNIAT Choice Function (T}'(lh) ) ANEUNISN 3.14 taninem T}'(lh)

VISOUROUAUA phigden = 0.75 N mualY udimsinswinsavaoud Vigilance

. " ¥
Parameter N Hidden Layer ( phigden ) MNaUNITN 3.17 Aail

NIDUUBLN 1: AIUIMHIAT Choice Function ( T:;l- (II ))=0.9685

‘\7\/2'i =0 1.0000 0 0.2500 0.2500 0 0.2500 0.2500 0.2500 0.2500 0.2500 0.2500

- l ] ) : =1 Y =S :; [ 9
HoI9N To(17) > phigden Y0937 Input HUUANUADWADINUIINWONIZIALUN

o

" 1 ¥ '
sy Tnuanyuziiuld devimiusziinisdiy Weight Vector voeTnuaisuz wzison
¥
A3M1171M31NA “Resonance”

Wzli (t+1) =00.9625 0 0.2500 0.2437 0 0.2500 0.2500 0.2500 0.2500 0.2500 0.2500

N30UDUR 2: ATUIUNIAT Choice Function (T,2 (12) ) =0.9480

\N]zi =0.2500 0.2500 0.2500 0.2500 0.2375 0.2500 0 0.2375 0.2500 0.2500 0.2500 0.2500

{19997 TEA?) > Phidden HARIIT Input fufinnuadondafunnwefiesSaeh
nuag:ﬁﬂﬂuﬂﬁ‘uumfuﬁ AD91IMTU2111N151050 Weight Vector voa Tnuafirug aziFon
ﬂiﬂﬂy’imﬁlﬁﬁ “Resonance”

W (t+1) =0.2500 0.2500 0.2500 0.2500 0.2375 0.2437 0 0.2375 0.2500 0.2500 0.2500

0.2500 0.2500

N3DULBYN 3: ANUIUNIAT Choice Function (Tg’ (1*)) = 0.8093
W23i = 0.5000 0.2500 0.5000 0.2500 0.2500 0.2500 0 0.2500 0 0 0.2500 0 0
A 3 53 ' & a y & o« 4 o
103910 Ty (I7) > ppidden 1A Input UUNANUADNVATINUIINHONIZIAIN
' ¥ ¥ - a
sawegiy Tnuanwuziiuld desimineziinisliy Weight Vector ypelnuaiizuz szison
b

N5MHIINITINA “Resonance”

W23i (t+1) =0.4937 0.2500 0.4875 0.2500 0.2437 0.2375 0 0.2375 000.250000

N39U0BUN 4: ATUIUNIA Choice Funiction (T14 (14) ) =0.9473

Wﬁ =0.2375 0 0.9025 0.9144 0.9400 1.0000 1.0000 1.0000 1.0000 1.0000 0.9500 0 0
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A 4,4 ' & a Yy & o 4 o v
N TP (I7) > phidden HEA321 Input HUUANUANUAINUNINNONISIAIN

¥
o

" a Y : o o H =1
swegiu Tnuansusiu 1A AoaIniuegiinsdiu Weight Vector v03 Tnuaiisus sziTon

v
ASMHUINITINA “Resonance”

Wﬁ (t+1) =0.2319 0 0.9025 0.9144 0.9400 1.0000 1.0000 1.0000 1.0000 1.0000 0.9500 0 0

n3ULBYA 5: AIUIUNIAT Choice Function (Tf(I5) ) = 0.9880
Wlsi =0.6769 0.9500 0.9875 0.7500 0.9381 0.7500 0.9703 0.9703 0.7500 0.7500 0.7500 0.7500
0.7500

& 5.5 :  a Yy =2 e 4 o

Wo3IN Ty (17) > phrigden WM Input HUUANUADWATINUINNWDNIZIAN
smagﬁ'u'lﬂuﬂﬁﬂmzifu'lﬁ AD9IMMZIINI3U1 Weight Vector voaTnuafisuy zidun
ﬂiiﬁld:’j'lﬂ'lilﬁﬁ *Resonance”
W]':: (t+1) =0.6769 0.9500 0.9819 0.7500 0.9287 0.7500 0.9593 0.9593 0.7500 0.7500 0.7500
0.7500 0.7500

NSOULBYN 6: ATUIUNIAT Choice Function (Tf(lﬁ)): 1
\vl6i =0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500
0.7500
A &6 ! o & v 2 o - Y
Wean T (17) > phigden 1AM Input HUUANUADWAAINUNINWONIZ VA
¥ ¥ ¥ .
sauegiuTnuanwuziula desimiuesiinisdsy Weight Vector vo3lnuaisuy szison
¥
N3M1171N1510A “Resonance”
Wﬁ(t +1) =0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500

0.7500 0.7500

A3OULDUYN 7: ATUIUNIA Choice Function (T]7 (17) )=1
Wfi =0.7500 0.7500 0.7500 0.7437 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500
0.7500

4 " 5 = 9 QW = s v
ATRLEDRT) Tl7(l7) > Phidden MR Input UHUANUADIWANINUIINWINISIAIY]

¥
ar

| > = =
samegiu Tnuaiauzinld desimineziinalfu Weight Vector voalnuaiisuz azi50n
N5W12171510A “Resonance”
W,/ (t+1) =0.7500 0.7500 0.7500 0.7437 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500

0.7500 0.7500
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N3DVIDYN 8: AMUIUNIAT Choice Function ( Tl8 ady=o
W3:0000000000000

L'uEN%']ﬂ‘UHW]‘U'OG W8 = 0 uanIn Input uuuﬂﬂuﬂnwﬂmﬂumnwawmﬂmﬁn

nnaunuTHuﬂﬂ‘nu“uu"lﬁ Fonmiuaziinsldy Weight Veetor voalnuaiivus wion

v
At

NTUUIINIT I.ﬂﬁ “Resonance”

