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Printed Thai Character Recognition using Tolerant Rough Sets
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ﬂaummaimmnwmmamwnqumﬂuaunmn mmsnmuuquUﬁﬂumimqmu
q'qmn%uci’s’eu"lﬁms%mu"l.unmnuf?u m'l.wuqyumummt’f"mnﬁuwmiun FMANDU LA
mwmmm'umm'iaaﬂﬂummaﬂuﬂﬂwuuﬂummimuuﬂﬂ’hmu‘lﬂﬂ“lu:nu fifdnymzedy
armnmaveyudlunsaaiule m:uﬂ:nu'luuuuauiumsuﬁ"luﬂmmmmmumaﬁw M
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dmduaun1adanumsdsigiiu (Pattem Recognition) FauluaufiRedeesmsumiangy
'unwaunﬂﬁu“lwﬂmﬂuﬂau 9 uawmawannﬁcTa'lﬁmmﬁJunu (Unknown Patterns) 113
"I.unqnmumaﬂﬂuu Iﬂumamwamuﬂswmnu"lmm uAUMSITIAIONYS NuUN13ATIAeio
W3 puNEIUNTITUNNTITU 015T1A3E Vifiaidon n3091UAIE svinsdaduiale
(Electrocardiogram Analysis) Hudu ot lsaaudimamadums gy wiemsvanguiuuy
qunsouyseonIgiumunguing 4 1ud F3n1sdgluyuiBeadd  (Statistical  Pattern
Classification), mwm‘h;ﬂuw'(ﬂumimmmﬁuﬁ'u{ (Syntactic Pattern Classification) wozn1s§th

sluyylaserdulns o1z e miiion (Neural Network-based Pattern Recognition)
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1.2 mm:gmu1mmzﬁgﬂﬂizaaﬂmaanwﬁnm

wisuiitszyndldmqui Tolerant Rough Set (1], [2], 3], 4] (51, [6] Iuanausndaulngjez
ﬁ‘luamwzm"lummmaqnmmwumaﬁ'wmimmsﬂuw ualuszoenae 1A uimaiemay]
aanarudunlse qnﬂ“l‘unmmmamumiﬂﬂmmmumnw Taufimarandniie nowi rough set
ﬂnaanuuunﬂﬁmmmiuuaﬂummﬂqmﬂm (Vagueness) voadoya'ld wenmniude1ding
Wanmgu i rough set pan ldnnawany muuqﬂﬂsvmﬂwaﬂﬂﬂmaiﬂmmsmﬂm'muﬂtymmu
mwﬂamﬂsaﬂuewwa'Lﬂﬂuwu Taonialunquifiianm Taold rough set ﬁ'luwugmuu'laun
tolerant rough set 3 oronaiddhmquiiieudialmifided

o o o
aussuifuaumstiuemaed tolerant rough set 111 sEynAlFAUAUNIEAINNTIATY

2 l'
suuyy 3 lufd Iderdoyadagnus ny 43 @2 (oA iuAa A) g ulussnysiunun ldiiiudeyalu

N
o

nsAnaou (train) LATNAADVITUL Iﬂuswuumﬂwuiuam“ Suiv nu.uaaﬂmﬂu 3 AIUNAN 9




' “ o { A e {o o o =1 o v 1 4 1 a ¥
Tapdaud 1 vzdludugaimiidasonyseanilud 4 udadd 18 daud 2 Taoludaudi 2 e
9

