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Abstract

Documentimagesareoftenobtainedbydigitizingpaperdocumentslikebooksor manuscripts.

They couldbepoor in appearancedueto degradationof paperquality, spreadingand�aking

of ink toner, imaging artifacts etc. All the above phenomenalead to different typesof noise

at theword level includingboundaryerosion,dilation, cuts/breaksandmergesof characters.

Further, with the adventof modernelectronic gadgetslike PDAs, cellular phones,and digi-

tal cameras,thescopeof documentimaging haswidened.Documentimage analysissystems

are becomingincreasinglyvisible in everydaylife. For instance, onemaybeinterestedin sys-

temsthatprocess,store, understanddocumentimagesobtainedbycellular phones.Processing

challengesin thisclassof documentsareconsiderablydifferentfromtheconventionalscanned

documentimages. Many of this new classof documentsare characterizedby low resolution

andpoorquality. Superresolutionprovidesanalgorithmicsolutionto theresolutionenhance-

mentproblembyexploiting theimage-speci�capriori information.In this thesiswestudyand

proposenew methodsfor restorationandresolutionenhancementof documentimages.

Wepresenta singleimagesuper-resolutionalgorithmfor gray leveldocumentimageswith-

out usinganytrainingset.Super-resolutionof documentimagesis characterizedby bimodal-

ity, smoothnessalong the edges as well as subsamplingconsistency. Thesecharacteristics

are enforcedin a Markov RandomField (MRF) framework by de�ning an appropriateenergy

function. In our case, subsamplingof super-resolutionimage will return the original low-

resolutionone, proving the correctnessof the method. The restored image, is generatedby

iteratively reducingthe energy functionof the MRF, which is a nonlinearoptimizationprob-

lem. This approach is a singleframeapproach and is usefulwhenyou do not havemultiple

low-resolutionimages.

Documentimageshaverepetitivestructural nature as thecharacters andwordsare found

more thanoncein a page/book.Theextractionof a singlehigh-qualitytext image froma set

of degradedimagesis bene�tedfromtheapriori information.A charactersegmentationis per-

formedto extract thecharacters. A total variation basedprior modelis usedin a MaximumA



Posteriori (MAP) estimate, to smoothentheedgesandpreservethecorners, socharacteristic

of text images. Dependenceon charactersegmentationstill remainsa bottle-neck. Character

segmentationproblemis not a completelysolvedproblem. The segmentationaccuracy de-

pendson thequantityof noisein thetext image. In our next approach, weshall overcomethe

dependencyon character segmentation.We shall look for a restoration approach that does

notperforma explicit charactersegmentation,but still usestherepetitivecomponentnatureof

documentimages.

In documentimagesdegradationis variedat differentplacesin a document.Context plays

an important role in textual image understanding. A MRF framework that exploits the con-

textual relationbetweenimagepatches,is proposed.Usingthetopological/spacialconstraints

betweentheimage patches,the impossiblecombinationsare eliminatedfromtheinitial setof

matchings,resultingin an unambiguoustextual output. Thelocal consistencyis adjustedto

theglobalconsistencyusingthebeliefpropagationalgorithm.Asweareworkingwith patches

and not characters, we avoid performingan explicit segmentation.Theability to work with

larger patch sizesallows us to deal with severe degradationsincluding cuts,blobs,merges

andvandalizeddocuments.Thisapproach canalsointegratedocumentrestorationandsuper-

resolutioninto a singleframework,thusdirectlygeneratinghighquality imagesfromdegraded

documents.

To conclude, the thesispresentsan approach for reconstructingdocumentimages. Unlike

otherconventionalreconstructionmethods,theunknownpixel valuesare not estimatedbased

ontheir local surroundingneighbourhood,but on thewholeimage. Weexploit themultipleoc-

currenceof characters in thescanneddocument.A greatadvantageof our proposedapproach

overconventionalapproachesis thatwehavemore informationat our disposal,which leadsto

a betterenhancementof thedocumentimage. Experimentalresultsshowsigni�cant improve-

mentin imagequalityondocumentimagescollectedfromvarioussourcesincludingmagazines

andbooks,comprehensivelydemonstratetherobustnessandadaptabilityof theapproach.
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Chapter1

Intr oduction

1.1 Intr oduction

Documentimageanalysishascarveda nicheout of themoregeneralproblemof computer

vision becauseof its distinctnessfrom regularclassof images.Opticalcharacterrecognition

(OCR)wastakenasoneof the �rst clearapplicationsof patternrecognition.Eventoday, the

challengesof complex content,noisydata,anduseof new imagingdeviceskeepthe�eld ac-

tive. It is increasinglybecomingimportantto providepeoplewith regularandeffectiveaccess

to the information. Documentimagesare information rich. Computersystemsare usedto

developthedigital technologysystems,which enableseasyaccessto thevastreservoir of in-

formation.Thesesystemhave anOCRat their core.ModernOCRsdonotperformwell in the

casewherethedocumentimageis substantiallydegraded.Adequateenhancementapproaches

arerequiredto make the documentimages�t for OCRing. Further, the degradedimageare

not aestheticallyappealing.Theseimagesareall departurefrom an ideal versionof thedoc-

umentimage,which is unambiguouslywell de�ned in thedomainof machine-printedtextual

documents.Thegoalof this thesisis to revertbackthedegradationprocessandreachtheideal

versionof thedocumentimage.

Theultimateobjectiveof thedocumentimageanalysisis to recognizethetext components

in imagesof documents,andto extract the intendedinformationasa humanwould. With the

advent of modernpublishingtechnologies,documentanalysissystemswill becomeincreas-

ingly moreevidentin theform of everydaydocumentsystems.
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1.2 Moti vation

Imagesof paperdocumentsarealmostinevitably degradedin the courseof printing, pho-

tocopying, Faxing,andscanning,andthis lossof quality - evenwhenit appearsnegligible to

humaneyes- canbe responsiblefor an abruptdeclinein accuracy by the currentgeneration

of text recognition(OCR) systems.This fragility of OCR systemswhenconfrontedby low

imagequality is well known to theOCRcommunity[80]. Theaccuracy of today's document

recognitionalgorithmsfallsabruptlywhenimagequalitydegradesevenslightly [3]. Thephys-

ical causesof imagedegradationaremyriad: spreadingand�aking of ink toner;unevenpaper

surface;low print contrast;non-uniformillumination; defocusing;�nite spatialsamplingrate;

variationsin pixel sensorsensitivity andplacement;noisein electroniccomponents;binariza-

tion (e.g. �x edandadaptive thresholding).And, imagesmayresultfrom morethanonestage

of printing andimaging.By “degradation”(or “defects”)we meana wide varietyof less-than

idealpropertiesof realimages.

Traditionally, documentimagesarescannedfrompseudobinaryhardcopy papermanuscripts

with a �atbed, sheet-fed,or mountedimagingdevice. Recently, however, thecommunityhas

seenanincreasedinterestin adaptingmodernimagingdevice like digital camerasto tasksre-

latedto documentimageanalysis.Digital camcorders,digital cameras,PCcams,PDAs, and

evencellphonecamerasarebecomingincreasinglypopular, andthey have shown potentialas

alternative imagingdevices[47]. Althoughthey cannotreplacescanners,they aresmall,light,

easilyintegratedwith variousnetworks,andmoresuitablefor many documentcapturingtasks

in lessconstrainedenvironments.Theseadvantagesleadto anaturalextensionof thedocument

processingcommunitywherecamerasareusedto imagehardcopy documentsor naturalscenes

containingtextual content.This hasgivenrise to new potentialapplications,thoughmostof

thetimehandicappedby low-resolution.For text anddocumentanalysis,astheapplicationar-

easextendto lowerresolutioncameraenableddevices,super-resolutionmethodsarebecoming

more importantandnecessary. Digital video compressionalgorithmscanbene�t from suc-

cessfultext resolutionexpansiontechniques.Video couldbe indexedandretrievedbasedon

text information,text observedin thesetypesof imagesis often low-resolution.In thesecon-

2



ditions,it is virtually impossibleto docharactersegmentationindependentlyfrom recognition.

Resolutionenhancementis oneof theapproachthatcanassistthecauseof recognitionin low-

resolutionimages.Super-resolutionmethodsareusefulwherephysicallimitations exist pre-

ventinghigherresolutionimagesfrom beingobtained.Wheneverdynamicimageenlargement

is needed,suchastext in camera-basedimagery, super-resolutiontechniquescanbeutilized.

1.3 Text Enhancement

Imageprocessingmodi�es picturesto improve them (enhancement,restoration),extract

information(analysis,recognition),andchangetheir structure(composition,imageediting).

Imagescanbeprocessedby optical,photographic,andelectronicmeans,but imageprocessing

usingdigital computersis themostcommonmethodbecausedigital methodsarefast,�e xible,

andprecise.

Imageenhancementimprovesthequality (clarity) of imagesfor humanviewing. Removing

blurring and noise, increasingcontrast,and revealing detailsare examplesof enhancement

operations.For example,an imagemight be taken of an monument,which might be of low

contrastandsomewhatblurred. Reducingthe noiseandblurring andincreasingthe contrast

rangecould enhancethe image. The original imagemight have areasof very high andvery

low intensity, which maskdetails.An enhancementalgorithmrevealsthesedetails.Adaptive

algorithmsadjusttheir operationbasedon theimageinformation(pixels)beingprocessed.In

thiscasethemeanintensity, contrast,andsharpness(amountof blur removal) couldbeadjusted

basedon thepixel intensitystatisticsin variousareasof theimage.

The aim of imageenhancementis to improve the interpretabilityor perceptionof infor-

mationin imagesfor humanviewers,or to provide `better' input for otherautomatedimage

processingtechniques.

Imageenhancementtechniquescanbedividedinto two broadcategories:

� Spatialdomainmethods,whichoperatedirectly onpixels,and

� frequency domainmethods,whichoperateon theFouriertransformof animage.

3



Unfortunately, thereis nogeneraltheoryfor determiningwhatis `good' imageenhancement

whenit comesto humanperception.If it looks good,it is good! However, whenimageen-

hancementtechniquesareusedaspre-processingtoolsfor otherimageprocessingtechniques,

thenquantitative measurescandeterminewhich techniquesaremostappropriate.Traditional

methodsfor imageenhancementcanbeclassi�ed into two categories: imagerestoration,and

resolutionexpansion.

(a) Portionof adegradedtext image

(b) Restorationoutputimage

Figure1.1Restorationof documentimages.

Our Interestin this thesis- In thisthesisweareinterestedin theproblemimagerestoration

and resolutionexpansionof text images. Our algorithm dealswith only the textual part of

a documentimage. In casethereare graphicobject in the documentpage,then a suitable

segmentationalgorithmshouldbe usedto separatethe textual contentfrom the non textual

one.

� Text Restoration - Documentimagesareoftenobtainedby digitizing paperdocuments

likebooksor manuscripts.They couldbepoorin appearancedueto degradationof paper

quality, spreadingand�aking of ink toner, imagingartifactsetcasshown in Figure1.1.

4



(a) Portionof a low-resolutiontext image

(b) Super-resolutionoutputimage

Figure1.2Restorationof documentimages.

Restorationof suchimageshasmany applicationsin enhancingtheperformanceof char-

acterrecognizersaswell asin bookreadersusedin digital libraries.

� Text Super-resolution- Thegoalof resolutionexpansionis to createanexpandedim-

agewith improvedde�nition from observedlow-resolutionimagery. Acquisitionof this

low-resolutionimagerycanbe modeledby averaginga block of pixels within a high-

resolutionimage.Theimageacquisitionprocessconsistsof convertingacontinuousim-

ageinto discretevaluesobtainedfrom a groupof sensorelements.Eachsensorelement

producesavaluewhich is a functionof theamountof light incidentonthedevice. For 8-

bit grayscalequantization,theallowablerangeof valuesfor eachsensorareintegersfrom

0 (black)to 255(white). Thesensorsaretypically arrangedin anon-overlappinggrid of

squareelements,smallerelementsresultin higherresolutionimagery. A high-resolution

imageis shown in Figure1.2 wherethenumberof sensorsis adequateto representthe

desiredtext image. The majority of pixels within the imageareeitherwhite or black,

with a smallnumberof graypixelsoccurringat theedges.Figure1.2 illustratesa low-

resolutionimagewherethe numberof sensorshasbeenreducedby a factorof q = 4

5



in both thehorizontalandverticaldirections.This low-resolutionacquisitionresultsin

signi�cant blockinessandis insuf�cient to accuratelyrepresentthis image. Eachsen-

sorelementeffectively averagesthe imagewithin its sectionof thegrid, resultingin an

increasedamountof graypixels.

1.4 ImageEnhancementasan InverseProblem: MAP

In an imageenhancementproblem,we assumethatan ideal image,f , hasbeencorrupted

to createthemeasuredimage,g. Theusualmodelfor thecorruptionis a distortionoperation,

denotedby D, followedby theadditionof randomnoise

g = D(f ) + n (1.1)

whereg = [g1; : : : ; gN ] andgi denotesthe i th pixel in a columnvectorrepresentationof the

imageg. Here,f andn arealsosimilarly represented.The restorationproblemthen,is the

problemof �nding the bestestimateof f given the measurement,g, someknowledgeof the

distortion(e.g.blur), andthestatisticsof noise.

Restorationis often referredto asan inverseproblem. That is, we have a process(in this

caseblur) which takesaninput andproducesanoutput.We canonly measuretheoutput,and

wewish to infer theinput.

Inverseproblemsand ill-posedness- A problemg = D(f ) is saidto bewell-posedif

� for eachf , asolution,g, exists

� thesolutionis unique

� thesolutiong continuouslydependson thedataf .

If thesethreeconditionsdo not all hold, the problemis saidto be “ill-posed”. Ill-posedness

is normally causedby the ill-conditioning of the problem. Conditioningof a mathematical

problemis measuredby thesensitivity of outputto changesin input. For a well-conditioned

problem,a smallchangeof inputdoesnot affect theoutputmuch;while for anill-conditioned

problem,asmallchangeof inputcanchangetheoutputagreatdeal.

