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Abstract. Documenimage analysisrefersto algorithmsandtechniqueshatare
appliedto imagesof documentdo obtaina computefreadabledescriptionfrom
pixeldata A well-known documentmageanalysigproductis theOpticalCharacter
Recognition(OCR) software that recognizescharactersn a scannediocument.
OCR malesit possiblefor the userto edit or searchthe document contentsin
this papermwe briefly describevariouscomponent®f adocumentanalysissystem.
Many of thesebasicbuilding blocksarefoundin mostdocumentnalysissystems,
irrespectie of the particulardomainor languageto which they are applied.We
hopethatthis paperwill help the readerby providing the backgroundchecessary
to understandhe detaileddescriptionsof specifictechniquespresentedn other
paperdn thisissue.

Keywords. OCR;featureanalysis;documenprocessinggraphicsrecognition;
characterecognition;layoutanalysis.

1. Introduction

The objectve of documentimage analysisis to recognizethe text and graphicscom-
ponentsin imagesof documents,and to extract the intendedinformation as a human
would. Two categories of documentimage analysis can be defined (see figure 1).

Textual processingdealswith the text component®f a documenimage.Sometaskshere
are:determiningthe skew (ary tilt at which the documentimay have beenscannednto the
computer) finding columns,paragraphstext lines, andwords, andfinally recognizingthe
text (andpossiblyits attributessuchassize font etc.)by opticalcharacterecognition(OCR).
Graphicsprocessinglealswith the non-textual line and symbolcomponentghat make up

line diagramsdelimiting straightlines betweentext sectionscompary logosetc. Pictures
are a third major componeniof documentsput exceptfor recognizingtheir locationon a
page,further analysisof theseis usually the task of otherimage processingand machine
vision techniquesAfter applicationof thesetext andgraphicsanalysistechniquesthe sev-

eral megabytesof initial dataareculledto yield a muchmore concisesemanticdescription
of thedocument.



4 Rangatar Kasturietal

Document Processing

Textual Processing Graphical Processing
Optical Character Page Layout Line Processing Region and
Recognition Analysis Symbol
Processing
Text Skew, text lines, Straight lines, "~ Filled regions
text blocks, and corners and curves
paragraphs

Figurel. A hierarcly of documenfrocessingubareadisting the typesof documentcomponents
dealtwithin eachsubarea(Reproducedavith permissiorfrom O’Gormané& Kasturi1997.)

Considerthreespecificexamplesof the needfor documentnalysispresentedhere.

(1) Typical documentsn todays office are computergeneratedbut even so, inevitably by
differentcomputerandsoftwaresuchthateventheirelectronidormatsareincompatible.
Someinclude both formattedtext andtablesaswell ashandwrittenentries.Thereare
differentsizes,from a businesscardto a large engineeringdraving. Documentanalysis
systemsecognizaypesof documentsenableheextractionof theirfunctionalparts,and
translatefrom onecomputergeneratedormatto another

(2) Automatedmail-sortingmachinedo performsortingandaddressecognitionhave been
usedfor several decadesbut thereis the needto processmore mail, more quickly, and
moreaccurately

(3) In atraditionallibrary, lossof material misfiling, limited numbersof eachcopy, andeven
degradatiorof materialsarecommonproblemsandmaybeimprovedby documenanal-
ysistechniquesAll theseexamplessene asapplicationsipe for the potentialsolutions
of documenimageanalysis.

Documentanalysissystemswill becomencreasinglymoreevidentin the form of every-
daydocumensystemsFor instance QCRsystemawill bemorewidely usedto store,search,
andexcerptfrom paperbaseddocumentsPage-layoutanalysistechniquewill recognizea
particularform, or pageformat and allow its duplication.Diagramswill be enteredfrom
picturesor by hand,andlogically edited.Pen-based¢omputerswill translatehandwritten
entriesinto electronicdocumentsArchives of paperdocumentsn librariesand engineer
ing companiewill be electronicallycorvertedfor moreefficient storageandinstantdeliv-
ery to a homeor office computer Thoughit will be increasinglythe casethat documents
areproducedandresideon a computeythe factthattherearevery mary differentsystems
and protocols,and also the fact that paperis a very comfortablemediumfor us to deal
with, ensureghat paperdocumentswill be with us to somedegreefor mary decadedo
come.Thedifferencewill bethatthey will finally beintegratedinto ourcomputerizedvorld.
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Figure 2. A typical sequencef stepsfor documentanalysisalongwith examplesof intermediate
andfinal resultsandthe datasize.(Reproducedvith permissiorfrom O’Gorman& Kasturi1997.)

Figure 2 illustratesa commonsequencef stepsin documentimage analysis.After data
capture theimageundegoespixel-level processingandfeatureanalysisandthentext and
graphicsaretreatedseparatelyfor the recognitionof each.We describethesestepsbriefly
in the following sectionsthe readeris referredto the book, Documentimage analysis for
details(O’Gorman& Kasturi1997).We concludethis paperby consideringhe challenges
in analysingmultilingual documentsvhich is particularlyimportantin the context of Indian
languagedocumentnalysis.

2. Data capture

Data in a paper documentare usually capturedby optical scanningand storedin a
file of picture elements,called pixels, that are sampledin a grid pattern throughout
the document.Thesepixels may have values:orr (0) or oN (1) for binary images,0—
255 for gray-scaleimages,and 3 channelsof 0-255 colour valuesfor colour images.
At a typical sampling resolution of 120 pixels per centimetre,a 20 x 30 cm page
would yield an image of 2400x3600 pixels. When the documentis on a different
medium such as microfilm, palm leaves, or fabric, photographicmethods are often
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used to captureimages.In ary case,it is important to understandthat the image
of the documentcontainsonly raw data that must be further analysedto glean the
information.

