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In several keyword extraction systems based on semantic determination, the extracted keywords
are selected from many candidates having similar meanings as ones in the knowledge base. To
use only term similarity is limited because two candidates can be related without being similar.
Keywords may not be considered only synonym but also antonym, hypernym and hyponym.
Using term relatedness for considering candidates from a document can disclose more keywords
than term similarity. In this research, we use three features as synonym (its similarity), hypernym
(its generality) and hyponym (its particularity) formed as term relatedness for extracting
keywords. Moreover, in previous researches, they used term relatedness level to extract a
keyword. This judgment is limited to a single part-of-speech such as a pair of nouns or a pair of
verbs. Since, each term has several senses of meaning; two related terms may be ignored if they
are considered in different senses. Therefore, we need to know exactly which sense of term is
considered. In this research, we use sentence-level relatedness determination instead of term
relatedness to extract keywords. By using sentence-based relatedness, each sense of term can be
known by its function in the sentence. Therefore, this research proposes a sentence relatedness
measurement for determining keywords that can provide additional keywords. We experiment
the proposed measurement to 100 technical papers from IEICE and ACM transactions in domain
of computer science and engineering. The performance of the keyword extraction system is
significantly improved.

Keywords— keyword extraction, synonym, hypernym, hyponym
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2.1.2 WordNet
2.1.3 Knowledge Representation
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ANUHVIYALINY
A as < v 4 gy ! o A g
iiesnndsamaiiugiudoyananyniuda 1asiuswanuneas 9 voaiaiiy
4 [ [ Jd A 1 o
Noun, Verb, Adjective 118 Adverb tazaysaryon TeanNNaNRUTFIANUHINITENIIM
1 09/’ ad % A o w 4 [ 1 4
Tunnuan 9 1daseunqy saunadsawagnitauazimsmumdniedenoiioauds
o % o 0911 o a o 2. Aad
gt Falszneu lldredeyavesdmanuailszana 90,000 #1 “ATeliTuaenly 135a

I Y = )=} A o 1 v o J
mmﬂugmmmﬂumnﬂifJ‘lJmﬂmwamuammmmmﬁuwu‘ﬁ



File Histarp  Options Help

Search Woard: Imatch

Searches for match:  Moun | Werb Senges

The noun match has P senses (first 4 from tagged texts)

L. (4 103687183} <noun.artifact= match#l, luciferd#s, friction match#l -- (lghter consisting of a thin piece of
wood or cardboard tipped with combustible chemical; ignites with friction; "he always carries matches to
light his pipe"; "as long you've a lucifer to Hght your fag™)

2. (1 107368771 <noun event> match#2 -- (3 formal contest in which two or more persons or teatms
Compete)

[3. (13 {03657728) =noun artifact> match2#3 -- (a burning piece of wood or cardboard, "if you drop a match
1 there the whole place will explode")

4. (1 103687557} <noun.artifact> match1#, mate#s -- (an exact duplicate; "when a match 15 found an entry
iz made in the notebook™

5 (13421747 <noun. quantity> match#s -- (the score needed to win a match)

|6, (09755058} <noun person= catch#3, matchl# -- (a person regarded as a good matrimordal prospect)
[7. (09489113} <noun person= peerdtl, equal#l, maich#7, compeer#] -- (3 person who is of equal standing
with another in a group)

8 {07380610% <noun. group> couplel#, mates#l, match#8 -- (a pair of people who live together; "a married
couple from Chicago™

0 {05625692) <noun cognition> match#? -- (something that resembles or harrnondizes with, "that tie makes a
good match with your jacket™)

|The werb rmatch has 10 senses (first & from tagged texds)

LUy (02631898} <verb. stativer match#l, fitd#, correspond#l, checles#9, jibedl, gibedl, tallyl, agres#s
-- (be cotmpatible, similar or consistent, coincide in their characteristics; "The two stories don't agree it many
details"; "The handwriting checks with the signature on the check"; "The suspect's fingerprints don't match
those on the gun")

H [y d o
519 2.2 A0 IMIUTAINAVDIITAUADINNITAUNIATI “match”

UG

2.1.3 nmmummi’ (Knowledge Representation)
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A1AQYYDINTIITINNNAAADAINITOO V1N THIFITUYIA (Natural  Language) 90011 11
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1. Concept Nodes UNUAIY muaﬂymgﬂﬁmﬁau Fe9TUAA Entities, Actions LIQg
. 2 o .
Attributes %34 2 Attributes
I @ A Y
- Type 21 UAIVDN class DI element NUNUAY concept
1< @ {
- Referent i]$L“JJu@]'J‘]JE]ﬂﬂ’J13JmW1$Hﬂ$ﬂ\NIfN class ﬁ@jﬂé}NIﬂﬂ node
v W 4 v o J
2. Conceptual Relation Nodes LNUAIE ﬁﬂgaﬂymgﬂuﬂan UTANANUTUNUD
FEHIN Concept node Ta8 Attributes Y94 Relation Nodes 923 2 Attributes A®
< o o 4 v .
- Valence 31T UAILONTIUIUVDY concept Nogin €] relation

U

- Type HAAIANINEIVOIVDIRIT WD 1 subject, attribute, 1i0& object

cat chaze rroUse

gﬂ‘ﬁ 2.3 HAAIAIDENS Conceptual Graphs

Glugﬂﬁ 2.2 @AY conceptual graph vosUszTon “Tom is chasing a brown mouse”
: A [ a
U52N0UAIY 3 concepts 1Az 2 relations Feawsnlenluguumsuaainai lidlunsiiln

9

Taeatl

[cat: Tom]<-{Agnt)=-[chase]-=(Ptnt)-=[mouse]-=(Attr)-=[brown]

31N 2.4 1aAIAIDENA Conceptual Graphs

namavesgnas lugAmuunaasdalszsn (Subject) 1azN354 (Object) YBIAIIY

A Y} . g A A

(N8IUDY (Relation)  concept [cat: Tom] (HUconcept MANIZI1Z9UD Type cat Tuvmzn

S| . = 9 . 1T A

[chase] oY [mouse] 1y generic concept AIUNYIVDY (Attr) VDN attribute VYD mouse NN
brown

