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문서의 자동화된 처리와 해석은 통신과 IT 분야의 진보와 더불어 그 수요가 증
가되고 있다.디지털화된 형태로 문서를 저장하기 위한 노력이 계속되고 있으나 압
축기술의 발달에도 불구하고 거대한 저장공간이 요구되고 있는 실정이다.문서들을
텍스트와 그래픽 영역으로 분리하고 텍스트 부분은 아스키 형태로 그래픽 부분은
비트맵 형태로 저장하여 데이터베이스로 구축한다면 문서에서 텍스트 부분의 효율
적인 탐색과 저장이 용이하게 될 것이다.문서영상 내의 그래픽 영역은 텍스트 영
역과 구분되는 텍스쳐 속성을 갖는다고 가정하며,세그멘테이션 방법은 문서영상을
웨이블릿패킷으로 분해하는 웨이블릿 분석과 통계학적 패턴인식 개념들을 사용한
다.다양한 채널들은 주파수 평면에서 멀티스케일과 다중방향의 영상을 찾아내고,
채널들의 결합은 에지를 변형시켜 불연속선 검출이 가능하게 한다.그리고 멀티스
케일상의 특징벡터를 구한 후,K-means클러스터링 알고리즘으로 텍스트/비텍스트
영역을 세그멘테이션 한다.본 논문은 폰트크기,스캐닝해상도,레이아웃 형태 등
어떤 사전정보도 없이 실험하였으며,실험결과는 텍스트/비텍스 영역을 잘 찾아내
고 있음을 보여준다.
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Documentimagesegmentationisanactofpartitioningadocumentimageinto
separatedregions.Theseregionsshouldideallycorrespondtotheimageentities
suchastextblocksandnon-textblocks.Thisisthetaskthatmostresearchers
inthisfieldarefacedwith.Manytechniqueshavebeenproposedtosegment
the documentimage into textand non-textregions in the literature [1].
Waveletstechniqueshavebecomeveryhandyinthisareaofdocumentimage
analysis.Theyareparticularlygoodatdescribingasceneintermsofthescale
oftexturesinit.
Textureisanimportantpropertyofreflectivesurfacewhichhumanvisual
perceptionsystem usestosegmentandclassify differentimageobjectsina
digitalimage.Ourmethodofdocumentimagesegmentationalsoisatypeof
waveletbasedonmultiresolutionanalysiswhichareveryeffectiveinthestudy
ofcomplexsignalsandimages.Inthispaper,weproposeanew waveletbased
approach for documentimage segmentation called waveletpacketanalysis,
which,according toourexperimentalresult,show anupperhandoverother
traditionalsingleresolutionmethodsofdocumentimagesegmentation.
Thefirststep,asinallothertexture-baseddocumentimagesegmentationis
thetextureextraction.Waveletpacketanalysisprovidesawiderspectrum for
richer feature extraction from the recursive decomposition of both the
approximationandthedetailcoefficientsderivedfrom theoriginalsignal.This
splittingofboththeapproximationanddetailcoefficientsoffermorecomplex
andflexibleanalysiswithmanybases(subbands)from whichwecanlookfor
thebestrepresentation.
SectionIIofthisworkdwellsontherelatedworkandresearchthathasbeen
goingoninthisareabasedonalmostsimilarmethods.Thenextpartwhichis
sectionIIIgivesabriefintroductiontowhatwaveletsareandthetypesof
wavelets.Itisinthissectionthatwepresentouralgorithm forwaveletpacket
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analysis.  clustering method is applied during segmentation.Other
componentsdiscussedhereincludelocalenergyestimation,computingstandard
deviation,nonlinearity,smoothing and gaussian blurring areinvolved in this
step.Potentialoftheproposed algorithm isshown in theexperimentsand
results,partsectionIV.Originalimagesareshown,theirdecompositionsand
finalsegmentationimages.WeconcludeourpaperinsectionV withpossible
futurework.
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DocumentImageSegmentationisacrucialstepintheconversionprocessfor
paper document images into electronic documents.With the advances in
communication and information technology,there is an inevitable need of
automatedprocessingandreadingofsuchdocuments.Moderntechniqueshave
been successfully applied to compress large documents to be stored in
databases,butstill,everytimewerunoutofspaceduetothebulkinessofthe
datatobestored.
By now,alotofpapershavebeen published and practicalresearch and
developmenthave been partially achieved on the field ofdocumentimage
segmentation [2]. Thishasbeen donethrough severaltechniqueswith the
mostexploredmethodsbeingbottom-up,top-down,andahybridofthetwo,
known as split-and-merge algorithms.These are grouped as hierarchical
methodsbecausethegeometricrelationshipamongblocksformedinthepage
documentisconsidered.
Top-down approach,which iskindofknowledgebased,proceedswith an
expectationofthenatureofdocument.Itavoidsbaddecisionsbyconsidering
theentireimageinquestion,initsveryfirststepofiteration.Herethepageis
splitintoblockswhicharesubsequentlyidentifiedandsubdividedfurtheruntil
allregionsaredeemed homogeneous.Forexample,onemay decidetofirst
locatemajorcolumnsinthepagesplittingthem furtherintoparagraphs,text
lines,words and eventually characters.Some algorithms which use the
top-downapproachincluderecursiveprojectionprofilecuts[3,4],runlength
smoothingandconstrainedrunlength[5].Theconstrainedrunlengthalgorithm
worksthisway;startsfrom thebinary imageandreplacesevery string of
contiguous0's representingwhitepixels,lessthanathresholdpredetermined,
byastringof1's representingblackpixels,ofthesamelength.Theprocess
binarysmearingisperformedinbothhorizontalandverticaldirectionsandthe