3. Pixel-level processing

The next stepin documentanalysisis to perform processingon the capturedimage to

prepareit for further analysis.Such processingncludes: Thresholdingto reducea gray-
scaleor colourimageto a binaryimage,reductionof noiseto reduceextraneoudata,seg-

mentationto separatevariouscomponentsn the image,and,finally, thinning or boundary
detectionto enableeasiersubsequendetectionof pertinentfeaturesandobjectsof interest.
After suchprocessingdataare oftenrepresenteéh compactform suchaschain-codegnd
vectors.This pixel-level processingalso called preprocessingndlow-level processingn

otherliterature)is the subjectof this section.

3.1 Binarization

For gray-scaleéimageswith informationthat is inherentlybinary suchastext or graphics,
binarizationis usuallyperformedirst. Theobjective of binarizatioris to automaticallychoose
athresholdthat separateshe foregroundandbackgroundnformation. Selectionof a good
thresholds oftenatrial anderrorprocesgseefigure3). Thisbecomegparticularlydifficult in
casesvherethecontrasbetweertext pixelsandbackgrounds low (for example text printed
on a gray background)whentext strokes are very thin resultingin backgroundbleeding
into text pixels during digitization, or whenthe pageis not uniformly illuminated during
datacapture Many methodshave beendevelopedfor addressingheseproblemsincluding
thosethat model the backgroundand foregroundpixels as samplesdravn from statistical
distributionsandmethodsbasedon spatiallyvarying (adaptve) thresholdsWhetherglobal
or adaptve thresholdingmethodsare usedfor binarization,one canseldomexpectperfect
results. Dependingonthequality of the original, theremaybegapsin lines,raggededgeson
regionboundariesandextraneoupixel regionsof oN andorrvaluesThisfact,thatprocessed
resultsarenot perfect,is generallytruewith otherdocumenprocessingnethodsandindeed
imageprocessingn generalTherecommendegrocedures to procesaswell aspossibleat
eachstepof processinghut to deferdecisionghatdo nothave to be madeuntil later, to avoid
makingirreparableerrors.In laterstepsthereis moreinformationasaresultof processingip
to thatpoint, andthis providesgreatercontext andhigherlevel descriptiongo aid in making
correctdecisionsandultimatelyrecognition Somegoodreferencefor thresholdingnethods
areReddietal (1984),Tsai(1985),Sahooetal (1988),0'Gorman(1994),andTrier & Taxt
(1995).

3.2 Noisereduction

Documentimage noise is due to mary sourcesincluding degradation due to aging,
photocoping, or during datacapture.Imageandsignalprocessingnethodsare appliedto
reducenoise.After binarization, documenimagesareusuallyfiltered to reducenoise.Salt-
and-peppenoise(alsocalledimpulseand specklenoise,or just dirt) is a prevalentartifact
in poorerquality documenimages(suchaspoorly thresholdedaxesor poorly photocopied
pages)Thisappearsasisolatedpixelsor pixel regionsof oN noisein oFFbackgroundsr oFr
noise(holes)within oN regions,andasroughedgeson characteandgraphicscomponents.
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Figure 3. Imagebinarization.(a) Histogramof original gray-scaleéimage.Horizontal axis shavs
markingsfor thresholdvaluesof imagesbelon. The lower peakis for the white backgrouncbixels,
andthe upperpeakis for the black foregroundpixels. Imagebinarizedwith: (b) too low athreshold
value, (c) a goodthresholdvalue,and (d) too high a thresholdvalue. (Reproducedvith permission
from O’'Gormané& Kasturi1997.)

The procesof reducingthis is called“filling”. The mostimportantreasonto reducenoise
is that extraneoudeaturesotherwisecausesubsequengrrorsin recognition.The objective
in the designof a filter to reducenoiseis thatit remove as muchof the noiseaspossible
while retainingall of the signal. Morphological(Serral982;Haralick et al 1987;Haralick
& Shapinol992)methodsarefrequentlyusedfor noisereduction.The basicmorphological
operationsare erosionanddilation. Erosionis the reductionin size of oN-regions. This is
mostsimply accomplishedy peelingoff a single-pixel layer from the outer boundaryof
all oN regions on eacherosionstep.Dilation is the oppositeprocesswhere single-piel,
OoN-valuedlayersareaddedo boundarieso increaseheir size. Theseoperationsareusually
combinedand appliediteratively to erodeanddilate mary layers.One of thesecombined
operationss calledopeningwhereoneor moreiterationsof erosiorarefollowedby thesame
numberof iterationsof dilation. The resultof openingis thatboundariecanbe smoothed,
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narrav isthmusesbroken, and small noiseregions eliminated.The morphologicaldual of
openingis closing. This combinesone or moreiterationsof dilation followed by the same
numberof iterationsof erosion.The resultof closingis that boundariexanbe smoothed,
narrav gapsjoined, and small noise holesfilled. For documentsmore specificfilters can
be designedo take advantageof the known characteristicef the text andgraphicscompo-
nents.In particular we desireto maintainsharpnesi thesedocumentcomponentsnot to
roundcornersandshortenlengths,assomenoisereductionfilters do. For the simplestcase
of single-piel islands,holes,and protrusionsthesecanbe found by passinga 3 x 3 sized
window over the imagethat matcheghesepatterng(Shih & Kasturi1988),thenfilled. For
noiselargerthanone-pixel, thekFill filter canbe used(O’Gorman1992).

