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2.2 audeiingves

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]
4
NIV 19 Discriminative Training 1&1A Maximum Mutual Information (MMI)
9 H 1
w3 ouNIN15111191 Composite Images N INTHYUMNLBzUSDI/AsUyNUDININAITNYS
4
aeiioou 1Az ANB1I5 U8 Principal Component Analysis (PCA) TagWau125 Imiduuuag
o 4 g 79 ¥ o v o A4 J o &
138191 Block-based PCA &99z1ilumisiszandly PCA Tamsfiuununaendiuluuuidf
v 2
frsuudaznsoudIonys  lumsnaassnseivzihuiaunszuumsisameiodoud

8013 IneNe1de HMM-based System



14

]
=t

v o { o @ 4

Foyanldlunmsnaaoalszneulidrs 77 ddnusnillundyaus a5z 255ugnd vaz

o Y A A Aaaa = ' v v A 1 [
ALY IﬂUﬂigﬂﬂﬂqﬂﬂ’lﬂﬂ'lﬂﬂm‘l]ﬂu“ll@ﬁ 20 AUNVITONTVIULAASAIDNHINUANANNNY
L. a A v o A A o sq 9
pon'1) 1Az Training Set AzAONTUIAIONBITAZ 120 JUuUVIIN 20 AUNToU Sruun 1%

. < 1 " ¢ o o ° @ ' @ . Y [

Train (a2 Test NUUUNINY c?ﬂﬁ’)@ﬂ‘]&liﬂ'lﬂ"]u 64 magiu‘smu Baseline 4o 13 m"lmgslu
J

' 4 A o ' o @ 7
Baseline (¥4 ’Jiiﬂ!ﬁ!ﬂﬁ ﬁig‘ﬂﬂ51ﬂ§]3$ﬂﬂﬂulmgﬂ1ﬂ waawmmmimﬂam%ﬂ?ﬁﬂmmmm

YDINTFI NN 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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M319h 2.2 (99)
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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]
2
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#1805 1aziin3s 19 Topological Properties of Stroke Haz@nBMYIATIAT19UIAIBNYST
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1y

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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2.2.10 On Thai Character Recognition [24]
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2.2.11 Thai OCR: A Neural Network Application [25]
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Feature [26]

E4

nuddeiuguonsiiinmsuianguarsliodounivr Ineuazawideanguuoy
poulaidriEnsAue1nadnyms iuanA 19351319 2 7181 (Distinetive Feature Extraction)
luz1iU1v04 Decision Tree Diagram Froufiazidigmsdinslimamnisonnguszning
munTnenazandsngy ewaunlszaAnsamueams i lumsananusudounazaim

v @ ¥ W

gndeslumsdin iieannnmsifiddnysvessazais nziilaseadudsnysvouday

L1)

9 Y o = @

mfuanmaiu 'l @quumﬂmamigﬁmmﬂﬂ q fifuTesdrdfios fosfnuidnuus
Tassadaiimmveaniii o
fc?m%"mmﬁﬂslmm%’ﬂﬂ%aiﬁuﬁmsi'fﬁm"mﬁaﬁmumﬂﬂ”jmﬁ@mmﬁamyﬂm
Lmzmmé’mqyﬁﬁﬂuawuqﬂﬂitﬁPDA (Personal Digital Assistant) wﬁﬂmiﬁyugmmm
m‘zmum5ﬁaza1ﬂmﬁﬂumzﬁum¢mﬁu ﬁ@ﬂijwmmﬁaﬁumﬂmﬁﬂymzﬁtmﬂ@iwﬁ”u
ponuiludiavenanuuanasesdsns s umasivuagduuylumsutngu Wail
é’q”lliﬁqm?{?ﬂﬁu,‘u'mﬂﬂﬁﬂymzsumﬁaé”ﬂymmﬂmuazmmé’qnqy
Tuaiseilisududniinudnyasndniniinguisnyinnd 18un Joit 1.
Number of Islands A § 1M MFUG VBT ISNETIFY “a” UsznewlUdre | Fudiuves
fonbsua < Ysznovlidle 2 Fudnvosiasnys Foi 2. Number of Loops feu3nui

< { v g e o ' g
ThadunmemsiFeunvsseuiuiugl Tasusazdrdnssamsoii ldunndn 1 guiulilvie