6



A simpleexampleof ill-conditioning is asfollows: considerthelinearsystemdescribedby

ablur A , andunknown imagef, andameasurementg, where

g = Af

A =

2

4
1 1

1 1:01

3

5 f =

2

4
f 1

f 2

3

5 g =

2

4
1

1

3

5

This systemhassolutionf 1 = 1; f 2 = 0. Now, supposethemeasurement,g, is corruptedby

noise,producingg = [1 1:01]T . Then,thesolutionis f 1 = 0; f 2 = 1. A trivially smallchange

in themeasureddatacausesa dramaticchangein thesolution.Thusin all suchsituations,the

vector f = A � 1g (or in the full ranked overdeterminedcaseA + g, with the pseudoinverse

A + = (A � A )� 1A � ), if it existsat all, is usuallya poorapproximationof f (This canbeseen

from ananalysisin termsof thesingularvaluedecomposition[71]).

Importanceof well-posednesshasbeennotedlong beforethedawn of thecomputerageby

Maxwell who in 1873wrote[6]:

Therearecertainclassesof phenomena,asI havesaid,in which a smallerror

in the data only introducesa small error in the result. Such are, amongothers,

thelarger phenomenaof thesolarsystem,andthosein which themoreelementary

lawsin dynamicscontributethegreaterpart of theresult.Thecourseof eventsin

thesecasesis stable.

Therearemany waysto approachtheseill-posedrestorationproblems. They all sharea

commonstructure:theregularizationtheory. Generallyspeaking,any regularizationmethod

tries to analyzea relatedwell-posedproblemwhosesolution approximatesthe original ill-

posedproblem.

For example,the �rst approachonemight think of is to producean imageestimatewhich

hastheminimumlinearleastsquareserror. Thatis, �nd theunknown imagef whichminimizes

E = jjg � Af jj 2

However, thematrixA maybeill-conditionedor singularyieldingalargenumberof solutions.

Directly minimizing E doesnot work, astheproblemis still ill-conditioned. In orderto give
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Figure1.3Two choicesof costfunctions.

preferenceto aparticularsolutionwith desirableproperties,theregularizationtermis included

in this minimization. A regularizationtermor a prior is indeedneededto derive a solutionto

an ill-posedproblem. The Maximum A Posteriori(MAP) approach,is onesuchframework

wheretheprior is usedto derive thesolution.

The Maximum A Posteriori (MAP) approach - Bayesimagereasoningis a theory of

fundamentalimportancein estimationanddecisionmaking. Accordingto this theory, when

boththeprior distributionandthelikelihoodfunctionof a patternareknown, thebestthatcan

beestimatedfrom thesesourcesof knowledgeis theBayeslabeling.Themaximumaposterior

(MAP) solution,asaspecialcasein theBayesframework, is soughtin many visionworks.

BayesEstimation - In Bayesestimation,arisk is minimizedto obtaintheoptimalestimate.

TheBayesrisk of estimatef � is de�ned as

R(f � ) =
Z

f 2 F
C(f � ; f )P(f jd)df

whered is theobservation,C(f � ; f ) is acostfunctionandP(f jd) is theposteriordistribution.

First of all, we needto computethe posteriordistribution from the prior andthe likelihood.

Accordingto theBayesrule, theposteriorprobabilitycanbecomputedby usingthefollowing

formulation

P(f jd) =
p(djf )P(f )

p(d)

whereP(f ) is the prior probability of labellingsf , p(djf ) is the conditionalp.d.f. of the

observationsd, alsocalledthelikelihoodfunctionof f for d �x ed,andp(d) is thedensityof d

which is aconstantwhend is given.
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The cost function C(f � ; f ) determinesthe costof estimatef when the truth is f � . It is

de�ned accordingto ourpreference.Two popularchoicesarethequadraticcostfunction

C(f � ; f ) = jj f � � f jj 2

wherejja � bjj is adistancebetweena andb, andthe� costfunction

C(f � ; f ) =

8
<

:

0 if jj f � � f jj � �

1 1 otherwise

where� > 0 is any smallconstant.A plot of the two costfunctionsareshown in Figure1.3.

TheBayesrisk underthequadraticcostfunctionmeasuresthevarianceof theestimate

R(f � ) =
Z

f 2 F
jj f � � f jj 2P(f jd)df

Letting @R(f � )
@f = 0, weobtaintheminimal varianceestimate

f � =
Z

f 2 F
f P(f jd)df

Theabove is themeanof theposteriorprobability.

For the� costfunction,theBayesrisk is

R(f � ) =
Z

jj f � � f jj >�
P(f jd)df = 1 �

Z

jj f � � f jj� �
P(f jd)df

When� ! 0, theabove is approximatedby

R(f � ) = 1 � �P (f jd)

where� is thevolumeof thespacecontainingall pointsf for whichjj f � � f jj � � . Minimizing

the above is equivalentto maximizingthe posteriorprobability. Therefore,the minimal risk

estimateis

f � = argmax
f 2 F

P(f jd)

which is known as the MAP estimate. Becausep(d) is a constantfor a �x ed d, P(f jd) is

proportionalto thejoint distribution

P(f jd) _ P(f ; d) = P(djf )P(f )
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ThentheMAP estimateis equivalentlyfoundby

f � = argmax
f 2 F

f P(djf )P(f )g

Obviously, whentheprior distribution, P(f ), is �at, theMAP is equivalentto themaximum

likelihood.Henceprior playsa importantrole in theenhancementprocess.

Figure1.4Observationmodelof thedocumentimageacquisition

1.5 Designof Prior

Restorationfrom a still imageis a well recognizedexampleof an ill-posedinverseprob-

lem. Suchproblemsmay be approachedusing regularizationmethodswhich constrainthe

feasiblesolutionspaceby employing a-priori knowledge.This maybeachievedin two com-

plimentaryways; (1) obtainadditionalnovel observation dataand(2) constrainthe feasible

solutionspacewith a-priori assumptionson theform of thesolution. Both techniquesfeature

in modernrestorationmethodswhich utilize (1) imagesequenceswhich provide additional

spatio-temporalobservationconstraints(typically in the form of novel dataarisingfrom sub-

pixel motion) and(2) variousa-priori constraintson the degradedimage(e.g. local smooth-

ness,edgepreservation,positivity, energy boundedness,etc.). The useof non-lineara-priori
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constraintsprovidesthepotentialfor bandwidthextensionbeyond thediffraction limit of the

opticalsystem.

It remainshowever to computethesolutionto the ill-posedenhancementinverseproblem.

Amongstthenumeroussolutiontechniquesfeaturingin theliterature,theBayesianMaximum

A Posteriori(MAP) estimationmethod,is promising. MAP estimationprovidesa rigorous

theoreticalframework, several desirablemathematicalpropertiesand makes explicit useof

a-priori informationin theform of aprior probabilitydensityon thesolutionimage.

Therelationshipbetweenthepaperdocument,theobservedinferior imageandthedesired

enhanced/restoredimageis onceillustratedin Figure1.4. In this thesis,we formulatethetext

prior usingtwo mathematicalframework : 1) Total Variation(TV) 2) Markov RandomField

(MRF). TheTV formulationprovidesanedgepreservingsmoothnessprior. Sincetheir intro-

ductionin a classicpaperby Rudin,OsherandFatemi[81], total variationminimizingmodels

havebecomeoneof themostpopularandsuccessfulmethodologyfor imagerestoration.More

recently, therehasbeena resurgenceof interestandexciting new developments,someextend-

ing theapplicabilityto inpainting,blind deconvolutionandvector-valuedimages,while others

offer improvementsin betterpreservationof contrast,geometryandtextures.Thespatialprop-

erty canalsobemodeledthroughdifferentaspects,amongwhich, thecontextual constraintis

a generalandpowerful one. MRF theoryprovidesa convenientandconsistentway to model

context-dependententitiessuchasimagepixelsandcorrelatedfeatures.In thenext chapter, we

shalldiscussin detailaboutthesemathematicalframeworks. In this thesiswe shallseehow to

constructdocumentspeci�c prior andusethemfor ourenhancement.

1.6 Observations

Documentimagesarea distinctclassof imageswidely differentfrom naturalimages.The

problemof documentrestorationandsuper-resolutionis a specialcaseof imagerestoration

because

� documentimagesarepseudobinaryin nature,
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� the regularity of thepatternsusedin this “visual” languagedistinguishesthedocument

imagesfrom naturalscenes,and

� therelatively smallsizeof the(character)image,makesthemmoresusceptibleto degra-

dation.

� in a documentimageit is quitepossiblethatthesamecharacterimageatdifferentphys-

ical locationin adocumentmaybedegradeddifferently.

Thesefactors,leadto anarrayof interestingobservations,speci�c to thisdomain.

This thesisfocuseson the issueof restorationandsuper-resolutionof a documentimage

usingtext speci�c prior information. The restorationof text is an ill-posedproblemandone

that is highly sensitive to the additionalassumptionsor information neededto establishits

well-posedness.Theseassumptionsaregenerallyre�ected in the priors that are imposedin

theformulation.Genericsmoothnessconstrainttendto smoothover theimportantdetailsand

produceimproperrestoration.

A successfuldocumentrestorationand super-resolutionalgorithm needsto usethe text-

speci�c apriori information. Further, a mathematicalframework is neededthat incorporate

the prior informationandhandlesthe text relateduncertainties.We exploit the propertiesof

documentimagesto developaspeci�c restorationtechnique,speciallysuitedfor thesame.

1.7 RelatedWork

Relatedarticlesto this thesisare referredanddiscussedin detail in the relevant partsof

the next four chapters.However, a brief sketchof the relatedwork is provided to give the

backgroundof thethesis.

1.7.1 RelatedWork in ImageRestoration

� ImageDenoisinghasremaineda fundamentalproblemin the �eld of imageprocess-

ing [70, 62]. Spatial�ltering for imagedenoisingworksonly for additivenoise.Median

�lters, mean�lters, maxandmin �lter andvariousspatiallyadaptive versions[34] are
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commonlyused. The simplestmethodfor noiseremoval is Gaussian�ltering, which

is equivalentto solving anisotropicheatdiffusion equation[89], a second-orderlinear

PDE.To keepsharpedges,anisotropicdiffusion canbe performed[77], waveletsgive

a superiorperformancein imagedenoisingdueto propertiessuchassparsityandmul-

tiresolutionstructure.With wavelettransformgainingpopularityin thelasttwo decades

variousalgorithmsfor denoisingin wavelet domainwere introduced. The focus was

shiftedfrom theSpatialandFourierdomainto thewavelettransformdomain.Eversince

Donoho's wavelet basedthresholdingapproachwaspublishedin 1995[23, 66], there

wasasurgein thedenoisingpapersbeingpublished.

1.7.2 RelatedWork in DocumentRestoration

� Text Restoration - Filter basedApproaches- Filter basedapproacheswere widely

usedin generalimagery. Therearefew works, wherethesetechniquesareappliedon

documentimages. In Stubberudet al. [90], by usingthe output from an OCR system

anda distortedtext image,their techniquetrainsan adaptive restoration�lter andthen

appliesthe �lter to the distortedtext imagethat the OCR systemcould not recognize.

Ramponiet al. [79] have usedquadratic�lters to enhancethedocument.Fanet al. [26]

proposeto exploit thespatialcorrelationsbetweenwaveletcoef�cients by replacingthe

thresholdingprocesswith adiffusionprocess.

� Text Restoration and Enhancement- A borderfollowing algorithmis usedin [101]

to reconstructthebordersandmissinglinks of noisyandbrokenhandwrittendigits. Shi

et al. [87] performsselective andadaptive stroke �lling with a neighborhoodoperator

which emphasizesstroke connectivity. Allier et al. [2] proposeda methodfor accurate

characterreconstructionbasedon theactive contourmodel.Someof therestorationef-

forts arebasedon morphological�lters [60, 103] wherethe sizeof the morphological

�lter directly dependson thefont size. Someothermethods[1, 5] usemodelbasedap-

proaches.A varietyof methodshave beenproposedin orderto improvecontrastwithin

text images.They includemethodsbasedon multi-resolutionpyramidwith fuzzy edge
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detectors[85], anda mixedapproachusingtopologicalfeaturesandcontourbeauti�ca-

tion [73]. Resolutionexpansionis alsoattemptedusingtext bitmapaveraging[39]. This

methoddependson the segmentationandthenclusteringof characterimageswhich is

oftenhardto obtain. Combinationof interpolationandbinarization[55] is alsousedto

improvequalityof text in images.

� Text Restoration in Historical Documents- The generalproblemin historicaldocu-

mentsis the“ink bleed-through”problem.Therearemany non-blindapproaches,mainly

basedon thecomparisonbetweenthefront andbackpagewhich requiresa registration

of thetwo sidesof thedocumentof thetwo sidesof thedocumentin orderto identify the

interferingstrokesto beeliminated.Techniques.Sharma's approach[86] simpli�es the

physicalmodelof theseeffectsto derive a linearmathematicalmodelandthende�nes

an adaptive linear-�ltering scheme.Approachproposedby DuboisandPathak[25] is

mainly basedon processingbothsidesof a gray-level manuscriptsimultaneouslyusing

a six parameteraf�ne transformationto registerthetwo sides.In [92], a waveletrecon-

structionprocessis appliedto iteratively enhancetheforegroundstrokesandsmearthe

interferingstrokes. A blind restorationapproachi.e, it doesnot needof the both sides

of thedocument,is generallybasedon steered�lters. An approachproposedby Wang

et al. [100,99] usesdirectionalwaveletsto remove imagesof interferingstrokes.Other

more�e xible techniquesexist, amongwhich,we cancite techniquesbasedon Indepen-

dentComponentAnalysis [95], adaptive binarization[32], self-organizingmaps[88],

color analysis[52]. Drira's [24] approachconsistsof combiningbothPrincipalCompo-

nentAnalysis(PCA)andK-means.Thesetechniquesareappliedrecursively to separate

original text from interferingandoverlappingareasof text.

� Text Enhancementin Video - Li et al. [55] appliedShannoninterpolationmethodto

increaseimageresolutionandNiblack'sadaptivethresholding[72] to binarizetheimage

with complex backgrounds.In [53], Li etal. usemulti-frameintegrationto enhancecap-

tionsin video.Thein�uence of thebackgroundis reducedon thebasisof motionclues.