3.3 S@gmentation

Seggmentatioroccursontwo levels.Onthefirst level, if thedocumentontainsbothtext and
graphicstheseare separatedor subsequenprocessindy differentmethods(\Wong 1982;
Fletcherl988;Jain1992).0Onthesecondevel, sggmentatioris performedontext by locating
columns paragraphsyords,andcharactersandon graphics segmentatiorusuallyincludes
separatingsymbolandline componentsFor instance,n a pagecontainingtext andsome
illustrationssimilarto thepageof thisjournal,text andgraphicsarefirst separatedrhenthe
text is separateihto its componentslown to individual charactersThegraphicss separated
into its componentsuchasrectanglesgircles,connectindines, symbolsetc. After this step
animageis typically brokendown into its basiccomponentsuchasanindividual character
or agraphicalelement.

3.4 Thinningandregion detection

Thinningis animageprocessingperatiorin which binaryvaluedimageregionsarereduced
tolinesthatapproximatdéhecentreines,or skeletonspf theregions. Thepurposeof thinning
is to reducetheimagecomponentso their essentialnformationsothatfurtheranalysisand
recognitionarefacilitated.For instancealine draving canbehandwritterwith differentpens
giving differentstroke thicknesseshut the information presenteds the same.In figure 4,
someimagesare shovn whosecontentscan be analysedwell due to thinning, and their
thinning resultsare alsoshavn here.Note shouldbe madethatthinning is alsoreferredto
asskeletonizingandcore-linedetectionin theliterature.We will usetheterm“thinning” to
describethe procedureandthinnedline, or skeleton,to describethe results.A relatedterm
is the “medial axis”. This is the setof pointsof aregion in which eachpointis equidistant
to its two closestpointson theboundary The medialaxisis oftendescribedhstheidealthat
thinningapproacheddowever, sincethe medialaxisis definedonly for continuousspaceijt
canonly be approximatedy practicalthinningtechniqueshatoperateon a sampledmage
in discretespace Several thinning algorithmshave beendescribedoy Arcelli & Sannitidi
Baja(1985,1993),andSannitidi Baja(1994)andanalgorithmthatthinsby severalpixelsin
eachpassis describedy O’Gorman(1990).Reviews of thinning methodshave beengiven
by Lametal (1992)andLam & Suen(1995).

Notethata circle or a squarethatis completelyfilled with black pixelsresultsideally in
a singlepixel atthe centreof the shapejrrespectie of the sizeof the original. Clearly; it is
more usefulto detectthe boundaryof suchobjects.In generalfor large blob-like objects,
region-boundarydetectionis preferredandfor objectsmadeup of long connectedstrokes,
thinning is the methodof choice.Thinning is commonlyusedin the preprocessingtage
of suchdocumentanalysisapplicationsasdiagramunderstandinggnd map processingFor
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Figure4. Originalimageson left andthinnedimageresultsonright. (a) Theletter“m”. (b) A line
diagram (c) A fingerprintimage.(Reproducedvith permissiorfrom O’Gorman& Kasturi1997.)

recognitionof large graphicalobjectswith filled regions which are often found in logos,

region boundarydetectionis useful.But for small regions suchasthosewhich correspond
to individual charactersneitherthinningnor boundarydetections performedandthe entire

pixel arrayrepresentingheregionis forwardedto the subsequengtageof analysis.

3.5 Chaincodingandvectorization

When objectsare describedby their skeletonsor contours,they canbe representednore
efficiently than simply by on and ofr valued pixels in a rasterimage. One common
way to do this is by chain coding (Freemanl1974), wherethe oN pixels are represented
as sequencef connectedneighboursalong lines and curves. Instead of storing the
absolutelocation of eachon pixel, the direction from its previously coded neighbour
is stored.A neighbouris ary of the adjacentpixels in the 3 x 3 pixel neighbourhood
aroundthat centre pixel (seefigure 5). There are two adwantagesof coding by direc-
tion versusabsolutecoordinatelocation. One is in storageefficiency. For commonly

Figure5. Fora3x 3 pixelregionwith centrepixel denotedasX, figureshavscodes
41 x| o for chaindirectionsfrom centrepixel to eachof eightneighbours0 (east),1 (north-
east) 2 (north),3 (northwest) etc.(Reproducedvith permissiorfrom O’Gorman&
Kasturi1997.)
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sized imageslarger than 256x256, the coordinatesof an on-valued pixel are usually
representeds two 16-bit words; in contrast,for chain coding with eight possibledirec-
tions from a pixel, eachon-valued pixel can be storedin a byte, or even pacled into
three bits. A more important adwvantagein this contet is that, since chain coding con-
tains information on connectedneswithin its code, this can facilitate further processing
such as smoothingof continuouscurves, and approximationof smoothedstraightlines
by vectors.

After pixel-level processingtheraw imagedatais corvertedto ahigherlevel of abstraction;
viz., regionsrepresentingndividual characters;haincodesor vectorsrepresentingurve and
straightline segmentsandboundariesepresentindarge solid objects.

