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# # 4570411321 : MAJOR ELECTRICAL ENGINEERING

KEY WORD: ON-LINE CHARACTER RECOGNITION / HIDDEN MARKOV MODEL /

SUPPORT VECTOR MACHINES / HANDWRITTEN THAI CHARACTER RECOGNITION
PARINYA SANGUANSAT : ONLINE THAI CHARACTER RECOGNITION USING
HIDDEN MARKOV MODEL AND SUPPORT VECTOR MACHINES. THESIS
ADVISOR : ASSOC. PROF. SOMCHAI JITAPUNKUL, Dr.Ing., THESIS
COADVISOR : WIDHYAKORN ASDORNWISED, 94 pp. ISBN 974-17-6044-2.

This thesis presents a novel on-line recognition method using Hidden Markov
Models and Support Vector Machines in combination for recognizing on-line isolated
Thai handwritten characters. Nowadays, active researches in pattern recognition are
converged into two distinct methods: model estimation by means of generative method,
of which the popular technigue is Hidden Markov Models (HMM), and direct/indirect
linear discriminant analysis, Support Vector Machines (SVM) is presently being
interested. HMM shows inferior performance for recognizing some Thai characters that
have similar patterns but it is appropriate technigue for multi-classification. On the other
hand, SVM provides the discriminant analysis for classifying these characters but it is a
binary classifier. Therefore, our method is proposed to exploit the best of two worlds by
combining the advantages of each other in order to compensate the HMM’s poor
regnition rate of similar characters and reduce the number of class candidates in SVM.

The system was tested on a 2.4 GHz Pentium IV processor and 512 MB of RAM.
The experimental results of upper, middle, and lower level character case for
independent writers showed an average recognition.rate are 90.57, 92.20, and 97.88,

respectively
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3. ANtasdureenslasuan1uy A = {a)lna

a; =P[g,=S;]q,,=S], 1<i,j<N (2.1)
4. manszanganhasiiiusesdoydnsaidanadensiuaniug j, B={b,(k)}
mel

b, (k)= P(v, att|g, =S,), 1<j<N (2.2)
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P(A |6):w (2.6)
P(0)
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WanauaauaasAduns 0 =0,0,...0, UAZLLUAIAEY A AINAIAL LAY

L AT AT &y
5 "L
P(O|Q,4) =[]P(ala,1) (2.8)
=
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P(O|Q,4) =b, (0,)-b, (0,)---b, (0;) (2.9)
WAL
P(Q[A) =7, -8y, "8gq, "8y g, (2.10)
N
P(0,Q|4)=P(0|Q,2)P(Q|4) (2.11)
AENLIN

P(O|4)=2_P(O|Q.2)PQI2)
vQ

— Z o bq1 (0, Aqq, bq2 (G,) - U bqr ;)

G,G2 5+ Gr

(2.12)

WHANANTUNANNNGN (2.12) aznidtagApansanuiuie (2T ~DNT s Aauag

o

Titlguthannig (2.12) llldiulunaljiflaense Wesaindinszuaunisinieulsizond
Aa NezusunTlldeminuasiaunay (Forward-Backward Procedure)

o

nuuasaudslidratin (Forward Variable: ¢ (t)) sl

a,(t)=P(0,0,...0,,q, = S; | 1) (2.13)
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1. Bududae
a (1) =zb(0,), 1<i<N (2.14)

2. AUIMNANE R I ANANNIg

N
a;(t+1)=b,(0,,)> o (t)a;,  1<t<T-L1<j<N (2.15)
i=1

o & A

3. aylgnadnsannicng

q

P(OM):iai(T) (2.16)

U o v % ¥ o :j/ = 2 ZJ/
ATNLINNNTANINAINNTZUUNNITINFU TNV IR TSN ALINES N (T—l) AN

Tnansarwsmasnsouanalaidulpssairenanaugilii 2.2

2 7
SH—— >
2 =
1 Ny
t t+l 1 2 3 T
a (1) ot ki) Observation; t

(n) (1)
317 2.2 (n) uupiarAunsAwnsaulslUdenin (@) wiuglunisa¥enisauan

wazlunIueALI A UALUNTLUAWNNTIUE191T1 NTzUAUNNEAUNALUAZANUUARD

o A

wilstiaunau (Backward Variable: £ (t) ) fsil



B (t) =P(0.,0,,,--.0; |0, = S;, 4) (2.17)

B(M)=1 (2.18)

2. wAsadallann

t=T+1T+2,....L1<i<N (2.19)

Bt)= Z a;b(0,,,) B, (t +1),

! o ¥ v ¥ o ZJ/ = 2 ij/
ATWUINITATUIANNNTZLUN T 9FU TN 9A N ANes N°T A Tag

nsAaiaNnsauans iAiulpsaiananawgi 2.3

t t+1
A Bea(1)

-dl a o o o o/ ¥ o
710 2.3 LLN‘L&QN@’]@UH’W?V’]’]HQMWQLL‘]J?EI’ﬂuﬂZ\]‘LI

L1l

2.2.2.2 NMSUIRIALADIFD UL AN AN

A d‘ A dl 1 | aa dl
mu@@n@mummmmum?L@@ﬂ@mu:mm%muiﬂmummammmﬂm LR

+ _OMd W\ LD 4 LA V). | & ‘1 Y
pesiaulsIunilesineuanstapnuitasifunazifiaaniue | Anan tiladeyandainels
Aa O patl

(2.20)

7(t)=P(q, =S;|0, 1)
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_aM®AM _ a®s) (2.21)

7:(t) P(O]A) B Zi’ilai t)A.(t)

Az HAANTTR
N
D nt) =1 (2.22)
5
o a 1 dl = U o a o a’lj
121AzFRAUIINNAT t sruuazianuslalnesazlang lunnsindulasil
g, = arg max[y, ()], I<t<T (2.23)
nsdenantuzlagldngainanniai (2.23) wudaluunansiinnisiasuainaniue
vilvlananugnilieradlulllilinazifiniu (a, =0 dwiuu i vive j) Asluanius

Maananaldldanusngnaesanall dsuiiyviiinglddanasiuaes Viteroi A6

papialilil
=

FRINIMIAIALTBNANIUENATER Q ={0,,...0; } TnelH

o.(t) = Jmax P(0,9,...G, =1,0,0,..0, | 1) (2.24)

5,(t+1) =b; (0,.,) max (5, (1)) (2.25)

v
o

o o dltzltﬂl o é’
NITUIANALUABIANIUEN mmmmmumummiﬂu

Gudulng
51 =b (), 1<i<N (2.26)
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J; (t)=bi(6t)[ng§§(@(t—1)aij)' 2<t<T,1<j<N (2.27)

B;(t) =argmax(s; (t-1)ay), 2<t<T,1<j<N (2.28)
1<i<N
azlgidn
P = max(s] (7)) (2.29)
Q" =arg max(s;(T)) (2.30)

I<i<N

2223 mfim‘ww’]ﬁLm'aémmuuuﬁﬁamﬁmmmu

NN9ATUNATNIPRADSNIMHIZANTUR AN 2U21NN7 Tasluanendnusiaziaua
da i - o™ oy
ngzuqunIidnladne wasiduntauldnazuounisuiana  n13UsriNnAEIUa Baum

waz Welch iasanndulaladnaiunsnasisuuusiaasiwmsnzan ladaldnssvannisngn

A

Tlaunseislduuuanansnangs

dl a a o =] 1 [~ dl a
PNBRRDLNENTEUIUNITLETIASNINLA éij (t) LapangANNUNaziilunazinadnIuy

