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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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File History Options Help

Search \Word: [match

Searches for match:  Moun | Werb Senses

The noun match has 9 senses (first 4 from tagged texts)

1 {4y {03687 183} <noun.artifact> match#l, lucifer#s, friction match#l -- (lighter consisting of a thin piece of
wood or cardboard tipped with combustible chernical; ignites with friction; "he always carries matches to
light hiz pipe"; "as long wou've a lucifer to light your fag™

(2. (1) 107368771 <noun event> match# -- (a formal contest in which two or more persons or teatns
compete)

|3. (13 {03687728} <noun artifact> match2#3 -- (a burning piece of wood or cardboard, "if you drop a match
in there the whole place will explode")

{4, (1) 103687557} <noun.artifact> match 1%, mate#s -- (an exact duplicate; "when a match 1z found an entry
is made in the notebook")

5. (13421727 <noun. quantity> match#5 -- (the score needed to win a ratch)

{6, 109755058} <noun person= catch#3, matchl#6 -- (a person regarded as a good matrimonial prozpect)
[7. [09489113} <noun person> peerdl, equal#l, match#7, compeer#l -- (a person who is of equal standing
with another in a group)

5. {07880610% <noun group= couplel#2, mates#l, match#8 -- (a pair of people who live together; "a married
couple from Chicaga™

0. {05625692% <noun. cognitions match#d -- (something that resembles or harmonizes with, "that tie makes a
good match with your jacket™

|The werb match has 10 senses (first 5 from tagged tests)

LU {02631898) <verb. stative> match#l, fit44#6, correspond#l, checks#9, jibe#l, gibefl, tally#l, agree#3
-- [he compatible, sitnilar or consistent, coincide in their characteristics, "The two stories don't agree in many
details";, "The handwriting checles with the signature on the check";, "The suspect's fingerprints don't match
thoze on the gun")

Y o ad °
i‘l]ﬁ 2.2 ﬂ?@ﬁh\‘iﬂ1'§!!ﬂﬂ\‘iNaﬂlﬂﬂ!)iﬂ!uﬂﬂ‘lﬂﬂ‘liﬂyuﬁ]ﬂTJ"I “match”

U

2.1.3 mssmummi (Knowledge Representation)
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AUAA (Chein et Marie-Laure Mugnier, M.,1992) Anfulae John F. Sowa e ldndluy
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L av v a o .. ) A
(Knowledge Acquisition) °luminﬂmqmuﬂﬂgnunﬂimyg(Amﬁmal Intelligence) ALAUN
AIAYVINTNIFINNINAAADAINITOOFUIUNIHIFITUBIA (Natural  Language) 00031111

v o J a s 3 o 4 '
gﬂuunmaqamaﬂynu%qmiiﬂﬁ1ﬁmiuazvﬂuﬁaﬂa1aTuﬂ15§aﬂ31mwu1833w310ﬂ1y1maq
A s J o 9 A ] a a & 9

ADUWAADTLAZNBIVOINYBE T TR MsTeunuanunuielaglsnsvizinnuaaiiudile

Y o a 9 9 9 a a
1ﬂﬁ18&6$Wﬁquﬂaqﬂiuﬂ15ﬁ1n4ﬂﬂfn%iﬁiiﬂxqﬂ Tumsununnug laglgnsvizaniuna

sznoudie
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o Q 4 Y 4 $
1. Concept Nodes U0 dyyanbaigilanidey #99zuaag Entities, Actions 1Az
. 2 = .
Attributes %94 2 Attributes
I @ A k4
- Type z1luAIVDN class YD element NUNUAY concept
I @ {
- Referent 91 UAIVONANUIRNIZIDIZVIVDI class ﬁgﬂﬁgﬁﬂﬂﬂ node
o [ o o o 4
2. Conceptual Relation Nodes UNUAIY ﬁﬂgaﬂymgﬂaﬂﬂau SUTNANUTUNWUD
FEHIN Concept node Ta# Attributes Y94 Relation Nodes 923 2 Attributes A9
[ @ o 4 1 .
- Valence 31T UAIVONTIUIUVOY concept NoEin €] relation

bl

- Type HAAIANUNEIVOIVBIRINT WD 1 subject, attribute, Li0% object

cat chase rmouse

311 2.3 uaAeAI9E13 Conceptual Graphs

Glugﬂﬁ 2.2 AN conceptual graph voeuszlon “Tom is chasing a brown mouse”
% : 1 g a
Us52nNoUAIY 3 concepts 1Az 2 relations Feamsnleuluglunumsuaasnai lidunsiiln

9

Tadatl

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

ﬂﬁ 2.4 UAAINIENT Conceptual Graphs

a Y =< . .
NeMmaveagnas luglaiuunaanalsgsiu (Subject) 1azNI5N (Object) VDIAY
09709 (Relation)  concept [cat: Tom] F1concept TRMIZI9LIWBI Type cat Iuvmiei
[chase] t1ag [mouse] uJu generic concept ﬂ’JWiJLﬁEJ’JGUEN (Attr) UDN attribute VDY mouse NN
brown
@ =S 1 & A o W 9 a a 9 A
nanmyonauniandiny lumslsnsldnnuaalumsunuanyg  Aemsuaag
. ' 1 4 o w QSJ‘ . @ Y 1 o
AMNNYITDITENINNGNUDIDIAUTZNOUUUUAIA LI (Type hierarchy) WANMIAINE1IH
o A . L ' J {
Ifawnsoruenuaniamsdunen  (Inheritance) 111352gnAld  nafesInlsznounil

[

@ ~ 1S J A o £ ' A A
anvazmmIziFeni1lu Subtype vodpIAlseneunlanyaznlUsu5end1 Supertype 99
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171 Subtype ¥p903AYIENBUKTN ) drAUNOARUAVIAvOIDIAYIZTRDLIY 9 UBNIINI
vanmsvewnsisnnuaa ldgni 14 luszuuanuduAuasaums  (Montes-y-Gomez,
Lopezs-Lopez, and Gelbukh, A., 2000) (Montes-y-Gomez, Lopezs-Lopez, Gelbukh, and Baeza-
Yates, 2001) TagoidonannmsiTeunounuse1i119n519 (Graph Matching)

A A a \ o

He9Inns1iFInNuAREIuITaLaaIaINUsENoU (concept) TuYse Ton 5IumY

v o J 1 Z Ao 2. Aa Aa

wansnNuduiusvesaulsznenlullseTomindrs  Tuauddeiifalsnsvizannuaalu

MsunuANNNEvelse lon

Y

au A aa
2.2 1UIUDU q NYIVB
2.2.1 fn5!ﬂ%ﬂ‘ﬂ!ﬁﬂ‘ﬂ‘ﬁ1?‘1?!'3131!113?91!!%\1?13111‘}13118

Resnik (1995) 1182 Jiang and Conrath (1997) l@UOLUIAATIRINEUANUHNY

Y 1 Y Y 1
midaumniuasoiasan ldananumieuiuveenNuNT 011V IMNIA09 34

E4
~

an o & Y A Y Y o 9 v W ° Ay va
Fdmstisuiudesdiaduguanuiadedoyaddnuys (Corpus) taznamsmuIni ldnoe
d?’ Y 9 A v 9 v o 9
Yuegnuvataztayani 1y AdsloyadI1dnys (Corpus) AY
Leacock and Chodorow (1998) 1@19M3AIUIUNIAIANUHLDUAUNINANUHINGY
o o 1 1 o OBJ} { Qle § (% 1 ad
Y9I IABMIUINIINTLHZHIIENINAT (Synset) MaapIndunga lnsordeInsanislunsa

e TagNTanANUFUNUTULY “is-a”

wehicle
motor vehicle craft
motorcar watercraft
car boat

H Aad [y
51N 2.5 HAAITTHZHIITZHI “car” 1AL “boat” JuIATIVIMIFAUANINY 6

U
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2.2.2 ManfSeumaumaaNNETNNUEIT I NN

Hist and St-Ong (1998) fuiamaANNFuUTIFInNurelaseds Tasavieluy

ad a o :/l { a 9 o
ITALURN i]%‘Wiﬂim1ﬂ1u]uﬂﬁﬁmﬂﬂﬂ1i!ﬂ§ﬂuﬂﬁﬂ1\‘16U’ENL’LTH‘V]N ﬁqm“lumﬁmmm ﬁ’f]

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

: v o Jdaa 3
FoFUNRANVFURUTANNTUTUY5EAPUAY  Synonym,  Hyponym, Hypernym i@z

d' 9 o w 1 [ o S 1w
Holonym Taghaz Iianudiagy luudazzluuuanuduiusnminy

a o (YR L a

Banerjee and Pederson (2003) IUBITNIAUIUMIANNAURUT IIFIANUNNEVOA
o < J [ : v o % a o o 3
Aaa1dszgnaldnannsves Lesk (1986) Faaziivdwandsanaluduala (gloss) vosdna

{ o ° v ad < '

aeaiilounu (overlap) Tavldanudwilanas Tnssreludsamaiiiugiunnug uavzves

) d' =) s o ) = = o d' a 1 A [ o
set. vodwlanvznlseuiisy lasmsiuerdimamsnlseunsumanadnegmieunulud

o A o Ay = = & ' o '
uilavesmimilu Hyponym 1ag Hypernym ¥03/191A0301301)3 1ifionadoansmauinn

o o

J Y v dy
UNUDINIY AU

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))

Lo A 9/2} o ad 9 ' oA « Y
wonnniidaimsImihminawanuenvenanilingaie  wu  UsnngMi “bank
Y] I { o 1 o 1
midounuvz ldazuumiu 1 Tuvazfilsingdiin “bank account” milounuazunun lave

I LY I
Wu 27wy 4 dudu
Strube and Ponzetto (2006) 1aU®ITMI WikiRelate Iaaldranms@einuny Lesk
Yo A o a o . . £ g o
(1986) Taglwmwmilansomilomvesdly Wikipedia  FUTUNIUIYATUMBIBINO B
o o 1 [} [} L a o § ) o 1
pou Tasl lumsmuIumAANUFURUT LB NuINeY TasAwlaniinnaivam

v o o’z JyY ] 9 . . =~ ~ o A A ]
mmanwuﬁumﬂwammmﬂﬂawumifﬂ,u Wikipedia 1uﬂ1ilﬂiﬂﬂmﬂﬂﬂ1ﬂﬁﬂﬁﬂg
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9 Y v
milounutiuiims ldihmin awanuevednlsingeuAedny Banerjee and Pederson

E4
o A

(2003) Taglgaslumsanmarmanuduiusa
Related ,, (1,1, = tanh (overlap(t,t,) /length(t) + length(t,)) (2.3)

d! d' =i =1 d' Y o o 1 % Y] J o Y a o ad
FaienSsumeunan lanumsmuiamamanuduiusou Tagldieuve iininis ane
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Tagaanudusiusvosm luilszToa A nudselen B Anszezriaszrialulsylon A M
o 42 4 2 R ' v o Ae A o a
Mmludszlon B aduiiga  dalumsdanmamiszeeiiaseninsndungaivoziasan

9
v o J ad Y (%
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o Y] Y] 4 [ . .
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R L ' R L 4 :
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MTNN 2.1

= = Av A A 9
wSaumeuanulveninegIve

Aiou 1o Tod Yoide
o 1 v o d o 1 Aa 1 o 4
Hist and St- Muumanuduius | slade NNFUWANNUTUNUS
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1 Aad
Tassineludsaua 92 Hyponym/Hypernym
Y Y
NIV IUIUATIVOY SIRINLY]
4 =
msilasunanisves
@uma
v o A o Y1 a o A
Lesk M. wudnnudalsinglu | dldde NNTUURWIZAM
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o A Ao "o S AY o w
NaeINtle U Y SuNNURING
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ﬁazﬂu dictionary 2104
9 A (=
Poyah litieane
. [} o d! ra 1 Ya ) d‘ d'
Banerjecand | Wudwugalsinglu | liwosaimne Tylannsandiou 9 0
Y
Pederson Auia (gloss) VoIA1 | gloss VO AU 9 agluilsz Toanso
Y v Y v
(2003) nageavilouny YU LASINITUN %’ammﬁagiau I
o A
(overlap) Tagiims i gloss oIy
Y
ninauAINe Hyponym, Hypernym,
YoIaNlsINgA0e Meronym Holonym
i s Wﬂg]ﬁTjW “bank | and Troponym
account” IMilo U Synsets YDA
{ 3 o
azuuuildwwdu 22 | fivuadndle
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M3190 2.1 (A9)

Aiou 1o Yo Yoide
9 A o A . . = ~ o A
Strube and Tdnnuruensom 1U®391N Wikipedia wieuneumn
a o I o 1 09.:
Ponzetto Heywveeal u 111 on-line WNOUNUNITY
TR B .
(2006) Wikipedia a1l encyclopedia database
A 1 o Y
WIUYN T nnvnalng il
NHIDINOHLUL AUTOATUIUAN
L [ @ 4 o
paularilums ANUAURUTIN A
MUIUNIA ua (gloss) 1130 full
o Y ( a
ANVTUNUS 1L text page 11
= o . .Y
AU NIY DY Wikipedia 14
NANMIUDI Lesk t1ay
Banerjee, Pederson
wunu lagling
normalize AMNAIUIN
ya A
1@enh
a I a
Yang and UM INITAN ATOUAQY wWumsnasan
o v v o d a v o d )
Powers (2005) | ANNTUAUTUUY ANNFNRUT LB | anuduiuslussaum
Y Y
Synonym, Antonym, ANUHININTY SIRIIY]