[ =) [ & A o @ 9 Aa a 9 A
waﬂmiﬂﬂmuwummﬂﬂﬂumﬂ%ﬂs11/\|mewmﬂiumnmummg ADNIILTAN

{ 1 v 4 o w aszl . 7 [ ! o
ﬂ’J"IﬂJLﬁEJ’J"]SJjﬂﬂixﬂ’JNﬂQNﬂlﬂﬂi’)ﬂﬂﬂi%ﬂﬂiJmJiJEﬂﬂ'Uﬁllu (Type hierarchy) ¥anNIFAINAIINI
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o A . o J s
Tiansninenuantiamsdunea  (Inheritance) W1szgnald nanfvesndszneunil
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I 4 £ A wvAa 4 09/’ dy
11 Subtype ¥9I03AYIENDUNLN o dzAUNOARUETVIAVOIDIAYIZNOUIY 9 UBNIINT
wanmsveansidinnuaa lagmi Il luszuvauduauaisauma  (Montes-y-Gomez,
Lopezs-Lopez, and Gelbukh, A., 2000) (Montes-y-Gomez, Lopezs-Lopez, Gelbukh, and Baeza-
Yates, 2001) lagodovianmsifTouneunuse1ia19n5 1wl (Graph Matching)

A A a , o

W11 IFInNuAREITaLEAIdIULTZNOY (concept) Tuilsz Ton 51

v o J 1 :;’ Aav 3. Aa a

wanenNuduiusvesdulsznenlullseTominudls  luanuddeiidalsnsvizannuaalu

MIunuANNNevedlse lon

Y

av A A A
2.2 1UIDEYOU c'| NINEIVOI
2.2.1 MafSaumsurimaNuwio T InNNRINE

Resnik (1995) a2 Jiang and Conrath (1997) EUBLUIAANAINZUAIUNUY

[

o a Y o Y} § & o o :
wﬁauﬂuuummaawmamﬂ@i]1ﬂmmmﬁauﬂumawammﬁgﬁammmmmchfN Gd]ﬁ
Y
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an No & Y A Y Y o v o o Ay v
’J‘ﬁﬂﬁL!iﬂl,‘]JuG]ENll’ﬁiN§1uﬂ’ﬂngﬂaﬂﬂl’0y’aﬂﬂﬂﬂﬂi (Corpus) Lmzwamimmmﬂ@mz
d? % 9 A v 9 v W vy
IUDY mmmmzmauﬁamiu AAIVDUAAIDNYT (Corpus) f28
Leacock and Chodorow (1998) Lauamiﬁwmmmmmmmﬁauﬁumqmmwma
o o ] J o 3 { qu { @ ] ad
Y0IR1 lAUAIUINDINTZUL 1 19T 1 I19A 1 (Synset) mﬁmﬁﬁuﬁ’qﬂiﬂﬂmﬁﬂﬂiwwiumﬂ

a v o
leIﬂ&lW%ﬁﬂHﬂﬂMﬁﬂJWHﬁ!Lﬂﬂ “is-a”

vehicle
motor wehicle craft
mototcar watercraft
cat boat

Y ad [
3UM 2.5 EAIITEZHIIITHIN “car” UAZ “boat” TuIATINLATAUAMAY 6
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2.2.2 ﬂ15!‘]J5EJ‘]Jﬂlﬂ'iJﬁ]ﬂ]ﬂ?]ﬁﬁﬂlwuﬁl‘lﬁﬂi1ﬂ‘ﬁu1ﬂ

o J v o da @ ]
Hist and St-Ong (1998) AuIMMmIANNFUNUEFIANUYNIEIagod Iasevieluy

ad a o Qal’ { a Y o
LITAUURA %$Wi]1§m1i]1u’3uﬂ‘i\1€llﬂ\‘]ﬂﬁlﬂaEJ‘I!‘VIﬁ‘VINﬂJ?NLETH“V]N ﬁqmiumimmm ﬁf]

Rel (c, c¢2) = C—pathlength—k *d 2.1
Taei d Suassvesmsdasunanialy path,
C uag kumaan

: Y v o Jdaa usj Y
Fudunmennuduiusnnasaiuylseneudie Synonym,  Hyponym, Hypernym llag

A 9 o w 1 v o I 1o
Holonym T@ﬂ%i}ﬂﬂﬂ'ﬂhﬁiﬂﬂﬂl&ungﬂuuummﬁuwuwmmu

A o v o a
Banerjee and Pederson (2003) tau035MIfmuUIUMIANNAUHYS IUFIANUHNIEVOA
o & o o % v o & a o o og/'
M lalszgna 151N Lesk (1986) aaziudmaudsanaludwila (gloss) voading
{ @ o 1 ad [ 1
dosilounu (overlap) Taeldnnmdulanag Tnseeludsamaiugiunnug uaazves
o d' | = o o =) = o dl a 1 A % o
set voanwlanaznlseumen TasmsiuerdmamsnlSeumsummnadaogmieuiulum

o A & o A Y = = g/} 1 o ]
uavesiniu Hyponym tiag Hypernym U0dA191A09M3iUTouneuniae s mmuia

Relatedness(A,B) = score(gloss(A), gloss(B))+ score(hype(A),hype(B))+ (2.2)
score(hypo(A),hypo(B))+ score(hype(A), gloss(B)) +
score(gloss(A), hype(B))

uﬂﬂmﬂﬁgﬁﬁﬂ1ﬂﬁl§}1ﬁﬁ’ﬂﬁHJﬂ’JHJEﬂ’ﬁl’fN’Jﬁﬁﬂﬁﬂ;]ﬁj’JEl Wy 1U5nga “bank”
miouuazldazuundly 1 Tuvagivsingfin “bank account” miloufuaziuuiildaz
dhu 27 i 4 Sludu