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logical"AND"isusedinthefinalbit-maptoobtainthetwooutputs.
Althoughthesealgorithmsmakegloballyoptimaldecisions,ontheotherhand
theyarelimitedtosplittingtheentirepageevenwhenthatdoesnotgiveus
thebestresults.Alsoitisdifficulttoavoidrepeatingpastworkwhichinturn
reducestheperformance.Formoreexamplesofthetop-downapproach[6]and
Fujisawaetal.[7].
Anotherwellknown image processing technique is the bottom-up.This
approachisdata-driven,thatis;itprogressivelyrefinesthedataby layered
grouping operations.Twopracticalbottom-upmethodsareneighborhoodline
density(NLD),whichindicatesthecomplexityofcharactersandgraphics,and
connected components analysis indicating the component properties of the
documentblocks.Suchbottom-uptoolslikeconnectedcomponents[8],begin
analysisfrom pixellevelandmergeregionstogetherintolargercomponents.It
is"regiongrowing"becauseitstartsfrom isolatedareasoftheimage,enlarges
them andrepeatedlyconcatenatingalltheneighboringpixelstillaregionborder
isformed.Basically,theanalysisbeginsfrom characters,thenwords,textlines,
paragraphs,etc.Thoughthemethodistimeconsumingandtheoptimaloutcome
dependsonthedecisiononasmallamountofinitialdatawhichmightleadto
badsegmentation,somegoodexampleshavebeenseen[9,10].
Eachofthetwomethodsmentionedabovehavetheirshortfallsprompting
the need for more efficient and less time consuming algorithms.
Split-and-mergealgorithm isacombination ofthetwotrying tooffsetthe
tradeoffbetweenthetwobutitisalsoslow.Itcombinesthebestfeaturesof
boththetop-downandbottom-upalgorithms.Split-and-mergealgorithmsact
liketop-downalgorithmsinthattheyrecursivelysubdividetheimage.Oncethe
regionsarehomogeneous,theyareclassifiedasoneofthepossibleimagetypes.
The merging step used in the bottom-up is applied here to combine the
neighboringregionsofthesametype.Ashavebeenmentioned,theyprovide
thebestonbothworldsbutareusuallyslow foranyrealtimeapplication[11].
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Themethodsdiscussed,tosomeextent,canbesaidtodependonsomea
prioriinformation.They could assumeaprioriknowledgeaboutthegeneric
documentlayoutstructure,forexample,rectangularityofmajorblocksinthe
image,horizontalandverticalspacing andindependenceoftext,graphicand
imageblocks,andassumptionsaboutattributessuchasfontsizeandtextline
orientation.Thisknowledgeresultsin amoreefficientpagedecomposition
system butontheotherhandlimitstherangeofapplicabilityofthealgorithms.
Tociteafew examples,methodsbasedonprojectionprofilesfailsifthepage
layoutiscomplex,thedocumentpageisskewed (ragged),and ifthetext
stringshavedifferentorientations.Methodshavebeendevelopedformeasuring
andcorrectingskew angleeventhoughthesemethodshavelimitedrangeand
addtothecomplexityofthesystem.
A numberofotherapproaches regard a homogeneous region (e.g.,text,
image,and drawing) in a document image as a textured region.Page
segmentation isthen implemented by finding textured regionsin gray-scale
images.RepresentativeapproachesaremethodswhichusesGaborfilteringand
maskconvolution,[12,13,14],fractalsignature[15],andwaveletmulti-scale
analysis[16]whichhastheadvantageofsegmenting nonblock-nestedpages.
Moreflexiblemethodsofpagesegmentationhavebeenexploredrecently.This
isbasedontheanalysisofbackgroundwhitespace[17,18].Thisschemeis
basedontrackingmajorwhitespacesbetweenprintedcomponentstoidentify
boundaries.Inadditiontotheabovementionedapproacheswhichsharesome
common features,twoothermethods[19],which useswhitetilestoextract
contoursofregionsandfeaturesforclassification,and[20],aglobal-tolocal
strategy used in geometriclayoutanalysiswhich can accommodatedifferent
languagesinthedocument.
Algorithmsdeveloped based on a prioriknowledgeaswehaveseen are
limitedintheir applicabilities.Itistherefore,desirabletohavesegmentation
methodsthatdonotassumeaprioriknowledgeaboutthecontentandattributes
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ofthetext,orabouttheboundariesofmajorblocksaswiththetop-downcase.
Methodswithwiderangeofapplicationwhicharerobusttoskew,noiseand
otherdegradationshouldbedeveloped.A lotof difficultiesareonresearchers
way to achieving this vitalgoalin documentimage segmentation.These
obstaclescanbenotedas:
l Noiseanddegradationcausedbyvariousfactorssuchascopying,scanning,
transmissionoraging.
l Pageskew andtextregionswithdifferentorientations.
l Textregionsthattouchoroverlapuntoimageandgraphicscomponents.
l Varyingtextandbackgroundgraylevelscombinedtogetherasininverted
texts,etc.
l Complexandirregularlayoutstructuresthatarecommonespeciallyinnon
-technicaldocuments.
l Curvedlinesormulti-columnpageswheretextlinesindifferentcolumns
arenotofthesamesizeand/ornotaligned.
l Language difference,fontsizes and othertextualattributes add to the
problem.