Hypernym, Hyponym,
Antonym, Holonym
Ila& Meronym Ao
uaﬂmﬁa%mﬁma‘m1
ANUFUIWUT “is-a”
udn daansan
ANVFUIUT “part-of”,
a2 9

=\ Y g’ @
onAle UMs Inimn

ANuFURUT
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M99 2.1 (M9)

Aden T T Joide

Zhang, Sun, iwuomsmlszlenas | @umsnasan TumsulSeumen

Wang and Bai | duiusnuiate AnuFuRuLslusedy | senidmmelulseon

(2005) ONA15 g sz lon RsauAnNNFURUT
SIS IRIIER TuY Synonym tag
ANurNeveslse lon Hyponym/Hypernym
MuamaNuduius i ez s 18
NNHATINUDIAN AnganaNuaNUT
Anuduutvoafluy senanm sz lon
Usglon A nuilselon
B 59181 1&21135998
sausmualy
sz Tonanos

']
Ay A A Y v v A

1 [ @ L a 2/'
NNUIVNNIVDINUMTIUT e NeVHIAIANUFUNUT LTI N MU0 U
Y o w d! Y v dy
Poi1na Fagy Idaail
(% =) =) a o 1 ] 9 = =1 [ o d‘ ~ =~
1. szavvesnmanfeumen audveaiulvalgnsulTeuneulussaud ienlSoumey
ANMUINLBUAUTEHINAT UAILBIIN AN TIRID1UNUANUNNY I ria1eaNuLY
14 o A ] 9
919 lAnad WG lugnAes
[ [ 4 ) a o a'.l = o ti'd A [}
2. aNudURUTVeIA1 uITeTagna ldazlSeummizantanunueviisunu
[ ] Jd . = 9 a 9 v A Y] @ oA 9
(Synonym) TUANMUFUNUT “is-2” F9Tums lsauaiequdl dalanudunusous unly
] 1% % 4 [ o 4
Tumsulseudien 1dd1e 191 ANUFURUT “part-of”, ANUFUWUT “member-is-a-kind-of”,

v o d . [ 9
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N 3 szuudalulAnumAmEIATIANNYINE

=

dy 1 = 9 [ UL o o @ a Y o d!
1uuwu%zﬂanmTﬂiqﬁiNmaﬁzuuaﬁiumﬂummmﬂtymmmwmw"lﬂmmue KN

o o = =} a Iq Y 9 o o w A
uWL@Wﬁﬁﬂﬂ"li"U’f]\iﬂTiLﬂﬁ‘EJ‘]JWIleILGINﬂ’J'llI‘ViiJ"IfJiJT]Jﬁ%falﬂﬁGl“b'GlUﬂﬁﬂuﬁ1ﬂ1ﬁ1 2! sUn 3.1

[

9 a

v 4
HEAUHUA T 1ABTINURITLULEA TudAAumAdATAnuane  Taeszuuimitauei
A =

o o w [ 1 I~
ﬁTNWiﬂﬁuﬁWﬂTﬁ”lﬂiUuinﬂLﬂﬂﬁﬁllf’g]} 2 AaNHUTAD Li’)ﬂﬁﬁ‘ﬂ’ﬂQiﬂgﬂﬂl@ﬁ%@ﬂiTNUuDU uae

A AW Yo A
na1smiu Hard copy VlhlﬂN"IUﬂ"lﬁﬁuﬂuﬁnﬂlﬂﬁ@\W]i?ﬂﬂﬁ']ﬂ

Scanned document

®

Optical
Character :
recognition — Semantic- —
- — based —
@ Web Content / = Extraction Keyword list
Extraction

A [ A 9 o o a Yo ) v 9 o o w 99 9 &
LN@§$°UU@GIIUIIG]ﬂUWWﬂWﬁWﬂﬂJUL“If\?ﬂ'ﬂiJWiﬂElvlﬂ'iULfJﬂﬁWiﬁWWiUﬂuWWﬂWﬁWﬂiyiﬂﬂ@ﬁlﬂf nNag
o = 1 :JI 9y 1 9 ] A
ﬂWﬂ'lﬁm'iEliJ!@ﬂﬁWiLWﬁ1uu1Wﬂgiugﬂﬂlﬂﬁl@ﬂﬁWiﬂlﬂﬂﬁWﬂJ TagrIUNTEUIUMS (1) mMstaon

& . Y A v 3 v o A
RNIZIUBNT (Web Content Extractlon) mmﬂmﬁmmmlﬂumemmuunu HIv NITUIUNIT

v o

0 . .. { < {y 9 1
(2) M33319I8AYT (Optical Character Recognition) d1ena1sNN LYW Hard copy 0 l1ar1u

u

A A g v IS ] oy Yy g \
MIALNUINIAT09RT19n5 8 edeyadgnuiaulluenasdeanuiseuioouda nazgnds
Whdenszuoums (3 msaummdny lavldnnunune  (Semantic-based  Keyword

. g o oAy & o o w o 0 i
Extraction) “]NNﬁaW‘ﬁ‘Vlllﬂfﬂ$Lﬂu318ﬂ1iﬂl®\1ﬂ1ﬁiﬂﬂlﬂmmﬂfﬂiuu Iﬂﬂmﬁmﬂlummu

Y
ﬂ"Iﬂ143J1EJ’JTI)$ﬁﬂ?T‘llﬁil"lﬂﬁ’f)ﬂﬂé}’ﬂ\iﬁjﬂlﬁﬂﬁ'ﬂﬂ‘c’Jﬁ’HJGU’ENLE)ﬂﬁﬁ

o v a

Tuauee l1/aznandeseazidenveanszuIUMIAI¥edszUUoa Tudadummd A

g

AINUHNIY
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(1) M31AdNMRWIZIHBT (Web Content Extraction)

o {o o 1 ' 1 <]
Tuilegriu renensidiAgaiegaansognisenduduld Taeiumanionie TasTusunsuiu
1 9
ERRIC CE (Web Browser) cdﬁm,aﬂfmmmﬁuﬁ’m%m%@giugﬂmm HTML (Hyper Text

4 v @ & o
Mark-up Language) #91l5zneuneY L!,ﬂ‘]J‘]ShEJ (tag) ¥1NNY AULAANT UAIDI19AINATT I 3.1

3197 3.1 feensvaanauihanldluniludeyailszian HTML

Tag Description DTD
<l--...--> Defines a comment STF
<I!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
<blockquote> Defines a long quotation STF
<body=> Defines the body element STF
<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
<dI> Defines a definition list STF
<dt> Defines a definition term STF
<font> Defines text font, size, and color TF
<h1> 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
<q> 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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Wy gﬂﬂ'ﬁ/\l Uag NMININUANHUSWIAY %']ﬂuu‘]Juﬂﬂ‘llﬂiJ“alﬂ‘]Jll'J 611!3@1]1/] 2 21t umsenu

A o ¥ A \ L v & g , A 44g
!Wﬂ@ﬂuﬂ‘u‘ﬂ’]ﬂﬂﬂﬂ 1ﬁlﬁaﬂlﬂw1$ AIUVDILUBDAINY U,agﬁ]ﬂ!ﬂﬂlﬂuuﬂuﬂl@ga%u@ﬂlﬂu
) v

UDANNAIU (Text file)

?2) ﬂﬁi‘ﬁ]ﬁ’agﬂﬂi (Optical Character Recognition)

'
Y A

A Ao 9 1 dy o
Gl,uﬂﬁmmaﬂmimmmmagiugﬂmm Hard Copy nszuaumsHazimtnlumsudas

v v o

A Y ) Y o Y
nasneglugdvesmulmilwenaisvenny  Tasszldnannsvesgandionysuulawu

v 2 2 I~ [
ANNd nIzuIumMstlalszgnalditmsves (Chey, C. et al. 2006) donly Wavelet

o w

I~ a 1 1 v @
descriptor MWLﬂuLﬂﬂuﬂﬁTﬂﬂﬂUﬂ'li’d%)NLLiJLL‘U‘U (template) VUDNASAIDNYT 510921D8AVD
E4

QSJ’ = I
VYUADUUAIU

Tk charactenrs l Traaning 5 L‘T’/J
e
! L
o S
| Pre-pioc ezsing | | Fre-processing
e -"-..,-L

‘ Time Domain Time Domudn

]! 10

Wavelet Diescriptor

Wavelet Desciptor

Covtficient:s Clpefficients
| e
A+ - o '-F1 = « g
Mdatching Jﬂ'”.": A lemplate

Il “'_'

Miniratm | Cutput
Distance T

v
U

UM 3.2 Tumaumsii

o

29nH3 (Optical Character Recognition)

Qo

= = Yo o w 4 Yo Y
U 32 uaeeduNuMINURIITUUINAIBNYT  Uszenduanmsgiinipiuns lagly
Wavelet Descriptor (Percival, D. B. and Walden, A. T.: 2000) nsuvnilovoszil ya

o o o o 2 L. o 9 9 ' &£
VOIAIONYTTIHTUMITHARY (Training Set) gﬂumﬂﬂumiaiwummu (Template) <53
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v d FY ' A o a . 2L o Y
danu B Tugluuvvesnundevesduilsg@nTued Wavelet Descriptor 1143119 INU0YA
Usznniannsodman lanielusi9a1 (Temporal Data) YouAAZAIBNHIVDIYAVYDINTT
= A [ v o 1 o Y Y d? I o = = o o a
Andy Weninuuvesdidnysuaaza ldgnasnay neggmiwnlFeuieuny duilszans
Y09 Wavelet Descriptor Y940 IMAI0nH5N 1A5UMsounadmn duminuvvesdidnysadlall
] 1 U { a3 < o o
MTZOZHINVBIANLANAN  (Minimum  Distance) Hoofiga  naziilumineuveinsss
9 E4
AIONBINUY 10aZIDeAv09TZUVSIEI0NYT IR
4] mﬁm'%ﬂwffmga (Pre-processing)

3 dy v o Ay ¥ o = 9 1<
Tuduaoul  mmdadnysh launnmsaunuezgminuassudromautaaiugl
i Taglimstmuaszauilou’ly  (Threshold) AANMdTNVBILAAZIAUDINTIN

. o = ~ [ o A dy Y 9 1
(Pixel) vzgmiwlSouiisunuszauiton vl Srinnuduveaazgaueinin g

1 o A o YI Ao v 9 [ST=! A 4
n szaulon lvezgndmualiiudd wazlumeassdudwaziiludnn wela

v o I = o FY [ dy 3| v o [ ]
s mdwnysudv-dudr gdmmmartiszgnueneeniudisnusudazad lay
1 1 v o 1 4 v o i< 1
M3111ATIT VB UAAZAIONYT 138N71 Skeletonization tipuendIdnHIODMNTULA

@ <} ) 1 v o o . .
azan laudr nazgmirlmgdsvesdidnysalrenisiliuieas (Thinning) Jnm

v @

9
10nYIUAazA9zgnds ldTunoumsAuodnBuZIAUYeRIO NS Ao T

% J

(2) MSAADIANHUIAUYDINIDNYS (Feature Extraction)
09.1’ dyd 1" o o ~ Yo o o [ 1 v o ) 1
JuapuiineNd g igalumsdiaionys  mazdnyazauveonysazih g
Yo o o A A 9 Aawv dy A 9 9
M3 ZNAIONYINUANUYAABIGY NUIVBUILITUAUAIY
' o W Ay v o a Y} Y
o msnilaslnsesnvesddnysnldannduasumsnsondoyalioglugdves

Temporal Domain ﬁiﬂﬁnmﬁﬁ (3-1)
. _ 2 — 2
r(t) = /(X)) — g2 + (Y (&) - cgy) o

A A ! v v 1 o A 1 .
o (1) Ao 1039319U99A28nYIUAAZAINDY 113189 Temporal domain

X(1), Y(1) Ao Tas9319v09a28nysuaazaInedlugilues Spatial domain
o 1 4 v
cg,, cf, A9 MUHUFUINA1VDIIIBNYT
9 ]
o 1jue11n59519909R I NEINIMUANogTug1ves  Temporal Domain AN
J v 4 [ 1 1
a4y Wavelet Descriptor (Chey, C. et al. 2006) HOHIGNHULIAUVDILAAE
v v & Il o a <] A @ 1 9}3
ronbsdegluglvesdullsz@nsnvian Rensomdnvazau lanauy
<3 3| ] 1 v @
global 11ag local Mzt UUNLUY (template) VOWAATAITNYS
3) msfSeumney (Matching Process)

'
[ I

o 2 Yo o Y, & a oy
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' A = ' y A = ~ Y L.
UJJlLUUﬂW1uﬂ1iNﬂNuu1ﬂﬂuﬁu'\u ﬂTiL‘lJi‘c’J‘]JWIEJ‘]JGlGWaﬂﬂ”Ii"UfN Minimum

A o

Euclidean Distance  UNUUUUDIAIONEINIHATzozMatiosiiga  AoMAoLUDa

9 [
v v £ =

Y Aas Yo o o Y Ao dy Y Y Y =2
Q ﬂE3uuﬂjﬂ’l‘ﬁﬂ15§§nﬁaﬂﬂyﬁﬂﬁlsﬁalu\i'n‘nfﬂflu ﬁ’]ll’]ﬁﬂﬂlﬁ'ﬂ'nllgﬂﬂ@ﬂllﬂq@q@ﬂ\‘]