Strube and Ponzetto (2006) 1@UBATNT WikiRelate IagldndnmsiReaiuniy Lesk
(1986) Taeldulavsemiiomvesmly Wikipedia  Fauflunauynsumussnguuuy
pou T lumssnnaumaniudniug luFnnumng Tassuaihmsuam

4
v Jdo

@ vy ' Y . . = = o A A 1
ﬂ’ﬂiJf;’fﬁJWl!‘ﬁuu%]%Gl%‘U@ﬂ’ﬂiJmﬂﬂ@ﬁunlﬁﬂiu Wikipedia 1Uﬂ151ﬂiﬂﬂlﬂﬂﬂﬂ1ﬂﬁi‘lﬂ®§
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9 Y v
midlounuiudims liihmin awanuenvendnlsinguufeint Banerjee and Pederson

9
o @

(2003) Taglgaslumsmuiaumanuauiusacl

Related . (1,1,) = tanh (overlap(t,t,) / length(t,) + length(t,)) (2.3)
& d' = = ~ Y v o 1 1% @ &Y Yy a o Aad
FaienfSeumeunan lanumsmuiammanuduinusou Tasldiewvoidinnds ame
[ H [ o A ad
UsinghIvwananimsledriiemanisaun
o [ % Y] 4 % Y]
Zhang, Sun, Wang, and Bai, (2005) ¥ auemsiannuduiusvedss leasuive
=) = [ 1 o a 1 1% o 4
A3 laemslTeumeumaNUANRLS s nurevedlszlon  AnNuaURUTIY
o 1 v o J o o o 1
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-17-



d' U wAa Y o o a
UNN 3 §$‘U‘l.l'(’)ﬂi‘l—ﬁdﬂﬂﬂﬂ]ﬂ1ﬁ1ﬂﬂg!‘lﬁx‘iﬂ'ﬂuﬁu1ﬂ

=

dy 1 = 9 [ va 9 o o w a 9Y o d!
Gll!‘U‘I/Iu%zf‘lﬁnﬂﬁjﬂiﬁﬁiNﬂl’eN'i%‘]J‘]Ji’]G]I‘LlM@ﬂuﬁWﬂTﬁTﬂﬂJﬂWﬁﬂ’ﬂMWNWﬂulﬂu”llffuﬂ N
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ﬁ'"lﬂJ"Iiflf’gljuﬁTﬂ"lfﬂﬂiyﬁ]"lﬂl,ﬂﬂﬁ”lihl@g]} 2 AaNHUSAD mﬂtmmgiugﬂmm%mmuunn uag
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Scanned document
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Optical
Character

recognition — Semantic- —

- — based —

i m— Keyword _
@ Web Content / Tt Extraction Keyword list

Extraction

A [ va Y o o w Aa Yo ) o 9 o o w yq ¥
eszuude Tudadumsdnydnnumne ldsuenasdmsudummdvgandld nez
o = ' qgj Y 9 ] A
mmsmssuenasmaniuldegluzlvesenaisdonin Tagiunszuiums (1) msdon
£ . ¥ A g Y < A
MWIZLIBY1 (Web Content Extraction) 81t0nansitnuududenanuuudy #5e aszuiums
o W w . .. { 3 { ]
(2) M3331920NY5 (Optical Character Recognition) auena1sMdmnuilu Hard copy #i 1Ak
A 4 g ) c: Y oy Yy !
MIALAUIINATEINTIING A WedeyarignulauiwendsdeanuiSeusoouda nzgnda
Whiansguaums  (3)  mssummdinylaeldanumuie  (Semantic-based  Keyword

. =& o Ay Y < o o w qgj o dy
Extraction) "INNaaW‘ﬁV]]lﬂﬁlglﬂu518ﬂ15sll@Qﬂ1ﬁ’]ﬂﬂul€u@\uﬁlﬂﬁ1§uu IﬂﬂﬂWﬁTﬂﬂJlﬁﬂWU

Y
ﬂ"IﬂWiJWEJ’Jﬁ]%fIﬂ’J"IﬂJWﬂJ"IEJﬁ@ﬂﬂé}?Nﬁ}‘]_llﬁﬂﬁ"liﬂﬂi?mﬂ]@ﬂmﬂﬁﬁ
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(1) M31ADNAWIZIDH (Web Content Extraction)

(% ' = =)

o A o 1 ] I
Tuilogiu enensidrAgagaansagnisenduduld Tasiumanionio TasTusunsuiu

US1UH05 (Web Browser) #uonaistmaniudiuluajizeglugiues HTML (Hyper Text

&£ 9 @ I o 1
Mark-up Language) ¥4152nouae uovihe (tag) NNWY AaUAAUTUAIDINAINAITI 3.1

m3191 3.1 Meensveaavihanldluniludeyallszion HTML

Tag Description DTD
<l--...--> Defines a comment STF
<!DOCTYPE> Defines the document type STF
<abbr> Defines an abbreviation STF
<acronym> Defines an acronym STF
<applet> Defines an applet TF

<area> Defines an area inside an image map STF
<basefont> Defines a base font TF

<bdo> Defines the direction of text display STF
<blockguote> Defines a long quotation STF
<body> Defines the body element STF
I<br> Inserts a single line break STF
<caption> Defines a table caption STF
<center> Defines centered text TF

<colgroup> Defines groups of table columns STF
<div> Defines a section in a document STF
<dl> Defines a definition list STF
i<dt> Defines a definition term STF
<font> Defines text font, size, and color TF

<h1l> to <h6> Defines header 1 to header 6 STF
<head> Defines information about the document STF
<hr> Defines a horizontal rule STF
<map> Defines an image map STF
<menu> Defines a menu list TF