S A t uaziinaniuz S; Man t+1 WansuuudIasuazaALTasAduns
&) =P(0, =S;.0,,=5;10,4) (2.31)

agnudn & (t) Hpanndusiusiudulslidranid (o (t))  uwazdudsdeundy

1%

(B.()) Fath

G (t)aijbj (Gt+1)ﬂj (t+1)

&)= 01

_ G; (t)aijbj (6t+1)ﬂj (t+1)
S @ 0ab; (0,15, (t+1)

(2.32)

N = = | i~ a . oA =l
anluiadanuan }/i(t) FILanINIAINUNaziunaziinanIuy i Noan t o

ANENTUSIL & (1) Aail
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n(®)= ieﬁ,— (t) (2.33)

WHagan y, (i) 0 wan t azlifiununiuanidadna1anda (Expected value) 189

UIATRTANAADIUE S, UAZNIN & (1) NN 98T T UHIETNAIAIANIITBIIUIL

[ %

v i i ¥
afRaanuzan S, lldvaniue S, Tneazaqldail

T-1
Z 7, (t) =expected number of transitions from S, (2.34)
t=1
T-1
&;(t) = expected number of transitions from S; to S, (2.35)

,.,
I
LN

ANANNITAINANIALAINNT0L FZ N DA BN TN ADFUAIULLAN AR T ALAUNITARN 161

o

=
ANU

7, =expected frequency in state S, at time (t =1) =y, (1) (2.36)
expected number of transition from S, to S, z:gﬁj (t) 037)
ij = o T Tt :
expected number ot transitions from S, ZH 7. (1)
_ expected number of times in state S; and observing symbol v,
b; (k) = : ’
expected number of times in state S,
T-1
zt:1 7/]_ (t) (238)

s.t. Ok =V

>0

Lﬁ'@ﬁwumiﬁmmuzﬁ@qﬁmﬂu A=(A B,7) LAYATUA AT AN (2.36) D4
(2.38) adlFuLLsnaesiiiAnannnnsssanoualu A=(AB,7) LAEVNTULL A 09T
TBunlval 7 Wunufi 4 uastihldAnuanmnuguniad (2.36) 5 (2.38) %Wiﬂé@ﬂ"] N
n13gatiaed Baum LAZNUN LI LS e v auAn [E e g ana sa LAyl

mmnmuwmﬂﬂ PANM 'Wﬁﬁuﬂu o7 P(O|A) @”ummnmm
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¥
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Q’mLLUU@W@@QE@L@HN’]?V‘]@WLL'LIU%Jﬂ@LU@QWiﬂﬂZ\]’]']N’]‘H’]\imu NHNITNIINTEUN

'
= % o L4

Wendnydneaivuulidailasiidanunaingadydnsaiidaiuauania lunsaindeya

o

mmmLﬂuziftytyﬂmt,mwi@Lﬁm%ﬁﬁmﬂmﬁummﬂﬂwﬁ Lﬁ@iﬁiﬁgmmwmﬁm Snunii
3 luunensanisaaeuindii N lannaNianatnlun1sunudydneniresdeya
dunm s ﬁqﬁumﬂ%l,t,uuﬁmﬂﬁmmum%@ﬂﬁﬁmqwmLL‘Liumm%’mﬂm‘q”\uﬂmLuuﬁ@Lﬁm
adlduadwsiianda [15]

b2 o |

nMsinANRLILUNTasgadayadunaLIUseHeIN TEw T ld sl uuunes
Warffuaa N uiuAINnazifl (Probability  Density Function, PDF)  azfiasd
a rd‘ { 901 2 aa ai 1% ! 4 6 o
widwainannsnlszanmAainliniadsnisnlanaanliluda sUuunaesiaidunniy
wuduanaviilundesldaedeiduaanuiuaan Nlsynavlldaadsidunaiy

PR ETRALALNTUINUIURNA S AaLdne lFRNaNN 1958 1
—_ M — .
b;(0) =Y ¢;u N[O, 1, 25,1, 1<j<N (2.39)
m=1

e O Palnipeddinanaziiniaaasiuy ¢, Ae dulssdnaanumiiuiutes
o 1 o dl - A o 1 1 dl
peieiduaNIutiuNansion m Tuaniue j was N Reiariduaununuiutios

a ¥ 1 ¥ = dl ¥ o !
Tuulaunnuduiuunig Inaasfee ij Vlrfmmm@muummm::mumuﬁumqu

[

(Stochastic) A%

M
S ) EQ I<j<N (2.40)

c. >0, 1< j<N,1I<m<M (2.41)

o

wazieiduaRuuduaniiaziluazgnuasuua lad Tidussil

j b, (x)dx =1, 1<j<N (2.42)
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A5 UNT17UTE NN LA AR NN R AR FIRIHa T T LA NN U LUUNANT K axld

_ o X
Cy. My uaz T, ulimuaunisvanil

;
2 (t
- thﬂﬁ x (©) (2.43)
Zt=lzk=17/jk (t)

T _
. ztzlyjk (t)-o, (2.44)

A ;
" Zt:17jk )
. :ztllhk(t)'(@t_ﬁjk)(q_ﬁjk)T (2.45)
" 2:217/jk (t) .

|

4 a F Ly — - 5 o .
ey (t) Ao Antavidlunazadluaniuy j N9an t fae Aedduaunwly

HANTIATLN O,

ai(t)ﬁi (t) CjkN(Gt’/ajk’zjk)

N M (2.46)
zjzlaj (t)ﬁj (t) zm=lcij(6t’ﬁjm’zjm)

Vi )=

druiunnlszunuAdnes a; duwidleurulunsallifelies
(o o [
23 AWWBSALINLADTLNTTY

dnnasannaasussduiiunisiaiunmgil- (Pattern  recognition) BanenenTiaz
@391 NaNYAZIM, (Hypothesis space) - 19NATUAR4NHN199UUN - (Classification
rules) h:x =y [10], [11] STz ndnEensaine 2 73n (Class) h: R" > {1}
Auualidl | Andanm (Observation) uslazAdainsilsznavsaagaadnaas x, € R"

wazdryanenliansaila (Class label) y, € {+1} asiuazlfdn

(X, Y)reon (%1, Y,) € RY < {21} (2.47)
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19122Na1297 h Auunsietne (X, y) tgndeaile
h(X) = y (2.48)

The (%,y) ~ P(%, y) Geldanannnnstlinedu (%, ¥, (%, ;)
2.3.1 &m Vapnik/Chervonenkis (VC-dimension)

Psnnunldinananysnd (Richness) visaaulasuulaslsl (Flexibility) 2o
BUARITTUTIRIHATNA NGB ULIFAGENIN J6 VC  n19AauANAINA bhdauvin 1y

4
Use@NBNINBITULATW FRae9lA Ve 1eeigianyigulunstifl 2 ofin avwindy

4 ¥

uUNNINNge,  d wewsieedindinsauLaly 2 nquday 2° 55le o TaaldEgR

Q

v
o

ANy AFIUIL

#15 VC veatipianyfgnulu RN e N +1 wiu luR?az1d {5 Ve = 3 Asgi 2.4
SN & Al ® 4 : v 3