92.99%

3) msnummdnalael¥na1uviang (Semantic-based Keyword Extraction)

9

3 A <3| @ aw dy £ Y o o w o ~ 1 2
VHUHADUUND) 11,‘1Jum°1ﬂmammﬁmu FAUTUDNITAUNIMNAIAYIINAAUDNAITLNGNDY LAY

v 9 9

4
lisims1¥nd wmgamw%ﬁ?lﬂvlu (Kongkachandra, R., et al.: 2006) A91UANURNIBUDY
9

d' Ay Ao 1 d‘d ) o 1 o o w =
PAmMsNITENAmUA aznnlszleaneg iy mddy Usinged  MdiAyzgnas
Y U o { A . Y o {
20NNIINENFITAeMTTVINIVTLHINNANUHNIBYD AN (Candidate) DU AN
I ] = 9 a v A Y g av dy Ay o o
WHudumuvesenassias launmsnansananiises auin lunuideilziiveina
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asaenesMinn g msuauma A1z A aIUV0INUT0INABANUHNIBVO

z 9y A = @ Y o o w 9
l@ﬂﬁ’liﬂ\?ﬁllﬂulﬂ EIJ‘V] 33 LLﬁﬂQﬂQLLWHWQiUiJGUENﬂ’]iﬂuﬁ’lﬂ’]ﬁ’lﬂiyIﬂﬂi“]fﬂf]’lllﬂil’lﬂ
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Title - Output
Keyphrase
Model
Extraction 5
Knowledge
Ot Expansion
Content noun
re-processing phrases

— Keyphrase
Self-Learning

Keyphrase

Extraction

' |

Knowledge
Base
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1. §uANN3UIMdIney (Keyword Knowledge Base)
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1
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Y o o QJ d? A Y o v 3
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e B)

v Y
MUUAFIA1N tHail
(D) iIOWHTJuﬂ’q'llGIJ’EJQL@ﬂﬁ”Ii (Number of Domains)

(2) MANNAIUAY (Controlled Vocabulary) vedLgazngu Uszana 8-10 MAntiae

3) TﬂiQ"lJ'"IEJ‘I/INﬂ’J"IiJ‘VHJ"IEJﬂJ?Nﬂﬁ;?JﬂJ@QL@ﬂ?ﬂi (Domain Hierarchy)

d Y A 9 o o w a o J 9 o o w
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Y a Ao A 4 9 1 2 o o w A g ..
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o v I}

Keyword Extraction) a2 ¥iaNa03As MaAyhinnuniemneIved (Relative keyword)

Ay v A A & Ly ' 2 o o w AA g
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3

IAINHNIY (Semantic-Relatedness Keyword Extraction)

it Collection )"’
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—# Documen
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UM 3.4 yaaadamstanudeyamelugiuanuivesididy sxmunmelugiuanug
o o w ] I~ [ % 1 1 H
yosmdanzutseoniu  ngquuewend1s  Fameluudaznguazsiusauend1sn
~ Y] [ 3 @ 1 < o o @ ~
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a a £ o d? A~ o a & A
1HIAUAA (Conceptual Graph) FIgAMMUAYILDL A.A. 1984 Taginadiamdasyo
P4 a a I a . . {
vonu laiy (Sowa, J.F.: 1984) nswlirannuaa Wunsiulwiia Bipartite N1senov’lyl
Y A . . A = Y}
adelua 2 Uszianno Conceptual Entity 116Z Conceptual Relation g‘]J‘I/I 3.5 LAADINIS 1%

N5 IMLFIANUAALNUANNTINIYD9U52 Ton “The dog scratches its ear with its paw”
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@ scratch ear
paw Cpart) dog:*X

51U 3.5 M31¥nliFInnNNAAUNUANNTING VDI

U

15218n “The dog scratches its ear with its paw”

9 A A A ~ 1 2 S o Ao J dy < o
Yoyanoglunsoudasuizond Concept Node B9zinuf1 Tagidunaiiionnaziiu drnw
o a A o [ d 9 A [l =l [ . £ I~
An3e1 Wio MauAnd daudoyanodlurenauiFeonii Conceptual Relation Node d49ztiu
v o J 1 A A o dy A @ I
ANNFUWNUTIZHI9 Concept Node FoUAU AMNWIGVDINT T Ao “quiv  (dog) (Tu
152510 (agent) Y9IMIIN (scratch) FINTTY (object) VOINTIN (scratch) AOY (car) 150910

{ < TR : o
(instrument) 119114015101 (scratch) AvIAY (paw) 1Az YTl uaIun il (part) vosgiiv”

Domain
Knowledge
Keyword ID =~ _ Base ey
E:(omain; ". l Parent
Domain#2 } : ; Right-sibling
1 - Domain 1D
i 7% Kewword ID
Domainin Domain Category
Keyword Meaning 1211
121 (Software)
oot 1211 1212  (System Software)
Speech Transcription
Application St_)l’lwsre Appllcauon Software
Broadcast [computer]<(agnt) 2111
i o <[hear]>(obj)> 211 (Journalist}
keyword [voice]>(owner)> 2112 (Newspaper)
Table [human]. "q P
[computer]<({agnt) omain
<[write]>(obj)>{text]> Table
(dest)>[screen).
2111 :
Bmadc_ast

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

"domain-keyword"
Table

(m)
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Universal
Domain

ey /@

F 3

| Computgr | ‘ Markeﬁng“‘ | J_q_urnalist ‘

|Soltware| ‘Ha.r‘dware‘ ‘Broa(;;:astj ‘ ﬁ;wspaper|

v il ¥
Software| | Software Strget News

h 4

v
‘Operating ‘ Image
System viewer | .- g

=)

Absurd
Domain

DOMAIN HIERARCHY

(V)

d‘ =2 v Y Yo o v
5UN 3.6 uammmiﬂﬂanumagan1ﬂiug1uﬂamg 1Ay

Y

A 1 1 o o w = v a
g“lJ‘ﬂ 34 Llﬁﬂﬁ‘ﬁ\‘liﬂix‘lﬂ\‘lIﬂ&lﬂiW’)ﬂJ@QﬂWUﬂ’ﬂNijmﬂiﬂ1ﬁ1ﬂillu s1eazgn luMsIany

o W @ [ 4

9 o A £ Y o
moeluganuivesiidiny awaaslugli 3.6 Flsznoulldie arsnanuduius 3
M31A0 MINAEIAY (Keyword Table) MTNNGUUDUDNAT-A1d1AY (Domain-Keyword

Table) 11A2 M3 19NGUVOUONETT (Domain Table) Fedoandoany InsavIsvoInguIONTI5 11

o o A

A @ 1 =) o o w 9 A A o
g‘]J“I/] 3.6 (V) $IDYNND Gluﬂﬁ']\iﬂ'lﬁ?ﬂﬂJuVINGD'"IEJN’OQWUENE‘]JVI 3.6 . MAIMNUYAD “Speech

A

Technology” (Rinneiay 001) Fensnlsingeglunguenasla 2 d1uAe “Application

L aa S A A 1 o o w ~ 1
Software” iag “Broadcast” mumﬂw@u'lﬂm AT NNYUUDUDNAT-ATAIAYNDYATINAN

E4 9
=1 9 v v [

4 Ay o o w 1 < @
Lﬁ@\?EmfNTL!'Jﬁ]fJuLﬁu@ﬂ'lSﬂu‘ﬁ']ﬂ"lﬁ'lﬂﬂ]ll@%}GlUﬁaTﬂﬂﬁj‘M‘U@%ﬂﬂﬁWi muummlﬂuéfm%ﬂ

g

seiflouanuduniuiveanguaeer 3 duiluliaiy Semantic Web %9711 WordNet (Teich,
E. and Fankhauser, P.: 2004) wuaz (Yang, D., and Powers, D.,: 2005) faaauily

veulugili 3.6 (v)

2. a'mm%ﬂwffaya (Preprocessing)

L) [

d' ] Y 9 o [ 9 o o @ d! 9
vnfina 1311 gruanuivesiidinny szgnonmanale Mdidg 2 Uszon ¥aldunn
v ] Y Y
MINTUUDAAITAUALAIU HUAD AIUVDINNT0I Az druveuilony vty lu

A Y
YUADUYDINTIAT uTOYR JzRUTUMTATE

1 ) ]

] Y v
(1) wendruvesnseseeniniiendy Tagldngfszyin Aunives

3

Y [ @ 4 QSJ‘
ﬂﬁ$Iﬂﬂﬁlu‘ﬂﬁﬁﬂ@Lliﬂm@ﬁlﬂﬂﬁﬁliﬂglﬂuﬂjﬁﬂﬂm@\uﬂﬂﬁ'ﬁuu

-25-



(1)

1 dy [ I~ & =

@) ludrvveuilondy szuvzulvenalseemily vielss loa/1ile
% = P 9 @ A a A o 1

UFTNA FUNUNN B IUnTanlse TeaneNiarsan diruuelse loa

. 1 4 4 ° I~
(Punctuation) t¥U Yann Lﬂ?@ﬂﬁum‘ﬁﬁm m?awmﬂmmw Lﬂus?fu

v
a Y

3. @IV IMIAIMIANYSHAY (Initial Keyword Extraction)

o o

Y
MuITetimusnsaenNudInuINeNas TaensalssuieuiuanuueveuenaIs

9

k4
o o v W

] 4 1 Y
uartpIINNUINmue Nz insauissenasiug lumsasmidAngoonu AuiuE
o I ¥ 2 ¥ g
JufuaeunionteyaniununuIgY0UeNaIT M. Montessy Gme  UATAME

Ya o Y o A A I 1 a
(M. Montes-y Gmez et al, 1999) 193981391 WuGesveuend1s dolluunasetuie
A @ 3 o A =2 Y 19y P Y
ANUNINENAYDUDNET AU HUTeveuona1sdIgn s unrasdoyanazglalums

L2 o o w A 9 2 @ oA @
PNAFIAYLTNAU Taelnanns lumsauiums muam“lugﬂ 3.7

[ Knowledge Base Construction ‘

Initial keyphrase extraction

I
3 ¥ ¥ ¥

[ s | | suite | [ Testsuite | | online
=, | squTest | [ soLTestsuite |
[

I
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;

i

Text to Knowledge Representation |

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

] 9 ]
WaTosuewendsizgnad llfsiunouna@onsiguis (Candidate Selecting) 1il0
Y 6o o w A 9 09/’ dy o A t4 A Y
Aumdidagsudu Tudueeuil WaFesvesendsazgnuanuasensal el

v 9 ]
NIUHNAYeIR1 (Part-of-speech) MNtiNazAA@oNmWIZAIN Ioglusiemsvosd
. = 3 2 " o = ~ Y
g (Stop-word list) ttazivnumilu wwnd wminiu TesuSeuieunugluuuves

a2 o A o A o Y ' < o A
HIIA ﬂﬂllﬁﬂﬂiugﬂ% 3.8 LLa%iTﬂﬂWiﬂJi’NﬂTWQﬂ‘ﬂﬂﬁ/iuﬂll?] @EJNhliﬂ@nll AMNNUAUIDN

]
9 v W 1 1

=) [ 2K o A 9 9 o = = A 9Y
RYINU LIITNTOAIMNTIAYLTUAU llﬂ‘l’ii;ﬂEJﬂT FIDNVISUTIUNEOUNUNUDY LY

u
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“SQL”, “Test”, “Suite”, “Test Suite”, “SQL Test” Loy “SQL Test Suite” (ﬁﬂﬁ?f)ﬂiﬂu
a o dy A dd‘ 9 o d‘ 3 1 o d? [ 3
E‘IJ 3.7) U8 wmenuIvIanlszneualeA@eInLLe 2 mmu"lﬂ ANUU “Test

<3| o A o @
Suite”, “SQL Test” 1Az “SQL Test Suite” vzgnidenilumdvasudu dwmsy

. usxl < A Y A 1y o @ o
“Online” HUNITHNIADNAIY L‘L!’E’Ni]"lﬂ]liJ"]f’ﬂu‘VI‘]Jﬂllﬂ”liﬂ

Dacument ./_
l Keyword conditions
| Pre-processing | & keywiord ks composed from 1-3 wards.
l l A kenweword iz not too general in meaning.
Title Cont ent & keywvord should not be contained in other

kesrwards .