Wi (t+1)=0 0 0 0 0 0 0 0 0 0 0 0 0

N5OVLOUN 9: ATUIMNIAT Choice Function (T|9(19) y=0
W19i=0000000000000
111999 INVUIAYD W9 0 U@AI Input uianuadoadeiumnneiivesadh

swegnu Inuanaus 217118 Ao IniuazinIs$y Weight Vector voaTnuafisuz vz

v
ﬂiiﬁﬁ’ﬂﬂ'ﬁmﬂ “Resonance”

Wﬁ(t+1)=ooooooooooooo

] ¥ ¥ "
INA15137 3.19 HAAIAT Weight Vector 1FW Hidden Layer TumisiSoudadsi 5 uaz

" v ¥ ¥
A13131 3.20 UAAIAT Weight Vector %Y Cluster Layer TumisiGouniai s

]
f]

13 v 3 ¥
M13199 3.19 A1 Weight Vector A% Hidden Layer Tumsisouiniai s

N v ¥
NSOVYDUN Woeight Vector N¥U Hidden Layer

1( W2| ) | 00.9625 0 0.2500 0.2437 0 0.2500 0.2500 0.2500 0.2500 0.2500 0.2500

, | 0:25000.2500 0.2500 0.2500 0.2375 0.2437 0 0.2375 0.2500 0.2500 0.2500
2(W32)
71 0.2500 0.2500

3( ng) 0.4937 0.2500 0.4875 0.2500 0.2437 0.2375 0 0.237500 0.2500 0 0

4( Wﬁ ) 0.2319 0 0.9025 0.9144 0.9400 1.0000 1.0000 1.0000 1.0000 1.0000 0.9500 0 0

0.6769 0.9500 0.9819 0.7500 0.9287 0.7500 0.9593 0.9593 0.7500 0.7500 0.7500

S(Wi)
0.7500 0.7500
— 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500
71 0.7500 0.7500
oW 0.7500 0.7500 0.7500 0.7437 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500
li

0.7500 0.7500

S(Wﬁ)ooooooooooooo
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M1519N 3.19 (919)

NSOUYBUN Weight Vector N%u Hidden Layer

9(W|9i)0000000000000

¥ "

" v ¥
M13197 3.20 A1 Weight Vector 1% Cluster Layer Tunmisisounsan

[ v ¥
NIDVUDYN Weight Vector N¥U Cluster Layer

1( W4l ) | 00.9625 0 0.2500 0.2437 0 0.2500 0.2500 0.2500 0.2500 0.2500 0.2500

0.2500 0.2500 0.2500 0.2500 0.2375 0.2437 0 0.2375 0.2500 0.2500 0.2500
2(Wy)
0.2500 0.2500

3 (\\/43 ) | 0.4937 0.2500 0.4875 0.2500 0.2437 0.237500.237500 0.250000

4( W44) 0.2319 0 0.9025 0.9144 0.9400 1.0000 1.0000 1.0000 1.0000 1.0000 0.9500 0 0

0.6769 0.9500 0.9819 0.7500 0.9287 0.7500 0.9593 0.9593 0.7500 0.7500 0.7500

5(Wys)

0.7500 0.7500

0.7500 0.7500 0.7560 0.7500 0.75060 0.7500 0.7500 0.7560 0.7500 0.7500 0.7500
6(Wye)

0.7500 0.7500

0.7500 0.7500 0.7500 0.7437 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500

0.7500 0.7500

8(W48)0000000000000

9(W49)0000000000000

1119911115 M915041 Choice Function Muaumsh 3.20 12141 Cy 80N I
msfSouiioy Cy = pejuster 130 1 UMt 3.22 Wil C, =0.8319 Favlaunisi
322 Fudtaniedoniuiunsd “Reser” uans Inuanidenliifiu Tnuasuz K=1 7 Cluster
Layer sufinms §mdngui ligndeanssan ngqy Output Class 484 Input Pattern 920n13 0519
Trualnaisuanlu Cluster Layer 1aoft K = 4 1azsiin1ssimua Weight Vector ¥oaTnualmi
(W,,,) Iiisuiiiua Weight Vector (W, )ﬁﬁﬁai‘fummn Hidden Layer AMaun1si
325 n&aoimiuegiinaadiansidoudesin Tnualmilu Cluster Layer Tida Tvualu Output

4 io - v e - -
Layer 19133713 Target Output ¥94 Input Pattern N1M3I30U3ATNIUAD Target Output = “N

w [
s 1

msSauiadan 6 Sumzduuudi8nysniinisfimua Input Vector AUAIIN 3.10

Tasgiuuuvesdisnysiiinsiiseeniiu 9 nsoudoouaadagilii 3.32
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3 =) 3 o s ar :: Y1 ]
g‘ljﬁ 3.32 UAAINANIVOUTUAIDNYS IUMS Training #1799 6 MUNITIALTUINTDVUDUUD

o o s = Y o o 4 (] or s
ﬂ']‘Wﬂ’)'E]ﬂ'H'iGﬂllfﬂﬂ‘Llﬂl‘EN“H?WI'Nlﬁu%']ﬂﬂtl'ilﬁﬂﬂ'lﬂuﬂ‘i‘Hﬂll“ulﬁu@’l’}ﬂﬂyi

11N13ATUIUNIAT Choice Function (Tj“(lh)) AN 3.14 uaninerm 'l'}'(lh)

WU OUROUAUM phiggen = 075 Nimuald udnhinisinsanasisaeun Vigilance

Parameter 1 Hidden Layer ( Phidden ) AMAVNTA 3.17 Al

N38ULDLT 1: AMUIUHIA Choice Function (T3 (11)) = 0.9624

W3 =0.5000 0.5000 0.6250 0.5000 0.5000 0.5000 0.5000 0.5000 0.5000 0.5000 0.5000 0.5000
A 1 55 ' & - ¥ A o 4 e v
1o T5(17) > phidden 1AM Input UUNANIUADIWATINUUINWINISIAUT