AngUnudafiienail 3 Faedawiniumduiuounsniganatunsautiseants 2° =8

v
3% daunstl 4 saatinatiunalulls

o ] Q ]
(=] o] L ]
]
——
L] O

i, O s / /
(n)
ST

77 2.4 (n) {5 VC TR neeid 3 fived 1w TuR? (1) n3al 4 aaeigluR?
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#1 heH uaz H ulplauyRgnuaedlila Ve wiadu d §wiuyn <) nsnszananay
ezl D uu Xx{-13 douarnuiiaziy 1-6 uusteteguaiui | Arpos

Aanannazden iy

err(h)<g(IH5)— (dlongﬂog ] dsl,l>g (2.49)
&

232 AWRNASALINLADSLNTTULLLILEILA

o - - = E b AN - - o Ao -
FNNBATEALANLADTLLN BT ULLLILILTILAL AR Gﬁ‘WW@ﬁ‘IﬂLfJﬂLm@?LLummuwuiﬂLﬂﬂﬁ‘LW@u

(Hyperplane) Tuansnzidudady uiseanls 2 naaime nsoiuenduld waznsiiueniu

1ad'l61
2.3.2.1 nsluannula

1 1
A =

Wlunisiansun lunsindaengaiiasandeyadansuzuaniuet9any sl

anunsnanuuniszinmaiinlfdqegtuuumissaiaiis (lanlafinaw) Aagiln 2.5

b P2 .
| wl ; _
Ohrigin ! |

£ Margin

7117 2.5 lawlasmauuuingadudmiunsaiuaniule

o

Tnaisnumisresqa et 1l ANNANRUE AT

W-X+b=0 (2.50)
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Toe W ifunnmafinmingadunnmeflnfueslaafinaunay b iulules

?”F;I”M’W\W’]ﬂ@ﬂﬂ%umiﬂmﬂ’ﬂ’m VLEIL‘]J@?L‘W@LL AR M

srazvinganndungaann laulasinau ligansaetinmis + wazna-ha d,,d_
ANHAN AL
relzAa LA (Margin) AR TvaeyNsendns d, uaz d_

LFNANNITDNIUUAAINNA NN LS Lo 9T

|
| ; 7 %
h(X)zsign[Zv‘\/_)‘(ﬁb}: +1 if ;W‘X‘+b>o 051)

Y, ~1 else

ANy, e {£1} azaunig (2.51) 197az lfagunng

Y, (% -W+b)~1>0 Vi (2.52)
mngﬂﬁ' 25 lawlefinau - H X -Ww+b=1 HszaizvingainaaniinAe |1 b
wl
lentlasinan  H,: % -W+b=-1 Nﬁ‘yﬂ”ﬁﬁﬂ@’]ﬂ@ﬁﬂf]mﬂﬂ@| ”W”b|
Favi d, =d_ _ L way  Margin (8) = 2
I Wl

v
dadaunn H, amuiu H, desanndunmesinfireafuuas il AFIBE19DETEUIN

apsetfiegluunes H, uay H, Jundy dnwefoinnimed (Support Vector) dntmiy

weqlanlefinaunmunzanngaiudiagii 2.6



3117 2.6 laulasmaummunzas

1
=

ngn

Raulaminlildlanlefinaununizaningn [12] dsznaudos

1.

AANEANANe lunsHneluilugwe (Zero training error)

2. FLULITWINTINNATANARTURINY 2 mﬁmmqﬁumnﬁqm (Maximum margin)
IneANuaLLs (Margin, J)

WAZANNBANNNT (2.52) arlddanlun1snipmnnzaN

Maximize & = subject to yi(

LNUA S =

W-wW

o =min

W

S

o

AN

avlueaunig (2.54) axlgqnis6ad

X
U

Minimize w-w subjectto y,[W-X +b]>1,

Tun9mIANNIUNNZaN

¥

#aan (Duality)

=

4
a
v
Bl

o

NBAN

Viell.]

Vie[l.l]

(2.53)

(2.54)

(2.55)

14m (Optimization) TaRFULL Lagrange A N130@NARIAMANTTH

1 Wnnsudlatlyuninladrane inldlaanisniiuuailoyuiim

A4N19 (Optimization Problem) i

18



1
Optimization Problem: Minimize J(W,b) = E W

Subject to y,[W-X +b] >1,
nuUARIAN Lagrange 19N («;)
a, 20, i=1.,1
AN (2.56) WAy (2.57) 137azle Primal Optimal Problem il

Primal Optimal Problem:

Minimize L(W,b, @) = V‘V-V‘\/—%Zai[yi[v‘v-)‘(ﬁrb]—l]

vV N

Subject to a; 20, 1=1.,l1

WaWRLSHaIRIANNII (2.58) Wiguny W wazb agls

oL(wb,@)

oW z | Q; |
oL(w,b,a@)
T_;yiai

[HasanAl Wowazh Ml L(W,b, @) Rrntlasigniaiugiayle

|
W= Z Vi X,

St (2.60) TunuAnaslis (2.58) 13:9a21d Dual Optimal Problem &

19

(2.56)

(2.57)

(2.58)

(2.59)

(2.60)
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Dual Optimal Problem:
_ 1 oo
Maximize L(w,b,a) = Zai —EZaiajyiiji “X; (2.61)
i ij

Subject to Z‘oziyi =0¢, 20, i=1..,1
i
nanaui liann Primal Optimal Problem W& Dual Optimal Problem HANAgaf Ag
s — o o POS | & | wneg
W=) oy, X uaz b =E(W0'x +W, - X"™9) (2.62)
i

dl v dJ a o/ 1 tﬂld 1 o/ '8 '
nanaLf lfivilunen wagsaeeeiden a, > 0 andudwnasannnes
2.3.2.2 nsninannulale

dd‘ 1 o i o 1 2 '8 o Y
ﬂ?m‘wL?”Iiﬁd'&’]ﬁi’]?ﬂLLEm""]‘@mQ‘ﬂEI’N‘LI’NMQ@HWQ1®®QHVLEIL1J®?LW@H Lﬁ"]VI’WllﬂL‘WENM"I
g dl o 1 o N v ai vl o 1 ]
1EIL1J@?LW@HVIZQW3JW?QLLEIﬂ’ﬂﬁﬁl’)’ﬂﬂ’]ﬁ’ﬂ'ﬂﬂ@’mﬂuiﬁiﬂm’m%@'ﬂLL@KH@MIMNQ@M’J@HW\T@QH

v = d‘a [ dl
u@ﬂmemq&gmwmmwmmmumﬂugﬂw 241

21/#1 2.7 Tandefinauusu@adudvsunameniulad s

U

waslignunsaldeeumnuuuLds (Hard margin):

Minimize J(W,b) ==w-W (2.63)

N |-

Subject to y;[W-X, +b] =1



v = = o Y o 3’/ = F73 1 .
Tawianlunsiiueniuld safueasldueuwniuueai (Soft margin) Wnuw:

Minimize J(W,b,&) = %W-VH CY &
=1

Subjectto y,[W-X, +b]>1-¢&,, & >0

C A8 ANAILANNNG Trade-off 3¥UINUBLIAATUATNANAA

) 1
Dual Optimal Problem: Maximize L(&) = Zai —EZaiajyiny X
i i,

Subject toZoziyi =00<¢g <C, i

i=1.,1
nom A o
NARALT A NTIaLAEN
e & da Ji ey
pinasineiu Support vector 1 & = 0 NABLNA O<a, <C
o/ 1 ldl i
FinBeiNaTL

flu Support vector 1 &, > 0 fislalia a, =C

233 dNNAsANLARsuNTTULLU LN ELA W

(2.64)

(2.65)

Tuanuunatszinnianeniy laifduidaguasliainasnldlalafinauunanuun
dszinmléisiaglin 2.8

7117 2.8 Taseaiedayauuulaiflugadu

21



22

aa Y o '8 '8 = o = a % d” o 2 ]
Anilszandlddnnasannimasunatuiunsdildi@muduiinnldlnanisds (Map)  aan
Uaniawdn (Input space) hilgiEnRanwue (Feature space) tasninuilaridu d(x) Asguy

2.9

]
|
|

[ X

-

>
ra3

2

b

H

e —

_!