Sato[84] enhancesthetext on thebasisof its sub-structure:line element,by using�lters
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with four orientations:vertical,horizontal,left diagonalandright diagonalin thelocated

text block. AsymmetricGabor�lters have beenproposedby Chenet al. [18], which

canef�ciently extract the orientationandscaleof the stripespresentin a video image.

This informationis usedto enhancecontrastatonly thoseedgesmostlikely to represent

text. In Kwak et al. [49], after themultiple video text framescontainingthesamecap-

tions aredetectedandthe captionareain eachframeis extracted,� ve different image

enhancementtechniquesareseriallyappliedto the image:multi-frameintegration,res-

olution enhancement,contrastenhancement,advancedbinarization,andmorphological

smoothingoperations.

1.7.3 RelatedWork in ImageSuper-resolution

� Super-resolutiontechniquesmay be divided into two main classes;frequency domain

andspatialdomain.All frequency domainapproachesare,to a greateror lesserextent,

unableto accommodategeneralsceneobservation modelsincluding spatially varying

degradations,non-globalrelative camera/scenemotion, generala-priori constraintsor

generalnoisemodels.Spatialdomainformulationscanaccommodateall theseandpro-

vide enormous�e xibility in the rangeof degradationsand observation modelswhich

may be representedand are thus the methodsof choice. Spatialdomainobservation

modelsfacilitateinclusionof additionaldatain theobservationequationwith theeffect

of reducingthefeasiblesolutionspace.

Tipping et al. developeda Bayesiantreatmentof thesuper-resolutionproblemin which

the likelihoodfunction for the imageregistrationparametersis basedon a marginaliza-

tion overtheunknown high-resolutionimage[94]. A texturebasedapproachis provided

in Pickupet al. [78] wherea domain-speci�cimageprior in the form of a p.d.f. based

uponsampledimages.Single imageinterpolationalgorithmswhich usea databaseof

trainingimagesto createplausiblehigh-frequency detailsin zoomedimagesis proposed

by Freemanet al. [31]. A comprehensive review with directionsfor futureresearchcan

befoundin [8]. Limits of super-resolutionarediscussedin [4, 61].
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1.7.4 RelatedWork in DocumentSuper-resolution

� Multi-frame Approaches- Super-resolutionis theprocessof simulatingahigh-resolution,

high-qualitycamerafrom blurred,noisy imagescapturedusinga low-resolutioncam-

era. SRalgorithmsaredivided into two categoriesviz. multi-frameandlearningbased

single-imagesuper-resolution.Li andDoermann[54] usedthemethodof projectiononto

convex sets(POCS),to deblurscenetext in videosequences.In a parallelwork, Capel

andZisserman[14] useda projective transformmotion model for super-resolutionof

text speci�cally for imagesequencesin which the point-to-pointimagetransformation

wasof enoughcomplexity to demandsuchconsideration.In a recentwork, Teager�lter

(aquadraticunsharpmasking�lter) wasadoptedby Mancas-ThillouandMirmehdi [67]

for the extractionof high frequenciesthusenhancingcharacteredges.Donaldsonand

Myers[22] proposeda text speci�c prior model,which modeledthebimodalityandthe

localsmoothnesswith stepdiscontinuity. They usetheGibbsprior with aHubergradient

penaltyfunctionastheir smoothnessfunction. This piecewisesmoothnessprior is good

at reducingfalsespecklesin theresults,but it underminesthe importanceof enhancing

edges.Dalley et al. [20] employeda training-basedmethod,in a Bayesianframework.

A databaseis built that indicateswhich high-resolutionpatchshouldbeoutputgivenan

input low-resolutionpatch.Park et al. [74] developedanalternative approach,anedge-

basedsuper-resolutiontechnique.It attemptsto locatetheedgesto subpixel accuracy in

a sequenceof imagestaken from training examples,andthenfusesthe conglomerated

edgeinformationinto thesuper-resolvedimageusingaMRF formulation.

� Single-frameApproaches- ThouinandThouinet al. [93] usednonlinearoptimization

ona grayscaleinput imageto minimizea BimodalSmoothnessAverage(BSA) score.

1.8 Contrib utions

In this thesiswehaveproposednew methodsfor enhancementwith focusonrestorationand

super-resolutionof documentimages.In particular, weaddressthefollowing:
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� First, we presenta methodfor restorationof documentimages,using a Maximum a

Posterioriformulation.Theadvantageof ourmethodis thattheprior neednotbelearned

from the training images.The extractionof a singlehigh-qualityenhancedtext image

from a set of degradedimagescan bene�t from a strongprior knowledge,typical of

text images. The restorationprocessshouldallow for discontinuitiesbut at the same

timediscourageoscillations.Thesepropertieswererepresentedin atotalvariationbased

prior model.

� Second,weformulatethetext imagerestorationproblemin arelaxationframework. Text

imagesarevery different from naturalimages. The regularity of the patternsusedin

this “visual” languagedistinguishesthesepseudobinarydocumentimagesfrom natural

scenes.Context playsan importantrole in textual imageunderstanding.A stochastic

framework that exploits the contextual relationbetweenimagepatches,is proposedin

this paper. Using the topological/spacialconstraintsbetweenthe imagepatches,the

impossiblecombinationsareeliminatedfrom theinitial setof matchings,resultingin an

unambiguoustextual output.Thelocal consistency is adjustedto theglobalconsistency

usingthebelief propagationalgorithm.

� Lastly, we presentan edge-directed,singleimagesuper-resolutionalgorithmfor docu-

mentimageswithoutusingany trainingset.Thistechniquecreatesanimagewith smooth

regionsin boththeforegroundandthebackground,while allowing sharpdiscontinuities

acrossandsmoothnessalongtheedges.Our methodpreservessharpcornersin text im-

agesby usingthelocaledgedirection,which is computed�rst by evaluatingthegradient

�eld andthentaking its tangent.Super-resolutionof documentimagesis characterized

by bimodality, smoothnessalongthe edgesaswell assubsamplingconsistency. These

characteristicsareenforcedin a Markov RandomField (MRF) framework by de�ning

anappropriateenergy function. In our method,subsamplingof super-resolutionimage

will returnthe original lowresolutionone,proving the correctnessof the method. The

super-resolutionimage,is generatedby iteratively reducingthisenergy function.
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1.9 Organizationof the Thesis

This thesisfocuseson, namely, restoration,andsuper-resolutionframework of document

images.So far in this chapterwe have presentedan overview of imagerestoration.We dis-

cussedin Section1.3, thatrestorationis anill-posedproblemandhow regularizationhelpsin

solvingthis ill-posedproblem.It indirectlymeantthatfor restoration,prior informationshould

be incorporated.Thenwe discussedMaximum A Posteriorimethodto incorporatethe prior

information.In Section1.5we discussedtherelatedwork in the�eld of text restorationin the

�eld of documentrestorationandsuper-resolution.

� In Chapter2, we give an overview of themathematicalmethodsusedin this thesis. In

Section2.2,thetotalvariationbasedformulationfor noiseremoval is explained.A itera-

tivealgorithmusedto solvethesameis discussed.In Section2.3,wediscussthelabeling

problemandthemarkov random�eld. A numberof conceptsrelatingto theformulation

of anenergy functionandits justi�cation in aBayesianframework is explained.

� In Chapter3,wediscussourmethodonsingleimagedocumentsuper-resolution.Section

3.2discussthesuper-resolutionin documentimages.In Section3.3we discussthetext

speci�c prior information.TheMRF basedformulationfor documentSuper-resolutionis

discussedin Section3.4. Experimentalresultsareshown in Section3.5andConclusion

in Section3.6.

� In Chapter4, we discussour �rst methodon documentrestorationusingbayesianin-

ference. In Section4.2 we presentsomerelatedwork. Section4.3 describesour text

restorationalgorithmin detailandSection4.3.1presentsa discussionon thealgorithm.

Wepresentexperimentalresultin Section4.4andconclusionandfuturework in Section

4.5.

� In Chapter5, we discussour secondmethodon documentrestorationusingrelaxation

framework. In Section5.2we analyzehow to restoreby labeling.Section5.3describes

the Markov network construction.Experimentalresultsareshown in Section5.4 and

Conclusionin Section5.5.

� In Chapter6, weconcludeanddiscussfuturework.
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Chapter2

Preliminaries

2.1 Intr oduction

In this chapter, we discussthe mathematicalpreliminariesrequiredin the chaptersahead.

We had introducedthe importanceof MAP basedformulation for the documentrestoration

ill-possedproblem. We hadalsodiscussedthe useof prior information in the Maximum A

Posteriori(MAP) formulationin thepreviouschapter. Variousa-priori, constraintson thede-

gradedimage(e.g. local smoothness,edgepreservation,positivity, energy boundedness,etc.).

In this chapterwe will now look at a naturalway to incorporatethe priori knowledge. Total

variationandMarkov RandomField (MRF) modelshelp in designingthe prior in the MAP

formulation.Weshallbrie�y discussthesemathematicalframeworksin restof thechapter.

2.2 Total Variation

Variationalmodelshave beenextremelysuccessfulin a wide variety of restorationprob-

lems,andremainoneof the mostactive areasof researchin mathematicalimageprocessing

andcomputervision. By now, their scopeencompassesnot only thefundamentalproblemof

imagedenoising,but alsootherrestorationtaskssuchasdeblurring,blind deconvolution,and

inpainting.Variationalmodelsexhibit thesolutionof theseproblemsasminimizersof appro-

priatelychosenfunctionals.Theminimizationtechniqueof choicefor suchmodelsroutinely
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involvesthe solutionof nonlinearpartial differentialequations(PDEs)derived asnecessary

optimality conditions.

Perhapsthe mostbasic(fundamental)imagerestorationproblemis denoising. It forms a

signi�cant preliminarystepin many machinevision tasks,suchasobjectdetectionandrecog-

nition. It is alsooneof themathematicallymostintriguingproblemsin vision. A majorconcern

in designingimagedenoisingmodelsis to preserve importantimagefeatures,suchasthose

mosteasilydetectedby thehumanvisualsystem,while removing noise.Onesuchimportant

imagefeaturearetheedges;theseareplacesin animagewherethereis a sharpchangein im-

ageproperties,which happensfor instanceat objectboundaries.A greatdealof researchhas

goneinto designingmodelsfor removing noisewhile preservingedges;recentlytherehasalso

beenalot of effort in preservingother�ne scaleimagefeatures,suchastexture.All successful

denoisingmodelstakeadvantageof thefactthatthereis aninherentregularity foundin natural

images;this is how they attemptto tell apartnoiseandactualimageinformation. Variational

andPDE basedmodelsmake it particularlyeasyto imposegeometricregularity on thesolu-

tionsobtainedasdenoisedimages,suchassmoothnessof boundaries.This is oneof themain

reasonsbehindtheir success.

2.2.1 Nonlinear total variation basednoiseremoval

Total variationbasedimagerestorationmodelswere�rst introducedby Rudin,Osher, and

Fatemi (ROF) in their pioneeringwork [81] on edgepreservingimagedenoising. It is one

of the earliestand bestknown examplesof PDE basededgepreservingdenoising. It was

designedwith the explicit goal of preservingsharpdiscontinuities(edges)in imageswhile

removing noiseandotherunwanted�ne scaledetail. Beingconvex, theROF modelis oneof

thesimplestvariationalmodelshaving thismostdesirableproperty. Therevolutionaryaspectof

thismodelis its regularizationtermthatallowsfor discontinuitiesbutatthesametimedisfavors

oscillations.It wasoriginally formulatedin [81] for grayscaleimageryin thefollowing form:

infR

 (u� f )2 dx= � 2

Z



jr x j (2.1)
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Here,
 denotesthe imagedomain(for instance,thecomputerscreen),andis usuallya rect-

angle.Thefunctionf (x) : 
 ! R representsthegivenobservedimage,which is assumedto

becorruptedby Gaussiannoiseof variance� 2. Theconstraintof theoptimizationforcesthe

minimizationto take placeover imagesthat areconsistentwith this known noiselevel. The

objectivefunctionalitself is calledthetotalvariation(TV) of thefunctionu(x); for smoothim-

agesit is equivalentto theL 1 normof thederivative,andhenceis somemeasureof theamount

of oscillationfound in the functionu(x). Optimizationproblemin equation2.1 is equivalent

to thefollowing unconstrainedoptimization,which wasalso�rst introducedin [81]:

inf
u2 L 2 (
)

Z



jr xj +

Z



� (u � f )2dx (2.2)

Here, � > 0 is a Lagrangemultiplier. The equivalenceof problems2.1 and 2.2 hasbeen

establishedin [16]. In the original ROF paper[81] thereis an iterative numericalprocedure

givenfor choosing� sothatthesolutionu(x) obtainedsolves2.1.

Total variationbasedenergiesappear, andhave beenpreviously studiedin, many different

areasof pureandappliedmathematics.For instance,thenotionof total variationof a function

andfunctionsof boundedvariationappearin thetheoryof minimalsurfaces.In appliedmathe-

matics,total variationbasedmodelsandanalysisappearin moreclassicalapplicationssuchas

elasticityand�uid dynamics.Dueto ROF, this notionhasnow becomecentralalsoin image

processing.

2.2.2 Numerical Method

Therehave beennumerousnumericalalgorithmsproposedfor minimizing theROF objec-

tive. Most of themfall into the threemain approaches,namely, direct optimization,solving

theassociatedEuler-Lagrangeequationsandusingthedualvariableexplicitly in thesolution

processto overcomesomecomputationaldif�culties encounteredin theprimal problem. We

will focuson thesecondapproach.
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2.2.2.1 Arti�cial Time Mar ching and Fixed Point Iteration

In their original paper[81], Rudin et al. proposedthe useof arti�cial time marchingto

solve the Euler-Lagrangeequationswhich is equivalentto the steepestdescentof the energy

function. More precisely, considerthe imageasa function of spaceand time andseekthe

steadystateof theequation

du
dt

= r :

 
r u

jr uj�

!