FINMIMIAUANYUTIALYDIAISATUY uazdugaiy (@i 3) Aen13ouidan tolerant rough

set

1.3 Tagilsvasnveslnsamsive

® Wofny1 Tolerant Rough Sets
o ioruanalumailszynAlFanu Tolerant Rough Sets

o ioviannszuumsdtidasnysaInglauld Tolerant Rough Sets

é y v
1.4 Yseloyrinmadies1asy
y o v
o nwdifeatumsszgndlFan Tolerant Rough Sets
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2IN15AN Fiaannlsmiu q ayﬂionamwmﬂumiﬁumﬂ (Information) mmnuau"lﬂmuuu Taw

o

ﬂ%ﬂfi’l’ﬂﬂ’.l"l’]ﬂﬂﬂluﬁﬂﬂuﬂu ﬂ'}’Jﬂﬂmﬁ"IUHUﬂﬁﬁumﬂ‘ﬂU‘i‘iU'lUf]ﬂlﬂﬂ‘HﬂlﬂlﬂilluI,}‘illﬂu fiu

L]

1 v
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‘lunqyﬁsMwmua:Tnﬁumﬁﬂﬂwnasﬂs:ﬂau'lﬂf’fwszuuv"'ﬁuf]uﬁalmummﬂmmmi’
(Knowledge representation) EJQ: 293Uy ‘M’uﬁ seyUa1s aune (Information System) LATITUVUNII
AAdY (Decision System)

2.1.1 STVUAIIAHINA

5¥UVAIAUINA (Information System) ﬂaiwuummﬁmmm? (Knowledge) 'lwuwugm'nﬁﬂ
Taazsenev Iddun1nu iR (attribute values) TﬂﬂiuUUﬁ’liﬁumﬁﬂﬂﬂ d1eu A=(U, A) Tao U i
SugairanaziiouFniiuiuoy’ (nonempty, finite  set & ol i9s B un “monanduring”
(universe) 1T A a0 aa ez anFniluninuaula (atributes) Fafsmauiiniveu
udazae A wihulandu au—V, lao v, oudlulra e aA1v04 a (3N “¥23904 a” (range of a) Ty
LAAY element YOI universe il“’gﬂﬁﬂﬂ’l'l’lﬂﬂ (objects) °lui.,,mesﬁumﬂuﬁ]vmwuwauaﬂmmmq
iy Wiinsua viensdnay mﬂmimﬂuuﬂgmmu:ﬂui’ﬂnuu q uatlszmsle dwaaalilu
an51aft 2.1 Hazasei 2.2 wiiuAI801998T VUM TTUNA Tﬂmmﬂuwunnsnuuﬁ waziinsiam

udnymz 3 Y32n13A0 color, price UAT speed
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Color(a,) Price (a,) Speed (a,)
X, Black Cheap Slow
X, Black Cheap Slow
Xy Green Cheap Fast
X, White Expensive Slow
A White Affordable Slow
. Red Expensive Fast
X, Red Expensive Fast

2.1.2 S2UUMIAATH

= o

LUUMIAATHU (Decision system) flozdl BRI TTUIMA UAVZUANA 1A
assfesinuanyuzeq2 Jsgiamluszvuaiind ﬁaﬂmﬁnymsﬁhﬂm@au% (Condition Attributes)
oz AuANYMTNIAAAY (Decision Attributes)

mﬂ"lﬂnanmumwmmﬂuiwwmsﬁumﬂuanmﬂugnmmw uAiiieiimsuonyizian
wafmq‘lus nuiﬂuwwmaﬂtg paEinIIMIMuAMIMANEUY Fafasinnisuendszianlay
Nwmmmuuimmﬂn nmm‘lwivuumiﬁumﬂuuﬂmmﬂuixwmiﬁﬂﬁu (Decision System)

iﬂﬂmfﬂ1nﬂm1wms~uumsmﬁu (Decision system) Ao szuUMIAAdY (Decision system)
A=(U, A, {d}) ApseuusaumATinudnymy (Atributes) "lﬂnmmuwnaﬂmﬂu 2 nguitla
Rontiostu Tavgadnume 2 nguasnanldun audnumzidonly A (Condition Attribute As)Ua