- 7 -

Historically,waveletanalysis is a new method,though its mathematical
underpinnings date back to the work ofJoseph Fourierin the nineteenth
century(WaveletToolbox).Thefoundationsofhistheoriesoffrequencyproved
tobeenormously importantandinfluential.Research work on thisareahas
turnedfrom frequency-basedanalysistoscale-basedanalysissincefrequency
alone is less sensitive to noise.Wavelet is fundamentally defined as a
waveform ofeffectivelylimiteddurationthathasanaveragevalueofzero.This
analysishasquiteanumberofadvantagesovertraditionalsinewaves,the
basis ofFourieranalysis.Sinusoids tend notto have limited duration and
extendfrom negativetopositiveinfinity.Furthermore,sinusoidsaresmoothand
predictablewhilewaveletsareirregularandasymmetric.Intuitively,signalswith
sharp changesarebetterhandled with an irregularwaveletthan asmooth
sinusoid.A majoradvantagethatisafforded by waveletsistheability to
perform localanalysis,ie.toanalyzealocalizedareaofalargersignal.
Waveletdecompositionwhichconsist mainlyofde-noisingandcompression
hastwoaspects;scaleaspectsandtimeaspects.Notethatscalingawavelet
simplymeansstretching(orcompressing)it.Bothoftheseaspectshavespecific
goalsthattheyaccomplish.Scaleaspect,whichusesthewavelettechniqueof
regularity study is applied in various fields ofbiology forcellmembrane
recognition to distinguish the normal from the pathological membranes,
metallurgyforthecharacterizationofroughsurfaces,financeandininternet
trafficdescription.Ontheotherhand,timeaspectshasitsgoaldirectedtowards
ruptureandedgesdetection,thestudyofshort-timephenomenaastransient
processesIngeneral,waveletdecompositionhasmanyapplicationsconcerning
signalorimageclearanceandsimplificationwhicharepartofde-noisingand
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compression.

Thereareanumberofdifferenttypesofwaveletfamilieswhosequalities
varyaccordingtoseveralcriteria.Mostofthem haveproventobeusefuland
areincludedinthewavelettoolbox.
.

Thesewaveletscanbegroupedaccordingtotheirproperties.

W a v e l e t W a v e l e t W a v e l e t W a v e l e t 

Family Family Family Family Short Short Short Short 

NameNameNameName

Wavelet Wavelet Wavelet Wavelet Family Family Family Family NameNameNameName

'h a a r'  Haar wavelet

'd b'  Daubechies wavelets

's y m'  Symlets

'c o i f'  Coiflets

'b i o r'  Biorthogonal wavelets

'r b i o'  Reverse biorthogonal wavelets

'm e y r'  Meyer wavelet

'd m e y'  Discrete approximation of meyer wavelet

'g a u s'  Gaussian wavelets

'm e x h'  Mexican hat wavelet

'm o r l'  Morlet wavelet

'c g a u'  Complex Gaussian wavelets

's h a n'  Shannon wavelets

‘f b s p'  Frequency B-spline wavelets

'c m o r'  Complex Morlet wavelets

Table3-1;Waveletfamiliesincludedinthewavelettoolbox
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Crudewavelets
Infinitelyregularwavelets
Orthogonalandcompactlysupportedwavelets
Biorthogonalandcompactlysupportedwaveletpairs
Complexwavelet

Thefirstcategoryincludesgaussianwavelets,morletandmexicanhat.They
allhaveminimalpropertieslikewaveletfunction ∅ doesnotexist,analysisis
notorthogonal,scalefunction  notcompactly supported and reconstruction
propertynotinsured.Thebrightersideofthewaveletsinthiscategoryinclude
continuousdecompositionwiththemainpropertiesbeingsymmetryandthe 

function having explicit expression.The main disadvantage is that fast
algorithm andreconstructionnotavailable.
Infinitely regularwavelets includemeyerand discretemeyerwavelets.In
meyer,scaling function ∅exists and orthogonalanalysis is possible.Both
scaling and waveletfunctions are indefinitely derivable butnotcompactly
supported.Continuousand discretetransform analysisarepossiblewith the
latterreconstructed withoutFIR filters.Symmetryreconstructionandinfinite
regularityarethemaincharacteristicsherebutdisadvantagedonthealgorithm
whichisnotfast.Discretemeyer'sgeneralpropertiesincludeFIRapproximation
ofthemeyerwaveletwith both continuousand discretetransform analysis
possible.
Nextis orthogonaland compactly supported wavelets which include the
widely used daubechies,symletsand coifletswavelets.Thescaling function
existsandtheanalysisisorthogonalwithbothscalingandwaveletfunctions
compactlysupported.Thewaveletfunctionhasagivennumberofvanishing
moments.Both continuous transform and discrete transform analysis using
FTW available.Away from thepoorregularity they face,thesewavelets
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supportvanishingmomentsandFIRfilters.
Biorthogonal and compactly supported wavelet pairs include B-splines
biorthogonalwaveletswiththepropertiesofscalingfunctionandbiorthogonal
analysis.Constructionandreconstructionofbothscalingandwaveletfunctions
are compactly supported and have vanishing moments with reconstructions
havingknownregularity.Possibleanalysisaresimilarwiththeorthogonaland
compactlysupportedwavelets.
Main properties are symmetry with FIR filters,desirable properties for
decomposition and reconstruction are split and nice allocation available.
Biorthogonalityissometimeslostinthesewavelets.
Thelastbutnotleastinthecategorylististhecomplexwavelet.Thereare
quiteanumberofwaveletshereincludingcomplexgaussian,complexmorlet,
complexshannonandcomplexfrequencyB-spline.Minimalpropertieslikeno
scalingfunction,analysisisnotorthogonal,waveletfunctionisnotcompactly
supported,and reconstruction property is notinsured.Complex continuous
decompositionanalysisispossible.Perfectpropertiesarethesymmetryonthe
sideofdecompositionandwaveletfunctionhasexplicitexpression.