� 2� (u � f ) (2.3)

Here, jr uj � =
p

jr uj + � 2 is a regularizedversionof jr uj to reducedegeneraciesin �at

regionswherejr uj � 0. In numericalimplementation,an explicit time marchingscheme

with time step� t andspacestepsize � x is used. Under this method,the objective value

of the ROF model is guaranteedto be decreasingand the solution will tend to the unique

minimizer astime increases.However, the convergenceis usuallyslow dueto the Courant-

Friedrichs-Lewy (CFL) condition,� t � c� x2jr uj for someconstantc > 0 [68], imposed

on the size of the time step,especiallyin �at regions wherejr uj � 0. CFL condition in

numericalequationsolving statesthat, given a spacediscretization,a time stepbigger than

somecomputablequantity shouldnot be taken. The condition can be viewed as a sort of

discrete“light cone” condition,namelythat the time stepmustbe kept small enoughso that

informationhasenoughtime to propagatethroughthespacediscretization.

To relaxtheCFL condition,MarquinaandOsheruse,in [68], a“preconditioning”technique

to cancelsingularitiesdueto thedegeneratediffusioncoef�cient 1
jr uj :

du
dt

= jr uj

"

r :

 
r u

jr uj�

!

� 2� (u � f )

#

(2.4)

whichcanalsobeviewedasmeancurvaturemotionwith a forcing term� 2� (u � f ). Explicit

schemessuggestedin [68] for solvingtheaboveequationimprovetheCFL to � t � c� x2jr uj

which is independentof j� uj.

To completelyget rid of CFL conditions,Vogel andOmanproposedin [98] a �x ed point

iterationscheme(FP)whichsolvesthestationaryEuler-Lagrangedirectly. TheEuler-Lagrange

equationis linearizedby lagging the diffusion coef�cient and thus the (i + 1)-th iterate is
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obtainedby solvingthesparselinearequation:

r :

 
r ui +1

jr ui j �

!

� � (ui +1 � f ) = 0 (2.5)

While this methodconvergesonly linearly, empirically, only a few iterationsareneededto

achievevisualaccuracy. In practice,onetypically employsspeci�cally designedfastsolversto

solveequation2.5in eachiteration.

2.3 Mark ov RandomFields

The �eld of computervision is relatedto the taskof obtainingrelevant informationabout

therealworld by inferring the imagesof thatworld. Typically thetaskbecomesdif�cult ow-

ing to theuncertaintiesin theimagingprocessandtheambiguitiesin theinferenceof thereal

world. This in turn leadsto multiple solutionsto a particularvision problem.An optimization

approachprovidesaneleganttechniqueto reducethenumberof possiblesolutionsby formu-

lating variousconstraintson theproblemat hand.Theoptimizationapproachconsistsof two

majorstepsdescribedasfollows.

The�rst stepis theformulationof anobjectivefunction. It is a functionfrom thesetof all

possiblesolutionsto realnumbers.In orderto formulateanobjective functionit is important

to imposea setof constraintswhich shouldbesatis�ed by the �nal solution. Thesolutionto

anobjective functionwhich satis�esthesesetof constraintsin thebestpossiblemanneris the

desiredsolution.Thus,thevalueof therealnumberto which theobjective functionis mapped

givesthemeasureof goodnessof thatsolution.Conventionally, thelesserthevalue,thebetter

thesolutionis. Two of themostcommonlyusedconstraintsto formulateanobjective function

for a vision problemare obtainedby the input datawhich could be an imagefor example

andtheprior knowledgeaboutthisdata.Thedataconstraintrestrictsthedesiredsolutionto be

closeto theobserveddataandtheprior constraintcon�nesthedesiredsolutionto havetheform

which is agreeablewith theprior knowledgeabouttheproblem. Theobjective function thus

formulatedandcontainingthe two constraintsis referredto asan energy function. The data

constraintis de�nedspeci�c to thevisionproblembeingsolved.Theprior constraintis usually
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imposedby the assumptionthat the variablesof the objective function belongto a Markov

RandomField (MRF). Theconceptof MRFs is explainedin thenext section.Prior to this in

Section2.3.1,we explain the conceptof Labelingin vision which is a naturalrepresentation

for thestudyof MRFsandis imperative to understandtheoptimizationframework for various

problemsin computervision.

The secondstepof the optimizationapproachis to minimize the energy functionby �nd-

ing the global minima. An energy function in computervision is typically not convex and

they have multiple local minima. This makesthetaskof globalminimizationdif�cult. Addi-

tionally, theenergy function for an imagehasa largenumberof unknowns,which makesthe

computationalrequirementsfor minimizationhigh. In fact its anNP-hardproblemto �nd the

exact minima. This leads�nding approximatesolutionswhich arecloserto the global min-

ima. Oneof the assumptionwhich relaxesthe optimizationapproachto someextent is that

thesetof solutionsis �nite. This is doneby discretizingthevariableswhich areusedto for-

mulatetheenergy function. This makesthesetof solutionscountablebut still too large to be

exploredcompletely. Suchanoptimizationproblemwherethe input solutionsetis countable

is combinatorialin natureandis calledasa discreteoptimizationproblem. It canbe shown

thatminimizing suchanoptimizationfunctionin computervision will indeedleadto theopti-

malsolutionby usingaBayesianperspective(MaximumA Posteriori(MAP) estimation)asis

explainedin Section2.3.5.

2.3.1 Labeling Problem

A numberof computervision problemscanbe posedaslabelingproblems.For example

considerthe problemof imagesegmentation:Heresegmentingan imageboils down to the

problemof assigninga uniquelabelout of two possiblelabelsto eachpixel. Thetwo possible

labelsbeingeitherforegroundor background.

A labelingproblemis completelyde�ned by two sets: site setandlabel set. The site set

is the set of imagefeaturese.g. the pixels in an image, imageregions, edgesin an image

etc. which can have somepropertiesand the label set is theseset of propertieswhich can
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be assignedto site sete.g. in segmentationa pixel canbe in foregroundor background.All

the membersof the label setarepossiblecandidateswhich could be assignedto a particular

memberof thesiteset.This leadsto avery largesetof possiblemappingsasexplainedbelow.

Let thesetof sitesSandlabelsL bedenotedas

S = f 1; 2; : : : ; mg:

L = f l1; l2; : : : ; lkg:

wherem is thenumberof sitesandk is thenumberof labels.For segmentinganimageof size

h � w into foregroundandbackground,wehavem = h � w , k = 2, (l0 = foregroundandl1 =

background).A labelingcanbede�ned asa functiong whichmapssitesto labelsas

g : S ! L:

Eachpossiblemappingwhereall thesitesin Sareassignedsomelabelfrom thesetL is referred

to asacon�guration. Thus,thetotal numberof possiblelabelingcon�gurationsO is

O = L � L � � � � L| {z }
m times

= Lm

which is exponentialin size. Oneof thesecon�gurationswill be the optimal con�guration.

Sincethesearchspaceof all possiblelabelingC is large,�nding optimallabelingbecomesan

NP- hardproblem.An energy functionencodesany particularlabelinginto anobjective func-

tion andthevalueof thatobjective functionbecomesa quantitative measureof thegoodness

of thevariouslabeling.A numberof problemsin ComputerVisioncanbeaddressedusingthis

generalframework of labeling:

� ImageSegmentation:S = f pixelsg andL = f 0; 1g (see[10]).

� StereoReconstruction:S = f pixelsg andL = f disparities g (see[12]).

� ImageRestoration: S = f pixelsg andL = f intensities (0; : : : ; 255)g (see[33]).

� TextureSynthesis:S = f pixelsg andL = f patchesg (see[50]).

� etc..
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In the following section,we explain Markov RandomFields(MRF) andshow its equiva-

lenceto Maximuma Posteriori(MAP)estimateof underlyinglabelsgiventheinput data.This

equivalenceleadsto theformulationof anenergy functionwhich canbeminimizedusingBe-

lief Propagation[29].

The Mark ov Property - Mark ov Random Field (MRF) is a branchof probabilitytheory

for analyzingthe spatialor contextual dependenciesof a physicalphenomena.The concept

of MRFshasits originsfrom statisticalphysicswhereIsing usedthis modelto explain certain

empiricallyobservedfactsaboutferromagneticmaterials[46]. It is usedin a labelingproblem

to establishprobabilisticdistributionsof interactinglabelsateachsiteasfollows.

Let F = f F1; : : : ; Fmg be a family of randomvariablesde�ned on the set S, in which

eachrandomvariableFi takesa label l i in L. The family F is called a random�eld . We

usethenotationFi = l i to denotetheevent that Fi takesthe label l i andthenotation(F1 =

l1; : : : ; Fm = lm ) to denotethejoint event.For simplicity, a joint eventis abbreviatedasF = l

wherel = f l1; : : : ; lmg is a con�guration of F, correspondingto a realizationof the �eld.

For a discretelabelsetL, theprobability thatrandomvariableF i takesthevaluel i is denoted

Pr(Fi = l i ), abbreviatedPr(l i ) andthe joint probability is denotedPr(F = l) = Pr(F1 =

l1; : : : ; Fm = lm ) andabbreviatedPr(l). Similarly, correspondingto a continuouslabelsetL,

wehaveprobabilitydensityfunctions(pdf)p(Fi = l i ) andp(F = l).

F is saidto be a Markov RandomField on S with respectto a neighborhoodsystemN if

andonly if thefollowing two conditionsaresatis�ed:

1. Pr(F = l) > 0 8 l 2 F (Positivity).

2. Pr( l i jlS�f i g) = Pr(l i jlN i ) (Markovianity).

whereS� f ig is thesetdifference,i is somesitein Ssuchthati � m, lS�f i g denotesthesetof

labelsat theremainingsitesin S� f ig and

lN i = f l i 0ji0 2 N i g:

denotesthe set of labelsat the sitesneighboringi . The �rst statementsigni�es that each

con�guration of the labelsis probableandthesecondstatementmeansthata labelat a given
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sitei dependssolelyonthelabelingof theneighborsof i . Wedescribeneighboringsystemand

theconceptof Cliquesin thenext sectionwhichareusefulin showing theequivalenceof MRF

to a Gibbsdistribution.

2.3.2 NeighborhoodSystemand Cliques

NeighborhoodSystem- Thesitesin Sarerelatedto oneanothervia aneighborhoodsystem

N which is de�ned as

N = f N i j8i 2 Sg:

whereN i is thesetof sitesneighboringthesitei . Theneighboringrelationshiphasthefollow-

ing properties.

1. A siteis not neighboringto itself : i =2 N i ,

2. Theneighboringrelationshipis mutual: i 2 N i 0 ( ) i
0
2 N i .

For a regularlatticeS, theneighboringsetof i : N i is de�ned asthesetof nearbysiteswithin

a radiusof r . Thus,

N i = f i
0
2 Sj[dist(pixel i 0; pixel i )]2 � r; i

0
6= ig:

wheredist(A; B) denotesthe EuclideandistancebetweenA and B and r takes an integer

value.Dependingon thevalueof r , theneighborhoodsystemscanbeclassi�ed into different

ordersof neighborhoodsysteme.g. �rst orderneighborhoodsystemwhereany sitex 2 S has

4 neighbors(SeeFig. 2.1),secondorderneighborhoodsystemhas8 neighborsaroundx (See

Fig. 2.1). Whenthesitesin a regularrectangularlatticeS = f (i; j )j1 � i; j � ng correspond

1

1 x

1

1

1

2 2

2 2

x1 1

1

Figure 2.1 The left shows a �rst orderneighborhoodrelationshipbetweensitesandthe right
showsasecondorderrelationship.Thenumbersdenotetheorderof neighborhoodrelationship.
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to thepixelsof ann � n imagein the2D plane,aninternalsite(i; j ) hasfour nearestneighbors

asN i;j = f (i � 1; j ); (i + 1; j ); (i; j � 1); (i; j + 1)g andasiteat theboundaryhasthreeanda

siteat thecornerhastwo nearestneighbors.

Cliques - A 2D latticecorrespondsto aregulargraphwheretheverticesof thegraphcorre-

spondto thesitesandtheedgesin thegraphcorrespondto theneighborhoodsystemamongthe

sitesasdescribedabove. Thusa graphcanbedenotedasG , (S; N ). A cliquein a graphis a

setof pairwiseadjacentvertices,or in otherwords,an inducedsubgraphwhich is a complete

graph.Thesetof cliquesC in thegraphG canconsistof singesitec = f ig, pairof neighboring

sitesc = f i; i 0g, triple of neighboringsitesc = f i; i 0; i00g andsoon. Thuswe candenotethese

cliquesas

C1 = f i ji 2 Sg:

C2 = ff i; i 0gji0 2 N i ; i 2 Sg:

C3 = ff i; i 0; i00gji; i0; i002 Sareneighborsto oneanotherg:

Thecollectionof all cliquesof (S; N ) is

C = C1 [ C2 [ C3 � � �

In Fig. 2.2,weshow thevarioussizedcliquesfor asecondorderneighborhoodsystemin a2D

lattice.As theorderof theneighborhoodsystemincreases,thenumberof cliquesgrow rapidly.