Ll

Maoun phrase
selection

Keyword patterns

PCP PCP2+1
I I N vt
k4 Aty A+PCE+1
Initial Candidate A+PCP LAPCPZ+M
ke}rwnrd P+ 1 A plhy
+P P P+ P+
PP+ PCP2+M+

a

d' I~ o v v A =S
31]7] 3.8 IEMIanIuaalaanuINlIa

v
9 v a

9 E4
mﬂsffa €)) !,'51%$1ﬁjﬁ161ﬂmlﬁﬂﬁu®6ﬂuﬁﬂﬂlﬂﬂﬁﬁ Tudupoutl %zﬁummmwmamammaz

g

v o w A

fdingeonun udwanulu guanuididiny meldauluszezaell anuninevesd

9

] [

b

]
9 v A =) o o w

Ao v A A (Y] 3 1
T ‘1/]58‘]411!\111!3%81! o ﬂiziﬂﬂ@ﬁ@] ﬂ@giulﬂﬂﬁ"ﬁ V]ﬂJﬂTﬁ”lﬂiUu‘]Ji"lﬂgi’)g ANUU I

Y ) Y
YoutlonnuenaszgndwNedigiuaoumsaieguanug  (Knowledge Generating)

U

9

[ v E4 9 9 v
Tagld Mddey fldnaden (1) WudddumisvesseToamaniu mmiu Uszleaiaa

o 2 . ! A a
ponuazgniiwmanualeinsel (Parsing) nazulasldegluglueensviFinnuialaong

1 1 Y
Rules) @animlmannuaanldi aoldSeni aswl

du aswl

lumsuilasitiviua  (Conversion

ANUKINGY  (Semantic Graph) 25Mslumsuasnnise Teanwdengy

ANUHE Adaadlugln 3.9
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FIUANNFVOIR
1s¢
ummwmammmmﬂummﬂmgiuﬂuma“lumumm%’éh Aty
auesdremsSeuiounnurinevestguiaaaz MU
azuuud 1danms annumileufumeanumnesusd i Limu

Nau"lm (Threshold) 'vmmim 1519 amm1umﬂum

05 controls the computer system, =) (G 1001 05 comerois the computer system,
!
1 '.
Grammar sl lll
Rules !
l candidate
Loc | Ward | Syntactic | mﬂmn | Fut-od-
N . | speeckipos)
1] 68 | wmbpel nsuu w PRON
2 | comtrels man; >0 @+ FMATNY A []
13| the _ iz »5 | o> | N | DET
4 |computer|  attnah aA | We | N
|5 | wystem [ a2 oo wh | [ 7 {1)1F pea{w1) =M or PROM and pos{w) = ¥ then
] izl +arc{gl) = wi
7 < | | s red{gl) = “agat”
| +dst(gl) = w2
= (3) tonvertm-g . | Conversion <. {2)Hpw(wi] = Vand pos{wZ) = N or PRON then
L. B e 1 Rules srefgl) = wi
g * redgl) = "obj”
W 05— igat— control — obj —  system + dst(gl) = wi

| A
abtr

apsrating

317 3.9 FEmslumsnasainiszlanmundangy iy nsmanamiang

Srddaild wdeusunsmlanumnedildnn ) uaz (3) wgn davvesmsveny

[

gruanNNiMd Ay

o

(Knowledge Expansion) tworiuandn lulugiuanuived

9 01

a1

% Y

A = A
VNN IVDIUBINIINNHINY

o

AIUVBINTAIAEN (Semantic-Relatedness Keyword

Extraction)

v
o o w a

ANTIALT

g

o w

=\

3 ldunwenaz 14 lums

Ay Y 1 = 9
‘V]Ul NTIUVDINITAN Uy
v

F4
Y

Elﬂﬁsl,%ﬂu AU VU

Glumumﬂumuﬂmmﬁf Lﬁmﬁu Tﬂ&lwmimwmﬂmmmw

Y

%’uﬁ@umzumwﬂugma

u D)

o w

dnasudu

o [ A
mguaalani

Y A

HAINAIFINIT

QU

i

ain

[

AN

g

1 o o dd‘ Y a
’JEJ iﬂﬂ’J’l AT IAUNINEIVOIULY I

o

ANNYHINY (Semantic-Related Keyword)

4 k4 Y
TupouMsnulu VUADULIN ﬂl@ﬁﬁ’)uﬁ%%ﬂéhﬂﬁﬂﬂlﬂiﬁ’)uﬂlﬂﬁﬂﬁﬁ\‘]

2

o v A Y aa ' v A gl’ ~ [ dy
ANUFINYLTUAU Tnuanaenune ludunoun (1) M

= o A < dy 1 [ z v A o
(1) wagunniausesvevondsiuiennuyeuondis %$Qﬂﬁ\ﬂﬂﬂ\‘lﬂlﬂﬁ@l&ﬂﬂm@ﬂﬂ1
1 1 . . A 9 a & =2 = 9 v @ Y =
RN (Candidate Selecting) INDAUHIUINIA FIUWIA TATMIFOUNUAULAD UINIT
Ao o = ' o d? A ya
NUIUIUAUAYININNIN 2 mmu"lﬂﬂzgmaaﬂ"hwmim

) tluanvugRernuiudinvesmsasmdnyisudu
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o 1 1 Y o Ay ¥ o 9 vy o o
(3) ﬂ’lﬂllﬂl\iWﬁi’)ilﬂ')’]ilﬁil’]ﬂﬂ\iﬁllﬂ‘ﬂllﬂfﬂ']ﬂEU‘lWI@uéllq\iﬂufﬂggﬂﬁ\uslﬂulﬂﬁlueuu@ﬂufnﬁ'Jﬂ

o 1

ANUNLOUNUNINAINNLY (Semantic Similarity Scoring) Mg lalinziuugani

1A { o 1 o g o3| o o
AU 1 (Threshold) NMMUA 1519zde AT URIdAIAe Fand A

U

R-

v Y A 1 o o U

g

NIV UTINNNHING (Semantic-Related Keyword) 353 Iumsiaanumilouny

NANNTY uaaslugln 3.10 wag 3.11

Candidate: LINUX

1. Linux is acomputer operating system and its
kernel.

2. It iz one of the maost prominent examples of free
=softweare and of open-source development: unlike

redistribute it.

proprietary opersting systems such as Windows and
Mac O all of ts underlying source code is svailable
to the public and aryone can freely use, modify, and

1. Linux-=is-a->system;

2. systeny-=@ttr= pperating
3. pperating-=attn-=computer;
4. dinux-is-a-> Kernel

Keyword: UNIX

1. Unix or UMY iz & computer operating system
originally developed in the 1960s.

2. Today's Unix systems are split into various
branches, developed owver time by ATET, several
cther commercial vendors, s well a3 several non-
profit organizations.

1. [Unix]-={is-a)->[system]
2. [system]-»{attr)->[operating]
3. [operating]-={attr}->[computer]

‘I.Iﬁ 3.10 ﬂ‘iW‘Iﬂ’ﬂN‘HN]ﬂﬂl@x‘iﬂ1ﬁ1ﬂﬂl “UNIX” ttag ﬂ1ﬂ!!‘sllx1 “LINUX”

A Candidate Semantic Graph

A Keyphrase SemanticGraph

STARTING
POINT

in graph
matching

®

The maximum
semantic score

The maximum
sub-graph score

@

\

o, @

- g 1 4 3

) &

w o= — B

Threshold g X o

filtering [ 1 =3

= 2 g

B i '

RELATED
KEYPHRASE 1 2 3 4 5 o 1 2 3
Keyphrase sub-graph

Keyphrase sentence

Sentence matching matrix

Graph matching matrix

ﬂ‘ﬁ 3.11 ﬂ1i'Jﬂﬂ'JnJ!ﬂ?J'J"U@Q‘Yﬂﬂﬂ'ﬂ&lﬁlﬂﬂ

Tuz1# 3.10 Mddgy A

8 “UNIX” wazlitlse Teaniliman “UNIX” 151ngod 2 UszTon ¥

A a2 & v ) o o
weruTunoumsudauiunsmanumiuiends agldnsanununenavua 3 fmw A9

LLﬁ'ﬂ\iﬂT\i"U’ﬂiJ@"ll@Qiﬂ mummm ‘ﬂunﬂWi]ﬁﬂH ApA1I1 “LINUX” G]Nll‘ﬂi Iﬁlﬂ

Y
o A

AU
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' 4 1 as.l‘ I
Usinged 2 dszlen uazieruduaoumsulauiunsmlanummends agldnsl
4
ANUNUBNIKUA 4 NI
nsmaNuvevesmdiag 3 03l uaz nawlaNureveImguu4 3w azgn
o = = Y] ~ =l = A A d'do a J ~ £
WfFeumeuaaanalugili 3.11 msnlFeumeusun Tua ANTWIUEIANINNGA B
Y 1
i38n71 Core Node voisaodrhe msulseuieurvshfaznsvdes Felsznevlidle 2
Concept node ttag 1 Conceptual Relation node «dﬁﬁayjaiuiuﬂﬂizﬂauﬁaa A (word) %o
J o a  dJ o 1 o A 1 .
NQUUDIANT (concept name) LA mﬂll‘ﬂmﬂqmmmﬁmwmmzmfm (Pointer to
o ] 3 9 1 [ A A I
hyponyms) @29d19veIMstnUdeyaluisayTua awaadlugin 3.12 Tuanuaaaily
Y ' I o 1 & A A 1 o a @ 1 o A
fedruiuii ©0s” il Fonguuesduilu “Software” waz A lFinguussdii

MIZ91299071 391U “DOS”, “UNIX” 1ag “Windows”

WordNet
Hypernym Hyponym
The least operating system, 05 operating system, OS
general g | => software => DOS
concept => code => UNIX, UNIX system
=> coding system => Windows
=> writing

=> written communication
=> communication

=> abstraction

=> abstract entity

=> gntity

|0s|software | [1] |

word Conéept Pointer to
name hyponyms

‘I.l‘ﬁ 3.12 msmummam“lmmaJmmmnmﬂmmwmﬂ

1 1 ] { : ] a d
TumsnlSeuiisunaaznsmdesazla nsmldosnTnzuungege Fwzmnulilu wasndves
9 9
mM31f5euneunswl (Graph Matching Matrix) 91010 AzuuuveIns Mdoenainaveumay
o 1 ! <] a J
Uszlon szgnimiaunae memu"l%"lu wasngvoImsnlseumneuiszlon  (Sentence

Matching Matrix) ﬂ"lﬂ!!fll\‘]ﬁlﬂ Nazuuuvesmsilseuneuilse Iﬂﬂ“l/ll]"lﬂ“l/lﬁﬂ 1)
Lﬂi‘(’J‘UWIEJ‘Uﬂ‘UﬂWN’GuulGU GIf\iﬁ"l 'mqmmm’au"lm NI ﬂﬂ‘c’]f]i]’iﬂ’)'llﬂllﬂ?ﬁ'? L?]

NRANUHUY
@ mddanld ndeutunslanummeildon 3) wwgdidlds dmvesmsvens

gmmm%’ﬁﬁﬁty (Knowledge Expansion) tiomiuandn llugiuanuived

Y

% o w

A = 09.;} 2 o A ~ Y
L]J‘VI 3.13 HEANDNVUADUNITAIA T IAYNUANUNYIVDININANNNUIY

u g

a1ngy
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Parsing Stop
rules word list

\ /
N /

content sentence Candidate
Finding

1

Conversion | _ | Knowlec_lge
rules Generatmg

u keyphrase
Semantic s .

Sim ilarity Semantic
Scoring graphs

o

5Un3.13 HaAsBTHAR UM AR RN IV IMINNNKING

5. @IUVBIMIVYYFIUANNIMEATY (Knowledge Expansion)

Keyphrase
knowledge base

w

(1]

= | E

keyphrase Redundancy & |8

checking | F

= L)

Semantic =
Srapls Knowledge
Base
Tomamm Arranging

UM 3.14 smﬂmwumaumﬁmmmmmmi’ AGAGEY

A =2 3 Yo o o & U awv dy o A Y

719 3.14 uﬁmmmuﬁaumiGu1ajz1umm;:;ﬂ1’mﬂtymmﬂuqm@ummmm%u Hune Mly
Yo o w 9 @ Y o % [l @ v 199 o Y

NUTIUANNTAE 14 gnadanazlsulaldiuadeodisonTuialae lildaddoyavuia
A Y H 4

Tna meluduaeuil Mdny uazanumned lauanndiuvesmsasiidnnsudy uag

1 R o o o Ao Y a 1 Y

dauvesmsasmidnginertoutinnuvue  szgndudilasiaaeuly  Redundancy

checking tiansanNddnaasgnimua I3 luguanuivessrdrnguioli 18 line

9 v
gnimuanneu  Neimdnguaznsanuvue  sggaidn ldluganudvesdidin
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1 9
Tas Knowledge Base Arranging #99215D1/390251999 3 as19vesgiunnug uadunegn

o

Yy 9 A 1 9 [ o
ﬂmuﬂ"lmm 3$1J‘1J%$LW1JLQW"I$ﬁ’Ju"’lJ’f)\‘]ﬂTliJ‘ViiJ']fJL‘ll'l'l‘]_] Tﬂﬂﬁ]gﬂiﬂﬂj‘\im%ﬂg ATTNA

9
1Ay (Keyword Table) (M1

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——=IATBC! f tile——={ A[B | C| f
{ A B [ .[ A B c
content - content
\ | D T f { D E
4 | - ol ? ¥
/ 7 ,/.’
EE— / A Y3
Semantic matching b Semantic matching /,/
D L E —=
(M) (V)
4. Self-update Knowledge Base
Knowledge base is
Cycle#3 | pdated from
document content
tite——=-A[B|C|,
.[ A lle || ¢
content ;
v # .[ D E F
o ¥ ¥ ¥
. = //
T - F
Semantic matching s
4 / T
=
G)
1] d’ U | ﬂ (%4 1] Yo o w
JUN 3.15 RN UNNMTUIVUNF1UANNIM AN

o 1 o Yo A v ¥ Y
461msmmiﬂiuﬂqagmmmgmumﬂugﬂ 3.15(N) - (M) Tﬂmimugmmmgﬂzgﬂﬁiwmﬂ

fdngsudunlanndiuvewinges ludiedae A, B uaz ¢ awaaslugl 3.15 (n)
Y [ [
nniuszuudhgaauvesmsasiidingiinerdosnanuruiedlensnasadIuue

dy d! 9 [ d’ o W
HoANuenans ¥49e e D, Euag F muﬁﬂﬂugﬂﬂ 3.15 (N)-(A) gAY
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VNN 4 VUABUMIIDYUAZHANTIVY
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14 1 Y v A