HaarwaveletswhichisanequivalentofDaubechiesdb1isthefirstandthe
simplest.Tograspthebasisofallthewaveletfamiliesmentionedabove,we
willdiscussHaarwaveletdecompositionhere.Forexample,letusstartwitha
simpleone-dimensionalimagewitharesolutionoffourpixels,havingvalues

[ 9 7 3 5 ]

We can present this image in the Haar basis by computing a wave
transform.Todothiswefirstaveragethepixelstogether,pairwise,togetthe
new lowerresolutionimagewiththepixelvalues
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[ 8 4 ]
8istheaverageofthefirsttwopixels9and7while4istheaverageof3
and5.Itisveryclearthatsomeinformationhasbeenlostinthisaveraging
process.Theoriginalfourpixelscanberecoveredfrom thetwoaveragevalues
in theform ofdetailcoefficients.Thedetailcoefficientscapturesandstores
missing information.Thenumber,1,isthefirstdetailcoefficientsincethe
averagewecomputedis1lessthan9and1morethan7,andcanhelpus
recoverthefirsttwopixelsofouroriginalfour-pixelimage.Theseconddetail
coefficientis-1since4+(-1)equals3and4-(-1)is5.Thisprocessis
repeatedforalowerresolutionversionandapairofdetailcoefficients.A full
decompositionofourone-dimensionalimageexampleisgivenbelow.

Table3-2showsone-dimensionaldecomposition

Thewavelettransform,alsoknownaswaveletdecomposition,isdefinedas
thesinglecoefficientrepresenting theoverallaverageoftheoriginalimage,
followedbythedetailcoefficientsinorderofincreasingresolution.Therefore,in
Haarbasis,thewavelettransform ouroriginalone-dimensionalimageisgiven
by

[6 2 1 -1]

Thismethodofaveraginganddifferencingcoefficientstocomputethewavelet

Resolution Averages
Detail 

coefficients

4 [ 9  7  3  5 ]

2 [ 8  4 ] [ 1   -1 ]

1 [ 6 ] [ 2 ]
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transform isknow asafilterbank.Thisprocessshowsnolossorgainof
informationintheimage,astheoriginalimagehadfourcoefficientswhichis
thesamenumberofcoefficientswiththetransform.Giventhetransform,we
can reconstruct the image to any resolution by recursively adding and
subtractingthedetailcoefficientsfrom thelowerresolutionversions.Image's
wavelettransform helpreducetheimagesizeandthedetailcoefficientsare
storedinaverysmallmagnitude.

Above, one-dimensional images have been treated as sequences of
coefficients.Wealsocanthinkofimagesaspiecewise-constantfunctionson
thehalf-openinterval
[0,1)by using the conceptoflinearspace.A one-pixelimage is justa
functionthatisconstantovertheentireinterval[0,1)whileatwo-pixelimage
hastwoconstantpiecesovertheintervals[0,1/2)and[1/2,1).Wecallthe
space containing the functions 1 and 2 

  
 respectively. 

 will
thereforeincludeallpiecewise-constantfunctionsdefinedontheinterval[0,1),
withconstantpiecesovereachof  equalsubintervals.Thus,thespaces 



arenested;


 ⊂ 

 ⊂ 
 ⊂ 

Thebasisfunctionsforthespaces 
 arecalledscalingfunctions,andare

usuallydenotedbythesymbol∅.A simplebasisfor
 isgivenbytheset

ofscaledandtranslated'box'functions:

∅
  ∅   ,      ,

where
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∅       ≤   
 

Figure3-1;Fourboxfunctionsshowingabasisfor
.

Thestandardinnerproductdefinedonthevectorspace
 is

〈〉 




 

A collectionoflinearlyindependentfunctions 
  spanning 

 arecalled
wavelets,

 beingthenew vectorspaceandtheorthogonalcomplimentof


in 
  .

 representsthespaceofallfunctionsin 
   thatareorthogonal

toallfunctionsin 
 underthechoseninnerproduct.Twoimportantproperties

tonotehereisthatthebasisfunction 
 of 

,togetherwith thebasis
function ∅

 of
 form abasisfor

  ,andeverybasisfunction 
 of



isorthogonaltoeverybasisfunction∅
 of

 underthechoseninnerproduct.
Likethescalingfunctions,thewaveletscorrespondingtotheboxbasisare
knownastheHaarwavelets.Thisisgivenby


     ,      ,

where

 








    ≤   
     ≤   
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Figure3-2.ThetwoHaarwaveletsspanning 
.

 canbeexpressedintermsofbasisfunctionsusing pairwiseaveraging
anddifferencing.Finallywecanwritetheoriginalimage  asasum ofbasis
functionsin 

    :

  
∅

   


  


   


 

Thefourcoefficients[6 2 1 -1],aretheHaarwavelettransform ofthe
originalimage.Insteadofusingtheboxfunctions,∅

 
  

   
 havebeen

usedtorepresenttheoverallaverage,thebroaddetail,andthetwotypesof
finerdetailpossibleinafunctionin 

.

Waveletdecompositionofthepixelvaluesinatwodimensionalimagetakes
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place in two ways;standard decomposition (rectangulardecomposition),and
nonstandarddecomposition(squaredecomposition).Thestandarddecomposition
of an image is achieved by first applying the one-dimensionalwavelet
transform toeachrow ofpixelvalues.Thisresultsinanaveragevaluealong
with detailed coefficients foreach row.Next,these transformed rows are
treatedasifthey werethemselvesanimageandapply theone-dimensional
transform toeachcolumn.Theresultingvaluesarealldetailcoefficientsexcept
forasingleoverallaveragecoefficient.
Thesecondtype,nonstandarddecomposition,alternatesbetweenoperationson
rowsandcolumns.Weperform onestepofhorizontalpairwiseaveragingand
differencing on thepixelvaluesin eachrow oftheimage.Then,weapply
verticalpairwiseaveraginganddifferencingtoeachcolumnoftheresult.Fora
complete transformation,this process is repeated recursively only on the
quadrantcontainingaveragesinbothdirections.