] ¥ ¥ [l
swagiy Tnuanruinld aovimineziiniliy Weight Vector voalnuahyuz wison
v
N3MTINITINA “Resonance”
W1, (t+1) =0.5000 0.4937 0.6062 0.4875 0.4875 0.4875 0.4875 0.4875 0.4875 0.4875 0.4875

0.4875

N350ULBLT 2: AMUIUMIM Choice Function ( TZ (12) ) = 0.9500
lei = 0.2500 0.2500 0.2500 0.2500 0.2375 0.2437 0 0.2375 0.2500 0.2500 0.2500 0.2500

0.2500
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109990 T2(2) > phigden 48R3 Input Sufianuadondeiunnwofivesadh
sauagﬁuinuﬂﬁwxfu‘lﬁ' AD9IMMNIEMM5TY Weight Veetor voaTnuafivuz widon
ﬂiﬁﬂv'hﬂ"l'ilﬁﬂ “Resonance”

W (t+1) =0.2500 0.2500 0.2500 0.2500 0.2319 0.2437 0 0.2375 0.2500 0.2500 0.2500
0.2500 0.2500

NIOUHDYN 3: ATUIUNIAT Choice Function (T23 (1°)) = 0.8396
ng =0.4937 0.2500 0.4875 0.2500 0.2437 0.237500.237500 0.25000 0
11199910 T5 (1) > ppigden 1AR931 Input Yiuiinnuadiondafuuinnedioz iaidh

' ¥ v .
sawegiu Tnuanasuziu1d Ao1niueziin1slsu Weight Vector voalnuainyuz wiSon

Y

¥
ASMIIINIGNG “Resonance”

ng (t+1) =0.4816 0.2500 0.4756 0.2437 0.2378 0.2256 0 0.2319000.237500

nsevteui 4: AUIUMIA Choice Function (Tf (1)) = 0.8936
‘Nldil = 0.237500.9025 0.9144 0.5400 1.0000 1.006G0 1.0000 1.0000 1.0000 0.9500 0 0
A 4 ,..4 ' o Y A2 o Hd o v
eInn Ty (1I7) > phidden 1R Input HHUANUANWATINULINWONIZ VAN
v ¥ ¥ "
sawogiuTnuansusinld doniniusziinisdsu Weight Vector ¥oeInuansus suiSon
N3M17IN5IAA “Resonance”

Wl‘: (t+1) =0.2256 0 0.9025 0.9144 0.9400 1.06000 1.0000 1.0000 0.9500 0.9500 0.9025 0 0

"
4

N3OUUDUN 5: AUIMNIAT Choice Function (TI5 (1°)) = 0.9683

W} = 0.6769 0.9500 0.9819 0.7500 0.9287 0.7500 0.9593 0.9593 0.7500 0.7500 0.7500 0.7500
0.7500

ifipanin T (I°) > Phidden WA431 Input Yufinnuadoadeiuunnedoziadh
muagﬁuiwuﬂﬁ'wzﬁﬂﬁ A9INTLZRINITUTY Weight Vector voeTnuaiisuz szion
N3 IATIAR “Resonance”
W (t+1) = 0.6430 0.9462 0.9765 0.7500 0.9260 0.7500 0.9488 0.9488 0.7500 0.7500 0.7500

0.7500 0.7500

NSOUBUN 6: AUIUNIAT Choice Function (TI6 1%y =1
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W](: =0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500
0.7500

A T6 16 ' & e Y A w P I
o390 T (I%) > phidden AR Input tiuiinnuanoadanumAnoivzIa

. ¥ v v
savagnu Inuansuziuld Apvimiuaziinisdsy Weight Veetor w03 Tnuaisuz wison

W

v
N3MIIINI5NA “Resonance”

WI(: (t+1) =0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500
0.7500 0.7500

N30VYBYN 7: ATUIMHNIA Choice Function (T|7(I7) y=1
W17i =0.7500 0.7500 0.7500 0.7437 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500
0.7500

- T" I7 - ) 1 u’: = Y = w -:; wtv Vv

e T (I7) > phigden ¥AAIN Input HUUAMUADWATINULINWONIZ VAL
sauegiu Tnuanyusiuld Aovimiueziinis Uiy Weight Vector 993 Tnuanauy aison

«u

b
ATRINIINI5INA “Resonance”

W, (t+1) =0.7500 0.7500 0.7500 0.7437 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500
0.7500 0.7500
N38VUOUN 8: A1UIUNIA1 Choice Function (Tlg(IS) )=0
Wi=0 000000000000
11194910V UIAVDI W]’gi = 0 u@AI Input NUTANUANWARINULINWONILTAINN

¥

' Ed H =
sauagfy Inuanyuziu1d aomineziinis sy Weight Vector voaTnuanyuy sziGon

€

“
- c:v " =
NIUUIINIIING “Resonance”

wi(t+1)=0 0 0 0 0 0 0 0 0 0 0 0 0

ﬂ‘iﬂ’utjﬂﬂﬁ 9: A1U2UNIA Choice Function (T19 (19) )=0
W)=0 0 0 00000000 00
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Lo 0.5000 0.4937 0.6062 0.4875 0.4875 0.4875 0.4875 0.4875 0.4875 0.4875 0.4875
3171 0.4875

W) 0.2500 0.2500 0.2500 0.2500 0.2319 0.2437 0 0.2375 0.2500 0.2500 0.2500
W71 0.2500 0.2500

3(WJ) | 0.48160.25000.4756 0.2437 0.2378 0.2256 00.2319 0 0 0.2375 0 0

4(W) | 02256 00.9025 0.9144 0.9400 1.0000 1.0000 1.0000 0.9500 0.9500 0.9025 0 0
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35