<object> Defines an embedded object STF
<p> Defines a paragraph STF
<gq> Defines a short quotation STF
<script> Defines a script STF
<select> Defines a selectable list STF
<small> Defines small text STF
<span> Defines a section in a document STF
<style> Defines a style definition STF
<table> Defines a table STF
<tbody> Defines a table body STF
<td> Defines a table cell STF
<textarea> Defines a text area STF
<tfoot> Defines a table footer STF
<th> Defines a table header STF
<thead> Defines a table header STF
<title> Defines the document title STF
<tr> Defines a table row STF
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oA MUAIU (Text file)

?2) ﬂﬁiﬁ]ﬁ’sﬁﬂﬁi (Optical Character Recognition)

Tunsaimenarssudneglugives Hard  Copy nszuumsfiezimhilumsutag
A Y o Yo o o
wnasheglugvesnmldiluenaisdonny  TasazldnannisvesisndrdnusuuTamn

{ N v 79 ¥a { v
ANNd nIzuaumsilalszgnaldisnsves (Chey, C. et al. 2006) Naonly Wavelet

o w

. [<f a ] 1 v o
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VUADUUANU
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1L il
| Pre-processing | | Fre-processing
11 1l

‘ Time Dm TAEITN N

1l !

Wavelet Diesciptor ‘ Wavelet Dezcnptor

| Tine Domitin |

Cocfficients Cnefficients
11 1L
e e S o S|
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11 I

M_l_l LIEEALIOYY | tmtput
Distance Lo

‘IJ‘ﬁ 3.2 muﬂaumsimmanm (Optical Character Recognition)
=~ =2 Yo o w % Yo Y
E’]J‘I/] 3.2 L!ﬁﬂ\‘li‘l\iLLNHﬂWW%ﬂQiZUUEﬂW@?@ﬂHi ﬂig‘QﬂﬁﬂJ'ﬁnﬂﬂ'li?’i]'lﬂTH1&%%51@61%

Wavelet Descriptor (Percival, D. B. and Walden, A. T.: 2000) maé’mmmﬁammgﬂ ¥A
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v Py 1 A [ a . £ o 9

damnu I3 ugdnuvvesnundsuesdullsz@niued Wavelet Descriptor FIf1UIUUININTDYA

Usznniennsodan lanieTugiawnar (Temporal Data) YoLAAZAIONHITVOIYAVDING

= A 1 v W ] o Y 9 d? < ° = = o o a =
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] v
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(2) MIAUDINHULIAUUYBINIDNYS (Feature Extraction)
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vonu 19z (Sowa, LF.: 1984) nswliseanudaa iunsilatia Bipartite N1senon’ly
v A . . = = v
aeTua 2 dszianie Conceptual Entity 15iZ Conceptual Relation qﬁlﬂﬂ 3.5 LA 1%

A NuAaLNUANNYNBUD9 52 Ton “The dog scratches its ear with its paw”

23



@ scratch ear

paw | @ [dog:*X
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1521an “The dog scratches its ear with its paw”
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Yoyaieglunseumuasuizonin Concept Node Heaziiud Tavhidunariionnazidu A
o A A o v & Y] A =~ ' . £ <
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Domain
Knowledge
| Base - -
Keyword ;D ‘“‘. Domain ID
Keywor . Parent

$$2:2§; T . Right-sibling
i —__DomainiD _ °
Domainiin Ty ko

Domain Category

Keyword Meaning 1211
/ 121 (Software)
121 1 1212 (System Software)

oot 0
Speech Transcription
Application Software ADDIIC&IUOH Software
Broadcast [computer]<(agnt) 2111
i o <[hear]>(obj)> 211 (Journalist )
keyword [voice]>(owner)> 2112 | (Newspaper)
Table [human]. "y P
[computer]<({agnt) omain
<[write]>(obj)>{text]> Table
(dest)=[screen).
2111 ]
Bmadc_ast

[function]=(owner)>
[human]=(propose)>
[transcribe]>(obj)>
[news].

"domain-keyword"
Table

(n)
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Operating| | Image
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Domain
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Table) Az MINNGUYDIUBNES (Domain Table) FeeoAnaDINU I WUDINGUIONEATT TU
~ @ 1 A o o w Y A A o o o A
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3. dUUeIMSAIMId NS HAY (Initial Keyword Extraction)
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[ Knowledge Base Construction ‘

Initial keyphrase extraction

I
3 ¥ ¥ ¥

[ sqL | | suite | [ Testsuite | | ontine
=, | squTest | [ soLTestsuite |
[

|
Rank and then find their descriptions. |

1. A program in a functional programming language consists
of a set of (possibly recursive) function definitions and a
data structure whose value is output as the programs result;

g

Text to Knowledge Representation |

i ot
Functional — m -
Programming [anguage agnt —
|, obj Data Structure

a %

317 3.7 nanM YL IMIAIMAAYIINAY (Initial Keyword Extraction)
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Y A o

v '
NIUHINNAYEIR (Part-of-speech) MNtNIZAAoNMMIzAIN agluswnmsvesd
. a < = ' qﬂ: = ~ 1Y
nya (Stop-word list) gasNunUIMY Wnna My Iﬂﬂ!ﬂiﬂﬂmﬂﬂﬂ‘ugﬂlm‘ﬂﬂlﬂﬂ
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“SQL”, “Test”, “Suite”, “Test Suite”, “SQL Test” 11ag “SQL Test Suite” (AIAI10813 11
a o dy A dd‘ 9 o d' 3 1 o dgl [ u’/j