AudnumzAAdY d (Decision Attributes ) 110 AN{d)=D

081990352V IARTY (Decision System) 18uaaqldlumsian 2.3



M13197 2.3 F19E198TTUUMIAATU (Decision system) yossruumsanmeluaiei 2.2

Color (a,) Price (a,) Speed (a,) Manufacturer (d)
X, Black Cheap Slow Lada
X, Black Cheap Slow Lada
X, Green Cheap Fast Volvo
X, White Expensive Slow Volvo
Xq White Affordable Slow Volvo
X, Red Expensive Fast Ferrari
X, Red Expensive Fast Porsche

2.2 ANUAAIBNUVBIING

2
ma'lﬂm'ﬂumﬂﬂa YOUIAVDITDYD ('mq) Tuszuunda “lwwau%vﬂanmmmumww

ar

ingluszuy 1111]‘3'5?11’]?1{']?1'1\1 9 114‘3S'U‘Ui)“’lﬂ"lQ?ﬂﬂ“ﬂﬂuﬂﬂlﬁﬂyﬂl”ﬂllﬂﬂﬂﬂﬂu Hag wmvm

q q

¥
o

pudnyuzimilouiu 'Iﬂums'smﬂ'nmmnmwaamq“lmv'uuuuﬂ.,ummmﬂmaﬂym“ (attributes)
vastagiiiundn viaitludoyalunisuonues smsRansmdeuiusznvingluse yusuiiloann

mﬂmnnummgﬂumﬂmmuu (Tﬂuw‘lummtﬂwsqmqmw Lhifianumileunuian) 1zqn

L]
= o o

2 yn Indiscernibility TAoANUFURU UL “Indiscemnibility” { s lauson asaeannduing
ponluFUITALDY 9 maﬂﬂﬁmnmmmmmmnu Tﬂu“luumawmwuuwuﬁm%mﬂufﬂq%m
AUIMIBUAY M3 D finuduRU ALY “Indiscernibility” TﬁU‘mﬂ1ﬂﬂ1ﬂﬂlﬁﬂﬂﬁl“ﬂ1ﬂmﬂﬂuﬂﬂi

LAz AURU B Indiscermnibility ﬁmmmﬁmu'\.ﬁ'ﬁaﬁ W A = (U, A) Juszuumsauma v 9
FUIFAVDIN1AUANYUY (Attributes) ¥ BCA 98 A UAAMUFNN LT oy (Equivalent relation)
IND,(B) mm"lihz QﬂL‘iUﬂ'ﬂ “AUTUNUT $1Y Indiscernibility” (indiscernibility relation) Taw

adauiussananerasanmua 1 il

INDA(B) = {(x; x,)€ U | VaeB(~discerns(a, a(x), a(x)))} 2.1)
TaoWafia discerns amnsativinId il

discerns(a, a(x), a(x)) = (a(x) #a(x;) (2.2)

o - ' o @ '

Tay o nuDanIUANYUL (Attributes) 1A a(x) ‘Huwmwmmmﬂmangm:‘uanﬂn x, 921471
llu')ﬂﬂﬂlﬂﬂﬂ'ﬂﬂﬁuwu'ﬁllﬂuqﬂﬂ'lu'ﬁﬂI.l‘lNllUﬂﬂﬂﬂ'l'ilﬁﬂm‘]iﬁ‘llﬂ@ﬂ’lﬂﬂlﬁﬂﬂﬁl” B "IN BCA Tl'ﬂﬂ'ﬁ
tﬁﬂmsmjuwﬂmﬂmﬂnwﬁ'uﬁmﬂﬂmﬂuwmrwammwim TﬂUnﬁuwnﬂmuﬂazwmauuuﬂw‘lu

1 o U o 1 1 4 = J )
ansautaion 1880 Taveduifioamgudanumz luwa B LATIARL YA DUNARYUIINAITUAULA




