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Abstract

An image-base@pproachto documentimage analysisis presented.The methodsare moti-
vatedby a mewgedview of shapeandtextural imagepropertiesat multiple scales. The principal
binary image operationsare morphologicaland multiresolution. The generalizetbpeningis in-
troducedfor extractionof both shapeandtexture from animage. Thresholdreductionoperations
areintroducedfor performingefficientandcontrollableshapeandtexture transformationdetween
resolutionlevels. Someproblems,suchashalftoneor darkareasegmentationcanbein large part
solvedby asequencef thresholdeductions Aspectf theapproactareillustratedby the problem
of identifying italic andbold wordsin text, usingword-level extractionat loweredresolution.The
computationatostsof thebasicoperationsaregiven,sothatalgorithmefficiengy canbe estimated,
andthe importanceof operatingat the lowestfeasableresolutionis demonstrated For example,
word segmentatiorand halftoneextractionproceedn excessof 1.5x10 imagepixels/seconan a

SunSparcstation?V .
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1 Intr oduction

Whenconstructingsystemshat analyzedocumentimages,it is difficult to ignorethe factthat mary
guestionsabouttheimagecanbeansweredy a personwith amereglance.For example we candeter
mine subcognitvely, in about0.1 secondwhethera documentagehashalftones,graphics,multiple
columnsrules,freehandannotationsandothercharacteristicsOur ability to identify variousregions
of animagewith no apparentffort is the inspirationfor this work. For example,italic font styles,
designedior emphasisyirtually leap off the page. Surelya digital computercan be programmedo
identify, quickly andreliably, the salientcharacteristicef italic-nesswithin animage!

1.1 Background

Humanperformanceon mediumandlarge scaleimagestructureis at greatvariancewith presenima-
chine performance.Traditionalmethodsin documentimageinterpretationproceedfrom the bottom
up, startingwith the computationof a connected-componen¢presentationrandproceedingo derive
informationfrom thesedatastructures.This approachs appropriatdor characterdentificationon text
documentmageswith asimplelogical structure suchasasinglecolumnof text. However, for complex
documentghat may containstipplesand halftoneimages,rulesandline graphics,multiple columns
andhandannotationssuchanapproactsuffersfrom severalproblems:(1) nearlyunboundedime and
memoryrequirementsn the connectedcomponentomputationj2) unreliablecharacterdentification
on imageregionsthat are not machine-printedext; and(3) architecturalcompleity and consequent
unreliability in the determinatiorof large-scalestructures.A striking characteristiof thesemethods
is thatthey involve virtually noimageprocessingwith all analysisproceedingrom relationson and
betweerdatastructureslervedfrom theoriginalimage.

In aneffort to alleviate someof theseproblems Wongetal.[11, 9] preceededheirimageanalysis
with an image processingstep that transformedthe imageinto a relatively small numberof larger
connectedegions,suchastextlines. This wasaccomplishedisingthe intersectionof horizontaland
vertical closingsof very large extent. After theimageprocessingthey usedheuristics basedon both
the size and shapeof theseregionsandthe statisticsof correspondingpartsof the original image,to
segmenttheimageinto text andnon-text parts.A similar analysisfor nevspapelimagesegmentation,
emphasizindexture measuresomputedn theimage,hasbeenreportedrecently[10].

Without specialhardware, use of morphologicalimageprocessingat high resolutionhasa large
computationatost, particularlyin time, andespeciallywhenlarge-scaleeaturesareto be identified.
The amountof computationvariesapproximatelyinverselyasthe third power of the reductionfactor
Two powersaredueto the relative numberof pixels, andthe third power comesfrom the size of the
structuringelementsor the numberof iterationsrequiredto cover a given feature. Taking advantage
of this tremendougainin computationakfficiency whenprocessinghe imageat lower resolutions,
Bones|[3]hasrecentlydescribecgnapproachor segmentingdocumentmageshasedn morphological
imageprocessingaindimageanalysisat variouslevelsof reduction.