1 3.7) MUl smdenuIaNlszneuAleduRIAa 2 Aaull Auriu “Test

I o o w A ) o

Suite”, “SQL Test” 1Az “SQL Test Suite” dzgmdoniumdnauiudu dmsy

. qg// ] A Y A 1y v o o
“Online” HUNTHNIADNAIY Luﬂﬂﬁnﬂhlll“]f@uﬂﬂﬂﬂﬂﬂﬂ

Dacument r/_
l Heyword conditions
| Pre-processing | & keyaord is composed from 1-3 words,
l l A kessniord k2 not too general in meaning.
Title Cont ent A, keyovord should not be contained in other
l l -< keyanors .
Moun phrase Keyword patterns
selection
PCP PCR2+N
! ! N i
2 A+ A+PCP1+N
Initial Candidate BAPCP1 A+PCP24N
keyword P+ A+
M+PCF1 P+ P+ 1
PCP1+M PCP2+R+M

d' ad o v v A a2
E‘IJTI 3.8 ImMimnIuaataanUINla

v
o w a

A Y
1t (1) 1519z ladd Ay suduesnnainenats Tuduaeuil azdueInNureveLaaz
o o w Y o I Yo o w A 9 ' I3
Mdingeonun udwanuly gruanuiddiny meldauluszezae i anuninevesd
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9, v ~ A

d‘ a o 1 d’ ] d‘do o [ Y] :/' 1
gy Nazyluanddel fe dszleanas Negluenas nimdrylsnged aaiu dm

Y

mwf‘fammaeﬂmﬁﬂzgﬂdwuﬁm%ﬁdﬁumumﬁﬁ'?ngmmmg (Knowledge Generating)
Taeld fdday Aldnndeii (1) Fudrddumisvessy Toamaniu iy sz Teaiiag
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Tumsuasiiiua  (Conversion Rules) dansnliFennudadldn deliiFendit nswl
ANUYINY  (Semantic Graph) 33mslumsudasaniszleanmwdengy Wy a3l

ANuMINg dauaaelugilin 3.9
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Rules 1
l candidate
Loc| Word Syntactic | Furmnu | Past-od-
L !_.___._ _ﬂﬂlﬂ!l 1 : Spum:m|
1] 06 |  whiisd ﬁUN w
2 | comrels | maimiad g+ FMAINY A [
(3| the _ det>5 | OOW> | oM | DET
@ |computer|  atmsh | @As | MW M
| 5 [ wystem |tz | eom | s N ] 7 {11 peajwl) =M e« PROM and pos{w2) = ¥ then
: — ] I = arefgl) = wl
=3 ' « reb{g) = “agnt”
= dt{gl} = wl
e (3] Eonvertmg dpmmmnlp-  Conversion '< {2) 1 pos{wi) = ¥ and pos{wZ) = N or PRON then
2 B 1 Rules «srefgl) = wl
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- o o B e GO e OB e dyabem « dat{gl} = w2

| e
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operating
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4. @MVBIMIAIMAAYNINEITOUTINNNYMGY  (Semantic-Relatedness Keyword

Extraction)
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o 1 1 9 o Ay ¥ o 9 vy o o
(3) ﬂ1@‘LL51NW'5E)3J?13”|3JmJ”|EJVIWimm“1@%]1ﬂ6uuﬁﬂwllNuufﬂzgﬂmWﬂﬂhﬂll&@ﬂﬂﬂﬁm

o 1

ANUMoUAUNIANUNINY (Semantic Similarity Scoring) m@miﬂﬂﬁﬂzuuuqmﬂw
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Candidate: LINUX

1. Linux is a computer operating system and its 1. Linux j-m=is-a-= system
kernel. 2. systerm->a@ttr> pperating

2.1t iz one of the most prominent examples of free N
softevare and of open-source development: unlike 3. pperating 1--attn->computer;

proprietary operating systems such a2 Windowes and 4. dinux-=is-a->Kerneh
Wac 0%, all of itz underlying source code iz available
tothe public and aryone can freely use, modify, and

redistribute it
Keyword: UNIX
1. Unix or UMIX iz & computer operating system 1. [Unix]->{is-a)->[system]
nriginallyldevglnped inthe 1980;:._ . 2. [system]-={attr)->[operating]
2 oty s orders e piie oo | | 3 Ioperatingl>(att) {comptert

other commercial vendors, & well 55 several non-
profit organizations.

‘IJﬁ 3.10 ﬂi]ﬂﬂ?]ﬂl‘ﬁu"lﬂﬁlli’)ﬂﬂ1ﬂ1ﬂﬂl “UNIX” uaz ﬂ"lﬂ!!sllxi “LINUX”
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\ STARTING \ |
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H 3
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in graph
Y matching X b,

T

@ Themaximum @ The maximum
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[t |-
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(%) 2 — E
-1 o
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filtering & e &
= 2 -1
- o o
=\ - .
RELATED
KEYPHRASE 1 2 3 4 5 6 1 2 3
Keyphrase sentence Keyphrase sub-graph

Sentence matching matrix Graph matching matrix
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-29-



' 4 1 09/’ <
Usinged 2 Uszlen wazloruduaoumsulaadunsanuwmends azlansl
9
ANUNINBNINNA 4 N3
amanuvInevesmdfy 3 navl uaz ATANUMIEYRIAIRUY4 AT FTgN
o = ~ [ ~ =\ = A A d'do a J ~ £
wfFeumevawaadlugdi 3.1 manfSeumeuisun Tua ANWIUARNINAGA ¥
k4 1
i5on71 Core Node vosnadosths msnlseufieaziifiaznsmldos dailsznoulidqe 2
. & g Y ° A
Concept node 8¢ 1 Conceptual Relation node %aueyaluluailsznouais a1 (word) ¥
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WeordNet
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5. @IUVDINIVNLFIUANNIMEATY (Knowledge Expansion)
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knowledge base
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Semantic =
Srapls Knowledge
Base
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1 4
Tas Knowledge Base Arranging #99215D1/3902519M9 3 a1s19vesgiuanug uadunegn

[
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ﬂ”l“l’il!ﬂll’ll,!,ﬁ’l izumzm3Jmwwzmummmmwmamﬂﬂ Tﬂﬂ%ﬂsuﬂqqm‘ww AT NN

Y
a Wﬁtfg (Keyword Table) 11U

4. Self-update Knowledge Base 4. Self-update Knowledge Base
Knowledge base is
Cycle#2 updated from

nowledge base is
document content

K
Cycle#!  constructed from
document title

tite—=IATBIC] f : tite——=-{A[BC] f
{ A B c { A B c
content - content
. / B - / { p || E
4 | - ol ? ¥
/ 7 ,/_.f
Semanli.:matching | /// Semantic matching /,//
D E —
(M) ‘v

4. Self-update Knowledge Base

Knowledge base is
Cycle#3 | pdated from
document content

tite ——=-[A[B[C],

content 7
' / .[ D E F
. R + +

Semantic matching .