Aav A Y o v 9 aw
J1UHIYU hl nﬁuammaglumm%“h 3 AIUAWYNUAD

1. ﬂmfnﬂummmﬂummmﬁm"lﬁ' Taolisuduldadedoyadus Tumsdumd

3
Y

’s’ﬂﬂﬂl u@ﬂi]1ﬂ!,ﬁ]ﬂﬁ'1§uu"] uae ‘ﬁ11!ﬂ’ﬂiﬁsl1€]\‘]ﬂ'l’€f1 ! hl@g])ﬁ'%jNﬁu

o d

2. ﬂmﬁmummiﬂﬂummmﬂmw IANUNINIADANADINUANNHLIBYDADN AT
Y 1 AN
1&5ni3teu
Y v
3, nuNeibguemstiueguanuivunnlszaniamlumsdumisidag

[ 09.:} A a J a a Aaw 1 1 dy ' = as a
ANUU LW@Wq%uﬂi%ﬁﬂ‘ﬁﬂWWﬂl@ﬁﬁWUﬂ%ﬂ Glumum”lﬂu ICNATIDN A5 MIUseiu

Av A

ﬂi%ﬁﬂ%ﬂWWﬂl@ﬂNﬁﬂuTﬂﬂﬂqﬂ ﬂﬁ@ﬂfm ']‘Llllﬁ“”f)’f)ﬂll‘ll‘llﬂ']i’)ﬁ]ﬂ HAMINIIG LAY

a L4 Ay
AUNTICHRANITIVY

41  Ismsdszdivilszansan

A B
i B is a set of kevphrases extracted
A is a set of keyphrases . b E
defined by the author. _@ @’ by a conventional approach.
(a)

D is a set of keyphrases
extracted by a
conventional approach
but not assigned by the
author.

C is a set of keyphrases
assigned by the author
but not extracted by a

conventional approach.

A n Bis a set of matched
keyphrases when they are
compared between A and B.

To increase An Bis to
increase the performance
of the approach.

511 4.1 vianlumsisziiulsz@nsmmvesszuy

A Y 4 =2 o o o Ao Y A
517 4.1 Usznovlidre 29nau A uaz B Faudasdusavesmidngyiiviualasditiounas
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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 [*, 9], and template matching [*, 2, 3, 4],

In the first group, Kijsirikul, Sinthupinyo and Supanwansa [*] 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

-45-



Khmer Printed Character Recognition by Using Wavelet Descriptor 339

— -

Tyvpe T JIembers
=
e NnerwhGEBAEAIMBdgmann

REGRUGONBMWIIMAINGH

ﬂnﬂb]b l‘oﬁ]\lﬂwlnjm
ﬁt--jllﬂn*ij L--J-H

Sab consenant

Vowels 1-.--‘.'3‘]‘%\‘.1,:
Dependamtvewsls | wgfgad gygonod
Other Symbols s rud e, 0291
Ay oshmeedAge

Fig. 1. Khmer characters

o 1L L . . ! L INSE Ui
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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 Fuclidean 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. [t 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 algorithim 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
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 (2) — gy)? (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 coefficients.
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 (Euclidean) 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 85, 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 resolution. 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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Table 2: Recognition results of input images from ABC-TEXT-18 Font

Resolution | Recognition Rate
600 dpi 92.99%
300 dpi 88.61%
150 dpi 80.05%

Fax (300 dpi) 71.69%

Fig. 30. character/gar/in temporal domain. Fig. 31. character /kor/in temporal domain.

characters, comparing fixed template and deformable template, fixed template gets
error rates lower than deformable wavelet descriptor template. In the deformable
wavelet descriptor template, a set of input characters is used for obtaining the
template which includes the mean values and the standard deviation of the wavelet
coefficients. Then, an input is compared with the templates of all characters to
get the best match. Before comparing, a template is allowed to deform within the
range of mean value, plus and minus standard deviation as shown in fig. 32. The
resulting deformed template is compared with the input to get the matching score
using correlation. From Fig. 33 it can be seen that any characters that similar in
shapes will fall into the same range of one template that causes the confusion in the
decision process. From Table 3, also, we can see that the proposed method is more
faster than previous work [*].

The possible improvements suggested for this work is by improving the effi-
ciency of the skeleton representation of the characters, improving and increasing
the efficiency of the binary character images, and using the post-processing to help
correcting the misclassified characters. For increasing the efficiency of the recog-
nition rate, also, the samples of the characters training set have to be increased.
Scanned documents often contain noises that arises due to printer, scanner, fax,
print quality, etc. Therefore, it is necessary to filter these noises before we process

Fig. 32, character/gar/in temporal domain Fig. 33. character /kor/in temporal domain
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Table 3: Computation time of the proposed method and previous work
Methods Computation Time

Proposed Method 3 seconds/character
Deformable Wavelet Descriptor | 8 Seconds/character

the image. The commonly used approach is low-pass filter. Although we received
high accuracy for the input data from printing image but for the input from Fax
machine the system received only 71. 68%. Therefore, this system is suitable for
input images from printing that is not suitable for input images from Fax machine
and some input images that has low resclution.

6. Conclusion

This paper has presented Khmer printed characters recognition by using wavelet
descriptor. The binary Khmer printed characters are converted to skeleton charac-
ters form. Then, the skeleton characters are represented in temporal domain. The
template was stored in term of the mean value of the wavelet coefficients of the
characters from 20 different fonts. The input was matched with templates, using
Euclidean distance classifier, to get the distances that the minimum distance is the
output of the proposed method. The method first performs the skeleton character
images into 1- dimension (1-D), called temporal domain. Then, we decomposed this
1-D) signal into multi-resolution wavelet coefficients. After that, to cut the noise sig-
nal out from the real signal, only low frequency of wavelet descriptor coefficients is
selected as features. Then the Euclidean classifier is used as the classification pro-
cess. The experience achieved 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 are scanned with 300 dpi resolution. The percentage of accuracy may
be considered quite high regarding these input data, that are low resolution and
high noise. From these results, we also see that the system has troubles classifying
noise characters input images. If the poorly input data were removed from the test
samples, the accuracy would improve significantly. Also, these accuracy rates can
receive better results, using the linguistic to help after the classification process. It
means that post processing is needed to improve the recognition rate.
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Appendix A

The wavelet equations are given as follow:

M
r)=rd@)+ D () (A1)
m—M-—mg
eM@) =D e @), () =D MEN(t) (A2)

Where a is the approximation wavelet coefficient, c}’is the detail wavelet coeffi-
cient ,

cﬁ"::f ()is scaling function, 1,5?'2{ (t)is dilation function,

rM(t)is called wavelet detail and 7 (t)is called wavelet smooth.

Appendix B

The minimum classifier approach is given as follow: Suppose that we define the
prototype of each pattern class to be the mean vector of the patterns of that class

m; = L z Ty (B'l)
NJ IE'HJ:‘

Where j=1, 2,3....W ,
Nj is the number of pattern vectors from class w; and the summation is taken over
these vectors. As before, W is the number of pattern classes. One way to determine
the class membership of an unknown pattern vector x is to assign it to the class of
its closest prototype, as noted previously. Using the Euclidean distance classifier to
determine closeness reduces the problem of computing the distance:

Dj(z) = |z — my| (B.2)

Where j=1, 2,3.....W and
llall = (aTa)? is the Euclidean norm. Then x is assigned to class w; if Dy(z) is the
smallest distance.
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Abstract

Keyphrases play an important role in the digital library. Because of the compact size and
meaningful representative of a document, users are able to operate digital library services
such as searching, categorizing and summarizing large electronic documents within short
computation time while using less storage space. This paper presents an intelligent keyphrase
extraction for digital libraries including two of its main advantages. Firstly, our proposed
keyphrase extraction can extract keyphrases from a document by considering its meaning. By
using this approach, some keyphrases that are ignored by the conventional keyphrase
extraction are rescued if they contain meanings related to the document meaning. This is
comparable to human judgment. Another advantage of our proposed keyphrase extraction is
that it dynamically creates and maintains keyphrase knowledge base in self-learning behavior.
Our proposed approach initially creates a keyphrase knowledge base from possible noun
phrases derived from the document title. Using these keyphrases, the keyphrase knowledge
base is constructed, regardless whether it is empty or expanded. The sentences including the
initial keyphrases are interpreted and converted into semantic graphs, which in turn are added
into the knowledge base as the meaning of the corresponding keyphrases. Since it is possible
that other noun phrases in the document exists as keyphrases, additional noun phrases are
used in fed back to be revaluated in the self-learning unit. The semantic graphs of all
sentences, including the remaining noun phrases are compared to all the graphs within the
knowledge base. If the matching score is higher than the threshold, the corresponding noun
phrases will be considered as keyphrases and the semantic graphs are added to the knowledge
base. The experimental results were performed with 100 documents in business and computer
fields and reveal an acceptable performance as compared the conventional systems.

1 Introduction

At the present time, digital library services such as summarizing, cataloging, storing,
and retrieving information can be processed systematically and trustworthily by
powerful computer technologies. Many digital libraries in several organizations have
been extensively implemented through various approaches in order to decrease their
computation time and storage spaces. The ‘keyphrase-based digital library’ is an
acceptable approach that can serve users with these objectives.

1.1  How Keyphrases Extraction Important for Digital Library?
To satisfy the objectives of saving time and space in the processing digital library

services, a keyphrase-based approach has been introduced. Since keyphrases are
accepted as a good representative of the entire document, storage a large-size
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document by the list of small words is possible. Keyphrases are used as an index to
access the desired documents within digital libraries. Previously, keyphrases were
manually extracted and provided in the digital libraries by human judgment. Through
manual keyphrase extraction the concrete extraction rules were not provided. In
addition, with manual approach, it was difficult to maintain the keyphrase knowledge
as modern as possible. In order to systemically extract keyphrases and conveniently
update the keyphrase knowledge base, an automatic keyphrase extraction was
required.

Keyphrase-based Information Retrieval Keyphrase-based Document Classification

A;;,\ ____ — Rev’i:v:e\ll'l
I\\i';:igg;'?wl ‘/X % Lhmel =

database |

\_J " ‘ i Searching for more
information

Phuket

Ke\.npl\ rase Extraction [ Deluxe roo m
— Room reservation

science

- ‘x\\\\ — R?%é:a

laws ==

- Phuket Hotel

e Phuket Accommodation

; q Southern of Thailand Hotel

Figure 1 Examples of Keyphrase-Based Digital Library Services

Figure 1 presents the examples of the digital library services embedded with
keyphrase extraction. The practical digital library applications including automatic
keyphrase extraction are mentioned in [1-4]. People in [1] and [2] applied keyphrases
in information retrieval to reduce the searching time. The keyphrase-based
information retrieval compares a user-query with only the listed keyphrase instead of
the entire document. The result of keyphrase extraction revealed the keyphrases of
every document and consequently increased the amount of documents being used for
searched. Therefore, the number of retrieval documents that were related to user-
query was also increased. In the text summarization field [3] a keyphrase extraction
was utilized in the pre-process. A keyphrase extraction was applied to produce a list
of keyphrases related to each document. These keyphrases along with their sentences
were then integrated to summarize the document. Such summary is compact because
it contains only sentences in which the keyphrases are embedded. In machine
translation applications [4], the keyphrase extraction can improve the machine
translator in interpreting not only the grammatical sentences but also ungrammatical
ones. Due to the translating time, it can shorten the translating by only using the
keyphrases of each sentence.

It is clear that keyphrase extraction can help in improving various aspects of many
applications. However, the most popular keyphrase extraction systems based on
corpus, EXTRACTOR [5-6] and KEA [7], are time-consuming in preparation and
expensive in maintenance. In the past decade, researchers have proposed keyphrases
extraction methods that do not require corpuses, presented in [8] and [9]. In [8], a
keyphrase is chosen from a noun phrase that is composed of one to three words and
has high frequency of a noun phrases head noun. The top K keyphrase candidates for
a document are then post-processed by removing single letter keyphrases and wholly
contained sub-phrases. The method in [8] produces an average document score of 9.1
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keyphrases per document and the authors in [8] claim that the keyphrase extraction
system can work as efficiently as EXTRACTOR does without using training corpus.
Subsequently, Matsuo et al. in [9] could extract keyphrases from a single document as
well. They firstly extracted frequent terms and then extract a set of co-occurrences
between each term and the frequent terms. If the probability distribution of co-
occurrence between the term ‘a’ and the frequent terms was biased to a particular
subset of frequent terms, then term ‘a’ is likely to be a keyphrase. For each set of
fifteen extracted keyphrases, 50 percent of them were matched with the authors'
keyphrases. Moreover, this keyphrase extractor was able to extract the less frequent
keyphrases.