0.7500 0.7500




97

M1319N 3.22 (519)

NIOUUDUN Weight Vector N4 Cluster Layer
0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500
6(Ws6)
0.7500 0.7500
0.7500 0.7500 0.7500 0.7437 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500
T(Waq)
37

0.7500 0.7500

8(W38)0000000000000

9(W39)0000000000000

' . ¥
1119111M13W9151 Choice Function a5 3.20 z'ldm Cy 00N 1niusih
=) -4 ' 4‘ : csy ¢b o Vv si'
M3fSouiioy Cyp 2 pejysier 130 1 Muaunsh 3.22 Mail C; =0.9148 Failiaumsh
(=1 - l =Y =) ' : =)
3.22 1WuITIN3 030N INAANTH “Resonance™ 1AAIT1 Weight Vector (W, ) Wulinaw
AAWARINY Weight Vector (W, ) vosTnuaiidonldiuInuaiisuzdonua k=3 lu

Cluster Layer 1azA340UNQUHAANT Y4 Input Patern 1anNvinHILR9130i131 W23i. Wl‘: Ny
dum Weight Vector ﬁ'daﬁwmmn’hmﬂ‘lnﬂu Hidden Layer fezinisyium Weight Vector
(Wi (t+1) uaz Wy, (t+1)) Amumsh 323 ndanmiussinmsadenisieudonn
Tnuak=3 lu Cluster Layer TddaTnualu Output Layer ﬁmému Target Output 393 Input

" ¥ ¥
Pattern ﬁﬁ1ﬂ1‘iliﬂu§ﬂ‘i Mufe Target Output = “01”

¥
. s g e X BEey Y b DY ar EEey?Y
3.3.2 Yoyaly Testing Set inanua 3 JUuunldundadnys “n” “n” uag “o

MuAIAUAI3UN 3.33

(a) (b) (c)

i w  w o & A o o o A A
3N 3.33 gﬂuum’fay‘a Testing Set (a) AIDNHIAIN 1 AD “N” (b) AIDNBIAIN 2 1D “N

(c) §I6NYIAIN 3 Ao “0”




98

(a)

(b)

(c)
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tah 0.25 0.25 0.25 0.25 0.25 0.25 0.25 | 0.25 0.25 0.25 0.25 0.25 0.25 0.25 |
2(1%) 0.25 0.25 0.25 0.125 0.25 0.25 0.25 | 0.25 0.25 0.25 0.125 0.25 0.25 0.25
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gﬂﬁ 4.1 (A9)

4.2 HaNMINAaod

¥
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pamInanesnnadTil ldhmsnlSsuifvuanuaunsavesnisiidisousiun
i Inglasnaaougadoyanmenasiilszneu ludrugdunudsnys 39 Juuuusou
¥
NINuA 3,120 @26nY5 A20TU51NTY AmThai 1A% ThaiOCR  HAZUAAINANITNATDUATY

- = e ¥ a Py o &

A13199 4.2 wonantdaiimsnacevgadeyanmthonzilivuse Inoidszneuludand
o L ot = : el A -\ Qv’ ar
8nu3 Ino nozAnaversinianua 506 thonzifvudaiinanua 8,121 &2 droTilsunsy

AmThai 11782 ThaiOCR HAZHAAIHANITNATDUAINAITIN 4.3

M13197 4.2 HAMINATBUAITNYS 39 JUNVVAITNYIAIWTY51UNTY ThaiOCR 11AT AmThai

. ArnThai 2.5 (lite version) ThaiOCR version 1.5b
DRIV TS TTSTT)
o e o 4 Number of Number of
YAVOUD AIDNHIN Accuracy Accuracy
Correct Correct
NANDY (%) (%)
Pattern Pattern
1 80 11 13.92 13 16.46
2 80 25 31.65 22 27.85
3 80 23 29.11 17 21.52
4 80 18 22.78 21 26.58
5 80 70 88.61 48 60.76
6 80 31 39.24 26 32.91
7 80 51 64.56 40 50.63
8 80 22 27.85 30 37.97
9 80 16 20.25 12 15.19
10 80 13 16.46 19 24.05
11 80 37 46.84 29 36.71
12 80 7 8.86 10 12.66




a '
MI1IN 4.2 (99)

AmThai 2.5 (lite version)

ThaiOCR version 1.5b

ugduuy
" . o ; Number of Number of
YAVDYD AIDNHIN Accuracy Accuracy
Correct Correct
NATOU (%) (%)
Pattern Pattern

13 80 9 11.25 12 15.00
14 80 59 73.75 42 52.50
15 80 17 21.25 16 20.00
16 80 31 38.75 29 36.25
17 80 29 36.25 34 42.50
18 80 22 27.5 20 25.00
19 80 64 80.00 55 68.75
20 80 32 40.00 31 38.75
21 80 45 56.25 39 48.75
22 80 45 56.25 32 40.00
23 80 48 60.00 41 5125
24 80 29 36.25 30 37.50
25 80 18 22.50 20 25.00
26 80 16 20.00 10 12.50
27 80 21 26.25 17 21.25
28 80 50 62.50 43 53.75
29 80 71 88.75 58 72.50
30 80 72 90.00 53 66.25
31 80 25 31.25 18 22.50
32 80 14 17.50 15 18.75
33 80 13 16.25 17 21.25
34 80 43 53.75 36 45.00
35 80 45 56.25 40 50.00
36 80 28 35.00 20 25.00
37 80 26 32.50 23 28.75
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. ArmThai 2.5 (lite version) ThaiOCR version 1.5b
DRNTRATERTLTEY
o o o 4 Number of Number of
LYAVDYD AIDNHIN Accuracy Accuracy
Correct Correct
naTol (%) (%)
Pattern Pattern
38 80 21 26.25 17 21.25
39 80 35 43.75 30 37.50
37U 3,120 1,252 40.13 1,085 34.78