4. Feature-level analysis

After pixel-level processinghas preparedihe documentimage, intermediatefeaturesare

foundfrom theimageto aid in thefinal stepof recognition At thefeaturelevel, thinnedand

chain-codedlatais analysedo detectstraightlines, curves,andsignificantpointsalongthe

curves. This is a moreinformative representatiomhatis alsocloserto how humanswould

describehediagram- aslinesandcurvesratherthanason andorr points.Curvedlinesare
often approximatedy polygonalization Critical pointssuchascornersand pointsof high

cunaturearedeterminedo assistin subsequerdnalysisfor shaperecognition.For regions
correspondingdo individual characteror graphicalsymbols,local featuressuchas aspect
ratio, compactnessgratio of areato squareof perimeter),asymmetryblack pixel density

contoursmoothnessiumbeiofloops,numbeiof line crossingaindline endsetc.arecomputed
for inputto objectrecognitionstage.

4.1 Line andcurvefitting

A simplewayto fit astraightline to asequencef pointsis to justto specifytheendpointsas
thestraightine endpointsHowever, thismayresultin someportionsof thecurve having large
errorwith respecto thefit. A popularway to achiese the lowestaverageerrorfor all points
onthecurwe s to performa least-squarest of aline to the pointson the curve. Especially
for machine-drevn documentssuch as engineeringdrawings, circular curve featuresare
prevalent. Thesefeaturesaredescribedy the radiusof the curve, the centrelocationof the
curve, andthe two transitionlocationswherethe curve eitherendsor smoothlymakesthe
transitionto oneor two straightlinesaroundit. Onesequencef proceduresn circularcurve

detectionbegins by finding the transitionpointsof the curve, thatis the locationsalongthe
line wherea straightline makesa transitioninto the curve, andthenbecomes straightline

again. Next, adecisionis madeon whetherthe featurebetweerthe straightlinesis actually
a corneror a curve. Finally, the centreof the curve is determinedlf a higherorderfit is

desiredsplinescanbeusedo performpiecavisepolynomialinterpolationeamongdatapoints
(Pavlidis 1982;Medioni& Yasumotal987).B-splinesarepiecavise polynomialcurvesthat
arespecifiedby a guiding. Giventwo endpointsanda curve representeddy its polygonalfit

(describednhext), a B-spline canbe determinedhat performsa closebut smoothfit to the
polygonalapproximation.The B-splinehasseveral propertieghat make it a popularspline
choice A differentapproactior line andcurvefitting is by the Houghtransform(lllingw orth

& Kittler 1988). This approachs usefulwhenthe objectve is to find lines or curvesthat
fit groupsof individual pointswhich arenot necessarilyconnectedn the imageplane.For
example pixelsbelongingto differentline segmentsf adashedine aregroupedogetheiby
theHoughtransform(Lai & Kasturi1991).
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4.2 Polygonalization

Polygonalapproximationis one commonapproacho obtainingfeaturesfrom curves.The
objectie is to approximatea givencurve with connectedtraightlinessuchthattheresultis
closeto theoriginal, but thatthe descriptionis moresuccinct.Theusercandirectthedegree
of approximationby specifyingsomemeasuref maximumerrorfrom the original. In gen-
eral,whenthe specifiedmaximumerroris smaller a greatemumberof linesis requiredfor
the approximationThe effectivenesf onepolygonalizatiormethodcomparedo another
canbe measuredn the numberof lines requiredto producea comparableapproximation,
and also by the computationtime requiredto obtainthe result. The iteratve endpointfit
algorithm (Ramer1972)is a popularpolygonalizationmethodwhoseerror measures the
distancebetweerthe original curve andthe polygonalapproximation One potentialdraw-
backof polygonalapproximationis thatthe resultis not usuallyunique,thatis, an approx-
imation of the samecurve that begins at a different point on the curve will perhapsyield
differentresults.The lack of a uniqueresultwill presenta problemif the resultsof polyg-
onalizationareto be usedfor matching.Besidespolygonalapproximationmethods there
arehigherordercurve-andspline-fittingmethodshat achieve closerfits. Thesearecompu-
tationally moreexpensve thanmostpolygonalizatiormethodsandcanbe moredifficult to

apply

4.3 Critical pointdetection

Theconcepbf “critical points”or“dominantpoints”’derivesfromtheobsenationthathumans
recognizeshapein large part by curvaturemaximain the shapeoutline. The objective in
imageanalysisis to locatethesecritical pointsandrepresenthe shapemore succinctlyby
piecewvise linear sggmentsbetweencritical points, or to perform shaperecognitionon the
basisof thecritical points.Critical pointdetections especiallymportantfor graphicsanalysis
of man-madedrawings. Since cornersand curves have intendedlocations,it is important
thatary analysispreciselylocatesthese.lt is the objective of critical point detectionto do
this — asopposedo polygonalapproximationwherethe objectie is only a visually close
approximationOneapproacHor critical pointdetectiorbeginswith curvatureestimation A
popularfamily of methodgor curvatureestimations calledthe k-curvaturesapproachalso
thedifferenceof slopespor DOS,approachfFreemar& Davies1977;0'Gormanl1988).For
thesamethodscurvatureis measure@dstheanguladifferencebetweertheslopesof two line
segmentdit to thedataaroundeachcurve point. Curvatureis measuredor all pointsalonga
line, andplottedon a curvatureplot. For straightportionsof the curve, the curvatureis low.
For corners thereis a peakof high curvaturethatis proportionalto the cornerangle.For
cunves,thereis a curvatureplateauwhoseheightis proportionato thesharpnessf thecurve
(thatis, the curvatureis inverselyproportionalto the radiusof curvature),andthe lengthof
the plateauis proportionalto the lengthof the curve. To locatethesefeaturesthe curvature
plot is thresholdedo find all curvaturepointsabove a choserthresholdvalue;thesepoints
correspondo featuresThecorneristhenparameterizetly its location thecurve by its radius
of curvatureandboundsandthebeginningandendtransitionpointsfrom straightinesaround
the curwe into the curve. The usermustchooseonemethodparameterthelengthof theline
segmentsto befit alongthedatato determinehecurvature.Thereis atradeof in thechoice
of thislength.It shouldbe aslong aspossibleto smoothout effectsdueto noise,but not so
long soasto alsoaverageoutfeaturesThatis, thelengthshouldbe choserasthe minimum
arclengthbetweenrcritical points. The paperby (Wu & Wang1993)is a goodreferenceon
critical pointdetectionTheapproactin thispapembeginswith polygonalapproximationthen
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refinesthe cornersto coincidebetterwith true corners.This paperalsousesk-curvaturein
the preprocessingtage soit providesa gooddescriptionof this methodandits useaswell.