1
v

-

-
| Xy ; X

———
|

_—— =

||

l
'

a o

31712.9 nadeiBnRanda (o) lilg 1EgRansoe (190)

anglilufetinareinisdeann
Input Space: X = (X, X,) (2 AANTILY)
Feature Space: ®(X) = (X2, x%,v/2x,,4/2x,,+/2x,X, 1) (6 ARIANEILY)

wdsangshlgdiigiansuzuaasazaimnsamlae finauniauunilszinnls
2.3.3.1 1AR5LUA (Kernels)

IHasaNnTA IR AN T E1ATY (Attribute) NnneanTnATuRBATE ALY p
uu N Anudnsuzd1dnluBgiadhldly O(N ) andnsuzdrany lulsgl
AUANH A ALY
Kernel functions: K (X, X;) = D(X;) P(X;) (2.66)

AN D(X) = (x2, x2,4/2x,,7/2,,4/2%,X, 1) inanunsomilardunesiualaii

K(X,%;)=®(X) - O(X;) =[X; - X; +1]° (2.67)
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[ %

ANANN7 (2.65) niiuilgslnailnalddsidumasiualisam
_ 1 o
Dual Optimal Problem: Maximize L(&) = Zai _EzaiajyiyjK(Xi’Xj) (2.68)
i ij
Subject to Z:wiyi =0 0<¢g <C, i=1.l
i

Hyperplane: h(X) = sign{ Zai ViK (X, X;)+ b} (2.69)

X; €SV

Wardueafiualnainuaedunimnag 1 @i

Linear: K(X,X;) =X X, (2.70)
Polynomial: K (% X;) = [%; - X; +1]° (2.71)
Radial Basis Function (RBF): K(X;,X;) = exp(—H)‘(i - )‘(j”2 1(26%)) (2.72)
Sigmoid: K(xX;,X;) =tanh[y(x; —X;) +¢] (2.73)

5117 2.10 Wrifuimafiualul Polynomial (1) wag wiitl RBF (191)

24  U3nlmAzuuy (Score-spaces)

u

Yigiazuuu Ae BnRnasunnmesnisdane (Observation  vectors) 1

a

Au130gnae (Map) Niuazuuy (Score)  Tenzuuuildazifudayasndvessnaiiun

Uszinm (Classifier) siall winuaniniBniazuuuilsylomivazinanla [13] Aa
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o Fpiazunugniinualildiuuuuataasnoiuiiazidunuuiaiueis i
(Generative) [13] wanzaztiuaawmuieiuaanisuuulaetle (Implicit method)

U TAseane s g ey

®  111309NETBRTBIFNRUUNLTLINNULLANABRULIALWaLINALAR LW
dsznmignilnuuuRaasdin
dl v a o al dl o Qad‘ o o
® 1a9a1NdRATBIULLAIABIULLIALMNAL NN FUNANUAINUAIE YRR AL
wnwmasnisdunald M liEgdazuunaiuisngdssdunneain1sdunants

panavann e NanfaaAn e asmuIAufIe wLnUlssANLLLAT A

dl o

My dwnasmatnasiugan Hanta ldlETueunisewunlssianuuuand

a

ALY 9 UAIBNIST AN A 3D FdNe

aj 1 o o [ dl =K

e aqugrngnniaatAuluniIsaLundszianaesaanunlszianigniln
WLLARATRWAN 11 Snnesannmesiasdy luaun1seuundssnnuuuaig
WNIIZAZYINNNIVN IR ULALEITHA (Class  boundaries)inansalaglufaasinu

TunauluN19A1889A MU LHLIEITDYA

|
=

NANTUIAIALNI949N6 O WAY [ATBIULILA1ADIANNUNAZITULLLIA LA N
dulil1éuas O, P={R.(0]6,)} Wa k Aa Arddmitusaziuusaasluein P uaz 6,
A c a 'S a o t:ll tﬂl [ a Y
AD NEATWIIALAAFIBIANTTNFALN K Nilszuinannuiidnaasuiiaiuatsnnua 1y
0, Aa lNmasMllnesuarIasdaundnsan kK Nai9anuuLanaasuuLaieLEing
gnsiad lunane o) nedfildansnsonmn @, Thenasindusewinnisdszunen 6, oy
Tdaynsumiass (Taylor series) uazitlavanAtasniasiiulumn P dAndasuingias

FanldAn INP uwnum9ti

InR.(0]©,)=In Pk(élék)+((:)k_§k)TV§k InP(0|4,)
1 - Ty o B B (2.74)
+2(0,-8) V2 InR.(018,)|®,-8)+...

v
Ly o o [ %

o % dld 1 4 1 c = — \n+l 2’/
U WU naudnNsrauduninngn 2 Tiaglunail ‘P((@k —Hk) L
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In Pk(ol(:)k)zln Pk(Olék)+(®k_9k)TV§k In Pk((jlék)
1 - _ o _ _
+E(®k -6,)' [Vék In Pk(o|9k)](®k -6,)
+‘P((®k -0, )M)

ik 7R N — \n+l
:Wﬁk(k)¢lk()(o)+q’((®k_ek) )

(2.75)

i N — oo WAl Wy 0" (0) azilszanuAiazares InR (0]0,) llndiAesiign

]
o =R s -8

Tt @™V (0) An Azuuw (Score) NeluiBNAzLUUNNNFRTUFTIRAAINNNTMNAYRLS

q

©

! ¥
o [ 6 ©° =S

uitedudlunsUsziaANInlnes uay W, Aeknnefimringagnlssuinau

Nansonanaunsdanm O ﬁgﬂzdﬂﬂﬂ”aﬂ?gﬁmuuu%@andﬂm:LLuu (Score), ¢} (0) In
0. (0)=0:1({R(O14)}) (2.76)

o f ({Pk O] 9k)}) Aa Score-argument waziluieriduansandnuas P

@ P FIRIAZLUY (Score-mapping)

F Aa fam iiiuni9mAziig (Score-operator)

241 @15NANUATRIAZUUY (Score-argument)

v a

mfﬁf;muﬁmmmuuuﬁmuﬂﬂ% 3 W ﬁ’ﬂ Wil Likelihood UU Likelihood-ratio A
LU posterior-ratio

e 1f3niAzuuuLLL Likelihood U3 RAziuUMLILAUAN
9(0) =9, InP(0|0) (2.77)

e 1BniAvuuuuuy Likelihood-ratio usginmunzaniunisauuniszinmn

L1l

=
wuuluwa?
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(2.78)

§0||:‘r(6):(9|£ |n{ Pl(6|671)i|

P,(016,)

3nHATIUUILIL Posterior-ratio Wi BAR7TEN8RTUIUMLILANADAUAUDLTNNN
wivduiu K 69 lneazuuunldazifunriniiaziiluniauds (Posterior

probability) 189uULANa8d7 / e i el..K

- P(O|6,
(0'? t(O):¢|§|n Kl( |1)

> RO16)

(2.79)