[l
L=

Qs w o = 1 [ & 1 i 1 A
ONAWTUNNT azqmsumncﬁmmﬂawmuﬁuu (set of Equivalent Classes) FuyAvoInguNINUNGY

e

Yo

(Equivalent Classes) sz ansatio laaad

WA= (U, A) duszyumsaumd wazl BCA sldn dmiuxeUlaq wld

[x]s= {y €V | (x y) € INDAB)} (2.3)

é 1 4 1 =) 1 ' U I
470'l1) Equivalent Classes 192Qni3un71 Object Classes w30 (5unp0ned1n 9 31 AW (classes)

o

a . a a Y1 w & v Y o ¢
Tauf Equivalent Classes finasnmsldmnuanyuy B ¥ BCA Tunssautamendy 1sdgyanyal

aQ

at

iJu E® = U/IND,(B) “lu'utum Equivalent Classes Y43 VU3 ATUNA ¥30 U/IND,(A) wildganyal
W E uazuna Equlvalent Class an3nion 18wl gugil (Elementary Set) Favzsznoudu
lﬂuﬂqwmmmwuwugm (basic granule of knowledge) lﬂU’JﬂUl‘ﬂﬂlBﬂﬂ‘W’duW'ﬂ'ﬁ
Juyrensdidgydunisudangudeya  (data classxﬁcatmn)mﬂﬂ"a‘ﬁn1ﬂ1u‘iﬂuuuﬂjﬂs‘l
A duRUEIUY indiscornible relation ANTNATT 2.1 HiB 2.2 ¥l azaanin Anhudsiigious
Huaneaulunssannumilenvesdoyaunumuns 2.1 uas 2.2 '[ﬂunmannmmuawm"lwn
Yugniond1 Anuimilew (Similarity) Wit arudurius hudnuaediFond Tolerant relation

e é 1
mﬂmimnmaammanwuﬁ‘luanumw Tolerant uuﬂﬂ‘i"ﬂﬂﬂ”&ﬂﬂiuan‘iU')ﬁﬂ"lNﬁﬂ'l

o a &
qmaﬂvwzwﬂmuu'lﬂmnmuuuwmmms (Knowledge) 'lu'uam-umnuaum'lﬁ"lmﬂmmmuﬁm

Ay ndnTasioifovexiuiagii r1ﬂﬂlﬂﬂ‘ﬂﬂlwuﬂﬂﬂN.lﬂ'il"lﬂ’lﬂﬂﬂu 9 1unau°lu-uauwm
aﬂuiu"lﬂnaq'lunquuuumm
fnmmﬂan'ummsLﬁuaﬂaﬂmsumueammnmm"lximiuauc‘ﬁqmmﬁmmmﬁﬂ
(Uncertainty in measuring) 1JU#u &1 Tavmnvzdamamnnnmal§iua (msda Sludu) dlundn
auduWuT ludnYue Tolerant Relation “nnnﬁm#uuw‘lmmauummmnﬂnwﬁuw'nﬁ U
ﬁan&ummﬁuﬁummurmummmuu (Equivalent Relation) AT0A1N13 3.3 &3t uanduius
Tudnyae Tolerant relation & e fumsinausavesingdaiinnundiag x moluvouwaiidimua
Tawvaly similarity class 909 x 9ziFuuumudin RG) 3ev:tsvnou Widuravesingdaiinam

aduadenuing x AANNS
R(x)={ye V:yRx} (2.4)

aw .: st [ 9 o ] a oA

Taslunuisoiz 1955 msdamanuadiolasldmsdnszormanuugaainuu (Euclidean Distance)
ci ' a A - ' ai nv; g‘ J v

TauNszozMIUUYATIALY Aoszuzvifiduiigaszninagadeagaly space Tavawrsouansld

4
aame i




° v =] aaw
fmuald x(x, X, Xy, o X,) 102 Y0V Yo Yoo oY, Lﬂuﬁ]ﬂ‘l’l AR (X, Xyy Xy -oer X,) UOE (¥, Y,