25

=

o199 hiliiaod 1&gy «c lifigu, <o~ T 1 91, “B» #1 2 91l waz “37 § 3 91 ¥oi 3 Loop Head

QU

wlimautsnsondsayseeniiuauszdulunuueuiiiifuTas Loop Head aunsaaglu
seaulaf 1dmu <n” il Loop Head , “p> §j Loop Head ‘ﬁizﬁuuu, “p” i Loop Head ﬂ
sedUNaTs ez “” T Loop Head M52f1d19 Y07 4. Loop Connection Point ADMIfIAUATY
nduifafugl Tagitnsaadudaiiaduldun <t hiflgaideuse, “0» Tyaieuse
maghe, “0” Tyaeudemeun uazunaiasnysiijaieusedno-uvn
m'afuwmfu%ﬁﬂﬁmmmé’fﬂymziaqﬁm%’mm'azﬂtjmﬁauﬁmaﬂf}aﬂiuwﬂtju
726063 18un To7 1. Active Region Feature 3¥111M3uuansaudIsnyseomiiuvmia 2 x 2
11429111541 Endpoint dwadiuﬁuﬁu?nm%iuﬁwm 4 6 %Gﬂmﬁuﬁﬁﬁﬁm Endpoint 71
Active Region 1A8fHua Region 1, 2, 3, 4 9y 1de uazunasarausy “Q” U Active

a

Region 4 Toi 2. Loop-Width-to-Loop-Height Ratio FUMINAITHUITEHIN “0” “D” Tuduaou
v Yo 9 A . A o Y o A A o & Yo
qaM18v0IN5331 907 3. Character Ripples Avanyuztdudonys Il uadundndgany 1dns
1 1 v
Tunmwdanguuaz,mu Ine Tashinmidangeaznummzaauluuudusy “m” uan1u Ing
dyunnaznuaau lunuiveuey <u”
a o dy ya Aq Y ' ' ¥ v v o
e lannsan 6 vuunldlumsuiwensznie@asnesmu Inenazddnys
@ ' A A ] IS @ v v
Mu18angulAun uUDA 1 Level of Character RMsuleonilu 3 szaU Taoddnys
9 v
MdanguIzegluszaunaun iy uafonusne Inehlszneu Tdrendysuzdruun
vogluszaunanluvmgidszardnusniu neaziiogsing luns 3 s2av uuuf 2 Loop-
Y v I Y v 9
to-Character-Area Ratio W13 ug1vedadnys Inaiafisunuinun@rony sninue
Y [ 1 Y ' 4
wiioasdiivenniiuiiglvesidnysseng oo U UNUNA BN TNINUAITY “U” 11
v 1 v 1 E4
“B” 11N 3 Loop-to-Character-Width Ratio 1afi913a10in1univesglinatiuiunny
Y v o Y S A 14 9 ' = Y =
1119eIA8NEIIAY M Ineiulinnuninvesgiezifesni 40% luvmzinisenguil
AMNNAV09gU NN 50% 191 “U” AU “P” UUUN 4 Loop-to-Character-Height Ratio 10
' 1 Y £
HsaNNnNUgesglinalu A ugweIRIonbsual e Ineiudinnugevesgiley
Houndn 40% luvazfinwdinguiinnugavesglunnnii 50% wu “u” du “P” uuvi 5
Length-of-Loop-Line-to-Character-Stroke-Length Ratio WATUINBATIVBIAIWY 8179839 iile
v v
eufuanueveududonEIfwayasuILdalaedmsudony e Insaz deann
40% UAGIDNHINBIBINHIZUINNI 50% 14U “A” “R” UUUN 6 Loop Generated Point
o v v w ] v Ay oy ] o v o a
d11sua0nys Ineglunudeyasznuinsududreguiniludiuiivesdronys Tuvaeh
sUunudeyavesdIsnuIEdInguIzNUgUNd eV IR IS NYS

voyanlsluminaaesluaudsetilsznovlidred19ansniwrIne 70 @2 1dun

U

o o v

o v v v Ty A J 1 o
NIUTUE 44 AULASTTE 26 A UASAIDNHINIHIDINGY 52 Gl’)uligljl!,ﬂ@’JWMWGlﬁﬂJu 26 ALY

b



26

v Aa o o [V n’/’ 3 v o ..
FINNIIAN 26 1 AaTUTWNIMUA 122 F19nusnlFlun1snaasd naziiniga31e Decision