Standard decomposition Nonstandard decomposition

Figure3-3showsstandardandnonstandarddecompositioninHaarwavelet. 
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Wavelettransform isanew waytorepresentsignalsbylocalizingthem in
bothtimedomainandfrequencydomain.Inwaveletanalysis,asignalcanbe
splitintothelow-passed(approximation)signalandthehigh-passed(detail)
signal.Thedetailsignalswhichcontainmostoftheclutterinformationarethen
thresholdedtoremoveclutters.Theapproximationsandthemodifieddetailsare
reconstructedusing inversewavelettransform togetamodifiedsignalwith
reduced background clutter and nearly unchanged targets.WaveletPacket
Analysishasafeatureknownas"best-tree",awaveletshrinkagemethodthat
yields high clutter suppression.Many approaches can be used to clutter
suppressionusingwaveletanalysis.Thesearecategorizedintotwofundamental
groups:cluttersuppressioninthediscretewavelettransform domainandinthe
continuous wavelettransform domain.Because ofthe best-tree factor,the
waveletpacketmethodisageneralizationofwaveletdecompositionthatoffers
aricherrangeofpossibilitiesforsignalanalysis.CompressionandDe-noising
ideasdeveloped in thewaveletframework areexactly thesamein wavelet
packetframework with the difference in waveletpacket's complexity and
flexibility analysis as been mentioned above (splitting ofboth details and
approximations).De-noising and compression procedures are two interesting
applicationofwaveletpacketanalysisandinvolvesfoursteps:

1.Decomposition
2.Computationofthebest-tree
3.Thresholdingofthewaveletpacketcoefficients
4.Reconstruction

Inthispaper,weproposetheuseofdetailsobtainedfrom thedecomposition
to segmenta page and classify the regions ofinterestappropriately.The
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decomposeddetailsofthewaveletpacketshasalotmoredetailedfeaturesand
more distinctthan justusing multi-resolution waveletmethods like Haar's
waveletor many others.To expound on the above mentioned steps:the
decomposition heremeansthatapproximation coefficients aresplitinto two
parts; the approximation coefficients and the detail coefficients. The
approximationsignalfrom thepreviousstageisthensplitrecursivelyintoa
next-level approximation and detail.This process may lead to loss of
information between the successive approximations.The lostinformation is
captured inthedetailcoefficient.Thenextstepconsistsofsplittingthenew
approximationcoefficientvector;successivedetailsareneverre-analyzed.The
waveletanalysisandthewaveletpacketanalysisaresimilarinprinciplebutin
thecorrespondingwaveletpacketsituation,eachdetailcoefficientvectorisalso
decomposedintotwopartsusingthesameapproachasinapproximationvector
splitting. The decomposition is primarily to start from a scale-oriented
decomposition and then analyzetheobtained signalsoffrequency subbands.
From thegeneratedbest-treeinthewaveletpacketanalysis,asuitablewavelet
packetthatbestrepresentsthefeatureoftheclutterisusedtoperform the
waveletpackettransform oftheinputsignal.
Itisnotedherethatthewaveletpacketanalysisisalsorecursive.Thatis,
eachnewlycomputedwaveletpacketcoefficientsequencebecomestherootof
itsownanalysistree.Thisrecursive natureyieldsdifferentwaystoencode
thesignalifweapply thewaveletpackettransform times, being the
numberoflevelsofdecomposition.Theresultisthewaveletdecompositiontree.
From thisverybigandvastdecompositiontree,how canwechooseoneofall
thesepossibleencoding?Thispresentsaninterestingproblem inourwavelet
analysisworld.
This stage brings us to the localenergy estimation.The localenergy
estimate is utilized for the purpose ofidentifying areas in each channel
(subband),wherethebandpassfrequencycomponentsarestrongresultingina
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highenergyvalueandtheareaswhereitisweakintoalow energyvalue.At
thisstepweneedtoestimatetheenergy ofthefilterresponsesin alocal
region around each pixel.Localenergy estimation doesthisthrough several
nonlinearoperatorsnamelymagnitudeoperation,averageabsolutedeviationand
standarddeviation.

Figure3-4showsordinarywaveletdecompositiontree

Figure3-5showswaveletpacketdecompositiontree

Figure3-4showsanordinarywaveletdecompositionwiththerepresentation
ofthesignalas

S=A3+D3+D2+D1

whereSistheoriginalsignal,A isapproximationandDfordetails.
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The subscripts indicate the level of decomposition e. g. A3 shows
approximationatlevel3,D3showsdetailatlevel3andsoon.Asyoumight
haverealized,foran -leveldecompositionwaveletanalysis,thereare +1
possiblewaystodecomposeorencodethesignal.
Figure 3-5 shows the details as wellas approximations being splitand
almostallthe nodes become parentnodes exceptforthe terminalnodes.
Waveletpacketdecomposition treeyieldsmorethan   differentwaysto
encodethesignal.Thiscompletebinarytreeincludesthewaveletdecomposition
tree and many other detailed features which are very essentialin signal
processing.A signalS,inwaveletpacketanalysis,canberepresentedasA1+
AAD3+DAD3+DD2.Thiskindofrepresentationisnotpossiblewithordinary
waveletanalysis.
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Input Image