Yy -.y,) AMWAIAY 110 Euclidean distance € szenunsodna Idauaums 3.5)

6= (G =3 + (=92 +ot (5 =) 2.5)

ne

ﬂ’nnﬁnwuﬂuanymw Tolerant relation 1 § mﬁnumumm (Symmetric) HaY ﬂiufmwnms
aznouU (reflexive) uaee lufigaauiAn1sdanIu (ransitive) wnl453MaRe 2 wuy (indiscernibility
Relation 1A% Tolerant Relation) dand1adreduiuiag x o2 lavosiagas hinunsausnuoaiiy
adwé"u'lﬁ'uaﬂmn X Tmmﬁuﬁmmf\"ﬂumwaﬁmﬂui:wmﬁﬁummﬂuw‘a"n Slunadwimileunu
wag Taon143513901 Indiscemibility Relation m"lﬁ’nfiuﬂuaﬁﬂm?a"lﬂmmmmimun"lﬁ’ 5NN
Ay Equivalent Classes Tﬂﬂmma"ﬂquw"lmnmmmnu (disjoint) uawmauﬂaumwmaﬂnw
Suyvint U uaniniduisnisued Tolerant Relation Naawﬁﬂ'lmmMﬂumsﬁiwnan (class) 4
ﬂmuﬂauﬁ’mmaﬂnwﬁuwmwummﬂu LR zuANATIAsIUARZAGN (class) vuszRouileary
(not be disjoint) Suauildnarmudainuduius ludnuwe Tolerant Relation S lid qaoanid
M3eaE (ransitive) NA1IAB TAg x, Brumiounuing x, wazng x, D1milouduing x, uAiag x,
prumilounie lumilounuing xjn"lﬁ'muuwuwnmnmwauﬂnnwﬂumawnqn (class) 1ag
AUUANATAYDY Equivalent Class ﬁqnﬂ%'Nﬁu’[ﬂummﬁ'uﬁuﬁ"luﬁnyﬂx: tolerant relation LAY

. Y -
auduwusuuyliieisiswen (ndiscemible Relation) wusztanalugii 2.1

(M)
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31]11 2.1 ANUUANAINTENINNGH (classes) 1AIAQITUTAIAILYATIN UV
() 35M3UVY Indiscernibility Relation

() 35N151UY Tolerant Relation

2.3 ﬂ'ammunmmmwz‘lmzuumsﬁﬂ%u

. 1 1 o - ] v o o v a
qﬁ'lﬁ’ﬂamJ11&511’1’139’1’14'11%1111nJuTﬂ'ln”m}zuuwmmnnwauwnwms:uums aadu
Y [ 1 d
(Decision system) 09 Aty Equwalent Class 8619910 ) Tﬂumﬂﬂﬁ'wmqmanym" A uaeonalsnawlu
na1w q N3l mwmmmwnmmsm"m Equivalent Class & siimiRuITip9RY Decision Attributes

o s

niee19na12189119 Decision  Attributes s ldinan s UL enI¥A onnndurinteenilu
- a ag TS 4
Equivalent Classes Tau classes ﬂlﬂﬂﬂ'lﬂﬂ‘imuilzgﬂﬁﬂﬂ'n Decision Classes Nﬁﬂ;ﬁﬂﬂﬂll‘lﬁju X uazdl

ga3 vieaumsAsil

X;={x eV | dx)=1i} (2.6)

- o

Taona 9 "lﬂma“lwwmmmwmu q aulumsuonuezing mmnﬂnimmmﬂﬁtmnﬂ'nﬁu
Taomguanuuzgndaliegauazngu uazlunguf Rough sets 9 wumnqmsmmumun