1.2 Shapeand texture

The image-basedapproachto image analysisdescribedn this papermakes useof transformations
basedon the fundamentalmagepropertiesof shapeandtexture. Shapeandtexture have traditionally
beenviewed asunrelatedentities,whereshapeis a propertyof the arrangemenodf ON pixelsin con-
nectedcomponentsindtextureis a setof statisticalpropertiesof relationsbetweerfON andOFF pixels
within aregionwhosesizeis muchlargerthanthe measuresisedfor gatheringhe statistics.However,
image-basednageanalysisforcesthesedisparataneasureso memgein interestingways.

Thefirst stepis to broaderthe notion of shapeto include specificrelationsbetweerON and OFF
pixels Onceshapeis liberatedfrom the constrainingbondsof connectedcomponentstexture can
be viewed as the statisticaldistribution of shapedn the image. Seenthis way, the mostimportant
measuresf texturearethedensitief a setof salientshapesOurintuition canthenbeusedto suggest
appropriateshapedgor a particularanalysis.For example,to distinguishitalicizedtext, onecanchoose
a shapeconsisitingof slantededges(adjacentlantedsetsof ON and OFF pixels, not slantedsetsof
ON pixels).

Second,when aggreating shapeover larger regions, the conceptsof shapeand texture actually
meimge. To distinguishbetweenregions of kanji andromantext, one might note the high density of
thin, vertically adjacentparallellinesin somekanji characters.One might usehorizontaledgesasa
shapefeatureandlook for distributionsof thesefeaturesn closevertical proximity. Or onemight use
alternatingON andOFF pixels,closelyadjacentertically, asthe shapeeature andfind theregionsof
highdensity(texture)wherethesdeaturesarefoundin closehorizontalproximity. Or onecandescribe
the shapeandtexture togetherwith a single shapefeature. The memging is even moreapparentvhen
we considerthat the vertically alternatingON and OFF pixel shapefeaturewould moretraditionally
beviewedasatexturemeasurebecausét extendsover severalcyclesof ON andOFF pixels,andthus
establishes regular repeatingpatternover a scalelarge comparedo the periodicity Thus,a salient
characteristiof kanji-nesscanbe viewed locally as shape or asvariouscombinationsof shapeand
texture,or evenasa combinationof two textures!

Third, shapeandtexture informationcanbe structurechierarchicallyat differentscales.The vari-
ability of imagesandimagequality leadsto uncertaintyin our ability to specifyor extractfeatures.n
thekaniji text example wherethe goalis to identify somefraction of thekanji charactersfalsepositive
“responses’from otherregionsmustalsobe expected.A texture measureof positive kanji responses
canbe usedat a larger scaleto differentiatebetweerthe higherdensitysignal from kanji regionsand
thelow densitynoiseof isolatederrors.

Fourth, and of greatimportance the shapeand textural propertiesof animagecanbe alteredin
specificwayswhentransformingo lower resolution. The goalis to separateegionsdiffering in shape
andtextural propertiesby choosinga setof reductionoperationghat differentially transformpixels
within the regions. The tools for extractionandtransformatiorof shapeandtexture aredescribedn
thenext section.

1.3 The plan

How canan efficient andeffective imageanalysissystembe constructed? et us adoptthe following
setof designcriteria:



1. Imagefeaturesareextractedat the lowestfeasableesolution.

2. The primitive operationsareimplementeduniformly on the imageandwith the greatesparal-
lelism permittedby the hardware.

3. Booleanoperation®n binaryimagesareusedwhenerer possible.

4. (Nearly)all operationsarecarriedoutontheimage,andon appropriatelyreducedrersionsof the
image.

5. Bothshapdgbroadlydefined)andtextural featuresareto be usedasappropriate.

6. Separatiorof regionswith differenttexture is accomplishedy operationghat either differen-
tially transformtexturewith scalechangeor differentiallyprojecttexturecomponentstconstant
scale.

Implementatiorof this programmaes describedn the remainderof the paper In the next section,
thefundamentatoolsof multiresolutionmorphologyarepresentedNew imageoperationssuchasthe
generalizedpeningandthresholdreductionareintroduced with anattemptbothto explain the need
for theseoperationsandto provide anintuitive understandingf their actions. The useof thesetools
on problemssuchashalftoneandword segmentationandthe identificationof wordsin italic andbold
typestyles,is outlined.