5. Text document analysis

Thereare two main typesof analysisthat are appliedto text in documentsOne s opti-

cal characterecognition(OCR) to derive the meaningof the charactersand words from

their bit-mappedmages,andthe otheris page-layoutinalysisto determinethe formatting
of the text, andfrom thatto derive meaningassociatedvith the positionaland functional
blocks (titles, subtitles,bodiesof text, footnotesetc) in which the text is located.Depend-
ing on the arrangemenof thesetext blocks,a pageof text may be a title pageof a papera
table of contentsof a journal, a businessorm, or the faceof a mail piece.OCR andpage
layoutanalysismay be performedseparatelyor the resultsfrom oneanalysismay be used
to aid or correctthe other OCR methodsare usually distinguishedas being applicablefor

eithermachine-printear handwrittencharacterecognition.Layoutanalysisechniquesre
appliedto formatted,machine-printegpagesanda type of layout analysis,forms recogni-
tion, is appliedto machine-printecbr handwrittentext occurringwithin delineatedblocks
on aprintedform. In somecasest is necessaryo correctthe skew of the documentwhich

is typically aresultof improperpaperfeedinginto the scannerSkew estimationandlayout
analysisarediscussedbriefly in this section Generabpproachet OCRarepresentedh the
next section.

5.1 Slew estimation

A text line is a groupof characterssymbols,andwordsthat are adjacentrelatively close
to eachother andthroughwhich a straightline canbe dravn (usually with horizontalor
verticalorientation). Thedominanbrientationof thetext linesin adocumenpagedetermines
the skew angleof that page.A documentoriginally haszero skew, wherehorizontally or
vertically printedtext lines are parallelto the respectie edgesof the paper however when
a pageis manuallyscannedr photocopiednon-zeroskew may be introduced.Sincesuch
analysisstepsas OCR and pagelayout analysismostoften dependon an input pagewith
zeroskew, it is importantto performskew estimatiorandcorrectionbeforethesesteps Also,
sinceareaderexpectsa pagedisplayedon a computerscreerto beuprightin normalreading
orientation,skew correctionis normally donebeforedisplayingscannedgagesA popular
methodfor skew detectioremploysthe projectionprofile. A projectionprofileis ahistogram
of thenumberof oN pixel valuesaccumulatedlongparallelsampléeinestakenthroughthe
documentThe profile may be at ary angle,but oftenit is taken horizontallyalongrows or
vertically alongcolumns,andthesearecalledthe horizontalandvertical projectionprofiles
respectrely. For a documentwhosetext lines spanhorizontally the horizontalprojection
profile haspeakswhosewidths are equalto the characteheightandvalleys whosewidths
areequalto the between-linespacing.For multi-columndocumentsthe vertical projection
profile hasa plateaufor eachcolumn, separatecy valleys for the between-columrand
maigin spacing.The moststraightforvard useof the projectionprofile for skew detectionis
to computeit at a numberof anglescloseto the expectedorientation(Postl1986).For each
angle ameasurés madeof thevariationin thebin heightsalongthe profile,andtheonewith
the maximumvariationgivesthe skaw angle.At the correctskew angle,sincescanlinesare
alignedto text lines, the projectionprofile hasmaximumheightpeaksor text andvalleysfor
between-linespacingMaodificationsandimprovementcanbemadeto thisgeneratechnique
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to iteratemorequickly to the correctskew angleandto determingt moreaccuratelySereral
othermethoddor skew correctionhave alsobeenproposedBaird 1987;Akiyama& Hagita
1990;Srihari& Govindarajul989;Hashizumel986).
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Figure 6. The original documentpageis shavn with resultsfrom structuralandfunctionallayout
analysis.The structurallayoutresultsshav blocksthatare segmentedon the basisof spacingin the
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5.2 Layoutanalysis

After skew detectiontheimageis usuallyrotatedto zeroskew angle,andthenlayoutanal-
ysisis performed Structurallayoutanalysigalsocalledphysicalandgeometridayoutanal-
ysisin the literature)is performedto obtain a physical segmentationof groupsof docu-
mentcomponentsDependingon the documentformat, segmentationcanbe performedto
isolatewords, text lines, andstructuralblocks (groupsof text lines suchasseparateghara-
graphsor table of contentsentries).Functionallayout analysis(Dengelet al 1992) (also
calledsyntacticandlogical layout analysisin the literature)usesdomain-dependenbfor-
mation consistingof layoutrules of a particularpageto performlabelingof the structural
blocks giving someindication of the function of the block. (This functionallabeling may
also entail splitting or memging of structuralblocks.) An example of the result of func-
tional labelingfor the first pageof a technicalarticle would indicatethetitle, authorblock,
abstract keywords, paragraphof the text body, etc. Seefigure 6 for an example of the
resultsof structuralanalysisandfunctionallabelingon a documenimage.Structurallayout
analysiscan be performedin top-dovn (Pavlidis & Zhon 1991) or bottom-up(O’Gorman
1993) fashion.When it is donetop-davn, a pageis sggmentedfrom large components
to smallersub-componentspr example,the pagemay be split into one or more column
blocksof text, theneachcolumnsplit into paragraptblocks,theneachparagraphsplit into
text lines, etc. For the bottom-upapproachconnecteccomponentare memgedinto charac-
ters,thenwords,thentext lines, etc. Alternately top-davn andbottom-upanalysesnay be
combined.