Indeterminism %30 Inconsistency YD Decision System UA% Ta Uﬂ 121 ee IS TRPELE

. . w
Indeterminism/Determinism 1G¥ﬂ~1u

v 1
ﬁmu&éﬂﬁ Decision System A = (U, A, {d}) WU Deterministic (o

for all E; € UINDA(A), there exists an X; € UINDa({d}) such that E; € X; 2.7
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Sruonmilelen 2.7) udazndn 18zt Indeterministic &334 Decision System A =
(U, A, {d}) 9¢ Indeterministic mﬂﬂng Equivalence Class E, "INE € U/IND,(A) mldleawise
mJ'quunﬂﬁ.,anmwwvmwﬁnm"lﬂ"lﬂ ﬁquumumsﬂmximimvﬂm'Jmmmmulu'lﬂ'lﬁ"lumi
UL IAQAIN 9 Taniuaaa uAADULIRAYDA generalized decision mmtﬂuﬂanwm"mwmm
9IMIAATAU (decision value) d M3 ﬂan'um’mn (object class) Tau generalized decision uumumu

& M3 Decision System A = (U, A, {d}) uas¥ui5A B FududuirausIve uTAMIRUANYUL

(attributes) BC A wld

aa(xg) = {V € Vd I Elxj = [JCj]B A d(Xj) = V} (28)

14
tasTavaums (2.8) Hezsaeliauninfdvua Determinism TuiMeuYD4 generalized decision
- I N i o ' 2 -
14 Tauh Decision System 1@ ) 9% Deterministic nAoIile lSA(x)| =1 dmiuyam x B3 x € U liasy
o 1 . gl AP, & .é n.d o
Jodunmin Decision System A’ = (U, A, {0,}) MU Deterministic Fajuvzyh Itamnsaudasszuy

A dj
Decision System a9 i1 szUVLUY Indeterministic 193 ZULIUY Deterministic 18

2.4 pIRUMIMNUVBINVIHA

Juriadei srnanasmanaunyldnseuseamguijsMian (Rough Sets Framework) (e 1%
fﬂll‘]iﬂi]ﬂﬂ’l‘iﬂUﬂ‘Tluﬂﬁmﬂ56'lJB~!'UﬂUﬂ ¥30 LUIAA (vague concept)

Smualissuumsaumd A=, A) WX C U Juwavesing B C A Whuaayean
audnyay uaz 14 equivalent classes fiRaduilu building blocks waziinmsznouduiuen Y Taf
y C U Taoiidhwminoveamssznousa Y do1v ¥ = X uaz 19 building blocks §aAn9n equivalent
classes E° = U/IND,(B) o Junsad x iamnsadmualfedudasulaoldian E° Aoz 1dns
Yszanaura X 1a o1¥1wa 2 139 %iﬁ‘lﬁl’h Lower Approximation 492 Upper Approximation YDA X
Tauin Lower Approximation 1A% Upper Approximation émmi nﬁmuﬂ'lﬁﬁaﬁ

Smuaszuumsauma A = U, A), WX C U Huwaueaing uez BC A I.‘ﬂul“liﬁﬂﬂﬂﬂ'l
ﬂmaﬂuwmnmaﬂ w14 B- Lower Approximation BX  tas B-Upper Approximation BX v03 X '-‘IN

Roaiiestumguanyuziu B fail

BX ={xe V:[xlsc X} 2.9)
BX ={xe U:[xlsn XD} (2.10)

da0 18 uwn BY vhuihuralgugil (Elementary set) Fanualu U Fedaldndumagy

il (Elementary set) ¥83 X A20 TaumsmeunFnuowllgugil (Elementary Set) udaziaiuey 19
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nudnyaziuwn B Fuilusavosiiqudnues) Fadernamnsoionisaii 14 B-positive region
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PRINTED THAI CHARACTER RECOGNITION
USING TOLERANT ROUGH SETS

Watjanapong Kasemsiri' and Somsak Mitatha®

Computer Engineering Department, Faculty of Engineering,

King Mongkut's Institute of Technology Ladkrabang, Bangkok, Thailand.