Figure2.2Cliquesof varioussizesin a secondorderneighborhoodsystem.
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2.3.3 Gibbs RandomFields

A setof randomvariablesF is saidto bea Gibbs Random Field (GRF) on S with respect

to the neighborhoodsystemN if andonly if its con�gurationsobey a Gibbsdistribution. A

Gibbsdistribution for a givenlabelingl hasthefollowing form

Pr(l) = Z � 1 � e� 1
T U(l ) :

where

Z =
X

l2 F

e� 1
T U(l ) :

is the normalizingconstantcalled the partition function andT is a constantcalled the tem-

peratureandassumedto have a valueof 1. U(l) is called the energy function and is given

as

U(l) =
X

c2 C

Vc(l):

whichis asumof cliquepotentialsVc(l) overall possiblecliquesC. Thevalueof Vc(l) depends

on thelocal con�gurationof thecliquec. Expandingtheaboveequationin termsof cliquesof

varioussizesweget

U(l) =
X

f i g2C1

V1(l i ) +
X

f i;i 0g2C2

V2(l i ; l i 0) +
X

f i;i 0;i 00g2C3

V3(l i ; l i 0; l i 00) + � � �

An importantspecialcaseis whenonly cliquesof sizeup to two areconsidered.In this case,

theenergy canalsobewritten as

U(l) =
X

i 2 S

X

i 02 N i

V2(l i ; l i 0):

Thus,theGibbsdistribution for aparticularlabelingl canbegivenas

Pr(l) = Z � 1 � e� 1
T

P
i 2 S

P
i 02 N i

V2(l i ;l i 0) :

2.3.4 Mark ov-Gibbs Equivalence

An MRF is characterizedby its localproperty(theMarkovianity) whereasaGRFis charac-

terizedby its globalproperty(theGibbsdistribution). TheHammersley-Clifford theorem[37]
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establishesthe equivalenceof thesetwo typesof properties.The theoremstatesthat F is an

MRF on S with respectto N if andonly if F is a GRFon S with respectto N . A proof thata

GRFis anMRF is givenasfollows. Let Pr( l) bea Gibbsdistributionon S with respectto the

neighborhoodsystemN . Considertheconditionalprobability

Pr( l i jlS�f i g) =
Pr(l i ; lS�f i g)
Pr(lS�f i g)

=
Pr(l)

P
l0
i 2 L Pr(l0)

:

where l0 = f l1; : : : ; l i � 1; l0
i ; l i +1 ; : : : ; lm g is a con�guration which agreeswith l at all sites

exceptpossiblyi . UsingPr(l) = Z � 1 � e�
P

c2 C Vc (l ) in theaboveequation,we get

Pr(l i jlS�f i g) =
e�

P
c2 C Vc (l )

P
l0
i
e�

P
c2 C Vc (l0)

:

Now, the setof cliquesC canbe divided into two setsA andB with A consistingof cliques

containingi andB with cliquesnotcontainingi . Thentheabovecanbewrittenas

Pr(l i jlS�f i g) =

�
e�

P
c2 A Vc (l )

� �
e�

P
c2 B Vc (l )

�

P
l0
i

��
e�

P
c2 A Vc (l0)

� �
e�

P
c2 B Vc (l0)

�	 :

BecauseVc(l) = Vc(l0) for any cliquec thatdoesnot containi , the terme�
P

c2 B Vc (l ) cancels

from both the numeratoranddenominator. Therefore,this probability dependsonly on the

potentialsof thecliquescontainingi ,

Pr( l i jlS�f i g) =
e�

P
c2 A Vc (l )

P
l0
i
e�

P
c2 A Vc (l0)

:

thatis, it dependson labelsat i 0sneighbors.ThisprovesthataGibbsrandom�eld is aMarkov

RandomField. The reverseproof that an MRF is a GRF is given in [45]. This equivalence

betweenMRF andGRFprovidesasimplewayof specifyingthejoint probabilityof thelabelsl

on thegrid S. Thejoint probabilityPr(F = l) canbeobtainedby specifyingthecliquepoten-

tial functionsVc(l) andchoosingtheappropriatepotentialfunctionsaccordingto theproblem.

Oneof the classicalpotentialfunctionsof pairwisecliquesC2 is the Pott's modelwherewe

have

V2(l i ; l j ) =

8
<

:

1 if l i 6= l j

0 otherwise

This simplecaseenforcestheneighborsitesto have thesamelabelandis applicableto many

computervisionenergy functions.A numberof otherpotentialfunctionsarediscussedin [97].
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2.3.5 Maximum A Posteriori (MAP) - Mark ov RandomField (MRF) La-

beling

Therealizationof thelabelingF = l is notaccessibledirectly, ratherit canonly berealized

via theobservationd. The conditionalprobabilityPr(djl) is the link betweenthe realization

andtheobservation.A classicalmethodto estimatethecon�gurationl is to usetheMaximum

A Posterioriestimationasfollows.Letsdenotetheobserveddataasd andtheunknown labeling

con�gurationto bel. For thecaseof images,let thesetof sitesSbeall thepixel positionsin an

imagedenotedasG andthesizeof G is m. At eachpixel location(x; y) in thegrid G wehave

an observedvariabled(x;y ) andanunknown label l (x;y ) which is drawn from the setof labels

L. SeeFig. 2.3 for anexplanationof this realizationsetting.Theposteriordistribution of the

Figure 2.3 Labelingof observedvariableswheretheunknown variablesbelongto a Markov
RandomField

labelingsl is givenasPr(l jd). FromBayestheorem

argmax
l

Pr(l jd) = argmax
l

Pr(djl) Pr(l):

wherePr(djl) is thelikelihoodof generatingtheobservationd andPr(l) is theprior knowledge

aboutthestructureof theunknown labelsl. A simplelikelihoodformulationcanbegivenas

Pr(djl) = K � exp(� U(djl)) :
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whereK is aconstantand

U(djl) =
mX

i =1

(l i � di )2

2� 2
i

:

Theprior is givenas

Pr(l) = Z � 1 exp� U(l):

wherefrom a Markov RandomField modelingof the unknown labelsanda quadraticclique

potentialfunctionfor pairwisecliqueswehave

U(l) =
X

c2 C

Vc(l) =
mX

i =1

(l i � l i � 1)2:

HereZ =
P

l exp� U(l) andVc(l) is thecliquepotentialde�ned in cliquesc of size2 in the

imagegrid G. This potentialincorporatesa smoothnessconstraintin the �nal solution. Thus

theposteriorbecomes

Pr(l jd) � exp(� U(djl)) � exp� U(l):

Takinga negative log of theaboveequationconvertsthemaximizationof probabilityto mini-

mizationof anenergy function.Mathematicallyspeakingwehave

U(l jd) = U(djl) + U(l)

=
mX

i =1

(l i � di )2

2� 2
i

+
mX

i =1

(l i � l i � 1)2:

ThustheMAP estimatebecomesminimizingof theposteriorenergy

l � = argmin
l

U(ljd):

The energy functionU(l jd) is commonlywritten asE(l) andconsistof two terms. The �rst

term is called the data term which is
P m

i=1
(l i � di )2

2� 2
i

andthe secondterm is calledpotential

term which is
P m

i=1 (l i � l i � 1)2 in theprevious equation.As the namesimply, thedataterm

is derived from the observed dataandthe potentialterm encodesthe clique potentialof the

underlyinglabeling.Thuswewrite

E(l) = Edata (l) + Epotential (l):
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wherethedatatermhasthegeneralform of

Edata (l) =
X

i 2 S

D i (l i ):

which encodesthe costof assigningthe label l i to pixel i or in otherwordshow muchdoes

labelingdisagree.Thepotentialtermhasthegeneralform of

Epotential (l) =
X

f i;j g2N

Vf i;j g(l i ; l j ):

which measuretheamountof closenessin the labelinggivento neighboringpixel locationsi

andj . Thus,theprocedureof theMAP-MRF approachfor solvingcomputervision problems

is summarizedin thefollowing:

� Poseavision problemasoneof labelingandchooseanappropriateMRF representation

for thelabelingl.

� Formulateanenergy functionby deriving properlikelihoodandsmoothnessfunction

� Find theMAP solutionby solvingtheenergy functionusingoptimizationtechniquelike

Belief Propagation[29, 31].

Theenergy minimizationapproachhasbeenusedsincelong in computervision for a num-

berof problemse.g. imagerestorationandreconstruction[35, 33], shapefrom shading[42],

stereo,motion andoptical �o w [40], texture [44, 19], edgedetection[96], imagesegmenta-

tion [56], perceptualgrouping[63, 69], object matchingand recognition[57, 58] andpose

estimation[38]. Someof the recentworks which arebasedon optimizationtechniquesare

prominentlyin single view [12] andmulti-view stereo[48], imagerestoration[33], texture

synthesis[50] etc.

2.4 Summary

Total Variation -Usualchoicefor restorationarequadraticfunctionals. They give easier

(lineal) mathematicalproblembut enforcessmoothnessof imageandedgesarenot well re-

stored. Thus the neednon-quadraticfunctionals. Variationalmodelsexhibit the solutionof
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this problemasminimizersof appropriatelychosenfunctionals.Theminimizationtechnique

of choicefor suchmodelsroutinelyinvolvesthesolutionof nonlinearpartialdifferentialequa-

tions (PDEs)derivedasnecessaryoptimality conditions. VariationalandPDE basedmodels

make it particularlyeasyto imposegeometricregularity on thesolutionsobtainedasdenoised

images,suchassmoothnessof boundaries.This is oneof themainreasonsbehindtheir suc-

cess.

Mark ov Random Field -The spatialpropertycanbe modeledthroughdifferentaspects,

amongwhich, thecontextual constraintis a generalandpowerful one. Markov random�eld

(MRF) theoryprovidesa convenientandconsistentway to modelcontext-dependententities

suchasimagepixelsandcorrelatedfeatures.This is achievedby characterizingmutualin�u-

encesamongsuchentitiesusingconditionalMRF distributions.
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Chapter3

Super-resolutionof DocumentImages

3.1 Intr oduction

With theadventof modernelectronicgadgetslike PDAs, cellularphones,anddigital cam-

eras,the scopeof documentimaginghasincreased.Documentimageanalysissystemsare

becomingincreasinglyvisible in everydaylife. For instance,onemaybeinterestedin process-

ing, storing,understandinga classof documentimagesobtainedby cellularphones[47]. Pro-

cessingchallengesin this classof documentsareconsiderablydifferentfrom theconventional

scanneddocumentimages. Many of this new classof documentsare characterizedby low

resolutionandpoor quality makingthe immediaterecognitionpractically impossible.Super

resolutionprovidesanalgorithmicsolutionto theresolutionenhancementproblemby exploit-

ing theimage-speci�capriori information[27, 75].

Super-resolutionof low resolutiondocumentimagesis becominganimportantpre-requisite

for designanddevelopmentof robustdocumentanalysissystems[14, 54]. Largescalecamera

basedbookscannersemployedin digital librariescouldgetbene�tedfrom resolutionenhance-

mentto obtainhigh OCRaccuracies.It is alsotruewith thetext embeddedin naturalscenes,

whichcouldbeusedfor indexing their images.Digital videocompressionalgorithmscanalso

bene�t from thesuccessfultext resolutionexpansiontechniques.Videosareoftenindexedand

retrievedbasedon embeddedtext information.Thetext observedin broadcastvideosis often

low in resolution.Withoutenhancement,asimplebinarizationcouldcompletelyremovemany

strokes.In theseconditions,it is virtually impossibleto docharacterrecognitionasmostof the
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OCRsaredesignedto work at reasonablyhighresolutions.Resolutionenhancementalgorithm

increasespatialresolution,while maintainingthedifferencebetweentext andbackground.It

canfurtherassisttherecognitionin low-resolutiontext images.

This chapterfocuseson the issueof increasingthe resolutionof a single documentim-

age. Therehasbeena substantialamountof previous work in super-resolutionfor general

imagery[27, 28, 75]. However, documentimagesarea distinct classof imageswidely dif-

ferent from naturalimages. The problemof documentsuper-resolutionis a specialcaseof

imagesuper-resolutionbecause(a) documentimagesarepseudobinary in natureand(b) the

regularity of the patternsusedin this “visual” languagedistinguishesthe documentimages

from naturalscenes.Further, dueto ourexcessive familiarity, in thecaseof documentimages,

we have fair amountof apriori knowledgeaboutthe high resolutionimage. This increases

the expectationson thedocumentsuperresolutionalgorithms.A successfuldocumentsuper

resolutionalgorithmneedsto usethe text-speci�c apriori information. Edgesaregeometric

regularspatialpatterns,andareamongthemostnoticeablefeaturesin documentimages.The

visualqualityneartheedgeareasadverselyaffectourperceptionof distortion.

In this work, we proposean algorithm for super-resolutionof textual documentimages

using an edgedirectedtangent�eld. This schemeis ideally suited for the textual content

wherethe smoothnesswill have to be enforcedalongthe edgesinsteadof acrossthe edges.

We demonstratetheapplicabilityof theapproachon documentsobtainedfrom bookscanners,

cell-phonecamerasand broadcastvideos. We demonstratethe qualitative and quantitative

improvementof thismethodover traditionalresolutionenhancementschemes.

3.2 RelatedWork

Simpleapproachesto imageenhancementarepopularin literature. GaussianandWiener

�lters (anda hostof otherlinear �lters) have beenusedfor smoothingtheblockinesscreated

by the low resolutionimaging[43]. Median�lters (andsimilar nonlinear�lters) tendto fare

better, producinglessblurry images.Interpolationmethodssuchascubic-splineinterpolation

tendto bethemostcommonimageresolutionenhancementapproach.Therearetwo primary
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dif�culties with interpolationmethodsfor resolutionenhancement.First, smoothingin inter-

polationis indiscriminate.It occursin placeswith gradualchange,aswell asacrossthesharp

edges,producingblurring. Second,theseapproachesareinconsistent.Subsamplingthesuper-

resolutionimagewill not returnthe original low-resolutionone,which implies that the high

resolutionimageis not the “true” high resolutionimage,which oneis interestedin estimat-

ing. Henceweneedamodelwhichnotonly maintainsconsistency but alsotriesto ensurethat

smoothingdoesnotoccurin regionboundaries.

Oneof theearliestattemptsto dosuper-resolutionof documentimageswasby Li andDoer-

mann[54]. They usedthemethodof projectionontoconvex sets(POCS),to deblurscenetext

in videosequences.Thiswasparticularlysuitablefor theirapplicationsinceoverlaidtext, usu-

ally havepuretranslationbetweenframes.A puretranslationalmodelis acommonassumption

dueto its simplicity andeaseof implementation.In aparallelwork, CapelandZisserman[14]

usedaprojectivetransformmotionmodelfor super-resolutionof text speci�cally for imagese-

quencesin whichthepoint-to-pointimagetransformationwasof enoughcomplexity todemand

suchconsideration.Both thesemethodssuccessfullydemonstratetheuseof super-resolution

to improvethedocumentimages.In a recentwork, Teager�lter (aquadraticunsharpmasking

�lter) wasadoptedby Mancas-ThillouandMirmehdi [67] for theextractionof high frequen-

ciesthusenhancingcharacteredges.Most of theseprior modelsdid not re�ect any text image

property. Thishasbeenidenti�ed asapromisingdirectionto derivesuperresolutionalgorithms

speciallysuitedfor documentimages.DonaldsonandMyers[22] proposedatext speci�c prior

model,which modeledthebimodalityandthelocal smoothnesswith stepdiscontinuity. They

usetheGibbsprior with a Hubergradientpenaltyfunctionastheir smoothnessfunction. This

piecewisesmoothnessprior is goodat reducingfalsespecklesin theresults,but it undermines

theimportanceof enhancingedges.Dalley et al. [20] employeda training-basedmethod,in a

Bayesianframework. A databaseis built that indicateswhich high-resolutionpatchshouldbe

outputgivenaninput low-resolutionpatch.Parketal. [74] developedanalternativeapproach,

anedge-basedsuper-resolutiontechnique.It attemptsto locatetheedgesto subpixel accuracy

in a sequenceof imagestakenfrom trainingexamples,andthenfusestheconglomeratededge

informationinto thesuper-resolvedimageusingaMRF formulation.
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A varietyof methodshavebeenproposedto improvethecontrastwithin asingletext image.