All algorithmshave beenimplementedn C. Performanceneasuregjivenhereare CPUtime ona
SunSparcstation?V.

2 Toolsof multir esolutionmorphology

The morphologicaltools consistof the standardransformationsaugmentedy a new operation the
generalizedbpening,thatis effective for extractionof both shapeandtexture at a given scale. The
multiresolution(reduction)operationsonsistof a generalizatiorof morphologicaloperationgcalled
rank-ordeffilters), followed by subsamplingAll operationsareimage-to-image.

2.1 Morphological operations

The fundamentalmorphologicaloperations,erosion and dilation[8, 5], are most efficiently imple-
mentedby translatingthe imageand either ANDing or ORing it with itself. Specifically letting X
representhe binary imageandthe (usually) small set A representhe structuring element(SE), the
erosions& anddilation @ of X by A aredefinedas

XA = X, (1)
2€EA

XeoA = (JX, 2
z€EA



whereX, is thetranslationof X alongthe pixel vectorz. andthe setintersectiorandunionoperations
represenbitwiseAND andOR, respectiely. Theseoperationsanbeimplementedsrasteroperations
to take advantageof theword-parallelrepresentationf the pixelswithin acomputer

Fromthesetwo operationsthe opening® andclosing® operation®f X by A aredefined respec-
tively, as

X0A = (Xeod) oA 3)
Xe4A = (X@A)oA 4)

Unlike the erosionanddilation alone,which continueto transformtheimageif repeatedthe opening
and closing are idempotent. They are alsoindependenbdf the location of the referenceposition of
the SE A. Also, unlike erosionand dilation, openingand closing are anti-extensive and extensve,
respectrely, which meanghatfor any SE A,

XOAC X )
X®ADX (6)

To handlepatternonsistingof bothON andOFF pixels,Serra[§ generalizedheerosionby defin-
ing ahit-misstransform HMT, of animageX by adisjointpair (A, B) of SEsasthesettransformation

X®(A,B)= (X6 A)N(X°e B) ©)

where A and B are referredto asthe “hit” and “miss” SEs, respectiely. The HMT is useful for
matchingto generalpatterns. To extend suchgeneralmatchingto operationsthat have the special
propertiesof the openingandclosing,we have defined[1]a generlizedopeningof X by (A, B) asthe
settransformation

U(X;A,B)=[X® (A, B) & A. (8)

The generalizedpeningis an HMT followed by a dilation with the hit SE A. It hasa very simple
geometricainterpretation.Justasthe openingis a setconsistingof the union of SEsfor all matches
of the SEto theimage,thegeneralizedpeningis the unionof hits A for all matchef the SE (A, B)
to theimage. It canbe shown thatthe generalizedpening like the opening,is anti-extensve, center
independenandidempotent[]. Thus,it canbeusedto filter generalpatternan the sameway thatthe
openingcanbe usedto projectout patternsof ON pixels.

An erosionor HMT requiresan exact match. An imperfectmatch,called a rank order filter or,
eqguvalently, athresholdcorvolution, is a generalizatiorof the erosionanddilation operationf mor-
phology Thedilationis athresholdconvolutionwherethethresholds 1; anerosionrepresentathresh-
old equalto the cardinality of the SE. The rank orderfilter canbe usedto compensatéor variability
in the image, but often at a significantcostin computationakompleity. Neverthelessasdescribed
in the next section,smallrank orderfilters have beenfoundto be extremelyusefulfor multiresolution
operations.

Usingtheword-parallelismnherentin theinternalrepresentatioof a binaryimage thebasicmor-
phologicaloperationg1) and(2) canbeimplementeckfficiently in softwareonagenerapurposecom-
puter The speedof suchrasteroperationgs corvenientlymeasuredn millions of booleanoperation
persecondMbops).A SunSparcstation?” performsabout50 Mbopson largeimages.
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2.2 Multir esolutionoperations