1.2 Impact of Semantic-based Keyphrase Extraction

Although the keyphrase extractors in [6]-[9] can extract keyphrases with acceptable
performance, it is not guaranteed that all extracted keyphrases are related to the
meanings of the given document. Since theses keyphrases are extracted based only on
appearances, the meaning of keyphrases and their relations to the document are not
analyzed. Numerous amounts of research about keyphrase extraction based on
semantics are continuously being studied [10-13]. D. Maynard and S. Ananiadou in
[11], incorporate an additional type of information i.e. the environment of the
candidate term, to the C-value statistical measure as described in [10]. The n-grams of
the environment information are extracted and calculated for weights by using corpus.
However, this approach is limited because the contextual information is considered by
using only their appearances. D.Maynard and S.Ananiadou in [12] solved this
problem by using meanings of the contextual information. The semantic information
is embedded within the context of all types of words. Not only is the frequency of
occurrence computed, but also the semantic similarity. In [13], the researchers
combined all the information of statistical, syntactical and semantic as criterion for
considering the candidate keyphrases. Although, the extracted keyphrases were based
on semantic information, the keyphrases were initially analyzed from the candidates
based on their appearances. Therefore, it is not guaranteed that all extracted
keyphrases are related to the meanings of the given document.

In this paper, we propose a semantic-based keyphrase extraction system to extract
keyphrases that are related to the document meaning. We use the document title as the
initial source to filter the initial keyphrases. The system is then self-learning and the
remaining keyphrases are compared by their semantics to the initial keyphrases. In
addition, the proposed keyphrase extraction system can automatically construct and
expand knowledge bases containing keyphrases and their semantics for further
usages. The remainder of paper is organized as follows. In section two, we briefly
describe the basic idea and configuration of the semantic-based keyphrase extraction
system. The knowledge base generation process and essential information will be
discussed in section three. In addition, the technique used for scoring the semantic
similarity is described in section four. The evaluation tests and results in keyphrase
extraction application are demonstrated in section five. Finally the discussion and
conclusions are given in sections six and seven, respectively.
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2 Semantic-based Keyphrase Extraction System

2.1 Basic ldea.

In aspect of extracting keyphrases that are relevant to the document meaning, only
statistic information likes their frequencies are not sufficient. The semantic
information in the document, which can be linked to the meaning of whole document
content, is required. M. Montes-y Gmez in [14] mentioned that the meaning of the
document is mostly expressed in the document title. Therefore, we employ the title of

the document as a resource for determining document’s keyphrases.

Initial keywords

1 2 3

| || Derivative | | Australian
L ) Determinams. Usage Companies

Title ©On The Determinants Of Derivative Usage By
Australian Companies

Content oy , L N R . N R

q e
'i Hedging — |

| Derivative |

Risk management Firm Value Hedging

Candidates for related keywords p—

Figure 1 Basic Idea of the proposed system

Figure 1 demonstrates our proposed idea that is to extract the related keyphrases
based on semantic-based keyphrase model constructed from the title sentence. All
possible noun phrases within the title sentence, called initial keyphrases represented
as box in Fig.1, are used as key indicators for all the sentences in the document
content. Within each sentence that the initial keyphrases are embedded, all remaining
noun phrases represented as shaded circle in Fig.1 having the chance to become the

related keyphrases, if they have the similar meanings to the initial keyphrases.

2.2  System Configuration

Figure 2 illustrates an overview of the proposed semantic-based keyphrase extraction
system that attempts to extract keyphrases from a document without using corpus in
creating keyphrase models. In our proposed system, the initial keyphrases are
automatically extracted from the document title and then reused for self-learning and
other related keyphrases. All components of the self-learning keyphrase extraction
system are described in the following section with respect to their contributions in the

system.
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Figure 3 The example of keyphrase knowledge used in the proposed system
2.2.1 Knowledge Base

The knowledge base is designed as the inventory of keyphrase and their meanings.
We will subsequently refer a keyphrase and its meanings to "keyphrase knowledge".
An example is demonstrated in Fig. 3(a) Figure 3(b) that illustrates how the keyphrase
knowledge is updated.

2.2.2 Pre-processing Unit

The pre-processing unit is employed to segment the documents into two parts as title
and content from various sources for keyphrase extraction and self-learning units. The
title of the document is utilized in the keyphrase extraction unit for pulling out the
initial keyphrases. In addition, the keyphrase extraction unit also uses the document’s
contents for selecting all keyphrase-embedded sentences for succeeding semantic
graph conversion. Besides this, the content is used in the self-learning unit for finding
candidates and generating semantic graphs.
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2.2.3 Keyphrase Extraction Unit
The objective of the keyphrase extraction unit is to extract keyphrases and construct or

expand the knowledge base. All candidates that are all possible noun phrase matches

with the title are filtered as initial keyphrases.

Subsequently, all related sentences describing each keyphrase are collected and then
represented as semantic graphs. In this paper, we select all sentences in which
keyphrases are embedded as the meanings of the keyphrases. These meanings are then
converted from the natural sentences into semantic graphs by considering the
specified conversion rules. The details will be mentioned in the next section. Finally,
these initial keyphrases are stored in the knowledge base as references.

2.2.4 Self-learning Unit

The self-learning unit is employed to extract the related keyphrases by reconsidering
other noun phrases in the content of the document. In the same way as the keyphrase
extraction unit, all noun phrases satisfied the previous conditions are selected as
candidates. Next, all candidates are then used as index, searching over the document
for all sentences that they are included in. These sentences are then transformed into
semantic graphs by the same conversion rules as in the keyphrase extraction unit.
Finally, all candidates are essential to be proved for their semantic similarity
compared to the title. The top candidates with high similarity scores are selected as
related keyphrases.

3 Knowledge Base Generation
3.1 Document Title Extraction

We present an automatic keyphrase system that uses electronic document as input.
The majority of available documents are created in portable document format (pdf)
because to their decreasing sizes. To extract a title sentence from a document, we
firstly converted these documents into the well-known document format XML by
using PDF2XML command within Acrobat Reader products. The phrase within the
first line including <H1> and </H1> tags of the XML files is determined as the title of
sentence. In addition to the advantage of using XML, we can exclude the figures and
tables by removing all lines within <Figure>... </Figure> and <Table>... </Table>,
respectively.

3.2 Initial Keyphrase Extraction

After we extract the document title, it is syntactical analyzed by Machinese Syntax
based on Functional Dependency Grammar [15] for syntactic relation and
morphology information. From the research of [16], [17], [18] and [19] that admit
noun phrase as a basic pattern to represent keyphrases, we extract noun phrases and
then determine them as the keyphrase if they are satisfied the following conditions:
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1. A keyphrase should be composed from the appropriate lengths of word.
Keyphrase is generally contained words from one to five.

2. A keyphrase is not too general in meaning. It should be excluded from the stop
word list.
3. A keyphrase should not be contained in other keyphrases. The more specific

keyphrases should be selected.
3.3  Semantic Representation

In a document the candidate/keyphrase meaning within one or more sentences may be
included in the individual candidate/keyphrase. To represent an English sentence in
machine understandable form, a knowledge representation is required. A conceptual
graph [20] is selected to represent the meaning of a keyphrase, this is necessary
because of the direct map between a graph and a natural sentence represents the
meaning. In this paper, we added some semantics information to the original
conceptual graph. Therefore, we will refer to the conceptual graph as "semantic
graph” to indicate that a conceptual graph represents a meaning.

A semantic graph consists of three nodes, i.e. two concept nodes and one relation
node. A concept node consists of three data, i.e. a words name, a general concept
name and a link to hyponym information. We gain two sets of information i.e.
hypernyms and hyponyms, the well-known lexical database named “Wordnet” [21].
The hypernyms reveals the list of general concepts of word “OS” ordered from the
least general to the most one. The hyponyms are list of the specific concepts of word
“OS”. Figure 4 shows how to define the concept node into the semantic graph.

In representing the relation node, we use a part of the output that is gained from the
functional dependency grammar parser, “Machines Syntax”. The parser outputs the
syntax, morphology and syntactic relation. The syntactic relation shows the relational
link from a word to others based on their functions, which is similar to the conceptual
relation in semantic graph.

Hypernym Hyponym
The least operating system, OS operating system, OS
general mp | => software => DOS
concept => code => UNIX, UNIX system
=> coding system => Windows
=> writing

=> written communication
=> communication

=> abstraction

=> abstract entity

=> entity

OS | Software | [1]

/

word Concep Pointer to
t name hyponyms

Figure 4 The concept node representation
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3.4  Semantic Interpretation

The semantic interpretation is the process to convert natural sentences into specified
knowledge representation, referred to as the semantic graph in this paper. The details
are presented in Figure 5 as follows.

Input: 1. An English sentence.
2. A Lexical database.
3. A English Parser
Output: The semantic graphs.
Process:
1. Parsing a sentence for syntax, morphology and syntactical relations. An
example of the result of parsing is shown in the table in Figure 5.
2. Selecting the word that has the syntactic relation as ‘main’ as the starting
point.
3. Representing its concept node based on the idea in Section 3.2.
4. Finding all links of other words that have the linkages connected to it.
5. Following the link to the connected word that has the morphological tag as
‘Noun’, “Verb’ and ‘Adjective’.
6. Representing the relation node by using the syntactic relation name of the
connected word.
7. Repeat step 3 until there are no links left.

‘ OS controls the computer system. ‘

3 3
=
Rules J:L

# Text Syntactic Relation Syntax and morphology
1|08 subj:>2 @suBJ %NH ABBR | NOM SG
2 | controls | main:>0 | @+FMAINV | %VA |V PRES SG3
3 | the det:>5 @DN> %>N DET
4 | computer | attr:>5 @A> %h=N N NOM SG
5| system | obj:>2 @0BJ %NH | N NOM SG
6
7| <s>
ey Il e

Lexical Conversion
4= | CONVERTING “

Figure 5 Semantic Interpretation Process
4 Semantic Similarity Matching

Determining the semantic similarity between two semantic graphs is depended on two
features i.e. their structures and values. Two semantic graphs will simultaneously be
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accepted if they are identical both in structure and content. However, many authors
usually use different sentence structures and words while describing the same things.
Therefore, using only this determination policy is too limited and as a consequence
many semantic graphs are rejected.

In this paper, we propose using the determination policy for scoring the similarity
between two different semantic graphs. The policy is described as follows:

1. If a candidate and a keyphrase is the same and only if there is at least
one sentence of candidate’s meanings that is equaled to the meanings
of the keyphrase.

2. Since one sentence can derive one or more semantic graphs, all

semantic graphs are used to determine the sentence similarity between

the candidate and the keyphrase.
3. In each semantic graph, all elements i.e. two concept nodes and one

relation node are matched. Its average score is computed and kept as
semantic graph score.

The Candidate Semantic Graphs The Keyphrase Semantic Graphs
TR
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POINT in graph
matching
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o v . ”},& nnp||| score
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| \_I | [ 1] é '3
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Figure 6 The process of semantic similarity verification

Figure 6 demonstrates the determination policy for matching the meanings of a
candidate and a keyphrase.
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1) Starting Point Selection

In Figure 6 two semantic graphs are described with different semantic graph
structures. The candidate has four semantic graphs and the keyphrase has three
semantic graphs. When the number of semantic graphs is not identical, the number of
matching is based on the lesser one. The matching process starts from the both core
nodes. The core node is the conceptual nodes having the most arcs linked to them as
shown as shaded rectangles in Figure 6(a).

(2) Graph Matching

All semantic graphs connected to the core node of candidate are compared with ones
of keyphrase. The details of matching are zoomed in Figure 6(b). From the example,
the graph-matching matrix is created in four rows and three columns, according to the
number of sub-graphs of keyphrase and candidate, respectively.

Each element in the graph matching matrix is charted as the graph score computed by
the (1), which is determined accordingly to the third determination policy.

3
D hit(n))

graph _score(i, j)=% 1)

Where hit(n) is the number of matched nodes between candidate and keyphrase nodes
in each semantic graph.

3 Sentence Matching

According to the second policy, in which a sentence composes of one or more
semantic graphs, all semantic graphs are necessary for sentence matching. Therefore,
the sentence-matching matrix is built and the average score of all semantic graphs is
calculated by (2) and filled in the matrix, as shown in the sentence-matching matrix.

k

Z(max‘l?=1(graph_ score(i, j)))

sentence _score(i, j) = 1= . (2

4) Phrase Scoring

In general, the important phrases are mentioned several times in a document. It
implies that the meanings of a candidate or keyphrase may be composed from many
sentences. In Figure 6, the candidate has five sentences and the keyphrase has six
sentences describing them.

phrase _score(i, j) = max =<=1 max‘J?=1(sentence _score(i, j)) 3)

With respect to the first determination policy, we used the maximum score computed
by (3), as the representative for threshold filtering. The candidate that has the phrase-
score over the specified threshold is accepted as the related keyphrase. The related
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keyphrase and its semantic graphs are subsequently added into the keyphrase
knowledge for later usages.

5 Evaluations and Results

In this section we show the experimental results of semantic-based keyphrase
extraction system with self-learning knowledge base. For evaluating the performance
of the proposed function, the keyphrase extraction system is set as shown in Tablel.

We compare our experimental results with three conventional keyphrase extraction
systems i.e. EXTRACTOR [5-6], KEA [7] and Matsuo’s system [9]. Conventional
keyphrase extraction systems in [5-7] are representatives of corpus-based keyphrase
extraction systems. Matsuo’s system in [9] is a representative of keyphrase extraction
systems in non-corpus usage group. A set of 100 technical papers from the disciplines
of business, computers, education, medicine and psychology were used for the test
documents. The six documents from [22] were used as the standard for testing our
proposed system with EXTRACTOR and KEA. One technical paper in [23] was used
for the evaluation of the Matsuo’s system. The remaining ninety-three papers were
used for proving the powerful knowledge base.