They includemethodsbasedon multi-resolutionpyramidwith fuzzy edgedetectors[85], and

a mixedapproachusingtopologicalfeaturesandcontourbeauti�cation[73]. Therehasbeen

only limited work in theareaof singleframenon-trainingbasedsuper-resolution.Thouinand

Chang[93] usednonlinearoptimizationon a gray scaleinput imageto minimize a Bimodal

SmoothnessAverage(BSA) score. Thoughthis methodworks well, the processeddirection

of thesmoothnessconstraint,which is a differentialequationbasedmethod,is de�ned by the

gradientmagnitudeof the image,wherethe randomattributeof the imageis not considered.

Thereforeit fails to preserveedgeandtexture,speciallythecorneredgesof text image.

In general,mostof thepreviousapproachestreateddocumentimagesuper-resolutionvery

similar to that of super-resolutionof naturalimages.This resultedin adversecharacteristics

nearthecharacteredgesandcorners.Textualcontentin documentimagesareprimarily binary

andthe smoothnesswill have to be preservedalong theedgesandnot acrosstheedges.We

demonstratethat suchan edgepreservingresolutionenhancementtechniqueis ideally suited

for documentimages.

3.3 List of Contrib utions

Herearethelist of contribution in this chapter

� We proposea belief propagationbaseddiscreteoptimizationtechniquefor single-frame

text super-resolution. We formulatea novel objective function for text images. The

techniquegeneratesall theprior informationon the�y andrequiresno trainingimages.

� A novel way to modelthebimodalnatureof thedocumentimagesin theMRF is shown,

andis incorporatedin theobjective functionto generateasharpbimodaloutputimage.

� Theproposedmethodhasedge-directedsmoothingfunctionthat is tailor madefor doc-

umentimages.It is ideallysuitedfor thetextualcontentwherethesmoothnesswill have

to beenforcedalongtheedgesinsteadof acrosstheedges.
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Figure 3.1 Bimodal Distribution:I (p) is the gray level at pixel p. � black and� white arefore-
groundandbackgroundpeaks,respectively.

3.4 Text Speci�c Prior Estimation

Thoughsomeof the [73, 93] existing methodssuper-resolve documents,they have less

emphasison enhancingtheedges.Signi�cant amountof degradationtakesplaceat theedges

in the resolutionexpansionmethods. Preservingcharacteredgesis most vital in document

images.However, edgesin low-resolutiondocumentimagesappearasspatiallyblurrededges

due to degradation,sensornoiseand focal blur. When edgesare blurred, it is dif�cult to

explicitly locatethe edgesand its digital directions. This makes the super-resolutionwith

focusonexplicit enhancementof edgesin documentimagesdif�cult.

To avoid the dif�culties with explicit edgeenhancementapproach,implicit edge-directed

super-resolutionmethodis proposedin this chapter. The proposedMarkov RandomField

(MRF) basededge-directedsuper-resolutionmethod,is animplicit edge-directedrestoration.It

generatestheedge-directedinformationon the�y , makingthemethodindependentof training

set.

Ideally, any algorithmto performdocumentimagesuper-resolution,shouldhavethefollow-

ing characteristics:

� It shouldbeableto successfullyhandlethebimodaldistributionsotypicalof adocument

image.

� It shouldpreserveandenhancetheedgesandcorners.
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� Expandedimagesareconstrainedsuchthat thesubsamplingthesuper-resolutionimage

shouldreturntheoriginal low-resolutionone.

For practicaluse,we would like our methodto bereasonablyfast. We will alsotry to imbibe

all theabovepropertiesin our formulation.

The generalframework for the problemscanbe de�ned as follows. Let P be the setof

pixels in an imageand L be a set of labels. For e.g., in gray level images,thereare 256

labels.The labelscorrespondto quantitiesthatwe want to estimateat eachpixel. A labeling

f assignsa label f p 2 L to eachpixel p 2 P. The quality of a labeling is given by the

energy functionE(f ), andis de�ned in termsof its cliquesystem.A neighborhoodstructure

Np, which containsneighboringpixels of site p (p is not includedin N p), is �rst de�ned.

Thena clique is de�ned on the neighborhoodstructureN p. A setof pixel sitesc in Np is a

clique if all pairsof sitesin c areneighbors.Lastly, a functionVc, calledpotentialfunction,

de�nes the interactionsof pixel sitesin cliquec. Spatialconstraintsareimposedthroughthe

formulationof potentialfunctionVc. Thepotentialfunctionis relatedto theenergy functionas

E(f ) =
P

c2C Vc(f ).

3.4.1 Bimodality Constraint

Imagesof text areusuallysmoothin boththeforegroundandbackgroundregionswith sharp

transitionsonly at theedges.Thus,text imagestypically havebimodaldistributions,asshown

in Figure3.1, with large black andwhite peaks.The peakoccursat � white , the background

(white) values,sincethe majority of pixels on a text pageis background.Thereis a second

peakat � black, representingthe black letters. Additionally, therearea small numberof gray

valuesoccurringbetweenthetwo peaks,whichrepresentthegraypixelsthatexist at transitions

from white to black. Theamountof theseintermediategraylevelsis relatedto theamountof

blur in thedocumentimage.Thetextualcontentis almostalwaysrenderedwith ahighcontrast,

otherwise,thecontentprovider risks,theviewernotnoticingthecontent.In orderto obtainan

unblurredimage,wewishto obtainasharpbimodaldistribution,pushingtheintermediategray
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level towardstheirnearestpeaks.To incorporatethispropertywede�ne theenergy functionas

Bp(f p) = (f p � � white )2(f p � � black)2 (3.1)

whereBp(f p) is the cost of assigninglabel f p to pixel p, effecting the distribution, and is

referredto asthebimodalcost.Thisexpressionmeasureshow far theassignedlabelf p is from

theassignedbimodalpeaks.Minimizing thisexpressionwill assignlabelsf p to pixel p, values

thatarecloseto eitherof thepeaks,makingthepeaksin thedistribution increasinglysharper.

It is interestingto noticethatthisenergy componentis capableof regulatingthedistributionof

thedocumentimage,thustheMRF operatingat a global level. As we shall seelater thatwe

try to minimizethisenergy component,resultingin asharpbimodalimage.

Wewouldalsolike thelabelf p to beascloseto thegrayvalueI (p), for apixel p. Thus,the

energy termfor cliquewith singlesite,is de�ned as

Dp(f p) = (I (p) � f p)2 + Bp(f p) (3.2)

whereDp(f p) is thecostof assigninglabel f p to pixel p, which is referredto asthedatacost.

I (p) is thegraylevel atpixel p.

3.4.2 SmoothnessAlong Edges

A sharpedgein an imagecorrespondsto relatively large intensitygradientsconcentrated

alongtheedge,while a relatively smoothareais composedof a morescatteredsetof weaker

or almostno gradients.With the exceptionof edges,text imagestendto be very smoothin

both the foregroundandbackgroundregionswhich resultsin neighborswith similar values.

A documentimagehascharacterimageswith sharpcurvesalongtheboundariesasshown in

Figure3.2a. The relationbetweenhigh- andlow-resolutionimage,essentiallydependon the

smoothnessof the edgedirection. Characteredgesgenerallyconsistof piecewise smooth

curves. The join of two curvesarethecornersof thecharacters.Theenhancementapproach

needsto discriminatebetweensmoothcurveandthecornersin thetext image.Therefore,while

restoringthesecharacterimages,thesmoothnessalongthecharacteredgeshaveto beenforced

in the formulation,on the otherhandmaintainingsharpdiscontinuitiesacrossthe edges.To

41



(a) Character̀A' (b) GradientField

(c) TangentField (d) Resolved x; y Components
of TangentField

Figure3.2TangentField: (a) Character̀A' (b) Thegradient�eld (c) Thetangent�eld and(d)
Theresolvedx andy componentsof thetangent�eld (c).

�nd theedgedirectionwe �rst computethegradientof imageasshown in Figure3.2b. Then

we take vectorstangentialto this gradient�eld. This tangent�eld consistsof vectorspointing

along the boundariesof characterimagesas shown in Figure 3.2c. Let the tangentvector

at pixel locationp of thedegradedlow-resolutionimageI beT p. The tangent�eld is further

resolvedinto its x � axis andy � axis componentsasshown in Figure3.2d,whicharedenoted

asTp
x andTp

y , respectively. Thisis donebecausetheedgesarefour-connectedimagegridgraph.

Thesepotentialsareusedin assigninglabelsf p andf q to two neighboringpixels. We de�ne

theenergy functionwith aquadraticcostfunctionfor thecliquewith two sitesas

V(f p; f q) =

8
>>>>>><

>>>>>>:

min (sTx (f p � f q)2; d) if (p;q) are

alongx-axis

min (sTy(f p � f q)2; d) if (p;q) are

alongy-axis

(3.3)

wheres is the rateof increasein the cost. In order to allow for large discontinuitiesin the

labelingthecostfunctionstopsgrowing afterthedifferencebecomeslarge. This is controlled
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by the parameterd. V(f p; f q) is the cost of assigninglabelsf p and f q to two neighboring

pixels,andis normallyreferredtoasthesmoothnesscost.Thetruncatedquadraticcostchanges

smoothlyfrom beingalmostquadraticneartheorigin to aconstantvalueasthecostincreases.

To understandwhy this approachis effective, noticethata characteredgehaseithersharp

cornersor smoothcurves.Thesegeometricspatialconstraintscanbedescribedby localtangent

�eld. Our proposedMRF model-basedmethodis an implicit edge-directedapproach.In this

formulation,theedgedirectionof anedgepixel is indicatedby thecontinuitystrengthin that

direction. Insteadof labelingeachdirectionaseitheredgeor non-edgedirection,we measure

the continuity strengthin eachdirectionwith the strengthof the tangent�eld. Thesevalues

arederivedfrom theintensityvariations,i.e., thegradient.Therelativecontinuitystrengthsof

thedirectionsareusedasedgedirectioninformationto formulatethegeometricregularspatial

constraint,whichcanbesummarizedassmoothnessalongedgedirectionsandsharpnessacross

edgedirections.Areaswherethegradientis zeroor negligible, thesmoothnesscostfunction

is very low anddoesnot have muchin�uence. In theseplacesthebimodalcostis the major

decidingfactor, thusrenderingahighly smoothsurfacein thoseregions.

3.4.3 SubsamplingConsistency

The subsamplingconsistency shouldbepreserved betweenthe low-resolutionandits cor-

respondinghigh-resolutionimage,which meansthat whenyou subsamplea high-resolution

imagegeneratedby themethod,it shouldrecover theoriginal input image.In this sectionwe

describea dualscaletechniqueto circumvent this problem. The basicidea is to imposethe

criteria that the expandedimagesare constrainedsuchthat the averageof a group of high-

resolutionpixelsis closeto theoriginalvalueof thelow-resolutionpixel from whichthey were

derived.Weusehierarchyto imposethisconstrainton thesuccessive �ner level.

In establishingthe coarse-to-�nerelation, we usethe notion of dualscaleimagegrid, as

shown in Figure3.3. Thelower level correspondsto theoriginal labelingproblemwe wantto

solve. Thehigherlevel consistsof blocksof 2m � 2m pixel locationsgroupedtogether, where

m is themagni�cation factor, andthe resultingblocksareconnectedin a grid structure.The
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Figure3.3Dualscalestructure:Eachnodein lowerlevel(Super-resolvedImage)correspondsto
ablockof four nodesin thehigherlevel(Low-resolutionImage).In thiscasethemagni�cation
factorm = 2.

lowerlevelandthehigherlevel in Figure3.3correspondto thehigh-andlow-resolutionimages

respectively. A block in the higherlevel correspondsto a pixel in the low-resolutionimage.

Thesubsamplingconsistency canthenbeconditionedas

Sp(f p; b) = (I (b) � f p)2 (3.4)

wherep is a pixel at thelower level andblock b is thecorrespondingpixel at thehigherlevel.

I (b) is the gray level at pixel b. Sp(f p; b) is the costof assigninglabel f p to pixel p based

on block b that measuresits distancefrom the correspondingblock at the higher level. It is

referredto asthesubsamplingcost.

3.5 MRF Formulation to DocumentSuper-resolution

Wemodelthespatialrelationshipsin imagesusingaMarkov network,whichhasmany well-

known usesin imageprocessing[17]. This meansthat the probabilitydistribution of a node

ontheintermediate-resolvedimageis conditionallyindependentof all but theneighborhoodof

thenode. Figure3.4ashows theneighborhoodof a nodeof theMRF andFigure3.4bshows

thecliquesin theneighborhoodsystem.In Figure3.4a,circlesrepresentnetwork nodes,and

thelinesindicatestatisticaldependenciesbetweennodes.In Figure3.4b,we de�ne two kinds

of cliquesc1 2 C1 andc2 2 C2. Therefore,for eachnodeon intermediate-resolved image,
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Figure3.4Cliquesystemin theproposedMRF

therearesix cliquesrelatedto it, onec1 clique and� ve c2 cliques. The clique c1 represents

the dependency betweenthe intermediate-resolved imageandthe bimodality of the restored

image.Thecliqueattainshigherenergy valueasthepixel movesaway from thebimodalpeak.