PR /
F —

Q)]
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In Khmer printed characters, same character has various shapes according to the fonts
and some characters are very similar in shape. In this paper we try to solve these prob-
lems, and propose a method of Khmer printed character recognition by using Wavelet
Descriptors. In the recognition, firstly the Khmer printed character images are con-
verted to skeleton forms, then skeletons of Khmer character are converted to temporal
domain. The templates are obtained by wavelet coefficients from the character training
set. To match the input characters with templates, the character recognition method
using deformable wavelet descriptor is adapted by using fixed template and Euclidean
distance classifier for matching. The smallest distance is the recognition result of the
proposed method. As a result, the deformation can be skipped because it might get low
recognition rate of similar characters. The experiment consists of two parts. The first
part is to evaluate the overall recognition rate of input characters with three different
sizes (22-point, 18-point and 12-point) from 10 different fonts of Khmer printed charac-
ter. Twenty styles of characters are used as the training set. The results show 92.85,
91.66, and 89.27 percent for 22-point, 18-point, and 12-point respectively. The second
part is to specifically evaluate the system, testing with one document that has 21 pages
of Khmer printed character with different resolutions from a scanner and facsimile (fax).
The document is initially printed with 300 dpi (dots per inch), then scanned with three
different resolutions, 600 dpi, 300 dpi and 150 dpi. The document that received from
fax machine is scanned by 300dpi. The results show 92.99, 88.61, and 80.05 percent
recognition rate for 300, 150 dpi resolutions, and input from fax respectively.

Keywords: Optical Character Recognition; Wavelet Descriptor; Deformable Template
Matching; Template Matching.

1. Introduction

Optical Character recognition (OCR) becomes more and more important in the
modern world. This technology enables the use of a pen device as a keyboard and,
thus, reduces the need for a bulky keyboard as standard equipment in palm (short
note) computing devices. On-line hand writing character recognition is also impor-
tant as a means of data entry for those that do not wish to type on the keyboard,
for whatever their reason may be. For postal system, OCR can fasten the process of
address classification by finding the zip code and separating the mail into different
distribution piles for each destination. Also hard copies and many old books are
needed to represent in electronic form that need OCR machine or OCR software
package for converting. It also plays important role in many applications such as the
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information retrieval system, knowledge-base-updating system, and e-library. How-
ever, an OCR can not be applied into all languages. There are many researches that
proposed the methods for optical character recognition (OCR) system in different
languages. These methods can be categorized into two groups, including statistical
classification [°, ], and template matching [*, 2, 3, 4],

In the first group, Kijsirikul, Sinthupinyo and Supanwansa [3] proposed Thai printed
recognition using combination inductive logic programming with back propagation
neural network (BNN). They present a new approach that combines two learn-
ing algorithms that are Inductive Logic Programming (ILP) and Back Propagation
Neural Network (BNN). The results show high recognition rate with time consum-
ing. Thammano and Ruxpakawon [®] proposed an approach to recognize the Thai
printed characters using the hybrid of global feature, local feature, fuzzy member-
ship function and neural network. The methods in this group give high recognition
rate, but they require much more computation time.

For the second group in template matching approach, in general, a pre-processed
image of an input character is matched with the templates representing some kind
characters’ features. Then, the input image is recognized as the character whose
template match the image the most. There are two kinds of templates, fixed tem-
plate and deformable template. The following two researches use the fixed tem-
plates. Liao and Lu ['] proposed a method for Chinese character recognition by
using moment functions as the features of the template for recognizing Chinese
characters, especially for characters that very similar in shapes. Euclidean distance
classifier is used to classify all Chinese characters. The results show those features
can represent all Chinese characters reasonably well, especially for Legendre mo-
ment. The methods mentioned above work well with the fixed fonts, they do not
work well for the OCR system with various forms of inputs such as printed charac-
ters with many fonts and handwritten characters. Chiang, Liao, Lu and Pawlak [?]
proposed a method for Chinese character recognition, especially for the characters
closed in shapes, using Gegenbauer Moments as the features of the Chinese char-
acters. The results show that Gegenbauer Moment-based features extracted from
each Chinese character can represent all Chinese characters reasonably well. The
Gegenbauer moment with smaller values of parameter would provide more recog-
nition power to the recognition system. The methods mentioned above work well
with the fixed fonts, they do not work well for the OCR system with various forms
of inputs such as printed characters with many fonts and handwritten characters.
The deformable template is more appropriate for such inputs. For the deformable
template,Phaopanus, Arunrungrusmi and Chamnongthai [4] proposed deformable
wavelet descriptors for the Thai handwritten character recognition. In the recog-
nition, contour of Thai characters are utilized to determine template in term of
temporal domain. Then, range of deformation is obtained by standard deviation
of Wavelet descriptor coefficients from characters training set. To fit the templates
with input characters, all templates are deformed to obtain the best fit by deter-
mining deformation range. The best fit of each character template is represented
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Fig. 2. a sample of four Similar Characters Fig. 3. a sample of same character from four different

fonts

by score, and the character template with highest score is the recognition result.
The recognition rate is high. However, the character that is closed in shapes is
misclassified in some cases and takes much computation time. This paper proposes
a method for Khmer printed character recognition by using wavelet descriptor in
order to increase the accuracy rate and decrease the computation time. The authors
try to solve the problems of different characters in similar shapes, and same char-
acters in varied-shape fonts in order to increase the accuracy and simultaneously
decrease the computation time.

2. Problem Analysis and Basic Idea

Khmer language that is daily used in Cambodia is one of the old languages and
has a set of unique characters as shown in Fig. 1. Nowadays, there are around 30
fonts used in the Khmer language. Some different characters are similar in shapes
as shown in Fig. 2, and same characters from different fonts vary according to font
types as shown in Fig. 3.