Table 1: Experiment Settings

Configuration Practical Setting

Conventional keyphrase extractor 1. EXTRACTOR 2. KEA 3. Matsuo’s System

Number of domains 5 domains: business, computer, education, medicine
and psychology

Number of documents 100 documents

Number of desired keyphrases 5, 10 and 15 keyphrases

Linguistic tools Machinese Syntax for part-of-speech tagging and
parsing

Threshold of keyphrase acceptance 0.5,0.8and 1.0

level

To evaluate the performance of our proposed functions, we set the experiments use a
percentage of the precision and recall. They are obtained from the following
equations:

Precision = R 4)
C
R
Recall =— 5
< )
Where R s the relevant keyphrases extracted by the extraction system.

C s all the candidates in the specified domain.
K is the total number of real keyphrases.

5.1  The comparison performance between our proposed keyphrase extraction
system
and corpus-based keyphrase extraction systems

Table 2 illustrates an example result compared to EXTRACTOR and KEA. We
compared their results with the same document entitled “WorldBeat: Designing a
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Baton-Based Interface for an Interactive Music Exhibit” [22]. The bold and italic
phrases were those which were completely matched to the list of keyphrases as
defined by the author. From the five extracted keyphrases, our proposed system can
extract additional keyphrases as “worldbeat exhibit” and “music”. This increases the
performance of our proposed keyphrase extraction system over others. All 100 trial
documents were then tested and the percentage of precision and recall are illustrated
as in Table 3, respectively.

Table 2: An example of the proposed system compared to the corpus-based keyphrase extraction

system
EXTRACTOR KEA KEA2 The proposed
system
exhibit Baton Based Design Patterns interface design
instruments interactive input device worldbeat system
exhibits
user feedback interface design | user interface worldbeat exhibit
user interface user interface user interface User interface
design design
WorldBeat system | WorldBeat virtual realities music
system

Table 3: The performance of the proposed keyphrase extraction system compared to corpus-
based systems

Keyphrase Approaches Performance
% of Precision | % of Recall
EXTRACTOR 75.23 55.95
KEA 76.05 57.86
Our proposed 80.21 60.23

5.2  The comparison performance between our proposed keyphrase extraction
system
and non-corpus usage keyphrase extraction systems

Since the Matsuo’s system is not publicly provided on the Internet as EXTRACTOR
and KEA, we evaluated the proposed system by using the same document, entitled
“Computing Machinery and Intelligence” [23]. Table 4 demonstrates the extracted
keyphrases from Matsuo’s approach and ours. Our proposed keyphrase extraction
system extracted additional keyphrases as “intelligence” and “computation” as shown
as shaded rows in Table 4.
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Table 4: Example results of the proposed keyphrase extraction system compared to non-corpus

systems
Matsuo’s System [9] | The proposed system
digital computer digital computer
storage capacity storage capacity
imitation game imitation game
machine discrete-state machine
human mind intelligence
universality compute machinery
logic computation
property Object
mimic sense
discrete-state machine | man

53  The improvement of keyphrase extraction system by including self-
learning knowledge base

In this paper, we also proposed the use of knowledge base for storing keyphrase list
and their meanings. With the powerful of self-learning approach, our system can
automatic create or expand the knowledge base. The knowledge base is beneficial to
the next cycle of extraction. Table 5 shows the obtained results when we extract five
keyphrases from the same set of test documents up to five cycles. From Table 5, the
percentage of matched keyphrases are continually increased and then saturated at the
fourth cycle of extraction. This event implies that from the empty knowledge base,
our proposed system needs some periods for learning the system. From our
experiment the number of learning cycles was never more than four cycles.

Table 5: The performance of the proposed system in various cycles of extraction

# of extraction cycle | %of matched keyphrases
1 54.90
2 66.98
3 74.12
4 75.55
5 75.55

54  The effect of desired keyphrase numbers to our proposed keyphrase
extraction system

Since the number of author-defined keyphrases is varied from documents to
documents, the appropriate numbers of keyphrases should be approximated in order to
increase the system performance. In our experiments, we found that the different
numbers of desired keyphrase yields the different performance as shown in Table 6.
Table 7 demonstrates the pair wised comparative tests for the effects of desired
keyphrase numbers to the performance of our proposed approach. The null hypothesis
is “there is no difference when various keyphrases are desired”. With the confidence
level as 95%, the computed t scores are in the rejected regions (< -t11.0.05 and > ty1 0.0s).
Therefore, the hypothesis is rejected.
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Table 6: The performance of the proposed system in various numbers of desired keyphrases

Number of desired keyphrases Performance
% of Precision | % of Recall
5 75.55 52.81
10 77.48 54.23
15 80.21 58.57

Table 7: The pair wise comparison for the effect of various numbers of desired keyphrases

Hypothesis test for the Effect of Number of Keyphrases and Recall

95% C Interval

Std. Std. Error Sig. (2-
Mean Deviation Mean Lower Upper t df tailed)
i'e';,ep‘;ﬁ.r;':;e e 0.01833 | 0.22148 | 0.06393 0.12239 0.15905 0.287 1 0.780
5-keyphrase v.s. 15-
keyphrase -0.04917 | 0.32411 0.09356 -0.25509 0.15676 -0.526 11 0.610
10-keyphrase v.s. 15-
keyphrase -0.06750 | 0.13532 0.03906 -0.15348 0.01848 -1.728 11 0.112

Hypothesis test for the Effect of Number of Keyphrases and Precision

95% Confidence Interval

Std. Std. Error Sig. (2-
Mean Deviation Mean Lower Upper t df tailed)
5-keyph 5. 10-
keyphrase | 001833 | 022148 | 0.06393 -0.12239 0.15905 0.287 11 0.780
5-keyphrase v.s. 15-
keyphrase -0.04917 0.32411 0.09356 -0.25509 0.15676 -0.526 1 0.610
10-keyphrase v.s. 15-
keyphrase -0.06750 0.13532 0.03906 0.15348 0.01848 -1.728 1 0.112

6 Discussion

The experiments of the previous section demonstrate that the self-learning keyphrase
extraction system presented in this paper is flexible because it has the ability to extract
the related keyphrases without using training corpus. Based on the obtained results,
the following observations are discussed.

6.1  The overall performance in term of extraction precision

Evaluating the proposed system with the conventional keyphrase extraction systems
in corpus-based group, our system obtained the higher performance, a percentage of
related keyphrases increased. Since those systems can extract the keyphrases based on
their frequency of occurrences some keyphrases that were not exactly related to the
document were extracted. The examples are ‘instruments’ and ‘input device’ are
shown in the second and fourth column of Table 2. Evaluating the proposed system
with the conventional keyphrase extraction system using no corpus, our system
performed comparably. From the results in Table 4, four of them, represented in italic,
were identical. However, the Matsuo’s system had only one keyphrase that matched
exactly to the author-defined keyphrase, while our proposed system obtained three
keyphrases that were identical to the author-defined keyphrases. Even the
conventional system can extract the keyphrase that had less frequency of occurrences
by considering the frequency of its co-occurrence terms. The system is also limited if
the keyphrase had less frequency of co-occurrences. For example, the keyphrase
‘intelligence’, that is defined by the author but it is mentioned only once in the
document, could be not extracted by the conventional system because its frequency
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was less than three. Because the title of this paper is ‘Computing Machinery and
Intelligence’ and it contains ‘intelligence’, our proposed system could extract it.

6.2  The effect of knowledge base for the next cycle of extraction

Table 5 illustrates the improvement of the system performance. However, the
percentages of matched keyphrases are saturated at the fourth cycle of extraction. The
possible cause for the saturated is the regulation used in extracting keyphrases.

1. A keyphrase should be composed from the appropriate lengths of
word. (1-5 words/phrase)

2. A keyphrase is not too general in meaning. It should be excluded from
the common word list.

3. A keyphrase should not be contained in other keyphrases.

By each rule, all possible candidates are filtered out to limited numbers of noun
phrases. If the documents used for extracting are not increased, all possible noun
phrases could not be increased as well. Therefore, the keyphrases could not be
extracted anymore. The saturated state can therefore occur in some cycle of
extraction.

6.3 Limitations

The self-learning keyphrase extraction system was able to yield more keyphrases
which were matched to the author-defined keyphrases than that of the conventional
systems, however, 100 percent of author-defined keyphrases could not be recalled.
The limitations of the proposed system are depended on three factors:

1. The initial keyphrases;
2. The related keyphrases;
3. The content in the knowledge base in the previous cycle.

Since the initial keyphrases were extracted by considering all noun phrases from the
title of the document, the number of noun phrases contained in the title was affected.
The small number of noun phrases yielded a small number of initial keyphrases as
well. In addition, it was essential that each noun phrase occurred at least once;
otherwise, the proposed system is not able find any meaning for further matching. In
the process of extracting related keyphrases, the sentences with the same meanings
are possibly converted into different semantic graphs. The similar score was obtained
from these semantic graphs but was not as high as expected. The related keyphrases
located in the mentioned sentences were therefore not extracted.

In the succeeding extraction cycles, all semantic graphs of candidates were compared
to the ones of all keyphrases inside the knowledge base that was constructed or
expanded from the previous cycle. In the expanded knowledge base sometimes the
contradicted knowledge was also stored. This kind knowledge can decrease the
performance of the system.
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7. Conclusion

This paper presents a self-learning keyphrase extraction system for a non-corpus
environment. With the powerful self-learning approach, the initial and related
keyphrases that are identical to the author-defined keyphrases in sense of meaning,
can be extracted. In addition, the knowledge base constructed and expanded by our
system can improve the performance of keyphrase extraction. The proposed
keyphrase extraction system can produce keyphrases in high performance with
65.06%, 78.10% and 85.90% of matched keyphrases compared to the author-defined
keyphrases for 5, 10, and 15 of desired keyphrases, respectively.
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Abstract—This paper proposes semantic based keyphrase
recovery for domain-independent keyphrase extraction. In
this method, we add a keyphrase recovery function as a posi-
process of the conventional keyphrase extractors in order to
reconsider the failed keyphrases by semantic matching based
on sentence meaning, We also add the Domain Identification
Function to determine the related domain of the keyphrases
by using keyphrases extracted from the conventional systems
in order to make the system as domain-independent. The
semantic matching is performed to compare the similar
meanings between ones of failed keyphrases and ones in the
knowledge hase. Therefore, the failed keyphrases that are
matched by semantic matching are recused as keyphrases.
The experiments with the summary sentences in 60 articles
of TEICE Transactions on Information and Systems and
glossaries from four resources are performed in initializing
Domain Knowledge Base, Other summary sentences in 100
articles of IEICE Transactions on Information and Systems
and in 15 chapters in a Computer Information System text-
book are experimented in recovering the failed keyphrases.
The results reveal that the proposed method increases the
average performance of conventional EXTRACTOR and
KEA approximately by 33.16 and 41.30% of precision, and
36.10 and 39.17% of recall, respectively.

Index Terms—Keyword Extraction, Semantically Match-
ing, Abductive Inference, Non-existing Keyword, New-
defined Keyword.

1. INTRODUCTION

Automatic keyphrase extraction plays important role
for automatically spotting the keyphrases from the doc-
uments in order to assist people to search the required
documents. Since the extracted keyphrases act as the
representatives of document content, the contribution of
keyphrase is also to help human for quickly understanding
the contents of document. However, keyphrase composes
of several number of keyphrases, keyphrase extraction
is considered to cover the keyphrase extraction. The
automatic keyphrase extraction system can be utilized
in several applications such as information retrieval, text
summarization, machine translation, speech understand-
ing and so on. The extracted keyphrases affect the per-
formance of these applications, and the high performance
keyphrase extraction is required in term of speed, rela-
tiveness, accuracy, and robustness. However, since some
keyphrases have no fixed pattern, and some are keyphrases
that do not exist as the words in the document, it is

difficult to extract the keyphrases by directly matching
with database. There are several approaches working on
developing the efficient keyphrase extraction systems. We
categorize the existing researches into three groups based
on their algorithms i.e using statistics, machine leaming,
and semantically matching. Tn the statistical-based ap-
proaches such as [1],[2], [3], and [4], they firstly extract
the possible words sequences with no stop words and
punctuation as candidates. The researchers in ([1],[2]) use
all kinds of phrases as the utilized candidates while people
in [3] and [4] are interested only two-words and s noun
phrases, respectively. All filtered candidates are then ver-
ified their goodness with different methods varving from
simply counting the candidates’ occurrences ([3],[4]) to
Naive Bayves algorithm ([1],[2]), respectively. Candidates
with high frequency are selected as keyphrases. The ad-
vantage of these approaches are simplicity. However, their
accuracies are decreased because some actual keyphrases
with less frequency are ignored and they need a large
amount of data for training. In machine learning-based
extraction, there are two keyphrase extraction systems i.e.
EXTRACTOR and GenEX developed by P. Tumney in [3]
and [6]. They employ the similar way as [1],[2], but dif-
ferent number of features, to find the possible candidates.
To determine keyphrases in the midst of candidates, each
candidate is then matched to the keyphrases generated by
using C4.5 decision-tree induction algorithm in training
process. GenEX is the enhanced system of EXTRAC-
TOR. Tt uses genetic algorithm to firstly tune up the
12 parameters used in candidate filtering process. From
this approach, the accuracy of the extracted keyphrases is
increased because they are determined from more details
parameters. In addition, they can be applied in several
domains of interest. However, they are complicate in
term of training corpus requirements. The corpus used
in these systems needs human expert to tag each phrase
as keyphrase and non-keyphrase.