242 paeduNgAZILLU (Score-operator)

o o

o o o P = X
m')ﬂqLuuﬂ’]?ﬂgLLuuV]@V‘]Q?N@m@ﬂumﬂ\iu

FavinlkRRse SR pziundaw ausnsanium s sz e du
wasmanimesuNTduiiua1 1190909 LR waunnn IfuARazin I maila
Nearest-Neighbor laiflilssAnsaamnianunnifiull
Faaruuadneasitssloniua zanuuniszinnlalu Bniaziu

¥ = o dl [y a
FaadinizAuanm ligeennanniuly

AR NHUNNIAZLUWTHAR N ]

[

ayusAuAUUI: F=V,
AYNUTEUALINTIIUAZON T UG - [?g,l]T

o 6 o/ o’ ] o % hy — — T
anfuisuALnia i uATAD: F = [Vg ,vec(V2 )]T

2.4.3 ‘msdszgnaldligiazuuunudwnasaaninaduagdu

Tnaluntlazaulaiesonifiunisazuiniuuayiusausunilaingu w ldazuun

udiagaidn aanaunis (2.70), (2.71), (2.72) uaz (2.73) azla

Linear:

Polynomial:

K=" (@(0,),9(0,)) = 9(0)" ¢(O,) (2:80
K<™ (p(0).9(0,)) =[p(0)' ¢(O;) + pI 280
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L 10G)-00)] [0G)-00)) 2

20
Sigmoic: K5 (p(G,),¢(0,)) = tanh[(¢/(G,) - /(0,)) + ] (2.83)

RBF:  K*™(p(0,),9(0,)) = exp(-

[ dl 124 [ ¥ ¥ o o 3| ¥ o o V%
Lmn@umﬂmmuuumum@g@memLﬂ@ﬂu@lm ] anfusiaeinnisnalwang

(Whitening) uaz wasuualadnow Tnunzuuungnuasuualad " (O) HpAl

9" (0)=23"9(0) (2.84)

el
2. = [(2(0)~£.)(9(0) - fz.) P(O]8)dO (2.85)
/i, = [ p(O)P(0| B)dO (2.86)

oy X, Ao wvEandlaodaudlulagiaziu

O, A8 AAAYNNE (Expectation) TuiBpRaziuy
244 d5gliazunuiignienafizfiamilunIsAsluBLLLA YR LS UALINTS

WHaNANTUN B RATIRULLIL Likelihood  1AZ FIANHWNIIATLLBILILAYAUS

o o

UAUUTINLINABANI AL URARLLLANa 8 Likelihood Hilladsaznn1gsia LTl
9y (0)=V,InP(O|0) (2.87)

\HaNAN3N B RAL LML Likelihood-ratio Az FAA L HUNIAZIBBLLLIA YRS

o o

= o : X
URUNTaLgnfagunsme Ul

P(O14)

"(©0)=V,In——2
T

(2.88)

1 v v
Ha9aNNLLILAN A Iad a9RATE AR A WA A N1 T0L T uaNNNT (2.88) Tuadledlu
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o (0)=V,[INP©6)-InPO|6,)]

V_.InPO|8a
5 INP(O|8) (2.89)

-V, InP(0|4,)

anyfdnTie y, 8 | asunisdans wazaia y, 8 Laraunisdans wazli
| =1, +1, aanaxnnIs (2.84), (2.85) waz (2.86) AIWIUA Maximum Likelihood (ML) lu
stlunungnuasiua laduaeestsgiiaunuiuy Likelihood NalsiFina1Hun1sAzLWWLIL

ayuddusiumils, of™ (0) 1lu

P (0) =322V, InP(O|F) (2.90)
el
~ | A L
5. =>(V;InP©]0)~ i, )(V,InP©O|6)- i1, ) (2.91)
iz
|
fiy = V;InP(00) (2.92)

i=1

N

o X, AeAddszanu ML wvisndlasaudlulEgiinsuny

i, AeAlszunns ML 2asAaaunngluEniasiug

245 uasuNaladiAasiua (Normalized Kernel)

mMaSaudsniuszrinsegiuule 9 JulResuiinanzan faniafauiio
Tnelduannunaeit (inner Product) Ineidlianinesyagnu (Basis Vector) 1e4/3)iAzuuY
uayiusaas In P(O|0) Wauiuwsgzniadwasly 6 LL[?“iL‘ldiﬂ\i@’mmmmfmﬁﬂﬂﬁ’mﬁiﬁ\i
Femnfiu (Orthonormal) Awinliliansnse duagmuanicluldlagnss Fafudedeiinng
el Bniazuuulil Lﬂuﬂ?ﬂﬁ‘ﬁlﬁmﬂmefmgmﬁ%\imﬂﬁu frulasimnzaslunsdli

a a

1 v 1
Aasnngasresladudissndranigiazuun X 22 dniunagunieluildae

<V,InP(G,[6),V,InP(0,|8)>=V,InP(G,|8) =1V,InP(O,|d) (2.93)
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Hedurile 1 Anunarnsniauag lugtuagunialusuuainanflfisazFannatiiudd

ARSLARITIIANN (2.84) azlduaiunalatine fiuafeaunis
Ky(0,,0,)=V,InP(0,|0) XV, InP(O,|d) (2.94)
Lﬁ@ﬁﬂﬂﬂ@wﬂmnumml,u@@u°1 QN (2.80) WAT (2.82) 131azle

Ky ™(0,,0,) =22V, InP(O, | [Z.?V,InP(O, |9)] =K (G;,0,) (2.95)
K eF (C)i,Oj):exp{—“[Zsc“ZV INP(C,|6)-X:?V, InP(O, |é)]”2/202}
(2.96)

=exp{-[K(0,,0,)-2K(G,,0,) + K, (0;,0,)1/ 257}

246 UspAAsuuudInsUINARSAARI

) o 1% ¥ a '8 o = ! d}
ﬂ”l?’&\‘iﬂ:ﬁLLuuVﬂiﬂIﬂﬂl‘ﬁW’]?WNLmﬂ?@’]ﬂLLUU’Q’]@’I’JQLLUUL@Lu@L?VW\IM’N °] o4
o A aa Ny 1 ° ! =
WULANARSLULLALLa LN 1 llﬁ]LLﬂ LULANAAN AN AN UL LN ALLLLALUAENN ey

ULUANAANEALALNSARN

2.4.6.1 WUUIIADIRAUUANLULLNNALLLLALUALSAN (Gaussian mixture generative

model)

Anua liuuuan aaguuLaLa LWL ud ulssna Ul LUR N Aee uU LN A9t

1PazidleuAgdnazduuuLaErnuldidaesadunsdans O 1oty
P(Q|6) = P(0,,0,,..,0; [6) (2.97)

@NH Fansdansiluy ii.d. (identically independent distribution) ) e MRaNgUFL

a o
NTLAEUN



30
[V,InP(O|0)'dé=d,InP(O|9)
T
=d, In]]P(c,16)
t=1
T —_
=d, > InP(c, | )
t=1

T _ 2.98
34, InP(s, | 9) (2.98)
t=1

i{[vé InP(o,|0)]" d6}

t=1

{iwg InP(, |é)]T}d§

A1n (2.98) 1 IAAMNANNUSANUTUNN7d9AZILLL (Score-mapping)
—a e T —_
V,InP(O]8)=>[V,InP(q,|0)] (2.99)
t=1