Although languages have common features, each language possesses unique features.
Like other languages, there are many printed fonts for the Khmer character. From
those characters and fonts, some different characters are similar in shape as shown
in Fig. 2. On the other hand, some characters have varied-shape fonts as shown in
Fig. 3. These are causes of recognition errors.

The flesh of similar characters are very close in shapes as shown in Fig. 2, and
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the flesh of same characters from different fonts are different according to the fonts.
However, the skeletons of the similar characters are differentiated as shown in Fig.
4, Fig. 5, Fig. 6 and Fig. 7, and the skeletons of the same characters from different
fonts are mostly same as shown in Fig. 8, Fig. 9, Fig. 10 and Fig. 11.

Since same characters from different fonts are varied, it makes the features of
same characters varied. Some characters are very similar in shapes, it causes con-
fusion with other characters. When we analyze them into skeleton form, we found
that different characters in similar fonts are obviously able to differentiate as sam-
ples shown in Fig. 4-6, and same characters in shape-varied fonts are simultaneously
recognized as the same result as shown in Fig. 7-11. The skeletonization technique
is used to normalize the shapes of the characters. Wavelet descriptor uses the ba-
sic functions with local support and multiscale dilation, thus it can model local
features as well as global ones. These make system flexible for the template, and
robust against changes. Normally, information exists in the low frequency ranges||.
At the same time, most of the methods would cut the signals in the high frequency
range because they are usually noises. Therefore, Wavelet descriptor coeflicient at
the low frequency range is used as the feature extraction of all characters. The pro-
posed method uses fixed template and Euclidean distance classifier as the matching
scores instead in order to reduce the computation time. The reason is that, in most
cases, the relative Euclidean distance should represent the relative correlation. In
other words, if we compare the Euclidean distance of two templates from an input,
the template with shorter distance would give a higher correlation score.

3. Proposed Method

In Fig. 12, a common setup of proposed method is illustrated. The first step in the
process is to digitize the analog document using an optical scanner or digital camera.
The extracted characters may then be preprocessed to facilitate the extraction of
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features in the next step. The identity of each symbol is found by comparing the
extracted features with descriptions of the character classes obtained through a
previous learning phase. Finally the recognition process is used to recognize all
characters.

3.1. System

Fig. 13 shows the system block diagram of Khmer character recognition. The set of
characters called training set is used to construct the templates storing in terms of
the means values of wavelet descriptor coefficients from their temporal data. During
the running time, an input image is pre-processed and converted to the temporal
domain, then, to wavelet coefficients. It is matched with all the templates using the
Euclidean distances classifier. They find distance between input and every template
then compare all distances. The smallest distance is classified to be the output of
proposed method. The proposed method is separated into three parts,including
Preprocessing, Feature extraction, and Classification process.
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3.2. Pre-Processing

In the pre-processing, we extract gray scale from character images obtained from
scanner, then convert it into binary images by using thresholding. All the intensity
values above the threshold intensity are converted to one high intensity value, repre-
senting black. All intensity values below the threshold are converted to another low
intensity value representing white. The binary character images, then, are trans-
formed to skeletonization form, applying the thinning algorithm to normalize the
shape of the characters.

3.2.1. Binarization

In this paper, we assumed that the document does not have high noise content, in
which case the image can be binarized directly. Fig. 14 shows a set of 33 Khmer
consonants, representing in gray scale image. Fig. 15 is the character mages,
representing in binary images that converted from gray scale image from Fig. 14.

3.2.2. Thinning

The skeleton image is usually smaller than its original image. With thinning algo-
rithm, it not only increases the speed of recognition, but also improves the perfor-
mance of recognition. Skeletonization is the process of peeling off of a pattern as
many pixels as possible without affecting the general shape of the pattern. In other
words, after pixels have been peeled off, the pattern should still be recognized. The
obtained skeleton must have the following properties:

- as thin as possible

- connected

- centered

When these properties are satisfied, the algorithm must stop. A number of
thinning algorithms have been proposed and are being used. The most common
used algorithm is the classical Hilditch algorithm [*]. A simple algorithm is used
for thinning images [°, '°]. The algorithm makes two passes: one pass on the actual
image and another pass over intermediate images, which are constructed from the
original image during the first pass. The result after the two passes decides if a
pixel is to be removed to get the skeleton of the object of interest.

The thinning algorithm works as follows. Fig. 16 shows an input image on
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which the thinning algorithm is to be applied. Each box represents a pixel. Fig. 17
shows a 3x3 mask that is used to move over the input image during the first pass
and then on the intermediate image during the second pass. The center of the mask
is positioned on the pixel of interest during the scanning process and the numbered
boxes represent the corresponding neighbor pixels. The pixel of interest, shown as
"o", is marked for deletion when all the following conditions are satisfied. These
conditions are checked only for a "dark pixel”.

- If the number of neighboring ’dark pixels’ of "0” is between 2 and 6.

- If the number of transitions from ’bright pixel’ to 'dark pixel’ in the order
shown is one.

- If the logical function P1.P3.P5 = 0 and also P3.P5.P7 = 0, as shown by the
darkened portions of the masks in the Fig. 19 and Fig. 20. These conditions are
repeated for each pixel in the image as it is scanned. The intermediate result is
an image, which consists of pixels that are marked for deletion and other pixels
that are left as in the original input image. The second pass is performed on this
intermediate image and now the conditions of deletion on the pixel are as follows:

- If the number of neighboring 'dark pixels’ of "0” is between 2 and 6.
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Fig. 23. original image Fig. 24. original image after Fig. 25. thinned image
Thresholding
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- If the number of transitions from 'bright pixel’ to "dark pixel” in the order
shown is one.

- If the logical function P1.P3.P7 = 0 and also P1.P5.P7 = 0, as shown by the
darkened portions of the masks in fig. 21 and fig. 22. As mentioned above, the
pixel is deleted only when all the conditions are satisfied. Some results using this
thinning algorithm are shown in fig. 25. It is evident from these results that input
characters have been reduced to one-pixel width.