6. Optical character recognition

Optical CharacteiRecognition(OCR) lies at the core of the discipline of patternrecogni-
tion wherethe objective is to interpreta sequencef charactergaken from an alphabet.
Characterf the alphabetare usuallyrich in shapeln fact, the charactersanbe subject
to mary variationsin termsof fonts and handwritingstyles.Despitethesevariations,there
is perhapsa basicabstractiorof the shapeghatidentifiesary of their instantiationsDevel-

oping computeralgorithmsto identify the character®f the alphabeis the principaltaskof

OCR.Thechallengeo theresearclcommunityis the following — while humanscanrecog-
nize neatlyhandwrittencharactersvith 100%accurag, thereis no OCRthatcanmatchthat
performance.

OCRdifficulty canincreaseon several counts.Increasen fonts, size of the alphabetet,
unconstrainethandwriting touchingof adjacentharactershrokenstrokesdueto poorbina-
rization,noiseetc.all contrituteto thedifficulty. figure7 shavsasampleof 0’'sand6’sthatare
easilyconfusedby a handwrittendigit recognizerTherearemary applicationghatrequire
therecognitionof unconstrainethandwriting.A word canbeeitherpurely numericasin the
caseof aZip code,or purelyalphabeti@asin the caseof US stateabbreviationsor mixedas
in thenumberof anapartmente.g.,1A).

Thetaskbecomesgparticularlychallengingvhenadjacentharacters acharactestringare
touchingasshavnin figure8. Unlike purelyalphabetistringswherejoining of thecharacters
is naturalandtakesplaceby meansof ligaturesthejoining of numeralsn a numericword
andthe uppercasecharactersn an abbreviation are accidental Thereare variouswaysin
whichtwo digits cantouch.Someof the catgyorieslendthemselesto naturalsegmentation,
whereador somea holistic approaclhis the only optionavailable.
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Figure7. Handwrittendigits areeasilyconfused.

6.1 Methodolagy

OCRalgorithmshavetwo essentiatomponents(i) Featuresxtraction,and(ii) classification.
Ultimately, the OCR processassignsa characteiimageto a classby usinga classification
algorithmbasedon the featuresextractedand the relationshipsamongthe features.Since
membersof a characterclassare equivalentor similar in asmuch asthey sharedefining
attributes, the measuremenof similarity, either explicitly or implicitly, is centralto ary

classifier Thereis often a third componenbf contextual processingo correctOCR errors
usingcontextual knowledge.We will describehethreecomponent®riefly.

6.1a Feature extraction: Featureextraction is concernedwith recovering the defining
attributesobscuredby imperfectmeasurementdo represena characteclass,eithera pro-
totype (an ideal form on which all memberpatternsare based the class“essence)or a
setof samplesmustbe known. The featureselectionprocessattemptsto recover the pat-
tern attributescharacteristiof eachclass.Global features suchasthe numberof holesin

Figure 8. Thereis no simple splitting line that will
segmenthetwo touchingdigitswithoutleaving artifacts
ontheseparatedigits.
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Figure9. Characterareseparatedhto catejoriesby partioningthefeaturespace.

the characterthe numberof concaities in its outercontour andthe relative protrusionof
characteextremities,andlocal features suchasthe relative positionsof line-endingsljine
crossa@ers, and cornersare commonlyused.The classificationstageidentifieseachinput
characteimageby consideringhe detectedeatures.

6.1b Classification: In the statistical classificationapproachesgharactetimage patterns
arerepresentebly pointsin amultidimensionafeature space Eachcomponenof thefeature
spaces a measurementr featurevalue,which is arandomvariablereflectingthe inherent
variability within andbetweenclassesA classifierpartitionsthe featurespaceinto regions
associatedvith eachclass,labelingan obsenred patternaccordingto the classregion into

whichit falls.

An example of featurespacepartitioning usedto classify a setof 50 charactersnto 5
differentclasses{C,E,T,X,Y} is illustratedin figure 9. The featurespaceis basedon two
featuresthe percentagef black pixels belongingto the vertical (Sy) andhorizontalstroke
(Sy). Strokesareclassifiedashorizontalandvertical. Pixelscanbepartof oneor bothstrolkes,
henceSy + Sy canbe greaterthan 100%. Character€ and T are expectedto have large
valuesof Sy, andSy; characteCis expectedo haveboth Sy, andSy atabout50%;characters
X andY areexpectedto have smallvaluesof Sy . Thedecisionfunctionsfor eachclassare
measuresf distancefrom the classesandthe dottedlines areequidistanfrom the classes
they separate.