Wavelet Packet Analysis

Local Energy Estimator

Clustering Algorithm

Segmentation Result

Figure3-6.DocumentImageSegmentationAlgorithm
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Asbeenmentionedabove,thewaveletpacketmethodisageneralizationof
waveletdecomposition thatoffers a richerrange ofpossibilities forsignal
analysis.The methods ofwaveletpackets,which are a generalization of
orthonormalandcompactlysupportedwavelets,havebeensuccessfullyusedfor
data compression.Waveletpacketmay be described by the collection of
functions{  |∈

}obtainedfrom
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where is a scale index, is a translation index,
   ∅     ∅  isascalingfunctionandj(  )isabasic
wavelet.Thediscretefilters  and  arequadraturemirrorfilters[21,22].
Wecanshow thatsuchwaveletpacketsareorthonormalin andare
welllocalized in both timeand frequency.Theinverserelationship between
waveletpacketsofdifferentscalescanbeshownby,
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AswithFouriermethods,anyfunction  2 canbedecomposedinto
awaveletpacketbasis.Thecoefficientsofthisdecompositionaresimplythe
innerproductsoff()withdistinctwaveletpackets.Forexample,coefficients
from theinnerproduct
<  , (2 >indicatestheintensityofthiscomponentin 

Anapproximationofanoriginalfunction  usingwaveletpacket at
scale2 canbewrittenas,
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where
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Here,wewillshow how waveletpacketsmaybecomputedefficiently.The
followingformulaisderivedfrom equation(3).
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Coefficientsatcoarserscalescanbecalculatedusingequations(1)and(2)as
shownintheequations,

 
   



  
 (7)
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 (8)

Forstandardwaveletdecomposition,onlytwowaveletpackets and are
used.
In thiscase,theindex isrestricted to = 0,and only nodes 

 are
decomposedfrom theequations(7)and(8)above.Thusonlytheleftmostnode
ateachlevelhaschildren,andeachlevelhasexactlytwonodes.Therefore,
from thesubband filtering pointofview,thedifferencebetween awavelet
packetdecomposition andthestandardwavelettransform isthattheformer
recursivelydecomposesthehighfrequencycomponents,thusconstructingatree
structuredmultibandextension ofthewavelettransform.In caseofdiscrete
signals,theoriginaldiscretesignalistreated asthesetofwaveletpacket
coefficientsatthefirstscale( ),andthenthesameprocedureexplained
aboveisfollowed.
The basis functions are obtained by translation and scale change.They
remainwelllocalizedinbothtimeandfrequencydomainsandrepresentscale
andspatialinformation.Thusacompletetreepresentsthedistribution ofa
signalwithinascalespacecontinuum.Thetotalnumberofcoefficientsina
completetreedecompositionisexactlyequaltothenumberofpoints(pixels)in
an originalsignal.Energy distribution within transform spaces have been
applied in Fourieranalysis [23].Thereis a similarsignificancein wavelet
packet analysis. Since wavelet packets form orthogonal bases, their
decompositionswillpreserveenergy.Itiseasytoshow that
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Therefore,ifwedefineaenergymeasureas 
 

 ,
then


  

     
   (10)

Thefirststephereistocomputetheenergyassociatedwithineachwavelet
packet.Wethenhypothesizedthattheenergypatterndistributedinscalespace
shallprovideuniqueinformation,andsupportarepresentationforclassification.
Therepresentation,whichwealsocallsignature,isconsideredafeaturevector
consistingofasetof energyvalues.Thestudyshowedthatsuchsignatures
canprovideapowerfulandefficientmeanstoaccomplishsignalclassification.

Thisalsoisanotheralternativemeasureofinformation.Itisdefinedby,

  


 (11)

Entropywaspreviouslyproposedin[24]fortextureanalysis,andhasbeen
usedin[13]toidentifya"bestbasis"forbuildingwaveletpacketlibrariesfor
signalcompression.Inthispaper,wecomparetheentropyandenergymeasures
described above for their performance in accomplishing robust texture
discrimination.A specialclassofseparable2-Dwaveletpacketsisusedincase
of2-D signalsextension.Here,theenergypreservingequationisspecifiedby
thesum
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Inthefilteringstep,orientationselectivityisembeddedinthetensorproduct
ofthelowpassfilter andhigh-passfilter ,andtherefore,energydistributions
arecapturedinthreesubbands.Figure3-7below showsthewaveletpacket
transform forlevelsoneandtwo.Thesefilteroutputsbasicallygiveameasure
ofsignalenergiesatdifferentdirectionsandscales.

Figure3-7;Waveletpacketdecompositionimage.
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Asexplainedaboveandin[25],theobjectiveofthefilteringistofindout
aboutthediscontinuitiesthatexistwithintheimage.Waveletpacketanalysis,
thefeatureextractionmethodthatwehaveusedhasamulti-channelfiltering.
A filterbankisformed,whichinessenceisthesetofbandpassfilterswith
frequency and orientation selective properties.Figure 3-7 above shows the
imagewhoseedgeshavebeendetectedusinga2-D filtering.Horizontaledges
aredetectedbyhigh-passfilteringoncolumnsandlow-passfilteringonrows;
verticaledgesaredetectedbylow-passfilteringonthecolumnsandhigh-pass
filtering on therows;diagonaledgesaredetectedby high-passfiltering on
columnsandhigh-passfilteringonrows;horizontal-diagonaledgesaredetected
by high-pass filtering on columns and low-pass filtering on rows;
vertical-diagonaledges are detected by low-pass filtering on columns and
high-passfilteringonrows.
Thechannelsareacombinationofhighfrequencycomponentsaccordingto
differentdirections.ThewaveletpacketdecompositionimageshowninFig.3-7
displayedonx-yaxistakestheform ofthefigurebelow;

Theabovewaveletpacketdecompositionimageisshownbelow how different
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subbandsareformedfrom theinputimageintoindividualfeaturesextractedon
differentdirections.