ABSTRACT

This paper proposed the method of using the Tolerant Rough Sets for recognition of Printed

Thai characters. In our work the inputted images are se

gmented into 36 pieces and then find the

percentage of black pixels in each section. Following this, we use the resulting 36 values as the
attributes for each given object. Then we find the center of each class by averaging the attributes of the
characters of the same type. The inputted data that have less distance to the class center than threshold
value will be the member of that class. The classes which have only one type of character as its

member are considered Lower Approximation se
many character types are Upper Approximation sets.

and this proposed system's accuracy is 92.79%.

ts, the others classes which its members consist of
The samples used in this work are 7040 characters

KEYWORDS: Character Recognition, Rough Sets, Tolerant Rough Sets.

1. INTRODUCTION

The equivalent classes in classical
Rough Sets represent the "Equivalence" relation
between objects which means objects in
equivalent classes must have the same
interested attributed. But in real world objects
of the same type may not have exactly same
attributes. The attempt to handle this problem is
to use similarity relation instead of equivalence
relation.

In this paper, we apply the tolerant
Rough Sets to the application of printed Thai
characters recognition. We measure the
similarity between a class representation and
inputted data by using Euclidean distant.

2. CLASSICAL ROUGH SETS

In this section we will introduce the
principle notions of Rough Sets Theory.

2.1 Information System

By an information system S, we mean
that S= {U, A, V}, where U isa finite set of
object, U = {X, X2, X3, «- Xa}, A is a finite set
of attributes which further classified into
disjointed condition attributes C and decision
attributes D, A = CUD.

V=UV, a€A (4]
V, is the domain of attribute.

! email: kkwatjan@kmitl.ac.th
2 email: kmsomsak@kmitl.ac.th

F is an information function
f[iUXA=V )

Equation (2) - assigning the value of
an attribute for every object x € U and every
attribute a € A.

Each subset of attributes B € A define
an equivalence relation called an
indiscernibility relation, denoted IN D(B) as
follows:

IND(B) = {(x.y) EU X U:f(x,a) =
f(y,a),for every a € B 3)

We say that x and y are indiscernible by the set
of attributes B in 8 if f(x) = f(y) for every

a € B. One can check that IND(B) is an
equivalence relation set in S. Elementary sets
are called atoms of S. Information system Sis
selective if all atoms in S are one element set,
i.e., and A is identifier relation.

2.2 Approximation Space

For the information system S = {U, A,
V} and every subset IN D(B) c A generates an
equivalence relation on U. An order pair
AS = (U,IND(B)) is called an approximation
space. For any element of x; of U the equivalent
class of x; in relation to IND(B) is represented
as U/IND(B). Equivalence class of IND(B)
are called elementary sets in AS because they
represent the smallest discernible groups of
objects.




Any finite union of elementary sets in
AS is called a definable set in AS

With every x ¢ Uand B € A, we
associate two sets defined as follows:

BX ={y € U/INDB)IY €X} (4

BX is the union of all elementary sets,
each of which is contained by X for any
x; € BX. It can be certainly classified that x;
belong to X, employing the B set of attributes.
And.

BX ={y € U/IND(B)IY nX # ¢} (5)

BX is the union of elementary sets,
each of which has a non-empty intersection
with X. For any x; € BX, we can only say that
x; can be possibly classified as elements of X,
using attributes of B.

BX — BX is called the B-doubtful
region of B in (U,B). for any x; € U if x;is in
BX — BX, it is impossible to determine that X;
belong to X based on the B set of attributes.

BX = BX is called an B-exact set,
otherwise it is called B-rough (with respect to
B)

3. TOLERANT ROUGH SETS

As mention earlier, the objects in real
world may not have exactly the same attributes
because of uncertainty in measuring and
imprecision of data. This model of Rough Sets
is developed in attempt to handle that problem.

The Tolerant Rough Sets utilize the
similarity or tolerance relation instead of
equivalence relation as used in classical Rough
Sets.