Giventhe necessityof representingmagesat multiple scaledor efficient analysisof content,how are
we to effect the reductions?Regular subsamplingdf the imageis usefulfor reducingthe numberof
pixels. The densityof the original imageis typically (althoughnot always)presered. Haralick[6, 7]
hasemphasizedhe importanceof usinga low-passfilter prior to subsamplingto preventaliasingof
high frequeny componentswith a view toward minimizing differencesetweernthe subsample@dnd
higherresolutionimage.Burt[4] hasshovn thatmultiresolutionmethodswith smallfilters arecapable
of accuratelycharacterizingextureatmultiple scales Preserationof imagequalitiesmaybeusefulfor
measurementompressionteconstructionandrenderingwherefidelity to the original is paramount.
However, it is not appropriatefor aspectof imageanalysiswherethe intentionis to alter different
regionsof theimagepreferentiallydependingon thelocal textural andshapequalities.

Which filtering operationsshouldbe chosen?Considerthe problemof segmentinganimageinto
text andhalftoneimageregions. A brute-forcemorphologicalapproachmight be to closethe image
with sufficiently large SEsto solidify the halftone parts,andthen openthe imagewith even larger
SEsto remove the (somavhat blocked up but smaller)text parts. The openingwould not affect the
solid halftoneregions,andtheresultwould be a separatioomaskcoveringonly the halftoneareas.The
closingremoves OFF pixelsthat are“near” ON pixels, andthe openingremoses ON pixels thatare
“near” OFF pixels, with the scaleof “near” given by the size of the respectire SEs. Both operations
canbeviewedasalterationof short-rangemagetexture.

This suggestghatfiltering operationsdbeforesubsamplingshouldbe chosento changethe image
texture soasto mimic operationsatfull scale.To solidify pixelswithin halftoneregions,usea closing
or dilationoperatiorbeforesubsamplingthenatreducedscale useanopeningor erosionbeforefurther
subsamplingBecausat is expensveto uselarge SEsat high resolutionwe caneffectanarbitraryand
efficient2” reductionby a cascadef n 2-fold reductionspre-filteringwith 2x2 SEsat eachstep.

Thuswe tile theimageinto 2x2 squaresandsubsampleéhe upperleft pixel of eachtile. Consider
the 2x2 SEwhosereferencepositionis locatedin the lowerleft corner(Figure 1a). Dilation with this
SEprior to subsamplings equialentto settingathresholdof 1 ON pixelin the2x2 pixeltile: if atleast
1 pixelis ON, afterdilation the pixel to be subsampleavill surelybe ON. Likewise,useof anerosion
by the SE shavn in Figure 1b prior to subsamplings equialentto settinga thresholdof 4 ON pixels
in thetile: all four pixelsin thetile mustbe ON if thesubsamplegixelis to be ON. Clearly, flexibility
is gainedby generalizingto allow filters that thresholdon 2 and 3 ON pixels within the tile. The
requisitefiltering operationsarethresholdcorvolution (or, equialently, rank orderfilters) mentioned
in the previous section.

(0] £30]
(JE3 00

(a) (b)
Figurel. (a) Dilation filter for thresholdl; (b) erosionfilter for threshold4

We call thecombinationof athresholdcornvolution followedby subsampling thresholdreduction
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The halftone segmentationproblemis efficiently addressedby a sequencef 2x reductionsusing a
smallthreshold,say 1, to consolidatehe halftonetexturedregion, followed by further 2x reductions
with alargethreshold say4, to remove thetext regions. Largeratomicreductionsvith morethreshold
levelsfor pre-filteringcanalsobeused putin practicewe have foundthatthefour different2x threshold
reductiongprovide sufficient flexibility .

It is not necessaryo carry out the full thresholdcorvolution before subsamplingpecauseonly
oneoutof every four pixelsis actuallysubsampledThresholdreductionis efficiently implementedy
forming a half-height,full-width imageusingalogical operation(OR or AND) betweereachoddrow
andtheevenrow below it, andfollowing this with areductionto a half-height,half-width imageusing
alookuptablethatemulatesimilar column-wisdogical operationslf bothrow andcolumnoperations
areOR, eachON pixelin thereducedmageis ON if ary of thefour pixelsin thecorrespondingile of
theoriginalimagewereON. Thisis athresholdl reduction.Lik ewise,if bothoperationsareAND, we
getathreshold4 reduction.It takesapproximatelytwice asmuchwork to reducamageswith threshold
valuesof 2 and3. To do this, form two intermediatehalf-height,half-width images,using OR-AND
and AND-OR for the row and columnoperations. The threshold2 andthreshold3 reducedimages
arethenfoundby takingthe unionandintersectionof theseintermediateeducedmagesrespectiely.
This implementatiorof thresholdreductionis relatively fast. A 2x reductionusingthresholdsl or 4
proceedsat 25 Mpixel/secthreshold®? and3 proceedat 12 Mpixel/sec.