MNAN3T 4.2 Sugadoyadi 1- 39 §19830WA15199 4.1 SIFVH 1 - 39 AwAIFY

13190 4.3 wansnaaouthonziDousn lne 506 thodoT151un050 ThaiOCR 118 AmThai

MmUY | AmThai 2.5 (lite version) Thai OCR version 1.5b
Y o w =
Eiall b N Number of Accuracy Number of Accuracy
Ll Correct Pattern (%) Correct Pattern (%)
thonzifiou
5ﬂ111[l 506 8,121 3,972 48.91 3,359 41.36
thonzitiou

HavInMsnswaeulszaninmanuamisalumsiiwesTsunsu AmThai uaz

. o 1 u’; @ o o e A -
ThaiOCR aaaldiiui Tsunsuisanadaiinnumunsa lunmisisi ludnnaas awddsiivs

mimsnareuiusyuylmiiiuaue uazin/Souounun1s§$135909 Fuzzy ARTMAP Tau

wiayadeyanmenaseoniiluaead A Training Set 182 Testing Set 819838 ugAdoYyA

' ¥ ¥ ol
YUV IWBNT15AINAI5190 4.1 i1 1AL Training Set 1AL Testing Set AIUAITIIN 4.4

- S o & Hv v 4
naz 13515 RIN1INAADININUA 16 ASI LAAINANIINAADIN IAAIUAITIIN 4.5

dmSumanaassdndiudomnaaeugadoyanimihonziiouiuau sos

=] oo ° I o < P 4 a
mmuuﬂumsnmuﬂ"lﬁxﬂu Testing Set naginsnmua Training Set AMUATTNN 4.4 93U

» e " "
o o s =) 3 =3
NMININTNANDINIHUA 16 NI Hﬁﬂdﬂﬂﬂ’liﬂﬂﬁﬂx‘lﬂvlﬂﬂ'mﬂ'l‘i'!d'ﬂ 4.6

1NA15197 4.4 Sdugadouaii 1 -39 $1989A WA 4.1 SV 1 - 39 AmdRy
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a ¥ i i & o
M13197 4.4 FAVDYA Training Set 1A Testing Set 1UNTNAADINIHUA 16 A5

N1INANDA ) )
2o YAVDYA Training Set YAUVOYA Testing Set
Asan
1 1-10 11-39
2 11-20 1-10,21-39
3 21-30 1-20,31-39
- 1,31-39 2-30
5 1-5, 11-15 6-10,16-39
6 16-20, 26-30 1-15,21-25,31-39
7 21-25, 31-35 1-20,26-30,36-39
2-4,6,8,9,11-14,16-19,21-24,26-29,
8 1,5,7,10,15,20,25,30,35,39
31-34,36-38
1-4,6-9,11-14,16-19,21-24,26-29,
9 5,10,15,20,25,30,35-38
31-34,39
10 2,4,6,8,10,12,14,16,18,20 1,3,5,7,9.11,13,15,17,19,21-39
1,2,4,5,7,8,10,11,13,14,16,17,19,20,22,
11 3,6,9,12,15,18,21,24,27,30
23,25,26,28,29,31-39
1-3,5-7,9-11,13-15, 17-19,21-23,35-27,
12 4,8,12,16,20,24,28,32,36,39
29-31,33-35,37,38
1-5,8-11,13,15-17,19,20,22,23,25-27,
13 6,12,18,24,30,7,14,21,28,35
29,31-34,36-39
14 1,2,3,11,12,13,21,22,23,31] 4-10,14-20,24-30,32-39
15 6,7,8,16,17,18,26,27,28,36 1-5,9-15,19-25,29-35,37-39
16 8,9,10,18,19,20,28,29,30,39 1-7,11-17,21-27,31-38
M1 4.5 wamsnaaeslumsiiigadeyanimendrs (81983 um3139 4.4)

'ﬁwmu;ﬂuun Cross-correlation Neural Network
n13 ; Fuzzy ARTMAP
AIDNYIN (9 Block-segments)
NAQD
v o, navol Number of Number of Accuracy
ATan Accuracy (%)
(Testing Set) Correct Pattern Correct Pattern (%)
1 2,320 2,004 86.38 1,820 78.45
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sy

Cross-correlation Neural Network

113 . . Fuzzy ARTMAP
AIDNHIN (9 Block-segments)
Nenol
. naoy Number of Number of Accuracy
ATIN Accuracy (%)
(Testing Set) Correct Pattern Correct Pattern (%)
2 2,320 2,167 93.41 1,865 80.39
3 2,320 2,022 87.16 1,742 75.09
-4 2,320 2,173 93.66 1,867 80.47
5 2,320 2,135 92.03 1,874 80.78
6 2,320 1,948 83.97 1,751 75.47
7 2,320 2,203 94.96 1,962 84.57
8 2,320 2,046 88.19 1,773 76.42
9 2,320 2,102 90.60 1,769 76.25
10 2,320 2,180 93.97 1,903 82.03
11 2,320 2,159 93.06 1,896 81.72
12 2.320 2,130 91.81 1,878 80.95
13 2,320 2,086 89.91 1,833 79.01
14 2,320 2,032 87.59 1,811 78.06
15 2,320 1,995 85.99 1,798 77.50
16 2,320 2,190 94.40 1,913 82.46

M3 4.6 wanisnaaoalunisiiithonziouso Ine (81389 Training Set AUA15137 4.4)

IUIUAT Cross-correlation Neural Network
13 N Fuzzy ARTMAP
DNHIVU (9 Block-segments)
NANDI .
¥ thonzitiou Number of Number of Accuracy
ATIN Accuracy (%)
(Testing Set) Correct Pattern Correct Pattern (%)