A o 1 v v

Tree Diagram IAgnguus N5 aNnquaonysi i sznuniiarenysniuineey 5 @7

& Y . . 1 i 1 oA A ' v o S 1
%992 1% Active Region Tumsuiuendosao 11 nquil 2 Avnqualsnusitiglezamnsoua

] 1 1 § ' y § . . I @
ao lenldaoenguaengui 3 uazngui 4 TaeN1d Loop-to-Character-Width Radio 1117

o

fin15an Fnquii 3 923} Loop-to-Character-Width Radio 106n1 70% uazwuhiuadasnys
211 1no daungui 4 928 Loop-to-Character-Width  Radio 310131 70% nuiiiad
8ny5 Ineuazdingy daﬂnﬂﬁuﬁmtjuﬁ 4 1NNIUIADAY Loop-to-Character-Height Radio
921831090t 5 T Loop-to-Character-Height Radio 110031 80% Uszneuli@rsmmsfasnys
AHI8INYY FIUNGUT 6 T Loop-to-Character-Height Radio 1188031 80% shlszneuldae
M Ineagdangy mmfuﬁmtjuﬁ 6 NI UIRIY Loop-Width-to-Loop-Height Ratio 9214
nquf 7 1 Loop-Width-to-Loop-Height Ratio 108031 70% sznev'ludrsmmedasnys
a1lne wasngdui 8 T Loop-Width-to-Loop-Height Ratio 1101131 70% Uszneu'l@red

ONYT INoLazeIngy

¥ W

INHANITNABDIAINITOF91IUNTIAULINGUAITNETNIB INeuazAI0NYS

£
@

Mu109n081A 86.34% 1Az 95.42% awdwy uazlunsddmeni Ineuazamidengy

snu'l8 90.21%

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]
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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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o Y 1 A
Mruali A T(X,W,) @D Choice Function

Jx~#)|

T )

(2.3)

waza M (X, W) A9 Match Function

[x )]

%1

M(X, W,) = (2.4)

aums lumsifSeufeun1 Match Criterion AUA1 Vigilance p

M(X,W,)>p (2.5)

NATUNTN 2.5 81 Match Function UA131ANNHT01MAUA Vigilance LaA
1 09// I @ 1 ugll 1
NInuatiuiu Winner Node ziin1soou]d Input dadingu Node 11 11aA%11 Match
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Function 1in11108n21a1 Vigilance 92 l1i1in133a1% Input 191nqu Node 1iu
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D
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2.3.1.2 Fuzzy ART
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Fuzzy AND operation A : a A b = (min(a,,b, ), min(a,,b, )....,min(a,,,b,, )) (2.8)
D

[ #o fa =2 a, (2.9)
i=1

X = (X,Xc)z (X% X ol = X1 = Xyl = ) (2.10)
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2.3.1.3 ARTMAP
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1. Resonance
“If match function of the chosen node meets (equal or more than) the vigilance

criterion”
f W)= p (2.18)

WAMDAT Neuron #iis 1800011910 Category Choice Function HA1M10N31A7
Vigilance 9g119n31 1 Neuron 32111151300 Neuron ﬁwﬁmwﬂt’gﬂﬁ%uz TagMmsnsdvdeou
Vigilance Criterion

2. Reset

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

fW)<p (2.19)
QBJI = 9y dgl 1o o Ao Y 1
MINMINAZTINI 319 Neuron JuanInaidmsy Input Node Tnainsudhgnszuiums
FBuazivuan1 Weight Uiz uduaduaoud 2

YUADUN 6

9 Y v v
ol =3 = a

Learning:  @7Uv04n15130u3Hozifaduiloduaoui 4 1n151MAn3dl Resonance
v 1
N8990 MIUSUAIVDY Weight Vector 811151 Neuron N¥UE (Winner) ttazsonliaa

1©1 Input M50 B Iunguideriuld dsaumsae i
W' = B(x AW+ (1= W™ (2.20)

2.3.1.5 Adaptive Hamming Net (AHN)
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2.3.2 Simplified Fuzzy ARTMAP (SFAM)
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