The effect on texture from a sequencef thresholdreductionss fairly predictable.For example,
a setof four sequentiathresholdl reductionss approximatelyequalto a dilation with a 16x16brick
SE, followed by subsamplingPairs of ON pixelsseparatedby lessthanabout16 pixelswill typically
bejoined. Likewise,four sequentiathreshold4 reductionsareroughly equivalentto anerosionwith a
16x16brick SE,followedby subsamplingRegionsof ON pixelssmallerthansuchabrick will typically
vanishin the reducedimage. Justasdilation and erosionexpandand shrink regions of ON pixels,
thresholdreductionusingthresholdsf 1 and4 tendto expandandshrink solid regions, respectiely,
andsomecompensatiomay be required. The subsamplingpperationis not translationallyinvariant;
consequentlysomevariationis to be expecteddueto the positioningof the 2x2 tiles on theimage. A
moredetaileddescriptionof thesetransformsandtheir propertieds givenin [2].

3 lllustration: Font style identification

Omni-fontOCRsystemglo notattempto distinguishbetweerdifferenttypestyles becausenasingle
charactebasisthe problemis relatively difficult. Yet,asmentionedatthebeginningof this paperitalic
wordsareinstantlyapparenwisually. The usefulnes®f identifying differenttype stylesgoesbeyond
providing a nice featurefor an OCR system. Italicized wordstypically have specialsignificancen a
documentlf identified,they canbeusedaskeywordsfor automatidndexing into adatabasef scanned
documenimages.In this section,we outline how multiresolutionmorphologyprovidesa simpleand
fastmethodfor identifying italic words. Theimageis segmentedwith a granularitysize of the word,
ratherthanthe individual character, becausesegmentationat the word level canbe donereliably and
independentlyf OCRfunctions.A relatedapproachor bold wordsis alsodescribed.
Thegeneraimethodconsistsf the following steps:

1. Identify afeatureor setof featureqor eventhe lack of a feature!) thatdistinguisheghe region
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of interestfrom therestof theimage.
2. Reduceheimageif possibleandprojectthefeature(sput atthe lowestreliableresolution.

3. Remue the noise(falsepositives)in the texture patternresultingfrom the previous step. The
resultingpixelsconstitutea seed

4. Constructamaskatthesameresolutionjn which eachconnecteadomponentoverspixel setsin
theoriginalimageatthe selectedevel of granularity(in this casetheword).

5. Fill from theseednto the mask,resultingin a selectiormaskcoveringonly thosepixel setswith
theselectegroperty

6. Usetheselectionrmaskto extractcorrespondingegionsin thefull resolutionimage.

The resolutionof imagesdisplayedin this sectionis given in units that are independenbf the
resolutionof the physicalrenderingdevice. All imagesarelabelledwith boththe samplingresolution
in pixels/inch,andtherenderingresolution alsoin pixels/inch.The samplingresolutiongivesthe size
of the sampled(or subsampledpixelsin the image,whereaghe renderingresolutiongivesthe size
of thesepixels asrenderedon the page. The magnification canbe found asthe ratio of samplingto
renderingresolution.

For italics, thedistinguishingfeatureis edgesinclinedataboutl2 degreedrom thevertical. (Edges
areused ratherthanslantedines,to avoid responsefrom large solid blocksof pixels). Theleft edge
is betterthanthe right edge,becauseslantedright edgesare more pronouncedn wordslike “wavy”.
We choosehe SEshovnin Figure2.

O @

O @

Figure2. Structuringelementor weakmatchto left edgesof italic lines.