1 8,121 6,913 85.12 6,047 74.46
2 8,121 6,972 85.85 6,139 75.59
3 8,121 6,941 85.47 6,026 74.20
4 8,121 6,967 85.79 6,103 75:15
5 8,121 6,991 86.09 6,180 76.10
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MI1IN 4.6 (A0)

UM Cross-correlation Neural Network
13 - Fuzzy ARTMAP
DNHIUU (9 Block-segments)
NANDI .
Y thonzifiou Number of Number of Accuracy
A3IN _ Accuracy (%)
(Testing Set) Correct Pattern Correct Pattern (%)
6 8,121 7,021 86.45 6,215 76.53
7 8,121 7,110 87.55 6,308 77.68
8 8,121 7,231 89.04 6,434 79.23
9 8,121 6,849 84.34 6,024 74.18
10 8,121 6,925 85.27 6,059 74.61
11 8,121 6,997 86.16 6,136 75.56
12 8,121 7,042 86.71 6,341 78.08
13 8,121 7,003 86.23 6,195 76.28
14 8.121 7,181 88.43 6,392 78.71
15 8,121 7,106 87.50 6,317 77.79
16 8,121 7,204 88.71 6.376 78.51

1 o W <3| ' A -
inﬂwam'a'ﬂﬂﬁm‘i’ﬁagfmﬂunﬁunaﬂiUnmaﬂmaamﬂu 9 NTOVUBYBIVINATITIN

45 ldwamsigadeyanmaidnusmiominy  90.44%  uAioRIITUNNIINTOULDY

@ W =

o a " ' LY Y M ¥ Vo
ﬂ?ﬂﬂﬂiﬂﬂﬂlﬂu%']u')uﬂﬂ']ﬂﬂ'n 9 NIvVUDY Hﬁﬂ‘lﬂ‘ﬂgu‘uﬂﬂﬂﬂuu']TU?JﬁJﬂQNﬁﬂ'ﬁ"i‘TﬂﬂSE]U

v ]
o e = =1

ad 5 o w a4
ﬂ?ﬂﬂyiﬂqﬁﬂﬂﬂ}ni]:ﬂ‘llu‘lj‘j:n‘lﬂl 3.14% MUNT NN 4.7 llﬁﬂﬂﬂﬂnﬁi’ﬂﬂlﬂﬂﬂiﬂ‘lJG’I’]ﬂﬂ‘Hﬂ'l
=1 1) L] " A o o o C:: 1 ar
fimsnisdovennifu 16 nsevdesdldnansisigadoyanmiidnysmiominy 93.58%

1199119 INUAZ N5 DUAIZTENOUARAN I IUFUYDIRNITNHIAINITMTIVUUVDIAIONYS

=) o

n’: = w da d - a o . ~ o o
v 9 Tuvazioanuniiveidunioduiu Tnuaiinaluszau Hidden Layer 9233 143u30M

9 L

v Hq ¥ = & 2 .. vl-q .
IszoznanldlunisGouildnannuiu uenentivin Training Set lulinguysyaniw

Ll o

o o

a v e o e ' C4=1 1 9 . =Sy
Msnysaudvaiuitianun e livhituaunaazoudnezdenald Testing Set Hidavoya
' ° " i a : [ @ W - '

Wy liainsediidedugndes  uazieinisansdifinseudosdasnusignurisooniy
o - ' ' P a Vo v w Hn v
fauinteondn o nseudes wanldvzidoideRenur Iuvesnansiinsoudadnuinla

ponuINziload 4.58% MUAITNN 4.8 UAAIWANIITIVeINTBUMIBNYTHIINMIINILEY
L

¥ .
o A M

L -& L] o ar H " s
ponitu 4 nseudoudldnansitigadeyanInAaidnysRAuINY 85.86% NatilliauNan
v
uaaznIoufe1zsznou 1A enAN 1 U duYDIR 10 NYIAINITNISIVUUYDIAIBNYITHY

" = - v ' o o vy e o A a Y
wynd 1 Aemadisaweglu 1 nseudesdidnus uadednfesauInuaiifalusydy




117

. Ao ° - = d & a & '

Hidden Layer azilinnutiovasinliszeznanlflunstoulfnaiswu dniumss
1 o Y e (L] J d o v 9 ] A 1

N3OVLBUAIDNYS fiinmsuisdesnsoumniunonizi lideymnadiuiinasezegly

¥ v
dumansouidvimuiunaailuauaznsey nazdanalins fidasnusuadai i 185uns

= L ' 5 =1 [ o
(5013 114999 Training naz liawnsod$reonunla

M3 4.7 Hamsnaaeslumsisigadeyanimenasiutsdesnsoudadnusoeniu 16

. Y a 4
NIDVUDY (D1NDINIUNITIIN 4.4)

5114’3142 Yuuy Cross-correlation Neural Network
13 . o 4 Fuzzy ARTMAP
NIDNYIN (16 Block-segments)
NADD
¥ naaou Number of Number of Accuracy
ATIN Accuracy (%)
(Testing Set) Correct Pattern Correct Pattern (%)
1 2,320 2,191 94.44 1,820 78.45
2 2,320 2,213 95.39 1,865 80.39
3 2,320 2,187 94.27 1,742 75.09
4 2,320 2,217 95.56 1,867 80.47
5 2,320 2,210 95.26 1,874 80.78
6 2.320 2,030 87.50 1,751 75.47
7 2,320 2,289 98.66 1,962 84.57
8 2,320 2,148 92.59 1,773 76.42
9 2,320 2,122 91.47 1,769 76.25
10 2,320 2,210 95.26 1,903 82.03
11 2,320 2,192 94.48 1,896 81.72
12 2,320 2,195 94.61 1,878 80.95
13 2,320 2,141 92.28 1,833 79.01
14 2,320 2,097 90.39 1,811 78.06
15 2,320 2,036 87.76 1,798 77.50
16 2,320 2,260 97.41 1,913 82.46
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d’ o c: ' L s o
M1319N 4.8 Hamsmaaﬂumﬁi’mqm’:’agammmmsmmauaun'jﬂumanmaamﬂu 4