The similarity relation does not
partition the universe U, instead it is used to
identify a set of object which are similar to
some object x. The similarity class of x,
denoted R(x), consists of the set of objects
which are similar to x:

R(x) = {y € U:yRx} (6)

This relation is reflective and
symmetric, but not transitive. As the relation is
not transitive, object x, may be similar to object
X, and object x, may be similar to object X3,
without x, similar to x;. This means that there
will be overlap between the classes. The
different between the classes created by using
equivalence relation and the class that created
by using similarity relation is shown in Fig. 1.

ISEEC-2008, Nongkhai, Dec. 15-16, 2008 32

® ® ®
® ®
® ® @
@ ®
[ N ..
e ® |® ®
® ® ®®
(a)
\‘ ’l \“ "'
FeTmeal e RS bl’ \"'\r"’
' o v
e Y T
., p===at '
. >, Tt ¥l Ya fomm
4 LRGN AN s ‘
LN [ ; 7
L SN, R
Y v T~ ’/"“;\
oty | e 1'\ ! 7 N
b < ' ""'---% Y
o8 LN e A TR
\ \ ® ' @® ==
o %
! \ \ T

Fig 1. Different between the classes created
using equivalence relation (a) and similarity
relation (b)

4. SYSTEM OVERVIEW

The system in this work consists of 3
main steps as follow:

Input

v

Preprocessing

v

Find Attributes

v

Tolerant Rough Sets

v

Results

Fig. 2. System's structure

4.1 Preprocessing

After we read the scanned images, we
use median filter (with the windows size of
3x3) for removing noise from the character
images.



4.2 Attributes Finding

We divide the character image into 36
pieces (Fig. 3). After that we find the
percentage of black color pixel in each piece.
We use this black color pixel percentage of
each piece to form an attribute set of each
character image.

Al A2 A} Ad AS) A6
A7 A8 A9 AlO All Al2
Al Al4 AlS Al6 Al7 AlB
Al9 A0 A2l A2 A2} A24
A28 A6 A27 A28 A9 A0
AN A2 A3l A34 AdS A36

Fig. 3. Character image division.

4.3 Tolerant Rough Sets

We find the class center by averaging
the attributes of character of the same type.
After that we calculating Euclidean distance
between that sample and the class centers. The
sample will be classified into the class that has
the smallest Euclidean distant.

The classes, which its members are of
only one type of character, are considered as
lower approximation (BX). The classes that
contain members which are not the same
character type are considered as upper
approximation (BX).

For the upper approximation classes,
we have to find another set of attributes to
classify their member. In our work we will crop
only the major different part of the character

(Fig. 4.)

5. THE EXPERIMENT AND
RESULTS

In our experiments the learning set
consists of 2112 printed Thai Characters of 4
fonts and 4 sizes. The unknowns used in this
experiment are 7040 Thai characters of 4 fonts
and 4 sizes. All of the above are printed with
HP LaserJet 6P and scanned with HP ScanJet
6100c in black and white mode. There are 44
classes created, 11 of which are lower
approximation class, another 33 are upper
approximation class. The example of inputted
characters are shown in Fig. 5.
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Only this parts to
be used

Fig. 4. An example of the character image to be
used to classify the character in the upper
approximation class

ay U U U
e 1) €161
o1 <21 1) 1

7220

Fig. 5. Example of system's input

The results of our experiments are as
follow:

Table 1. The result of the system

Detail of the unknown | Percent of accuracy
2112 characters 99.81%
(learning set)
7040 characters 92.79%
(testing set)

6. CONCLUSION

From the experiment, we can conclude
that the tolerant relation can handle the problem
of classifying data of the same type that slightly
different from each other (in this case the
percentage of black pixel in each piece of the
character images)

The major problem of the experiment
is concerned about the orientation of the
character's images which is sometimes shift left
or shift right. This problem can be eliminated if
we use the appropriate features.
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