In semantically matching, the hybrid keyphrase extrac-
tion system between statistical and semantical approaches
as TRUCKS has been developed. ([7],[8], [9] and [10]),
attempt to find the keyphrases focusing on relativeness
criteria. This approach has advantage in term of relative-
ness. Unfortunately, it suffers in simplicity qualification



because it needs to compute several scores. Although
these current keyphrase extraction systems give the good
performances, they still face the problems of rejecting
actual keyphrases. A boosting algorithm proposed by
Jordi Vivaldi et.al in [11], is used to solve this problem.
They use AdaBoost Algorithm to find a highly accurate
classification rule by combining multiple classifiers such
as semantic content extractor, context analyzer, Greek
and Latin forms analysis, and collocational analysis. This
approach can improve the accuracy of the linguistic-based
keyphrase extraction system, but has several disadvan-
tages. It uses specific format of document, SGML, as
input, domain-specific in medical domain, and corpus
requirement for training.

In this paper, we focus to improve the conventional
keyphrase extraction systems in terms of accuracy, and
domain-independent. To improve the accuracy, we add
the post-process for recovering the failed keyphrases by
semantical matching. The semantical matching emploved
in this paper is based on sentence meaning so that not
only keyphrases that do not exist as words in the sentence
but also the ones that are ambiguous are rescued. For
domain-independent, we also add the Domain Knowledge
Base Tnitialization Function in order to create the initial
knowledge base, and Domain Identification Process that
utilizes keyphrases extracted from conventional extractors
to determine the related domain and automatically update
the keyphrases in the knowledge base.

II. PROBLEM ANALYSIS AND BASIC IDEAS
A. Problem Analysis and Basic Concept

Normally, the conventional keyphrase extraction sys-
tems output keyphrases and non-keyphrases as shown in
Fig.l. They are categorized into two groups according to
the causes of their rejection i.e linguistics and statistics.
In the first group, there are some actual keyphrases
containing ambiguous words (the words that can be
counted as noun, adjective, and verb simultaneously) and
recognized as adjective or verb rather than noun according
to grammar. Though they are keyphrases, the system
ignores them, because the keyphrase is assumed as noun.
Not only this, the order of words in each keyphrase
is also important, some of them are rejected because
they have different sequences compared to the author
defined keyphrases. In another group, non-keyphrases are
ignored because they occur in less frequencies and locate
in insignificant location. In this paper, we give the first
priority of noun consideration for all ambiguous words in
order to expand the possibility of being keyphrases.

In another hand, there are some actual keyphrases that
do not frequently occur, do not place in the significant
position such as the first sentence in each paragraph, and
do not order as the same as author definitions are de-
termined as non-keyphrases as shown in Fig.1. However,
these keyphrases have meaning related with the document
content. To solve this problem, we propose semantic
matching to find the relevant meaning and rescue them
as keyphrases.

III. ABDUCTION FOR KEYPHRASE EXTRACTION

Abduction, originated by Charles Pierce, is a particular
kind of hypothetical reasoning. In the simple case, it has
the form:

From ) and ) « P

infers P as a possible "explanation” of Q).

Abduction is the reasoning backward from the result to
the cause. Since (@ is a fact in the knowledge base and
the condition that if P is true then P is true is preserved,
there is a reason to suspect that P is true.

There are several applications using abduction as the
reasoning technique such as medical diagnosis, language
understanding and speech recognition. The new knowl-
edge takes for granted to be added to the knowledge base
if it is not inconsistent with ones in the knowledge base.

In this paper, we apply the concept of abduction as
keyphrase recovering technique for keyphrase extraction
system as presented in Fig.2. We assume that the well-
formed knowledge base contains domains and their rel-
evant keyphrases with the condition that if we mention
to the specified domain then the keyphrases related to
it are valid. The shaded box in the Fig. 2(a) and (b)
presents the knowledge base of computer domain. Un-
fortunately, non-keyphrases as "CD-ROM” in Fig. 2(b) is
not included in the knowledge base so it is then rejected.
From the definition of abduction, if we assume the non-
keyphrase as valid keyphrase and backward reasoning in
the knowledge base, the non-keyphrase that is consistent
with the existing knowledge base is rescued. To prove the
consistency of the non-keyphrase, we use the integrity
of meaning as condition. The non-keyphrase which has
meaning consistent with others in the background knowl-
edge is recovered.

IV. KEYPHRASE EXTRACTION SYSTEM WITH
SEMANTIC-BASED KEYPHRASE RECOVERY FUNCTION

Figure 3 illustrates the configuration of keyphrase ex-
traction system with Semantic-based Keyphrase Recovery
function. They are separated into two modes including
fraining and recovering modes. The training mode is for
initializing the main knowledge base while the recovering
mode is for recovering the false rejected kevphrases.
From Fig. 3, the main knowledge base is called "Domain
Knowledge Base”, as located on the top left of figure. The
contents of the domain knowledge base are keyphrases,
their definitions, and their relevant domains. In the follow-
ing subsections, the structure of the domain knowledge
base is firstly presented, and then the configuration details
of training and recovering modes, respectively.

A. Dowmain Knowledge Base

The domain knowledge base acts as the human brain. It
comprises from the links of domain nodes. It is organized
in the hierarchical format ranking from the most general
to the most specific nodes based on their meaning. The
logical view of domain knowledge base is illustrated
in Fig. 4(a). The internal structure of each domain is
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shown in the Fig. 4(b). It includes three tables named
as keyphrase, domain-keyphrase and domain.

B. Training Mode

The objective of training mode is to automatically
initialize the domain knowledge base. Since our approach
is proposed for domain independent keyphrase recovery, it
is necessary to build the large enough domain knowledge
base. It is very difficult and expensive to create it by hand.
To automatically initialized the domain knowledge base,
it uses several documents for training.

The input used in the training mode is the text corpus of
the formal definitions of keyphrases gathered from many
sources such as on-line glossaries, encyclopedias and also
the original documents for recovering. The outputs of
this process are list of keyphrases, their domains, and
their definitions represented in the form of knowledge
representation.

The keyphrase names and domain names ,predefined
by user, from the input text are stored in the domain
knowledge base for the next uses. For the keyphrases
definitions, they are created from the Knowledge Base
Generation and then converted into the knowledge rep-
resentation format. In this paper, the conceptual graph
originated by [12] are employed. The conceptual graph-

based definitions are then kept in the domain knowledge
base.

Within the training mode, the domain knowledge base
is automated created without human interference. There-
fore, the domain independent knowledge base can be
created by using the various domain documents in training
mode.

C. Recovering Mode

After the domain knowledge base is set up, we can
recover the non-keyphrases that are refused from the
conventional keyphrase extraction system by the process
in the recovering mode. There are three main parts as
shown in box no. (1),(2) and (3) of Fig. 3.

1) Knowledge Base Generation: This process is used
both in training and recovering modes. In training mode,
the definition part of document is converted into the
knowledge representation format. It accepts the English
sentences, tags each sentence for its part-of-speech, parses
it by applying the defined syntactic rules and finally inter-
prets them and creates conceptual graphs. In recovering
mode, the Keyphrase Determination Process needs more
information as surrounding words, phrases or senterces
for interpreting the meaning of those candidates The
sentences embedded with the non-keyphrases are used as
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the context information. These sentences are automati-
cally transformed into conceptual graph-based knowledge
representations with the same process as done in the
training mode.

2) Domain Identification: A candidate that is deter-
mined as keyphrase in one domain may be refused in
the other domains. To recover the non-keyphrases, it is
essential to firstly know its domain in order to limit the
search spaces. The Domain Identification Process serves
for this requirement by receiving the keyphrases produced
from the conventional keyphrase extraction system as
input. These keyphrases are then used as index to search
in the Domain Knowledge Base for the relevant domain
names. The Domain Identification Process is shown in
Fig. 7.

3) Abduction-based Keyphrase Recovery: The
Abduction-based Keyphrase Recovery is the main
part of our proposal for recovering the false rejection
kevphrases. Keyphrase Mapping Process firstly verifies
the non-keyphrases by employing the Domain Knowledge
Base. The unmatched non-keyphrases are then sent to
the Kevphrase Determination for abductively recovering.

s Keyphrase Mapping
The non-keyphrases produced by the conventional
keyphrase extraction system along with its relevant
domains are firstly checked by mapping its appear-
ance with the keyphrase names in the Keyphrase
table in the Domain Knowledge Base. After map-
ping, the matched candidates are output to the user as
the correct keyphrases while the unmatched ones are
then feeded to the next process, called Keyphrase De-
termination. Figure 9 shows the details of Keyphrase
Mapping process.

s Keyphrase Determination
The Keyphrase Determination uses the semantic
matching based on abductive reasoning to rescue the
remaining non-keyphrases. The input for this pro-
cess are list of the remaining non-keyphrases, their
relevant domains and the knowledge representation
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of their context information. The non-keyphrase are
previously assumed as valid keyphrases and then
evaluated their semantic{meaning) with the existing
keyphrases in the Domain Knowledge Base. The
ones that the similar scores reach the specified
threshold are rescued and then updated in the Do-
main Knowledge Base for the next cycle of extrac-
tion. Figure 11 and Fig. 10 explain the process of
this process.

In Keyphrase Mapping, the non-keyphrase that has only
one appearance-match between it and contents in the con-
sidered domain is accepted as recovered keyphrase. Un-
fortunately, the meaning matching of the non-kevphrase
and the conceptual graph in the domain knowledge base
can not be accepted by only one match. These matched
meaning are accumulated and then computed to find the
"similarity score”. The similarity score derived from (1)
is used as indicator to promote the non-keyphrase as
recovered keyphrase.

sscore = mtax{ (X:) x (Wy)

T

where sscore is the similarity score of each non-
keyphrase

{X;) is the number of matched meaning

(N;) is the number of all meaning in the considered
domain

(W) is the weight of the considered domain.

The weight of the considered domain is calculated by

).

W= (2)

2k
where W; is the weight of each non-keyphrase
k is the number of levels (distance) starting from the
specified domain to the considered domain.
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TABLE [: Data using in the experiments

Mode No. of No. of No of No of
Domains | Glossaries | Chapters | Articles
Training 10 15 60
Recovering 10 15 160

The acceptance of the non-keyphrases are determined
by the following criteria as shown in (3)

1 if sscore > T'

0 if sscore < 1 3

Accept(sscore) = {

where T is the specified threshold

Those non-keyphrases are accepted either in Keyphrase
Mapping process or Keyphrase Determination process are
automatically updated in the Domain Knowledge Base.

V. EXPERIMENTS AND RESULTS

As we propose to enhance the keyphrase extraction
system by appending the "Semantic-based Keyphrase
Recovery Function” as a post-processing, the following
steps are used to evaluate our approach.

A, Data Preparation

Since there are two modes in our proposed function, the
two groups of data are also used. In training mode, we use
three types of training text. The one is glossaries of all re-
lated keyphrases in the computer and telecommunication
domains. These glossaries are from four locations, three
of them from the websites owned by CNET Networks,



TABLE II: Performance comparisons between the conventional systems and our proposed Semantic-Based Keyphrase

Recovery Function

Conventional Keyphrase Performance of Keyphrase Extraction
Extraction Systems By Conventional Systems | Improved by Our Proposed Function Total
Precision Recall Precision Recall Precision | Recall
1. EXTRACTOR 7.49 8.53 33.16 36.10 40.65 44.63
2. KEA 5.94 548 41.30 39.17 47.24 44.65
Ine. [13], Tech Target Company [14], and University of REFERENCES

Chicago [15]. The remaining one is from the glossary
chapter of [16]. The second type of training text is from
the summary section of IEICE transactions on Information
and Systems. We used 60 summaries from 10 domains.
And the last type is all the original documents used for
recovering.

In recovering mode, the data that we are used in our
experiments are in text format collected from two re-
sources. The first resource is from the summary section of
15 chapters in a computer textbook [16]. Each summary
section consists of 6-8 paragraphs with 3-5 sentences
for each paragraph. The second resource is from the
summary section in 100 articles from the on-line of IEICE
fransactions. Fach article section includes approximately
15-20 sentences. The configuration of data using in the
experiments is shown in Table .

The KEA developed by [1] and EXTRACTOR de-
veloped by [5] are baseline used as the representative
of statistic-based and machine leaming-based keyphrase
extraction systems.

Because we propose to improve the performance of
the conventional system by rescuing the non-keyphrases,
the number of candidates (C) are the number of all non-
keyphrases rejected by the baseline systems. While the
total number of real keyphrases are counted from the list
of keyphrases defined by the authors. By using our testing
documents, Table II illustrates that with the additional
functions, the performances of the conventional extraction
systems can be improved.

VI. CONCLUSION

This paper proposes the post-processing function to
recover the false reject keyphrases of the conventional
keyphrase extraction systems. With this proposed func-
tion, the false reject keyphrases can be recovered in
several domains of interest. The relevant domains are
automatically identified by the Domain Identification
process. We evaluate our proposed function with three
conventional system ie. EXTRACTOR, KEA and our
keyphrase database-mapping based extractor. They are
approximately increased 33.16 and 41.30% of precision
in EXTRACTOR and KEA, and 36.10 and 39.17% of
recall in EXTRACTOR and KEA, respectively.
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