] 9/ = c;
NIDVUDY (DNDINIUAITINN 4.4)

i'im'mgﬂuuu Cross-correlation Neural Network
1Rk . o 2 Fuzzy ARTMAP
NIDNBIN (4 Block-segments)
nanod
4 nagou Number of Number of Accuracy
A3IN Accuracy (%)
(Testing Set) Correct Pattern Correct Pattern (%)
1 2,320 1,904 82.07 1,820 78.45
2 2,320 2,036 87.76 1,865 80.39
3 2,320 1,961 84.53 1,742 75.09
4 2,320 2,008 86.55 1,867 80.47
5 2,320 2,025 87.28 1,874 80.78
6 2,320 1,872 80.69 1,751 75.47
7 2,320 2,117 91.25 1.962 84.57
8 2,320 1,931 83.23 1,773 76.42
9 2,320 2.007 86.51 1,769 76.25
10 2,320 2,010 86.64 1.903 82.03
11 2,320 2,071 89.27 1,896 81.72
12 2,320 2,003 86.34 1,878 80.95
13 2,320 2,011 86.68 1,833 79.01
i4 2,320 1,983 85.47 1,811 78.06
15 2,320 1,903 82.03 1,798 77.50
16 2,320 2,029 87.46 1,913 82.46
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Abstract

Traditionally, Thai characters are composed of
circle, zigzag line, curve, and hcad. However, many
new Thai fonts, which are now gaining in popularity,
do not follew the traditional writing rule: the head has
been omitted from the characters. Without the head, it
is very diflicult lo segregate the characters. Even the
hest commercial Thai OCR software bas difficulty in
recognizing this kind of characler. Thercfore, the
hicrarchical cross-correlation ARTMAP ix proposed in
this paper to recagnize the no-hcad Thai characters

1. Introduction

Thar character recognition is a very complex
problem. Even though many researches have been
conducted on the recognition of Thai characters since
the past decade, the success in recognizing Thai
characters is still limited, compared 1 English
charucters. This is due to the following reasons: (a)
there are a number of characters in Thai language, each
of which has a complicated structure; (b) many Thai
characters look very alike, e. g. A-n-n, v-¥-¥, ¥, o-g. n-
n-n, u-n; (c) many new Thai fonts violate the traditional
wnting rule. Traditionally, Thai characters are
composed of circle, zigzag line, curve, and head.
However, many new fonts omit the head of the
characters for the sake of its beauty. The head is the
loop at the beginning of the characlers. It is one of the
important features used to differentiate one character
from another. Without the head, the characters are even
morc similar as shown in Figure 1. The situation gets
even worse when these font styles are growing in
popularity, but researchers do not pay much attention
to them,
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Standard Thai Characters No-head Characters

N oo nnon

2R3 00 a0

Figure 1. The similarity of Thui characters when
the head of the characters are left out

Since the past deeade, there has heen 2 constderable
growth in the Thai characicr recognition arca.
However, most of the rescarches put a lot of effert into
the recognition of standard Thai characters. The
methods widely used are the statistical approach [1, 2],
the neural network based approach [3, 4, 5], and the
hybrid approach [6, 7). In this paper, the hicrarchical
cross-correlation ARTMAP is proposed o recognize
the no-head Thai characters

Following this introduction, section 2 describes the
architecture of the proposed model and its leaming
algorithm. The preprocessing of the character images 18
deseribed in section 3. In sectiun 4, the experimental
results are demonsirated and discussed. Finally, section
5 is the conclusion.

2. The proposed model

The proposed model is a four-layer feedforward
neural network as shown in Figure 2. The first layer is
the input layer, which consists of 9 scgments. Each
segment contains N input nodes. The number of input
nodes in a scgment is associated with the number of
featurc components extracted from cach segment of the
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character image. The second layer is the hidden layer.
Each node in the s™ segment of the second layer is
fully connccted to the input nodes of the same segment
via the connections w),. The weight vector wi of

dimension N represents the reference pattern of the j*
node in the ™ segment of the hidden layer. The third
layer is the cluster layer. The nodcs in the second and
the third layers arc constructed during the training
process. The fourth layer is the output layer. Each node
in the output layer represents a class of character.
During the supervised learning, the input vector is
presented to the model, together with its respective
target output vector. The input vector is denoted by
P, P P = (e, D) (1] 1 13)), where
s 13 the s” scgment in the input layer, and N is the
number of feature components in each scgment. Once
the model receives the input and its associated target
output (I, O), the maximum of the normalized cross-
corrclation between the input vector of the s™ segment

(1"} and each weight vector of the same segment (w})
iy compuied and the ourputs of the j™ node, T, in
the 5* segment of the hidden layer are then determined.

Ty =1(1", w}) O]

2)

N is the number of featurc components in each
segment.

M* is the number of hidden nodes in the s
segment.

f{x, y) is the maximum of the normalized cross-
correlution at any shifted period p

p is the lag variable, which is between -(N-1) to
(N-1).

For cach segment, the hidden node with the highest
output value, T (I*), is selected as the winning node.
Next, the vigilance criterion is evaluated to check
whether the degree of maiching between the input
pattern and the reference pattern of the chosen node is
within an acceptable level.