Templatematding is a naturalapproachto classificationandis one of the most com-
monly used.Individual pixels are directly usedas features. A similarity measurenstead
of a distancemeasures defined.One can count the numberof agreementgblack pix-
els in test pattern matching black pixels in template and white pixels in test pattern
matching white pixels in template). The templateclassthat has the maximum number
of agreementgan be chosenas the classof the test pattern.Suchan approachis called
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Figure10. Structurafeaturef stroke, concavity hole crosspoints& endpointscanbeusedasthe
dimension®f afeaturespacdo classifycharacterghelocationsof theseeaturegor ‘A’ areillustrated.

the maximum correlation approach.Alternatively, one could count the numberof dis-
agreementgblack pixel in test patternwhere it is white in templateand vice versa).
The classwith the minimum number of disagreementgan be chosenas the class of
the test pattern. Such an approachis called the minimum error approach.The agree-
mentsanddisagreementsanbe weightedin orderto derive a suitablesimilarity measure.
Template matching is effective when the variations within a class are due to “addi-
tive noise” only and test patternsare free of noise due to rotation, shearing,warping,

or occlusion.

The K nearestneighbour(K-NN) rule is a well-known decisionrule usedextensvely
in patternclassificationproblems.The misclassificatiorrate of the K-NN rule approaches
the optimal Bayeserror rate asymptoticallyas K increasegFukunag & Hostetler1975].
The K-NN rule is particularly effective, when probability distributions of the featurevari-
able are not knawn. Selectionof templatesis an importantpart of the nearestineighbour
(1-NN) rule (Hart 1968). Templatesare selectedso that classificationsobtainedusing

ary proper subsetof the initial templateset lead to gradualdegradationin recognition

accurag.

Although mary problemsare successfullydealt with using the statistical approach,
it is often more appropriateto representpatternsexplicitly in terms of the structure
or arrangemenbf componentsor primitive elementstaken as the defining attribute of
the pattern. The structural approachto OCR representscharacterpattern images in
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termsof primitives and relationsamongprimitives in orderto describepatternstructure
explicitly.

Whenasledto describeanalphanumericharacterpeoplearemostlik ely to usestructural
featureqfigure 10). For example,anuppercase’A’ hastwo straightlines (strokes)meeting
with asharppoint(endpointiatthetop,andathird line crossinghetwo atapproximatelytheir
midpoint (crosspoints),creatinga gapin the upperpart (hole). The basisof ary structural
techniquds therepresentatioof the patternwith a setof featureprimitivesthatareableto
describeall encounteregatternsanddiscriminatebetweerthem.

6.1c Contetual processing: Thesetechniquesutilize knowledge at the word level to
correcterrorscommittedby OCR. Thesemethodsuseinformation aboutother characters
that have beenrecognizedin a word as well as knowledge aboutthe text in which the
word occursto carry out the task. Typically, the knovledge aboutthe text takesthe form
of alexicon (a list of wordsthat occurin the text). For example,a characterrecognizer
may not be able to reliably distinguishbetweenan u and a v in the secondposition of
gXeen A contectual postprocessingechniquewould determinethat u is correctsinceit
is very unlikely that qveenwould occurin the English languagedictionary Furthermore,
onecould useknowledgeof the Englishlanguageby which a q is almostalwaysfollowed
by anu.

There has beensystematicstudy of OCR performancefor English (Rice et al 1992).
A completereview of OCR productsfor machineprinted documentswith benchmarks
has beenpublishedby the University of Nevada (Nartker et al 1994). On good quality,
machine-printedtext datathe correct recognitionrate rangedfrom 99.13%to 99.77%.
For poorquality machine-printedext data,the correctrecognitionraterangedfrom 89.34%
t0 97.01%.Thedropin recognitionperformanceon poor quality datawasprimarily dueto
brokenstrokesin characterandtouchingof adjacentharactersMore recently OCRin the
presencef graphicin complex documenthasalsobeenreported Savaki & Hagita1998).
Wilsonetal (1996)have publishedcacomprehensie reportontheuseandevaluationof OCR
technologyfor form-basedapplications.

There is abundantliterature describingmethodsfor OCR. OCR is perhapsthe most
researchedreaof the patternrecognitiondiscipline. While researchin OCR for printed
Romanscripthasreached point of diminishingreturns, OCRfor handwritingandfor non-
Romanscriptscontinueso be a very active field. Thereaderis referredto the proceedings
of conferencesndworkshopssuchasthe InternationalConferencesn DocumentAnalysis
andRecognitionandthe InternationaMorkshopon Frontiersin HandwritingRecognition.

7. Analysisof graphical documents

Graphicsrecognitionand interpretationis an importanttopic in documentimageanalysis
sincegraphicselementgpenadetextual material,with diagramsllustrating conceptsn the
text, compary logosheadingbusinesdetters,andlinesseparatindieldsin tablesandsections
of text. Thegraphicscomponentshatwe dealwith arethe binary-valuedentitiesthatoccur
alongwith text andpicturesin documentsWe alsoconsiderspecialapplicationdomainsin
which graphicalcomponentsiominatethe documenttheseincludesymbolsin the forms of
linesandregionsonengineeringliagramsmapspusinesshartsfingerprintsmusicalscores
etc. Theobjectiveis to obtaininformationto semanticallydescribehecontentsvithinimages
of documenpages.
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Documentimageanalysiscanbe importantwhenthe original documents producedby
computeraswell. Anyonewho hasdealtwith transportand corversionof computerfiles
knows thatcompatibility canrarely betakenfor granted Becausef the mary differentlan-
guagesproprietarysystemsand changingversionsof CAD andtext formatting packages
thatareused,incompatibilityis especiallytruein this areaBecausehe formatteddocument
— that viewed by humans- is semanticallythe sameindependenbf the languageof pro-
duction,this form is a “protocol-lessprotocol”. If adocumentsystemcantranslatebetween
differentmachine-dravn formats thenext objectieis to translatédrom hand-dran graphics.
This is analogougo handwritingrecognitionandtext recognitionin OCR.Whenmachines
cananalysecomple hand-dravn diagramsaccuratelyandquickly, the graphicsrecognition
problemwill besolved,but thereis still muchopportunityfor researctbeforethis goal will
bereached.