FTUAN VS UAZLULINLAR TN IAUN AN R AN AINNT0UN LA ARSI A TINURI AL UUUR T ULA RS
Is o Ao o o = [ ~ o @ v ¥ Yo o I's
wnwefnisdanananduiy o asduniswinnzaninazin ldludeyadn ldiudnnase

o = dl LV ) =
LINLAD T WNTT LT WF IR MSN LA UL AT 5
2.4.6.2 WUUANRRIFALAUNISAANLULILALUALSAN

WHUUUA9 89U LA L ANIaIA AUN1 NN AT ULLLAN AR ALALN SRR N LA
ardnusluni1snszanaanaantiunislsznauiuaesdiul senatnid n1siasuszudng
anuzgnniIvue laguyisndnsLasuanue (State ‘transition. matrix) wagiiuuuugieli

. | P
291 (Left-to-right) e ldinNs 1 ngnauy
Iuuusaesdanuniiaendl N aniue uiazan1uzgninaedlnenisnszanan
dl = 1 3| o o . - 3| — 4
aanTelipanuraziilugniuzaneansesiidann o, i antur j ilu b, (o) Winns
nszanganeangnataesinadaunanuuLng K dou uazlyd jk Ae dondmiudounani

k nan1ur j saiupnudiaziduaniuzaneanidu
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K
bi(ﬁt)zzwjkbjk (0,) (2.100)
k=1

v 1
Insusiazdautlsznatinidiniaiiines 3 da Ae dadasdawtdn wy LininefAeds

uwazivsndlannaeud T, u@ﬂmﬂﬁummm@uﬂu‘lunmﬂﬁwmmu:mn i iy

B a; laznidmedionines 6| Al

0 :{ij!ﬁ’zjk}ljel,.iN,kel...K 1{aij}|iel.4.N,jel...N (2.101)

AsthaziiiulunisaldsuanuzgafinasaiunsneunulalasnisiinasnaataNLnay
Hulunislaauaniugdu o aananiuzgaiinatunauaanainuils aslilfgniaunfiansmn

LULWITIRLAIRTRATS
N9RIAZULUY (Score-mapping)

¥
Tinsdanaiuiuy iid. #asonaesnnan (Path, @) uasil

P(G8) = Z[H P/ (0, | )] = Z[Hb 1 (0,)a’ (t,t+1)] (2.102)

$=0 t=1 ped =1
Toe a(t,t+1) A Amasiluluniadasuaniuzainnan t ld t+1
s(t) A @0 UzAAN t

AHUNIANAZ LU ENI P HATHN 1098 dunTsdann O dmiuusay

daudsznail jk waznsideaw-ij i leaeil [13],[14]

vV, INP(0]0)= Z?/lk(t)s[t i1 (2.103)
_ e T
Vois,) INP(O18) = ;yjk(t)z[—[vec(z )] {8k ®Se ,-k]}} (2.104)

S 1AV 1 ()
v, InP@©018)=>"y, ()] —-—— (2.105)
InP(G|d) ;mk()[wm ijk(t)}



Ingl

n 1 }

v, InP(010) =Zi:[ a. Ta.(l-a)

S[t,jk] = (Gt _ﬁjk )T ZII::-

AONUUINYUINNS )
RN ITNINENAY
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(2.106)

(2.107)

(2.108)

(2.109)
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<b.

un

nsfanmaanesaeiadiaune inauuuaauladniguuusnaasgainy

[-4 s -4 [-4
N15ANUAZTNNDSALAINLAD T UNTTU

o o A

Tuunaznainienisfadadnesareiedsunim naunvasulatinldscuniany

a

sznauAleuluanaasdniaunisaan Lazdinnass LQﬂLmﬂé—LLN“ﬁ%u%\‘i@’]N’]?ﬂ LAANLLNUNTN

~

nsnneulifagali 3.1 Wussuuianvan

u

ANNFUNIIN U AU LRI AT AR UNITARN LAZTNNATANLAAFILNTT1N 19 11

v
Angnnusatiuidazasutalauaziaanliiode 3.1 LAY 3.2 ANNAIAL HAANSEANN

'
a a

ATLLILNITWIN (WULRNA9TARLNIFAaN) azeinussile 1UATNdLeIw vl e Anunaiah

o 9 g v

M lunssUaun1INaad (FNNesnanmasuNTTy) aalaidnasaaziass i ludade 3.2.3 e
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Abstract— In this paper, we present a proposed method for
online Thai handwritten character recognition using Hidden
Markov Models (HMMs) and Support Vector Machines (SVMs)
with score-space kernels. Score-space kernels generalize Fisher
kernels and are based on underlying generative models such as
Gaussian mixture models (GMMs), which are output
distribution of each state in HMMs. Our system combines the
advantages of both generative and discriminative classifiers. The
first phase, HMMs are used for multi-classification then SVMs
are applied to resolve the certainty remaining after the first-pass
HMM-based recognizer but did not apply for all of classes
because the results of some classes are worse. We consider the
confusion matrix of HMMs to find the confused candidates in
each class. If the candidate is one then it means that no confusion
in this class, alone HMMs are sufficient enough to classify. SVMs
will be applied to system if the candidates are more than one. If
there are more than two, the multi-class method will be applied
to system. On account of the basic score-spaces, likelihood and
likelihood ratio score-space are not symmetry. In case of
likelihood score-space, the parameters refer to only one
generative model from two class models. In case of likelihood
ratio score-space, the parameters refer to both of them but in
different position thus one observation sequence can map to two
score-vectors. Here, we proposed a new score-space with
symmetric property, called symmetric likelihood ratio score-space.
In this way, one observation sequence is mapped to only one
score-vector. The experimental results were shown an average
recognition rate improved from 89.9%, using baseline HMM, to
92.5% using our proposed method.

l. INTRODUCTION

Many state-of-the-art online  handwritten character
recognition systems use Hidden Markov Models (HMMs)
with continuous density output distributions modeled by
Gaussian mixture models (GMMs) for many languages such
as English, Arabic, Chinese and Japanese even Thai. Recently,
in Thai language, Rud et al. [1] have developed online Thai
handwritten character recognition by using HMMs and Fuzzy
logic. This is done by using HMMs to find the posterior
probability of train set and then use it for creating Fuzzy’s
rule with respect to this probability and human’s assumption.
We present alternative way to recognize the confused classes
without making any assumption as Fuzzy logic. The binary

classifier is used for this task. In pattern recognition, Support
Vector Machine (SVM) is binary classifier which has been
successfully in many tasks for example in speech recognition
[2] [3], speaker verification [4], and character recognition [5].

The SVM has many desirable properties including the
ability to make both linear and nonlinear boundaries via
kernel function and to classify data by using a small number
of the training. However, it has some constrains for using
SVM. The first constrain is the feature vectors must have
fixed dimension but our features are variable length sequences.
To overcome this constrain, Smith et al. [6] have defined a
spaces, which variable length sequences are mapped to fixed
dimensional vector, called score-spaces. This is done by using
parameters of generative models such as HMMs or GMMs.
The brief description of score-spaces appears in Section I11.A.
The second constrain is how to apply SVM in multi-
classification. Because some sets of confused classes in Thai
characters did not consist of two classes, the correct class is
not the first and second order in N-best list from the result of
HMMs phase. Many multi-class methods were applied to
SVM such as Max Win algorithm, Decision Directed Acyclic
Graph (DDAG), Error Correcting Output Codes (ECOC). In
this paper, we choose Max Win algorithm for multi-class
problem, as discussed in Section I1.E because the number of
class are not large. As general constrain for all recognizers or
classifiers is the input data must be normalized for increasing
performance. For normalizing score vectors, we found four
normalizations, ~ .sequence  length  normalization [7],
normalizing the score-maps for training and testing [6], score-
space whitening [7], and spherical normalization [4], as
briefly discuss in Section I11.B.