Lowering the energy, facilitatesin deriving a sharpbimodalimage. The clique c2 represents

thedependency betweentwo neighboringnodes.Cliquec2 performstwo distinct tasks.First,

theselective smoothingusinga tangent�eld is performedto improve thelocal smoothnessof

eachregion of text region. Second,it ensuresthat thehigh resolutionimagedoesnot drift far

from thecorrespondinglow resolutionimage.This is doneby establishinga relationbetween

thelow- andhigh-resolutionimage.
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Thequalityof a labelingin generalrestorationproblemis givenby anenergy function,

E(f ) =
X

(p;q)2N

(V (f p; f q) + Sp(f p; b)) +
X

p2P

Dp(f p) (3.5)

whereN aretheedgesin the � ve-connectedimagegrid graphshown in Figure3.4a.Here,p

andq arenodesbelongingto thesamelevel andnodebbelongsto theimmediatehigherlevel.

Finding a labelingwith minimum energy correspondsto the Maximum A Posteriori(MAP)

estimationproblemfor anappropriatelyde�ned MRF.

3.5.1 Energy Minimization usingLoopy Belief Propagation

While theMRF framework yieldsanoptimizationproblemthat is NP hard,goodapproxi-

mationtechniquesbasedongraphcuts[11] andonbeliefpropagation[29,31] havebeendevel-

opedanddemonstratedfor problemssuchasstereoandimagerestoration.Thesemethodsare

goodbothin thesensethatthelocalminimathey �nd areminimaover“largeneighborhoods”,

andin thesensethatthey producehighly accurateresultsin practice.

Westartby brie�y reviewing theBPapproachfor performinginferenceonMarkov random

�elds. First we considerthe max-productalgorithm,which canbe usedto approximatethe

MAP solutionto MRF problems.Normally this techniqueis de�ned in termsof probability

distributions,but anequivalentcomputationcanbeperformedwith negative log probabilities,

wherethemax-productbecomesamin-sum.Weusethisformulationbecauseit is lesssensitive

to numericalartifacts,andbecauseit directly correspondsto theenergy functionde�nition in

equation4.6.

Themax-productBPalgorithmworksby passingmessagesaroundthegraphde�nedby the

four-connectedimagegrid. Themethodis iterative,with messagesfrom all nodesbeingpassed

in parallel. Eachmessageis a vectorof dimensiongivenby thenumberof possiblelabels,k.

Let mt
p! q bethemessagethatnodep sendsto aneighboringnodeq at iterationt. Whenusing

negative log probabilitiesall entriesin m0
p! q areinitialized to zero,andat eachiterationnew

messagesarecomputedin thefollowing way,
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mt
p! q(f p) = min

f p

�
V (f p; f q) + Sp(f p; b) + Dp(f p) +

X

s2N (p)nq

mt � 1
s! p(f p)

�
(3.6)

whereN (p)nq denotesthe neighborsof p other thanq. After T iterationsa belief vector is

computedfor eachnode,

bq(f q) = Dq(f q) +
X

p2N (q)

mT
p! q(f q) (3.7)

Finally, thelabel f �
q thatminimizesbq(f q) individually at eachnodeis selected.Thestandard

implementationof this messagepassingalgorithmon the grid graphrunsin O(nk2T) time,

wheren is thenumberof pixelsin theimage,k is thenumberof possiblelabelsfor eachpixel

andT is thenumberof iterations.It takesO(k2) time to computeeachmessageandthereare

O(n) messagesto becomputedin eachiteration.

3.5.2 Algorithm Details

Proposedsuper-resolutionprocessembedstheMRFsuper-resolutionframework (Figure3.4a)

throughiteration.Thebicubic-interpolatedimageof anobservedlow-resolutionimageis given

asaninitial intermediateresolvedimage.We predictmissingimagedetailsin theinterpolated

imageto createthesuper-resolutionoutput.And theintermediate-resolvedimageis improved

by theMRF framework. Theedgeweightsarecalculatedbothfrom neighborsfrom samelevel

andthe immediatehigherlevel. The quality of the �nal super-resolvedresultvarieswith the

numberof iterations.Theedgeweightsof thesamelevel areextractedfrom the tangent�eld

andis givenin Equation.4.3. Theedgethatconnectsto thehigherlevel in thedualscalestruc-

ture(Figure3.3)whichpassesthecoarse-to-�neinformation,areestimatedusingEquation4.5.

Findingtheexactsolutioncanbecomputationallyintractable,but we�nd goodresultsusing

theapproximatesolutionobtainedby runninga fast,iterative algorithmcalledef�cient belief

propagation[29]. Thealgorithmrunsat onelevel of resolutionandthenusesthemessagesat

that level in orderto getestimatesfor themessagesat thenext �ner level, andsoon, down to

the original grid. Threeor four iterationsat eachlevel anda maximumof � ve levelsof grid

hierarchyaresuf�cient. Inferencealgorithmsbasedon belief propagationhave beenfoundto
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Figure 3.5Character̀s' super-resolvedby a factorof 4 times

(a)
Bilinear

(b)
Cubic
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Algo-
rithm

(d) Pro-
posed

Figure3.6Thresholdedversionof theresultsof severalmethodsin Figure3.5.

yield accurateresults,but despiterecentadvancesareoften too slow for practicaluse[29].

For a full-size page(of size1600� 2600) theprocessingtime is way beyondany commercial

use.To make it work moreef�ciently for a documentpage,we try to divide andconquerthe

problem.Eachcharacterin adocumentis visuallyanindependententity, not to mentionabout

a word or a line. Geometricallyit doesnot dependon oneanother. Thusthey canbe dealt

separatelywithout effecting the overall documentimage. In our method,the low resolution

full sizepaperis segmentedto word or line level asper thefeasibility. Thesesmallchunksof

imagesarethenfed into thealgorithm,drasticallyreducingthetimeandspacecomplexity.
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(a) IdealHigh-resolutionImage (b) Low-resolutionImage

(c) Bilinear InterpolatedImage (d) CubicSplineInterpolatedImage

(e) UsingProposedMethodRestoredImage

Figure3.7Text super-resolvedby a factorof 4 times

3.6 Experimental Results

Wedemonstratetheperformanceof ouralgorithmontextualcontentin videoframesaswell

asthedocumentimagesobtainedby bookscanners,andcellphonecameras.Wequantitatively

andqualitatively demonstratethesuperiorityof theproposedmodel.

To show the effectivenessof our method,we comparethe resultswith several common

methods,includingbilinear interpolation,cubic-splineinterpolationandBSA algorithm[93].

Figure3.5 shows resultingimagesobtainedfrom linear interpolation,cubicsplineexpansion,

BSA algorithmandour method.Thecharacter̀s' from animagescannedat 75 dotsper inch

(dpi) using8-bit grayscalequantizationis shown in Figure3.5awheresigni�cant blockiness

is apparent.Bilinear interpolationresultsin a continuouscurve, with a discontinuousderiva-

tive.Theseimagesnaturallytendto besmooth,withoutsharpdiscontinuities,producingblurry

results.Bilinear interpolationby a factorof four wasusedto createtheimagein Figure3.5b,

which is veryblurry andlacksgoodcontrast.Cubic-splineinterpolationis analternatepopular

scheme.Thedisadvantageof cubicsplinesis that they couldoscillatein theneighborhoodof

anoutlierproducingaringingeffect. Figure3.5cdepictstheresultingimagefrom cubicspline

expansionwhich hasbettercontrastbut is still not sharpat the edges. The imageobtained

usingBSA restorationin Figure3.5dhassuperiorto theimagesobtainedusingotherinterpo-

lationmethodsfor thisexample.Thismethodallowsfor sharpedgesbut doesnotdiscriminate

betweengeneraltext edgeandcorners.Ourmethodpresentsanedge-directedsuper-resolution
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(a) Low-resolutionCameraBasedImage (b) Ourmethod

Figure 3.8Camerabasedresults.A smallportionof thetext is magni�ed anddisplayed.

(a) Low-resolutionImagefrom television
broadcast

(b) Ourmethod

Figure3.9Resulton text from televisionbroadcastframes.

algorithm. Consequentlythe local edgedirectionarerepresentedwell by this method. Fig-

ure3.5eshows, imagequality is improved,strokesarereconstructedmoreprecisely, linearity

andsmoothnessof contoursareimproved,strokewidth is moreuniform,andshapefeaturesof

fontsarereconstructed�nely . Figure3.6 shows the thresholdedversionof theresultsof sev-

eralmethodsin Figure3.5.Bilinearandcubicsplinemethodsintroducescut in thethresholded

imageasshown in Figure3.6aandFigure3.6b,respectively. Figure3.6cshows that thereis

still blockinessleft on thesmoothsurfaceof thecharacter̀s', introducedby BSA algorithm.

The reasonbeing that the algorithmbreaksthe whole imageinto 4 � 4 blocksandeachof

theseblocksarehandledindependently, resultingin lack of continuityacrosstheblocks.Fig-

ure3.6dshows that thereis not muchdifferencefrom theoriginal imagein Figure3.5deven

after thresholdingasour methodgeneratesa sharpbimodalimage.Theimageobtainedusing

ourmethodhassmoothedgesandis superiorto theimagesobtainedusingothermethods.

We demonstratethe effectivenessby creatinglow-resolutionimagesfrom high-resolution

originals,expandingthe low-resolutionimagery, andthenmeasuringthedistanceto theorig-

inals. To achieve this an anti-aliasingprocessis performedby blurring (low pass�lter) the

imagefollowedby block averaging(subsampling).For an imageI , of r rows andc columns

anda low pass�lter with impulseresponseG, the resultingimagei subsampledat each�
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Figure3.10Text super-resolvedby a factorof 4 times

pixelswouldberepresentedby

i (x; y) =
rX

j =1

cX

i =1

I (i; j )G(x � i; y � j );

wherex = 1; : : : ; c=� andy = 1; : : : ; r =� . Restoredimagesare thencomparedwith the

original to determinethe successof restorationnumerically. For binary documentimages,

thePSNRdoesnot matchwell with subjective assessment,sinceit is a point-basedmeasure-

ment, and mutual relationsbetweenpixels are not taken into account. Hence,we usethe

Distance-ReciprocalDistortion Measure(DRDM) that measuresthe visual distortionin dig-

ital binary documentimagesandmatcheswell to the subjective evaluationby humanvisual

perception[64]. The DRDM wasusedto comparethe variousmethodsof imageresolution

expansion.We initially takea 70� 380sizeimageat 300dpiasshown in Figure3.7a.Thelow

resolutionimageis generatedby theprocessof anti-aliasing,wherea Gaussianlow pass�lter

of standardvariance� = 1 andblock averagedwith � = 4 wasusedshown in Figure3.7b.

The bilinear interpolationproducesa severely blurredimageshown in Figure3.7c,reducing

theDRDM to 7549:7. Thecubic-splinegivesbetterresultin Figure3.7dwith DRDM reduced

to 6945:3. Our methodproducedthebestimageshown in Figure3.7eby reducingtheDRDM

to 6156:4. Thesharpdeclinein DRDM scorejusti�es our claim. A comparative studyof the
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(a) Low-resolutionImage

(b) SplineInterpolatedImage

(c) SplineInterpolatedOCRtext

(d) Ourmethod

(e) OurmethodOCRtext

Figure 3.11An exampletext block.

52



reductionin DRDM for thevariousimageexpansiontechniquesis plottedin Figure3.6. We

observe thathigherblur factorleadsto greatererrorduringrestoration.

Experimentswith Camera-Basedimagesis conductedby capturingdocumentimagesusing

aCannonhandheldcamera.Resultoncamera-basedimageis displayedin Figure3.8Text in a

videobroadcastframesarerenderedin verylow-resolution.Resultobtainedby super-resolving

theseimagesis shown in Figure3.9.

We examinedeffectivenessof the proposedmethodfor improving OCR accuracy. A set

of 20 pagefrom a bookwereused,wherea pageconsistof approx350 � 400words. Each

pagewasthenscannedusing8-bit grayscalequantizationat 100dpi to createlow-resolution

original imagesusinga ZEUTSCHELOS5000scanner. These100dpi resolutionpageswere

thenexpandedusingvariousresolutionexpansionmethodsby a factorof four to create400

dpi imageswhich wereprocessedby OCR.Restoredimagesin 400dpi weregeneratedfrom

input imagesin 100dpi by theproposedmethod.TheOCRaccuracy, usingFreeOCRVersion

2.2,a freely downloadableOCRpackage,wascomparedwith theresultsof imagesthatwere

expandedusingvariousotherresolutionexpansionmethodsby a factorof four. Therewere

a total of 28708charactersin these20 images. Cubic spline interpolationresultedin 1558

charactererrorsandourmethodhad869charactererrorsfor anoverall improvementof 44:2%

for this set of images. The expansionrequiredabout61
2 min per pagefor our restoration

algorithm.A samplesectionof restoredimagesusingcubicsplineexpansionandour method

areshown in Figure3.11. Figure3.11ashows theoriginal low-resolutionimage.We observe

that the text is bimodalwhere� black and� white are20 and170, respectively. The reasonfor

improvementin OCR-accuracy is possiblytheenhancementof theedgedirectedtangent�eld.

Sincemany OCR algorithmsusedirectionalfeaturesalongcontoursasprimary features,the

contourenhancementareeffective for improving OCRaccuracy aswell asimagequality.

3.7 Summary

An implicit edge-directedsuper-resolutionalgorithmfor documentimagesis proposedin

thispaper. Edgedirectioninformationis incorporatedin theformulationof theenergy function
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in theMRF model. Theedgepreservingsuperresolutionschemeprovidesbetterresultson a

wideclassof documentimages.Themethodis quitestraightforwardto implementandgenerate

goodresults.Our algorithmis an instanceof a generalnon trainingbasedapproachthat can

beusefulfor documentimage-processing,thatextractsa singlehigh-resolutionframefrom a

singlelow-resolutionimage,wherethepriorsarederivedfrom sameimage.In this approach,

theunknown pixel valuesareestimatedbasedon their local surroundingneighbourhood,but

not on thewhole image.In particular, we donotexploit themultiple occurrenceof characters

in thescanneddocument.In thenext chapterwe proposeto take advantageof this repetitive

behaviour, we divide theimageinto charactersegmentsandmatchsimilar charactersegments

to �lter relevantinformationbeforethereconstruction.
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Chapter4

Text Restorationby exploiting repetitivecharacter behaviour

4.1 Intr oduction

Documentimagesareoftenobtainedbydigitizingpaperdocumentslikebooksormanuscripts.