Four propertiesof this SE shouldbe noted:
1. Both hitsandmissesareused.Thisis necessaryo find edges.
2. Thehitsandmissesareorientedalonga slant,with the hits on theright to matcha left edge.
3. A “don’t-care”is placedhorizontallybetweereachhit andmiss.

4. Therearethreedon't-carelinesvertically betweereachhit-misspair.



Thisis a“weak” filter, designedo matchleft edgeswith bothedgenoiseandvariationin slantangle.A
generalizedpeningproducesanimagetexturedwith pixelsrepresentinglocal measuref italic-ness.

renf place indicator [Macro]

This removes from the property list stored in place the property with an indicator
eq to indicator. The property indicator and the corresponding value are removed
by destructively splicing the property list. renf returns nil if no such property
was found, or some non-nil value if a property was found. The form place may
be any generalized variable acceptable to setf. See remprop.

get-properties place indicator-list [Function]

get-properties is like getf, except that the second argument is a list of indi-
cators. get-properties searches the property list stored in place for any of the
indicators in indicator-list until it finds the first property in the property list whose

Figure3. Exampleof text with italic font style.
Samplingresolution:300/inch.Renderingresolution:250/inch.

Considerthe text imageshown in Figure3. The seedto be generatednusthave at leastone ON
pixelin eachitalic regionandno ON pixelselsavhere.If the SEhasbeenwell-chosenall italic regions
will have someON pixelsandthetextureof filteredpixelswithin italic regionsshouldbedifferentiable
from thosewithout. For processingfficiency, two sequentialx thresholdl reductionsareused.Noise
(isolatedpixels)is removedby a close/opersequencethe closejoins andprotectsseedpixels,andthe
openremovesun-coalescedoise.Theclose/operns preceedethy asmallverticaldilationto guarantee
horizontalalignmentof seedpixels. Intermediateandfinal seedimagesareshowvn in Figures4aand
4b,
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(c) Word mask. (d) Final selectiormask.

Figure4. Stepsn makingseedmask,andselectiormask.
All imagesaresampledat resolution75/inch;renderingat 120/inch.

The word mask(Figure 4c) is generatedat 4x reduction,usinga cascadeof two 2x thresholdl
reductionon the originalimage followedby a smallhorizontaldilation or close.

The separatioomask(Figure4d) is thengeneratedby afilling operationstartingwith the seedand
clipping to theword mask.This is thenusedto extracttheitalic wordsatfull resolution.Two methods
arepossible. The separatiormaskcanbe expanded4x and ANDed with the full resolutionimageto
produceanimagewith only italic words. Alternatively, the boundingbox coordinate®f the separation
maskword componentsan be determinedand used,whenappropriatelyscaled,to extractthe italic
wordsindividually from the full resolutionimage. One canattemptto extractitalic wordswith only
a seed.However, useof a word maskboth improvessignal/noisediscriminationand permitsreliable
extractionof wordsasatomicunits.

Thesemethodsare quite robust on a variety of fonts and typical font sizes. Improvementsare
possibleby adjustingthe SE sizesto the font size,which canbe measuredn several differentways.
Theoperationgroceedat aboutl.3 Mpixel/sec.

Extractionof wordsin boldtypestyleis amoredifficult problemthanitalic. Boldnesss mosteasily
characterizedby characteistemwidths. However, stemwidthsin a scannedmagemay differ greatly
from thatintendedn theoriginal printing, becauseéhe pagecouldhave beencopiedseveraltimes(with
highly variableresults)and becausehe scannerthresholdmay not have beensetto reproducethis
measureccurately Thus,boldnessnustbe determinedasarelativemeasurement.

The procedurdor bold type style extractionis similar to thatfor italic, with the differencesoccur
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ring in thefeatureextractionstep. The following methodmeetswith somesuccessProgressiely thin

theimagein the horizontaldirection,alternatelyremoving pixelsfrom left andright endsof eachhori-

zontalrun of ON pixels. At eachthinningiteration,opentheresultwith a vertical SE sufficiently large
to respondprimarily to the vertical stems,and, usinga lookup table,countthe numberof ON pixels
(or, better non-zerobytes)in theimage. Constructthe ratio of the countson successie iterations. If

thereis a smallamountof bold text intermixedwith normalwidths, at somepoint the majority of the
text stemswill disappearandthe countratiowill suddenlydecreaséelov athresholdtypically about
2.5:1). Whenthis happensstopthethinning processandusethe mostrecentimage,after openingfor

verticalstemsasthefeatureimageout of whichtheseeds constructedBold word extractionis slower
thanitalic, proceedingat about0.5 Mpixel/second.