THI') 2 Progicn )

O OUTTUT LAYER

CLUSTER LAYER

A
f 1

Input Vector = I' Input Vector = 12

! l

Input Vector=1" = Inpul Vector = 1*

Figure 2. Architecture of the hierarchical cross-correlation ARTMAP
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where Puusca 1S the vigilance parameter at the hidden
layer. It has a value between 0 and 1. If the winning
node meets the above criterion, the weight vector of the
winning node (w}) will be updated according to the
following equation:

wWit+1) = B(1" Awj(0)+ (1= Pwi(n) (4

However, if the condition in (3) is not satisfied, a
new hidden node is recruited to code the input pattern.
The weight of this new node is initialized 1o be equal to
the input pattern.

wi=1t (5)

Next, the weight vector of the winning node is
transmitted to the next layer. The choice function of
cach k™ node in the cluster layer is then evaluated as
follows:

Cy = 1(w;,wy) (6)

where w, ={w:.wf,....w} w?}

W= \““n-‘V.J»----Wn-----“‘n}-

fw,, w,) is the maximum of the normalized
cross-corrclation between the weight vector transminted
fom the hidden layer and the wcighls of the
conncctions from the hidden fayer to the k™ node of the
cluster layer.

The system then makes a cluster choice by
seiecting the winning node K with maximum choice
function valuc, among all the nodes k in the cluster
layer.

Cyx =max|C,} 7
13

Next, Cx is compared 1o the vigilance parameter
(Petinses): Petoner 18 the vigilance paramcter at the cluster
laver. It has a value between 0 and 1. If C is greater
tian or equul 10 Pegwe and the winning cluster node K
belongs to the correct class defined by the target output
vector, the weight vector wy, will be updated according

10 where the weight vector w) is originated.

(a) The weight vector wj is transmitted from the
newly recruited J node,

Wi (141} = P(w) A w (D) +(1=Pwy, (1) (8)

(b) Otherwise,
Wi, (L 1) = w, (1) (9)
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However, if Cx is less than pyyew of the winning
cluster node K docs not belong to the correct class
defincd by the target output vector, a new cluster node
is recruited and its weight is initialized to be cqual to
the weight vector transmitted from the hidden layer
(wj). Then the connection between a new cluster node
and the target output is created.

During testing, each testing vector is applied in turn
and its class is predicted. The class whose cluster node
returns the maximum output value is the result of the
prediction.

3. Preprocessing

An optical scanner scans a printed document and
converts it into an image. The seginentation process
then scgments the entire unage into  individual
choracter blocks. Once the image is tumed into
character blocks, the thinning algorithm is applicd to
cach character image 1o reduce the thickness of the
character image to its skeleton. Next, each character
block is divided into 9 equal segments and the fearure
is extracted from the thinned character image. In this
paper, the merely feature is a list of directional codes
There are 8 directional codes, labelled “1" to “8". *1"
represents the line whose angle is between 15n/8 and
/8, “2” represents the line whose angle is between /8
and 3In/¥, “3" represents the line whose angle is
between 3a/8 and 5778 and so on.

In the feature extraction process, the staning point
of a stroke must be identified first, then the directional
code 15 used 1o traverse along the contour of the
character. Figure 4 shows the directional codes for the
character “o."

3
4 2
w4 -5 0375
§ ! "5 5 0,500
“6" 3 0.625
"1 0,750
6 4 8 “§ oy 0.875

Figure 3. Eight directionul codes
4. Experimental results

The performance of the proposed network is
cvaluated against the fuzzy ARTMAP ncural network
and two of the best commercial software available in
the market. The commercial products used in this
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research are “AmThai version 2.5" and “Thai OCR
version 1.5b." ArmnThai is a commercial software
developed by National Electronic and Computer
Technology Center (NECTEC). It is the most widcly
used and the most precisc character recognition
software in Thailand.

1

~C)- g

r_—J

0325 10,025 1002511 1025511 111087511 1),
[0.875 111 1 0.8750.75 0.75 0.75 0.R75 0.75 0.75 0.75),
[0.750.75 0.75 0.75 0,75 0.75 0.75 0.75 0.75 0.75],

[0.75 0.75 0.625 0.75 0.625 0.75 0.625 0.50.50.5 0.5 0.5},
[0.625 0.5 0.5 0.5 0.5 0.5 0.5 0.375],(0.5 0.5 0.5 0.375 0.5
0.375 0.5 0.375 0.25 0.25 0.25 0.25 0.25],{0.25 0.25 0.25
025002510025 1012511 111011 1]

H]
!

Figure 4, Directional codes for the character “o™

To compare the performance of the selected
systems, eight experiments have been conducted on 12
no-hzad fonts. The twelve no-head fonts used in this
rescarch are Boaboon, Chalil, Chanok, DB Private,
Jasmine, Js 73 Pumpu, Kodchiang, tily, Pat Ex,
Patpong, Sathom, and Silom. In each experiment, six
tonts are randomly chosen to usc as the training data.
while the remaining fonts are used as the testing data.

The cxperimental results (Table 1) demonstrate a
very strong performance of the proposed approach. It
outperforms fuzzy ARTMAP end two of the best
commercial products by a wide margin. However, it
should be noted here that the inability of the available
commercial products to retrain the models with new
data scts is probably the cause of their failure 1o
recognize the above no-hcad fonts.

Table 1. The experimental results

Recagnition Rate (%)
Proposed Fuzzy AmThar | That
Model ARTMAP OCR
1 76.74 55.04 21.13 2287
2 36.11 59.52 21.83 19.05
3 §9.29 59.92 2302 | 2500
4 81.40 54.26 31.01 29.46
5 82.56 55.04 24.42 20.16
t 6 85.71 58.33 19.05 21.83
{ 7 85.94 56.64 22.27 23.44
| 8 82.42 55.86 25.00 22.66
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5. Conclusion

The experiments show that the proposed approach
can be used successfully to solve the printed Thai
character recognition problem. It can recognize the no-
head Thai characters, which are problematic even for
the best commercial Thai OCR software. With its
ability to scparately train cach segment of the network,
the hierarchical cross-correlation ARTMAP can
achieve much higher performance on the experimental
data in comparison to the fuzzy ARTMAP neural
network and two of the best commercial software
available in the market.
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