The structure of this paper.is as follow: the next section
provides an-overview of the online handwritten character
system; Section Il reviews score-spaces, our proposed score-
space and methods for normalizing them; Section IV
discusses about our proposed system, training and testing
algorithm; Experimental evaluation and results are presented
in Section V; Section VI concludes the papers.



1. ONLINE THAI HANDWRITTEN CHARACTER
RECOGNITION

In this section, we will show our overall system;
preprocessing, feature extraction, Hidden Markov Models,
Support Vector Machines, and Max Win algorithm for multi-
class problem.

A. Preprocessing

In online task, one of the informative could be coordinate
sequence of pen moving, which could be from input device
such as tablet. However, not all coordinates of the sequence
are informative. In fact, they are very redundant. The
preprocessing process removes these redundancies and
normalizes sequences. From [8], the order of process is
removal of accident pen-lifts, smoothing, minimum distance
filtering, serif removal, and normalization. After all these
process, the sequences are smaller and more efficient in
classification.

B. Features Extraction

After preprocessing process, the sequence of each character
is divided into sub-strokes by stroke segmentation. We hold
on to the algorithm presented in [1] for representing sub-
stroke, features are extracted for every sub-stroke. As shown
in Fig. 1a, the feature vector of the i"" sub-stroke consists of
center of sub-stroke coordinate (x_, y.), angle from a starting
to end point of sub-stroke based on x-axis (6,) , relative
angle (6,,) --a different between a considered sub-stroke
angle and a previous sub-stroke angle, and a length of sub-
stroke. Note that all of these features have local information
that concerns only the current sub-stroke and previous one.
We add two new features that provide global sub-stroke
features. In Thai last sub-stroke contains more discriminative
information, i.e., many confused pairs such as “¥” and “¥”, “4”
and “v”, and “v” and “d”. As shown in Fig. 1b, the new
features consist of distance from center of considered sub-
stroke to center of the last sub-stroke (d)-and-angle-of this
distance line based on x-axis (4, ) .

a.) sub-stroke features
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b.) proposed features

Fig.1. Sub-stroke features and proposed features.

C. Hidden Markov Models

HMM describes a stochastic process characterized by a
finite state Markov chain and a set of output probability
functions.

Given O is an observation sequence and M, is the HMM

trained for the class i, the classification of an unknown pattern
requires the computation the posteriori

probability P(O| M) by using forward-backward algorithm.
For K classes, if

i =argmaxP(O|M,) (1)

1<i<K

then we will expect that O belong to i" class. For more detail
about HMM are available in [9].

The topology of HMM in our system is left-to-right
model with no skip and each state output distribution is a
Gaussian components purpose of the score-map which
relative to transition probabilities require this topology [6].

D. Support Vector Machines

The SVM is a binary linear classifier in its basic form. In
the case of linearly separable two-class data, a separating
hyperplane is chosen so as to maximize the margin between
two classes.

Generally, the online handwritten character data are not
separable and nonlinear boundary. In this case, SVM need a
new parameter C for control trade-off between margin error
and the kernel functions K for mapping input space, in which
the data -are observed, to a manifold in higher dimension

feature space. Given- training data X, e R" and their
labelsy, e {~1+1}, the objective function is

Maximize: L(cr) = Zai —%ZaiajyiyjK()‘(i,)‘(j) ()
i 0

Subject to: D> ay, =0 0<a,<C (3)

in which « is the Lagrange multiplier of the constraints in the
primal optimization problem. For test observation sequences
X are classified as



y:sgn(z y, o, K(X, X, )]+b 4

where b is the bias of the hyperplane that results from the
constraints of the cost function. More details about SVMs are
described by Vapnik [10] and in Burges’ tutorial [11].

E. Max Win Algorithms

The SVMs are binary classifiers so we need an algorithm
for combining these binary classifiers to multi-class classifier.
This algorithm uses all pairs among all class candidates,
which consider from HMMs confusion matrix. The number of
SVMs is equal to the number of pairs and proportional to
recognition time. Each SVM casts one vote, and the
recognition result is the class which gets the maximum
number of votes. According to the method, the rank for the
results can be obtained by the proportion of the votes for each
class.

IIl.  SCORES AND SCORE-SPACES

T. Jaakkola et al. [12] suggest the Fisher scores as a means
to map variable length observation sequences into fixed
dimension vectors after that Smith et al. [6] generalize the
Fisher kernel to score-space kernels and apply in speech
recognition,

A.  Score-spaces definition

Generally, the lengths of sequences are variable but the
input of SVMs must be fixed-dimension. The score-space is a
fixed-dimension space which variable length sequences are
mapped explicitly onto single points. Score-space kernels [6],
which generalize Fisher kernels [12], enable SVMs to classify
whole sequences by exploiting a set of parametric generative
models. Consider an observation

sequence, 0 =[0,,0,,0,,...,0, | where T is duration of O
and a set of possible generative probability models for that
sequence P(O|6,) where the vector of parameter, @, for

HMM with K Gaussian mixture components and N states is
defined as following,

éz{wjk’/ujwzjk’aij}’ i, je[LN]Lke[LK] (5

where w,, u, X, are parameters of Gaussian component

which are the weight, mean vector, and covariance matrix
respectively for component k of state j, and a, is the transition

probability from state i to state j.

The observation sequence O is transformed to a score-
space using the mapping defined below

0! 0)=9,(p,©018,)) 6)

where f({p,(O|6,)}) is the score-argument, @, is the

score-mapping, F isthe score-operator, and (pg (O is score.

In this section, we will demonstrate two particular score-
spaces, the likelihood score-space and the likelihood-ratio
score-space.

Likelihood score-space: likelihood score-space is defined
on models with parameters estimated by Maximum
Likelihood (ML) criterion and score-argument is the log
likelihood of single generative models as shown below

9 (0)=¢.InP(0|6) )

Likelihood-ratio score-space: the score-argument of this
score-space, motivated by discriminative binary classification
schemes, is log likelihood-ratio between two competing
models.

Consider two generative probability models P(O|#6,) and
P(O16,) then

(8)

0" (0) =0, .{M}

P(016,)

Smith et al. [6] derived the score-space which defined from
first-order derivative operators as shown below

V,InP(O[0)

_ -~ V.. InP©O]|0)
0)=V_InP(O]|O)=| =" "1 9
p(0)=V,InP(O]|0) v.InP(G|0) 9)

V,InP(0]0)

where
v, n P(O]0) = Zyjk ®)Sg (10)
t=1
Vvec(zjk) In P(6 | é)

(11)

= le 75 % [— [vec(z}k1 )]T " {S[mk] ® S }]

Vi In P(ﬁlé):iyjk(t){ L —ﬁ} (12)

ij leyjk (t)

Va” In P(G | é) - Zi:|:}/la(t) N Ta, (]:.L— a. ):| (13)
S[t‘jk] = (61 _:szk )T 2;& (14)
7;®) =P(s(t)=i]0,0) (15)

j O,; H ik 2 ik
IO U CALTTLTY) (16)

D W N iy 2 )

i=1




7,(t) is the state posterior probability for observation 0,

being generated by state j which supplied by HMM
recognizer and N is a Gaussian distribution for observation 0,

of output distributions models in HMM.