4 Discussion

It mayinitially seensurprisingthatwe have built animageanalysissystenmbasednimageprocessing,
ratherthanon a setof rules. (A smallsetof heuristicsaboutdocumenimagesarenecessaryandare
implicitly embodiedwithin structuringelements). After all, imageanalysisis a processof making
decisionsaabouttheimage,andexplicit rulesaretraditionallyusedto representognitive understanding
of thedecisionprocessHowever, the subcanitive basisof humanvisual perceptiorsuggestsisingan
image-basedpproachBecausehe decision-makingrocesss inherentlynonlinearit is necessaryo
usenonlinearimageprocessingechniques.Suchmethodsasdescribedn this paper are capableof
transformingtheimagein suchaway thatthefinal stepsin the analysisjf any, areprimarily counting
and labelling actvities. Thesebinary imagetransformationsare highly nonlinear in that threshold
decisionsare madeon eachpixel at eachstep. (The operationsare also generallyirreversibleand
noncommutatie). At the end of an analysis,ary given pixel may have had mary suchthreshold
decisions basedon the valuesof otherpixelsin its vicinity. Furthermorejn a reducedimage,each
pixel is influencedby the valueof a larger numberof pixelsin the full resolutionimage. As aresult,
systemscan be built that both have sufficient nonlinearityto defy exact analysis,andyet operatein
accordanceavith our geometricaintuition to make definitestatementsboutanimage.

It is often necessarpbtaina statemenabouttheimage,suchasthe numberof pixelsor the num-
beror locationof componentsThisis typically doneasthelaststagein the analysiswhenanimage
maskhasbeencreatedat low resolution. Thus,a usefulsystemmustinclude operationdor labelling
connecteccomponentsAs a generalguideline,mostof the imageanalysis(possiblyexclusive of that
directly relatedto OCR) shouldbewithin theimagedomain.If computatiorrelatedto connectedom-
ponentsor othercomplex datastructuresoccupiesa sizablefraction of the whole, thenthe algorithm
probablydoesnot take sufficientadvantageof multiresolutionmorphology

The operationsdescribedhereare particularly well-suitedfor extraction of large imagefeatures.
As describedin Section2.2, the combinationof thresholdreductionand supportingmorphological
operationscan separatémage and halftoneregions from text and line graphicssimply by carrying
out a sequencef four successie thresholdreductions. Most of the computationis in the first two
reductionswhich canbedonewith thresholdl. The segmentatiortime for an8 Mpixelimageis about
0.5 second;not humanperformancebut respectableLik ewise, the generatiorof a word mask,used
asanintermediatestepin type style segmentationjs implementedasa cascadef two 2x thresholdl
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reductionsandconsequentlyproceedst arateof nearly20 Mpixel/second.

Otherlarge scaleimagefeatureshatareapparento the eye, even(or, especially)whenviewed at
considerablalistance suchasrulesandtext columns,are alsoeasily extractedusing thesemethods.
Whenblockingup text columnsiit is advantageou$o remove verticalrulesfirst, becausg¢hisincreases
theguttersize. Suchrulesareeasilyremovedby openingtheimagewith a smallhorizontalSE.

The examplesin this shortpaperdemonstrata few applicationsof multiresolutionmorphologyin
the domainof documentimages. The strengthof the approach—itsimplicity, efficiency, andappeal
to intuition—derve from the use of the image as the fundamentalstructureon which computation
is performed. The versatility of thesemethodsis perhapsbestappreciatedy the following game.
Ask yourselfa questionaboutthe image—itscomposition Jayout, or whatever—thatcanbe answered
definitively by “yes”, “no”, or asmallinteger, or by the constructiorof animagemask. Thenimagine
asmallsetof imageoperationghatwill answerthe question.
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