A commonsequencef stepstaken for documenimageanalysisof graphicsinterpreta-
tion is similar to thatfor text. Preprocessingseggmentation andfeatureextractionmethods
suchasthosedescribedn earliersectionsarefirst applied.An initial sgmentatiorstepthat
is generallyappliedto a mixed text/graphicsimageis that of text andgraphicsseparation.
An algorithmspecificallydesignedor separatingext componentsn graphicsregionsirre-
spectve of theirorientationis describedy Fletcher(1988).Thisis aHoughtransform-based
techniquehatusesthe heuristicthattext componentsrecollinear Oncetext is segmented,
typical featuresextractedfrom a graphicsimage include straightlines, curves, andfilled
regions.After featureextraction, patternrecognitiontechniquesareapplied,both structural
patternrecognitionmethodsto determinethe similarity of an extractedfeatureto a known
featureusinggeometricand statisticalmeans and syntacticpatternrecognitiontechniques
to accomplishthis sametaskusingrules(a grammar)on context andsequencef features.
After thismid-level processingthesefeaturesareassemblethto entitieswith somemeaning
—or semantics- thatis dependentiponthe domainof the particularapplication.Techniques
usedfor this include patternmatching,hypothesisand verification, and knowledge-based
methodsThe semantidnterpretationof a graphicselementmay be differentdependingon
domain;for instancea line may be aroadon a map,or anelectricalconnectionof a circuit
diagram.

Most commercial OCR systemsrecognizelong border and table lines as being dif-
ferentfrom charactersso no attemptto recognizethem as characterds made.Graphics
analysis systemsfor engineeringdravings must discriminate betweentext and graph-
ics (mainly lines). This is usually accomplishedvery well except for some confusion
when charactersadjoin lines, causing them to be interpreted as graphics; or when
there are small, isolated graphicssymbols that are interpretedas characters.Segmen-
tation and analysis of colourcomposite multi-layer maps, recognition of the three-
dimensional object representedby its orthographic projectionsin a mechanicalpart
drawing, and constructionof a 3-D virtual walk-throughfrom an architecturaldraving
are some examplesof challengespresentedo the graphicsimage analysisresearchers.
Clearly, muchdomain-dependerknowledgeis appliedin essentiallyall graphicsanalysis
systems.

It is beyond the scopeof this paperto describethe approachesor graphicaldocument
analysidgn detail.In additionto mary journalpaperstheinterestedeadeis referredo several
workshopdedicatedo thistopic (GREC19,95,97,99)aswell aspapersn thelnternational
Conferencesn DocumentAnalysisandRecognitionandthe InternationalConferencesn
PatternRecognition.
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8. Document analysisin a multilingual context

In this paperwe have presentedn overview of the methodsappliedto documenimagesto
extractmeaningfulsemantidnformationfrom bit-mappedmagesof documentsAlthough
we did not make ary explicit statementthe methodsdescribedso far implicitly assumed
that the documentscontaina single languageIln general,pixel-level processingand fea-
ture analysismethodsare essentiallyindependenbdf the particularlanguagepresentin a
document.However, particular featuresextractedfrom the image and the methodsthat
are appliedfor discriminationamongvarious charactersare clearly language-dependent.
Whenadocumentontainsseverallanguagesvithin a pageit is necessaryo first sggmentit
into regionscontaininga singlelanguagen eachregion.

8.1 Multilingual documenseggmentation

An interestingproblemin multilingual documentanalysisis that of segmentingthe docu-
mentimagesnto regionsthatcontaina singlelanguageandidentifying thelanguagen each
region. Spitz (1997) presentech methodthat performssucha classificationin documents
containingseveralHan-basedcripts(ChineseJapanes@ndKoreanjand23Latin-basedan-
guagessuchasEnglish,GermanandVietnameseHis methodmadestronguseof language-
dependenfieaturesuchasthedistribution of opticaldensityandthelocationof concaitiesin
pixel data.

9. OCR for Indian languages

Proceeding®f the Fifth InternationalConferenceon DocumentAnalysisand Recognition
(ICDAR 1999)hasseveral paperdealingwith OCRfor Devanagri (suchasKarnik 1999).
OCRfor Indianlanguagesn generals moredifficult thanfor EuropeardanguagegMurthy
1998) becausef the large numberof vowels, consonantsand conjuncts(combinationof
vowelsandconsonants)-urther mostscriptsspreacdver severalzones Segmentatiorhasto
dealwith the positioningof the conjunctsandhalf syllables.Thesefactorscoupledwith the
inflectionalandagglutinatve natureof IndianlanguagemaketheOCRtaskquitechallenging.
Languaganodelsandcomputationalinguisticsasit pertainsto Indianlanguagess anarea
of recentresearchBharati et al (1998) describemachinetranslationsystemsand lexical
resourcedor Indianlanguagesncluding Sanskrit. Theissuesn parsingandunderstanding
Sanskritarediscussedn detailby Ramanujan{1999).

10. Conclusions

We presentedh brief summaryof basicbuilding blocksthat comprisea documentanalysis
systemWe encouragehe readerto referto cited paperdor moredetaileddescriptionsWe

hopethat this introductionwill help the readerby providing the backgroundnecessaryo

understandhe contentsof the paperghatfollow in this specialissue.
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