Figure3-8.Basicdecompositionschemeofouralgorithm.

Hereweshow thecombinationsubbandbysubband.

HHHH - High frequency components on columns and rows

EEEEEEEE - Local energy estimation which is summation of nonlinear       

      operator and Gaussian blurring

FFFF - feature, average(av), horizontal(h), vertical(v), and diagonal(d)
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filth1 = 12

filth2 =H12+H13
filth3 =H12+H13+H14+H24

filtv1 =H21
filtv2 =H21+H31
filtv3 =H21+H31+H41+H42

filtd1 =H22
filtd2 =H22+H33
filtd3 =H22+H33+H44

filthd1 =H12
filthd2 =H12+H23
filthd3 =H12+H23+H34

filtvd1 =H21
filtvd2 =H21+H32
filtvd3 =H21+H32+H43
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Localenergyestimationisthenextstepwiththetasktoestimatetheenergy
ofthefilterresponsesinalocalregionaroundeachpixel.Itisutilizedforthe
purposeoftransmitting areasineachchannelwherethebandpassfrequency
componentsarestrongresultingin ahighenergyvalue(constantgraylevel)
andtheareaswhereitisweakintoalow energyvalue.TwodimensionalHaar
waveletpacketisusedtocharacterizethelocalenergyvaluesofpixels.Haar
waveletpacketanalysishasnotonlyrathergoodperformancetocharacterize
texturefeaturesbutalsoitscomputationisefficient.In(8)above,orientation
selectivityinthetensorproductoflow-passfilter andhigh-passfilter is
considered.Ineachscalelevel,theimageisdecomposedintofoursubbands:

,and .On thehorizontalandverticalscale, meansthe
horizontallow-frequencyandverticallow-frequencyoftheimage, stands
forhorizontallow-frequency and verticalhigh-frequency, the horizontal
high-frequency and verticallow-frequency,and finally which represent
horizontalhigh-frequency and verticalhigh-frequency decomposition ofthe
image.Inthreeofthesubbands,high-passfilterhavebeendetected.Itisthese
threehigh-frequentsubbandsthatweadoptfortheextractionoflocaltext/
non-textfeatures. Theadditionofhigh-frequentcoefficientsinthe    scale
levelisgivenby,



     ,where   

Althoughenergyisusuallydefinedintermsofasquaringnonlinearity,in a
generalizedenergyfunction,however,otheralternativesarealsoavailablefor
use.Wehavestudiedseveralnonlinearoperatorswhichincludethemagnitude
operation,average absolute deviation and standard deviation calculated over
smalloverlappingwindowsaroundeachpixel.
Thelocalenergy 



 aroundthe   pixelforseveralnonlinearities
areformallygivenasfollows:
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magnitudeoperation




  




averageabsolutedeviation




  




  




  






  




standarddeviation

   






  




  






   


   

wherew isthewindow sizeandR =w xw,while  


  isthemean
aroundthe(,y)thpixeland 



  isthefilteredimage.Experimentally,we
have observed thatthe standard deviation oversmalloverlapping windows
aroundeachpixelgivesbetterperformancethantheothernonlinearitiesstated
above.Thereasonbeing,itisindependentofanyparameter,i.e.independent
ofthedynamicrangeoftheinputimageandalsoofthefilteramplification.
Toextractthetextregionsfrom theoutputofthedecomposedimage, we
needtoblurthetext/non-textregionsusingGaussiansmoothingfilter.The
form isgivenin,

  
 



 



   

where  determinesthebandwidthofaveragingwindow.Finally,weobtain
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thefeatureimagescorresponding to 


      by themeansof
Gaussianlow-passfiltering.Thisisgiven by

  





 ∈






weadaptthe sizefrom 9x9and15x15tobeappropriateinmostof
ourexperimentimagescorrespondingto256x256and512x512respectively.

Thenextstephavingobtainedthefeatureimagesistointegratethesefeature
imagestoachievefinalsegmentation.Thescale-spaceisdefinedasthevector
offeaturesatdifferentscalestakenatasinglepixelin animage.
Letustakeforexamplethatourimagehasa texturecategoriespresentin
it.Sometimes the texture features obtained are capable of discriminating
between these categories.In thatcase,the patterns belonging to each
categorywillform aclusterinthefeaturespacewhichiscompactandisolated
from clusterscorrespondingtoothertexturecategories.Therearesuchmany
pattern-clustering algorithms endowed with this task in idealmode.These
algorithmsacceptasinputasetoffeaturesandthenuseconsistentlabelingfor
each pixel.Fundamentally,this can be considered a multidimensionaldata
clusteringproblem.Thispaperisatwo-classsegmentationproblem;webase
ourassumptionthatthetextportionofthedocumentimageiscomprisedofone
textureclassandthenon-textclassoftheother.A partfrom theunsupervised
classifier,theotherversionofdocumentimagesegmentationcalledsupervised
classifierwouldmeanthatthesegmentationofthedocumentisdependenton
theknowledgeofscale,scanningresolution,rotation,skewness,fontsize,type
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oflayout,etc.Ouraim in thispaperistomakethesegmentation scheme
independentofallaforesaidissuesandberobust,thusneedforunsupervised
classifier.Wehavechosenatraditional algorithm forfeatureextraction
partbecauseofitsmanyadvantagesoverothers.Itisasimplemethodand
labelseachpixelindependentlywithouttakingintoaccountthehighcorrelation
betweenneighboringpixels.