Symmetric likelihood ratio score-space: the above
score-spaces, likelihood and likelihood ratio score-space are
not symmetry. Consider two classes problem, C1 and C2. In
case of likelihood score-space, the parameters refer to only
one generative model from two class models. The likelihood
scores, which defined by parameters of model of class C1 and

C2, are denoted as ¢ (O) and ¢ (O) respectively. In case

of likelihood ratio score-space, the parameters refer to both of
them but in different position thus one observation sequence

can map to two score-vectors, ¢, .,(0) or g, (O) as

cz2.C1

shown below

Ir 6 — q)cltll:(l (62 :|’ Ir 6 :|: qj(‘:”; (6_) :| 17
(/)chz( ) |:_ wg‘; (O) (/)cz,c1( ) _¢(|:||; (O) ( )

We proposed a new score-space with symmetric property,
called Symmetric likelihood ratio score-space is defined as
following,

" G)=pl (6)= w!i_@w!ﬁ@} X
Perc2(0) = 9,1 (O) {—4035(0)—(/)2;(0) (18)

In this way, one observation sequence is mapped to only
one score-vector.

B. Score-space normalization

Normalization of the feature vectors is desirable because
the observation sequences are variable, different duration, and
SVMs are not invariant to linear transformations in feature
space. We used four stages of normalization: sequence length
normalization [7], normalizing the score-maps for training
and testing [6], score-space whitening [7], and spherical
normalization [4]. After scores were normalized the classifiers
have more reliable and better performance.

Sequence length normalization: In handwritten character
recognition, two observation sequences are similar content-but
at different rates of variation, project. into -two - different
regions of score-space. As proposed in [7], each state
posterior is normalized by the total state occupancy over the
observation sequence.

7; ()

2.7,

i ()= (19)

The normalized component posteriors » " (t) should be
substituted for in the derivatives in Equations (10) to (16).

Normalizing the score-maps for training and testing:
It is important to normalize the scores correctly in the training
and test phases. Because of our observation se§uences are
difference duration so SVM should be trained and tested on
the mean average score per observation,

where ¢(0,) is normalized score and T, is duration of O, .

Score-space whitening: If the score-space is not whitened
then the Euclidean distance metric would be invalid. The

inverse of the covariance matrix of the score-vectors, T are
used to map the non-Euclidean vector to a Euclidean space so
the whitened score ¢" (O) becomes

9" (0)=2.9(0) (21)
where,

2, = E{[p(0)-E(@O)ip(O)-E(@O)NI'}  (22)

However, in this paper, we used a diagonal approximation
for = since the inversion of the full matrix is problematic,

some of them are not positive definite.

Spherical normalization: The dimension of score vector
is large thus dot products between score vectors may lead to
an ill-conditioned Hessian even when individual component
of the vectors are whitened. To solve this problem, spherical
vector-length normalization or spherical normalization for
short is applied. The concept idea is mapping score vector to a
higher dimension vector and no information lost. Mapping a
plane onto a sphere’s surface may be achieved by many
different projections but in this paper we use the modified
stereographic projection as shown in Fig. 2. This mapping
applied to the whitened score-vectors is

9" (0) > ¢(p" (0)) =

-
B V (0)} 23)
V9" (0)-¢" (©)+d* L d

This spherical normalization is developed in the context of
SVMs using high order polynomial kernels for discussion but

we try to apply with Gaussian kernel, in greater depth and in
the context of many kernels in'[13].

Fig. 2. Spherical normalization: The modified stereographic projection.
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IV. PROPOSED SYSTEM

In our system, HMMs are used to classify observation
sequence in the first state and estimate generative model
parameter for score-map, which map variable length
observation sequences into fixed dimension vectors. And
SVMs with score-space kernel are used to classify the
confused classes in the second state. Max Win algorithm is
applied in multi-class task, if the number of input candidate of
SVMs more than two classes. As shown in Fig. 3.

The training algorithm as following:

® Train HMM for each class to generate models and map to
score-vector by one-to-one which are used to train in SVMs
phase.

® Find confused classes of each class by confusion matrix. It
will be confused classes in this class if the frequencies of
other classes, which are not this class, exceed the setting
threshold. Empirically, there are more than one confused
classes for many classes so Max Win algorithm will be
applied. And there are none for many classes.

® Train SVM for each confused pair. Not all of these will be
applied because some SVMs obtain low discriminative
power thus only HMM is applied in this case.

In testing process, the testing data are processed similar to
training process. Each class testing depends on confused
classes. If no confusion, the result of HMM phase will be the
end result. If one confused pair, it will be the two-class
problem. If more than one confused pair, Max Win algorithm
are used to combine the binary classifiers (SVMs) to multi-
class classifier.

V. EXPERIMENTS

We use 42 Thai alphabets, two alphabets, “«4” and “a” are
removed because these did not use in current time, were used
in our system. 14,557 characters from 31 writers were
recorded for training and 10,844 characters from there writers
were recorded for testing. Other 7,812 characters from 62
independent writers were collected for testing. The. HMM
structures that was used in this paper is 5 state left-to-right
CHMM with no skip state and 5 Gaussian mixtures-density
using GmixHMM [14]. The kernel of SVM is Gaussian with
score-space kernel using SVM and Kernel Methods
MATLAB Toolbox [15] and SVM toolbox for MATLAB
version 2.51 [16]. The comparable result of HMM system
(HMM), our proposed methods with likelihood ratio score-
space (HMM/SVMI/LR), and our proposed methods with

TABLE |
RECOGNITION RATE OF A HMM sYSTEM, HMM/SVM WITH LIKELIHOOD
RATIO SCORE-SPACE, HMM/SVM WITH SYMMETRIC LIKELIWD RATIO
SCORE-SPACE, AND HMM SYSTEM

Classifier Dependent writers | Independent writers
HMM 95.4 89.9
HMM/SVM/LR 92.8 88.1
HMM/SVM/SLR 96.2 925

TABLE I
RECOGNITION RATE OF SOME THAI CONFUSED CHARACTERS

Classifier ¥ ) 1 1 Q @
HMM 758 | 884 | 704 | 882 | 73.1 | 946
HMM/SVM/SLR | 83.9 | 946 | 79.6 | 90.3 | 80.6 | 99.5

symmetric likelihood ratio score-space (HMM/SVM/SLR) as
shown in Table I.

For comparing results of independent writers of
HMM/SVM/SLR with HMM, there are 30 classes (n, %, n, =, ,

v on, W, A, 00wyl 0, e, e, 9,8, 1, W, o, a) are
better and 5 classes (¥, », », 1, «) are worse but overall result is

better. The recognition rate of some confused characters was
shown in Table II.

VI. CONCLUSION

In this paper, we present new features for online
handwritten character data which represent relation between
last sub-stroke and others. The SVMs with score-space kernel
have been successfully in speech recognition system. We try
to apply SVMs with score-space kernel to online Thai
handwritten character recognition system. In Thai characters,
we found that SVMs are unsuitable for some confused pair so
only HMMs are applied to these.

Normally, not only one score for one observation sequence
is mapped to likelihood and likelihood ratio score-spaces. We
proposed the score-space with symmetric property, called
Symmetric likelihood ratio score-space. One observation
sequence is mapped to only one score in this score-space.
The likelihood ratio score-space is unsuitable for out system,
its recognition rate is worse than HMM system. The
symmetric likelihood ratio score-space enabled a better
recognition rate relative HMM system.
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