3.3. Feature Extraction

Feature extraction is the most important part in character recognition because fea-
tures are main keys for recognizing unknown characters. The objective of feature
extraction is to capture the essential characteristics of the characters, and it is
generally accepted that this is one of the most difficult problems of pattern recog-
nition. [n our method, the characters after spatial domain are converted to wavelet
descriptor coefficients, are called feature extractions.

3.3.1. Temporal Domain

First, we convert all of skeleton characters into temporal domain as reference pattern
of each character. Then, the training character sets of Khmer printed characters are
performed in the same way. In temporal domain, we want to extract only the wanted
objects and remove the unwanted objects. So, the temporal algorithm does not only
increase the speed of recognition, but also improves the performance of recognition.
equation (1) gives the definition of the temporal domain for representing all skeleton
characters. Representing all skeleton characters in temporal domain is giving by

r(t) = /(X () — cg2)? + (Y (8) — cgy)? (1)

where r(t) represents the skeleton characters in temporal domain,
[(X(t),Y(t))] is skeleton characters coordinate in spatial domain,and
[cgz, cgy] is center of mass of the character.

3.3.2. Wavelet Descriptors

Wavelet based approaches become increasingly popular in pattern recognition, and
recently have been applied for character recognition [?, 7, *]. After all skeleton char-
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acters are converted into temporal domain, the skeleton characters of training set in
temporal domain are presented by wavelet descriptor to obtain wavelet coeflicients.
‘Wavelet descriptor uses a set of basic functions with local support and multiscale
dilation, thus, it can model local as well as global features. Wavelet descriptor |7,
1] offers natural multi-resolution representation of the signal. Wavelet decomposes
1-D signal into multi-resolution scales. The wavelet equations are given as seen in
appendix A.

3.4. Matching Process

Recognition techniques based on matching represent each class by a prototype pat-
tern vector. An unknown pattern is assigned to the class to which it is closest in
term of a predefined metric. In this paper, the minimum distance classifier, which,
as its name implies, computes the (Buclidean) distance between unknown and each
of prototype vectors called template, is applied. It chooses the smallest distance
to make a decision. In matching process, firstly, the templates are obtained from
wavelet coefficients of the characters training set. Then, wavelet coefficients of all
input characters are matched with every template. To match the input characters
and template the Euclidean distance classifier is used. We calculate the distance be-
tween input character and the templates. From matching, then, the template that
gives the minimum distance is the output to be classified. The minimum classifier
approach is given as seen in appendix B [1!].

4. Experimental Results

In order to test the efficiency of the proposed algorithm, we test all Khmer char-
acters. Each input character is binarized with "1’ denoting the object and 0" the
background. The input characters are segmented into isolated characters. Twenty
font styles (LIMON S1, LIMON S2, LIMON S3, LIMON S4, LIMON S5, LIMON
S6, LIMON S7, ABC-TEXT-11, ABC-TEXT-12, ABC-TEXT-13, ABC-TEXT-14,
ABC-TEXT-15, ABC-TEXT-16, ABC-TEXT-17, ABC-TEXT-19, ABC-TEXT-20,
Limon 52D, SOVAN 1, TAPROM and EKREACH) are used as training set. For
testing, the first part is to evaluate the overall recognition rate of input characters
with three different sizes (22-point, 18-point and 12-point) from 10 different fonts
(ABC-TEXT-01, ABC-TEXT-02, ABC-TEXT-03, ABC-TEXT-04, ABC-TEXT-
05, ABC-TEXT-60, ABC-TEXT-07, ABC-TEXT-08, ABC-TEXT-09 and ABC-
TEXT-10) of Khmer printed character. The results show 92.85 percent recognition
rate for the 22-point, 91.66 percent recognition rate for the 18-point, and 89.27
percent recognition rate for the 12-point. The second part is to specifically evaluate
the system, testing with one document that has 21 pages from font ABC-TEXT-18
of Khmer printed character with different resolutions from scanner and fax. The
document is printed with 300 dpi (dots per inch) then scanned with three different
resolution, 600 dpi, 300 dpi and 150 dpi. For the document that received from
fax machine is scanned with 300 dpi resolution. The results show 92.99 percent
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recognition rate for 600 dpi resolution, 88.61 percent recognition rate for 300 dpi
resolution, 80.05 percent recognition rate for 150 dpi resolution and 71.68 percent
recognition rate for the input from fax machine. The testing characters are shown
in appendix-A. All the experimental results are shown in Table 1 and Table 2.

5. Discussion

The first experiment, the proposed algorithm can receive high recognition rate. In
this case, we also see that the system has misclassified some characters in some
cases. These misclassifications are probably caused by preprocessing errors. During
converting binary character image to skeleton characters form, some skeleton char-
acters shape could not be obtained as the original one. It loses some parts of the
characters as shown in Fig. 28.

The proposed algorithm also received 92.99 % recognition rate for the input data
scanned with 600 dpi resolution, 88.61% recognition rate for the input data scanned
with 300 dpi resolution, 80.05% recognition rate for the input data scanned with 150
dpi resolution and 71.68% recognition rate for the input data received from the Fax
machine that scanned with 300 dpi resclution. In these cases, we also see that the
system has misclassified some characters in some cases. These are probably caused
by noise that makes some characters not fully connected or maybe make it looks
like other characters. Especially, in case of the input characters from Fax machine
the system has trouble to recognize most of the characters. From experiments, we
realized that the system still has troubles identifying the characters that have low
resolution, such as the input characters from Fax machine. Fig. 29 shows that
some input characters are misclassified with others because some characters are not
fully connected making them looked like other characters. In the case of similar

Table 1: Recognition results of input Images from 10 different fonts scanned by 300
dpi

Font size | Recognition rate
22-point 92.85%
18-point 91.66%
12-point 89.27%
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