Todemonstratehow work,wewilluse([1:,1:], )forclarity.
[1:Q,1:S]representsthearrayofstructurecontainingvectors
tostandforthenumberoffeatureelementsinafeaturevector
denotesthedatasize(numberofpixelsintheimage)and
thenumberofclasses(numberofclusters).
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A pseudoprogram of algorithm;
begin

begin(Initialization)
Select numberofvectorsarbitrarilyfrom thearray
[1:,1:]andtheneachoftheseareassignedaclass,
theseform theinitialclasscenters‘

end

begin
Euclideandistancebetweeneachofthe vectorsand
selected vectorsarefoundouttakingoneoutof
vectorsatatime.A vectorisassignedtotheclass

ifitisclosestto .Recomputetheclasscenters

takingmeanofthevectorsassignedtoclass
Repeatuntilthereisnochangeintheclasscenters.

end
end
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Several documents images are analyzed using our method,so as to
demonstrate the performance ofouralgorithm.These documentimages are
scannedfrom Koreannewspapersandjournals.Intheseexperiments,wehave
takenintoaccountthosesubbandswhichhavethehighestvaluesofenergies,
meaningthatthesesubbandswouldsupplymoreinformationoftextthanthe
others.
Wehavetested100images,inwhichKoreantextsappearinthem.Mostof
texts are aligned horizontally butthere are some aligned vertically.Some
charactersarelaidoversimplebackground.However,therearestillalotof
characterslaidovercomplex background.Byexperiments,wefoundthatthe
contrastofcharacterswith theirlocalbackground extendsawiderangein
someimages.

Table4-1.Testimagesandresults

Test Images Image Size Mean
Standard 

Deviation
Median Value

(a) paper1 256×256 181.70 68.09 213

(b) paper2 256×256 181.82 58.35 212

(c) paper3 256×256 225.69 48.24 254

(d) paper4 256 x 256 159.27 47.40 168

(e) paper5 256 x 256 203.92 43.86 220

(f) paper6 256 x 256 179.82 44.16 197
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(a) paper1

(b) paper2

(c) paper3



- 36 -

(d) paper4

(e) paper5

(f) paper6

Figure 4 - 1. Original images and histograms
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(a)

(b)

(c)
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(d)

(e)

(f)
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Figure 4 - 2. Wavelet Packet Analysis

(a) paper1

(b) paper2

(c) paper3
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(d) paper5

(e) paper6

(f) paper7

Figure 4 - 3. Feature images and result images



- 41 -

Theimportanceofseparatingtextpartfrom thegraphicpartindocuments
hasbecomeinevitablein thisdigitalization era.Efficientandeasy accessof
these documents via computers and networks is an important task that
researchers mustachieve.In this work we presented a new technique for
segmentingthetextfrom nontextpartbasedontexturalfeaturesusingwavelet
packet analysis. The decomposition gives a multiscale multidirectional
representation oftheimageand yieldsalargenumberofsubbands.These
multidirectionalfeaturesdependsonthelevelofdecompositionandprovidesa
widerangeofbestselectionfeaturesandrequiresnodownsampling.Onthe
decomposedsubbands,weusedlocalenergyestimatoroversmalloverlapping
windowsaround each pixeland clustering algorithm todetectand
separatethetext/nontextpartsoftheimage.Ourmethod,waveletpacket
analysis,didnotassumeanyaprioriknowledgeaboutthesizeofthefontsize,
scanningresolution,columnlayout,orientationandmayotherconstraintsofthe
inputimage.Skewnessthatmosttraditionalmethodsfailtoproperlyclassify
wassolvedbyourmethod.Thisshowsthatourmethodispurelyunsupervised.
This can furtherbe supported by ourmany experiments carried on both
structured and unstructured images with the results as been shown.Most
computations take place atthe filtering and feature extraction operations;
nonetheless,itisstillverysimple,computationallylessexpensive,andefficient.
Futureworkwillbemorefocusedonextractionandseparationoftextfrom
non-textonacomplexdocumentimagesandnaturalscenes.
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3. 배포ᆞ전송된 저작물의 영리적 목적을 위한 복제, 저장, 전송 등은 금지함.

4. 저작물에 대한 이용기간은 5년으로 하고, 기간종료 3개월 이내에 별도의 의사 표시가

   없을 경우에는 저작물의 이용기간을 계속 연장함.

5. 해당 저작물의 저작권을 타인에게 양도하거나 또는 출판을 허락을 하였을 경우에는

   1개월 이내에 대학에 이를 통보함.

6. 조선대학교는 저작물의 이용허락 이후 해당 저작물로 인하여 발생하는 타인에 의한

   권리 침해에 대하여 일체의 법적 책임을 지지 않음

7. 소속대학의 협정기관에 저작물의 제공 및 인터넷 등 정보통신망을 이용한 저작물의

   전송ᆞ출력을 허락함.

동의여부 동의여부 동의여부 동의여부 : : : : 동의동의동의동의( ( ( ( √√√√    )   )   )   )   반대반대반대반대(     (     (     (     ) ) ) ) 

2006년  11월  30일

  

                      저작자:    Odoyo O. Wilfred          (서명 또는 인)

조선대학교 조선대학교 조선대학교 조선대학교 총장 총장 총장 총장 귀하귀하귀하귀하


	I. Introduction
	II. Related Work
	III. Document Image Segmentation Method
	A. Wavelets
	a). What is wavelets
	b). Types of wavelets

	B. Haar's Wavelet
	a). One dimension Haar wavelet basis function
	b). Haarwaveletsintwodimensions

	C. Wavelet Packet Analysis overview
	D. Text / Non-text Segmentation Algorithm
	a) Wavelet packet analysis
	b) Entropy
	c) Multi-level decomposition
	d) Local energy estimation
	e) Unsupervised classifier ( K-means algorithm)


	IV. Experimental Result
	V. Conclusion
	References