They couldbe poor in appearancedueto degradationof paperquality, spreadingand�aking

of ink toner, imagingartifactsetc. All the above phenomenaleadto differenttypesof noise

at theword level including boundaryerosion,dilation, cuts/breaksandmergesof characters.

Restorationof suchimageshasmany applicationsin enhancingtheperformanceof character

recognizersaswell asin bookreadersusedin digital libraries.Often,alongwith therestoration,

onealsolooks for enhancementof the resolution.Text observed from thesesourcesis often

low-resolutiondegradedimages,andrequiresrestorationandresolutionexpansionin orderto

improve OCRperformance.Moreover, theseimperfectimagesmaybe inadequatefor subse-

quenthumanuse. The visual andrecognitionability fall dueto theseeffects. The accuracy

of today's documentrecognitionalgorithmsfalls abruptlywhenimagequality degradeseven

slightly [3]. Signi�cant improvementin accuracy on hardproblemsnow dependsasmuch,or

more,on thesizeandqualityof trainingsetsasonalgorithmsandhardware[3].

Restorationandenhancementarewell studiedin imageprocessingliterature. The linear

�lters arebasedon theassumptionof linear, spaceinvariantdegradation.Therestorationtech-

niquecanbecarriedoutin thefrequency domain.Thelinear�lter is easyto designandanalyze.

Popularlow passnoiseremoval �lters donotmakeany signi�cant assumptionaboutthescene

content.Inverse-�lteringbasedrestorationtechniquemodelthedegradation(eg. motionblur)
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Figure4.1GenerativeModel: (a)A typical idealimagewith Serif font. (b) is theDegradation
versionof (a) with parameters(� 0; � ; � 0; � ) = (0:6; 1:5; 0:8; 2:0) [103]. (c) is the scanning
process.(d) and(e) arethe Blurred versionandthendown-sampledversionsof (b), respec-
tively. Ourproblemis to rectify thelow resolutiondegradedimageto ahigh-qualitymagni�ed
documentimage,makingit suitablefor furthermachineandhumanuse.

andrecover thesignalin a model-basedframework. But documentimageshave sharpedges.

Therestrictionthattheestimationrulebelinearcombinationof observedvaluesis notsuitable.

Weexploit thepropertiesof documentimagesto developaspeci�c restorationtechnique,spe-

cially suitedfor the same.This chapterpresentsa documentrestorationtechniquethat takes

advantageof the repetitive structuralnatureof a documentimagewhich is further enhanced

by a documentspeci�c prior information. Both prior and likelihood distributions are then

formulatedasa maximuma posterior(MAP) solution,which is a specialcasein the Bayes

framework.

4.2 RelatedWork

Therehasbeensigni�cant amountof researchin the�eld of documentrestoration.Text en-

hancementeffortsfocuson�xing brokenor touchingcharacters[90,102]. Traditionalmethods

for text imageenhancementcanbeclassi�ed into four categories: �ltering, contrastenhance-

ment,model-basedimagerestoration,andresolutionexpansion.Someof therestorationefforts

arebasedon morphological�lters [103, 60] which discussa methodfor binary morphologi-

cal �lter designto restoredocumentimagesdegradedby subtractive or additive noise,given

a constrainton the size of �lters. Bern and Goldberg [5] assumea probabilisticmodel of
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thescanningprocess,andusesthis modelto clusterinstancesof thesameletterandto com-

putesuper-resolvedrepresentativesof theclusters.Othermethods[1] usesimilarmodelbased

approaches.A variety of methodshave beenproposedin order to improve contrastwithin

text images.They includemethodsbasedon multi-resolutionpyramidandfuzzy edgedetec-

tors [85] wheredocumentimageto be enhancedis obtainedfrom a scannerandis a blurred

binary imagethat is corruptedby additive noise. A mixed approachusing topologicalfea-

turesandcontourbeauti�cation[73] for restoringhigh-resolutionbinary imagesis presented

to improve legibility of low-resolutiondocumentimages.Theinitially restoredimageis gen-

eratedby simpletechniques,andis thenimprovedby integratingavarietyof featuresobtained

throughimageanalysis.Missingstrokesof charactersarecomplementedbasedontopographic

features.Few of theresolutionexpansionapproachesincludetext bitmapaveraging[39] where

theessenceof themethodis in �nding andaveragingbitmapsof thesamesymbolthatarescat-

teredacrossa text page. Outline descriptionsof the symbolsare thenobtainedthat canbe

renderedat arbitraryresolution.Shannoninterpolationis performedwith text separationfrom

the imagebackgroundin [55] to improve the OCR accuracy of digital video. Restorationof

imagesis widely consideredasan exampleof an ill-posedinverseproblem. Suchproblems

maybeapproachedusingregularizationbasedmethods,which constrainthefeasiblesolution

spaceby exploiting thea priori knowledge[9].

A numberof researchefforts investigatedcombiningtext enhancementwith resolutionex-

pansionin orderto improve low-resolutiontext images.Perhapsthemostsalientpropertyof

text is thatit is generallybimodal.By its verynature,text charactersmusthave somecontrast

with thebackgroundto make themhuman-readable.This constrainthasbeensuccessfullyap-

plied to the resolutionenhancementof text in singleimages[93, 21]. This techniquecreates

a stronglybimodalimagewith smoothregionsin both theforegroundandbackground,while

allowing for sharpdiscontinuitiesat the edges.The restoredimage,which is constrainedby

the given low-resolutionimage,is generatedby iteratively solving a nonlinearoptimization

problem. Dalley et al. [20] adopta training-basedmethod,wherea databaseis build to map

theoutputhigh-resolutionpatchfor a giveninput low-resolutionpatch.Givena singleimage

of text scannedin at low resolutionfrom apieceof paper, returntheimagethatis mostlylikely
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to begeneratedfrom a noiselesshigh-resolutionscanof thesamepieceof paper. Thoughthis

methodis ef�cient, it assumesthatwehavethefont andscriptinformation,whichis notalways

true.

This chapterdescribesa restorationtechniquewith enhancementfor documentimagesthat

mimics imagesequencesby clusteringsimilar charactercomponents.Spatiotemporalobser-

vationconstraintsareadditionallyaddedto constrainthefeasiblesolutionspacewith a priori

assumptionson the form of the solution. The prior information in our formulation is inde-

pendentof scriptandfont informationwhich is hardto predict. Our methoddiffers from the

previouswork [39] in thecontext thatwe have focusedon therequirementof theprior infor-

mation,furthercombiningtheprior anddatadistribution in aBayesianframework.

We proposea methodfor restoringhigh-qualitybinary imagesfrom degradedgray-scale

imagesin low resolution.An effectiveapproachto tacklethis problemis to utilize a Bayesian

inferenceapproach.The restoredimageis generatedfrom a collectionof similar imagesby

estimatingthelikelihood,andit is thenimprovedby integratingwith aprior information,mak-

ing it a Maximuma Posteriori estimate.Here,we presenta new imageprior modelbasedon

TotalVariational(TV) energy minimization.Thebasicideastemsfrom theneedfor preserving

sharpedges,while discouragingdegradations.In this chaptertheperformanceof this method

is demonstratedby showing theimprovementin visualqualityof thedocumentimage.Further,

the resultsarequantitatively evaluatedby runningan OCR engineon the restoreddocument

images.

4.3 List of Contrib utions

Herearethelist of contribution in this chapter

� Wehavedevelopedamathematicalframework basedonmaximumaposteriori(MAP) to

generatetheprototypecharacterfromasetof similardegradedcharacters.Themethodof

maximuma posterioriestimationis usedto obtaina estimateof anunobservedquantity,

in this casethe prototypecharacters,on the basisof empirical datai.e, the degraded

characters.
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� We have proposeda prior smoothnessfunction for documentimagerestoration. The

smoothnessprior is basedon variationalmodel. Thevariationalbasedmethodimposes

geometricregularityonthesolutionobtainedasdenoisedimageandensuressmoothness

of boundaries.

� Wehaveproposedadocumentrestorationalgorithmthattakesadvantageof therepetitive

structuralnatureof text in documentimages.

4.4 DocumentRestorationby BayesianInfer ence

Givenaninputpageasagray-scaleimage,we �rst performskew detectionandpagelayout

analysisupto charactersegmentation.We needto �nd imagesof the samecharactersymbol

that arescatteredon a documentpage. For restoringdocumentimages,we assumethat the

input imageis obtainedby digitizing anddown-samplinga degradedcharacter. A pictorial

explanationof the imagingprocessis given in Figure4.1, wherewe seethat the imagegets

degradedon thepaperaswell aswhile imaging.Giveninput pagesof a documentasa binary

image,we segmentthemto obtaintheword images.Connectedcomponentswithin this word

imagearethenextractedfromall thesegmentedwords.Thebitmapsof thesegmentedcharacter

imagesareinitially clusteredusingacorrelationbasedmethod[5]. (An alternatemethodis also

availablein [39].) We saycomponentC1 is equivalentto componentC2 if:

r (C1=C2) > � 1 andr (C2=C1) > � 2 (4.1)

where� 1 and� 2 arethe tight thresholds.For our experimentationwe assume� 1 and� 2 to be

0.85.Thevaluer (C1=C2) is computedas:

r (C1=C2) =
maxx i;j corr (C1; C2)
maxx i;j corr (C2; C2)

wherex i;j is anelementof thecorrelationmatrix.

Documentrestorationproblemcan now be formulatedas generationof good prototypes

correspondingto eachcluster, wherein our casetheclusteringis doneusingtheEquation4.1.

We exploit thesimplefact thata textual region is generatedby repetitionof characterimages
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accordingto alanguage/scriptmodel.Weassumethatthedocumentimagebeingprocessedhas

enoughrepetitive charactersto take advantageof their multiple occurrences.Sincethewhole

pageis from onebookor collection,it is alsoin asinglefont.

The imagingmodel (Figure 4.1) speci�es how the high-resolutiontext is transformedto

generatea low-resolutiondegradedimage. This typically involvesblurring, spatialsampling

andaddingof noise. A high-resolutionscenex with N pixels, is assumedto have generated

a setof K low-resolutionimagesy (k) , eachwith M pixels. Thegenerative modelfor thekth

imageis

y (k) = W (k)x + � G
(k) (4.2)

where� G representsnoiseon the low-resolutionimage,andconsistsof i.i.d. samplesfrom a

zero-meanGaussianwith precision� G (equivalentto standard deviation � N = � G
(� 1=2)). For

eachimage,theblurringandsub-samplingof thesceneis modeledby anM � N sparsematrix

W (k) which is assumedto be parameterizedby somevector� (k) . In otherwords,W (k) is a

function of � (k) . Given the sequencef y (k)g, the goal is to recover x, without any explicit

knowledgeof theregistrationparametersf � (k) ; � G
(k)g.

We arguethat the imageregistrationparametersmaybedetermineda priori . For an indi-

vidual low-resolutionimage,givenregistrationsandx, thelikelihoodis

p
�

y (k) jx; � (k) ; � G
(k)

�
=

�
� G

2�

� M =2

exp
�
�

� G

2
ky (k) � W (k)xk

2
�

(4.3)

The vectorx yielding the maximalvalueof Equation4.3, would be the Maximum Like-

lihood (ML) estimationto the problem. But super-resolutionimagesrecoveredin this way

oftentendto bedominatedby a greatdealof high-frequency noise[78]. Moreover, thesuper-

resolutionproblemis almostalwayspoorly conditioned,soa prior over x is usuallyrequired

to avoid solutionsthataresubjectively implausibleto thehumanviewer.

In realworld applications,it is critical that we usean accurateprior model. The problem

becomesmorechallengingwhenwedealwith documentimages,becauseof its pseudobinary
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natureandtheregularityof thepatternsusedin this “visual” language.Imagesof text arealso

usuallysmoothin both the foregroundandbackgroundregionswith sharptransitionsonly at

the edges.In addition,expandedimagesareconstrainedso the averageof a groupof high-

resolutionpixelsis closeto theoriginalvalueof thelow-resolutionpixel from whichthey were

derived.Thechallengesof complex content,varioustypesof structures(e.g.,corners,edgesor

surfaces)hasto beincorporatedin themodelaccurately.

Wepresenttheprior over thehigh resolutionimageby employing a total variationalenergy

minimizationfunction. A major concernin designingimagedenoisingmodelsis to preserve

importantimagefeatures,suchasthosemosteasilydetectedby thehumanvisualsystem,while

removing noise.Onesuchimportantimagefeaturearetheedgestypicalof adocumentimage;

theseareplacesin animagewherethereis asharpchangein imageproperties,which happens

for instanceat objectboundaries.Total variation(TV) basedimagerestorationmodelswere

�rst introducedby Rudin,Osher, andFatemiin their pioneeringwork [81] on edgepreserving

imagedenoising.It is oneof theearliestandbestknown examplesof PDEbasededgepreserv-

ing denoising.It is designedwith theexplicit goalof preservingsharpdiscontinuities(edges)

in imageswhile removing noiseandotherunwanted�ne scaledetail.Therevolutionaryaspect

of this modelis its regularizationtermthatallows for discontinuitiesbut at thesametime dis-

couragesoscillations.Thisalgorithmseeksanequilibriumstate(minimalenergy) of anenergy

functionalcomprisedof theTV normof theimagex andthe�delity of this imageto thenoisy

input imagex0. Theminimizingenergy functionis:

ETV =
Z



(jr xj) +

1
2

� (x � x0)2du dv (4.4)

Here,
 denotestheimagedomain,andis usuallya rectangleand� is aLagrangemultiplier.

If we assumea uniform prior over the input images,the Maximuma Posteriori (MAP)

solutionis foundusingtheBayes'rule. Theposteriordistributionoverx is of theform

p
�

xjy (k) ; � (k) ; � G
(k)

�
=

p(x)
KY

k=1

p
�

y (k) jx; � (k) ; � G
(k)

�
(4.5)
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Figure4.2Restorationof words.

As theprior probabilitydistributiononthesuper-resolutionimageis available,this informa-

tion is usedto “regularize”theestimation.Insertingthis prior into Equation4.5, theposterior

overx, andtakingthenegative log, theMAP (maximuma posterior)estimatorhastheform:

xM AP = argmax
x

(�L ) (4.6)

where

L = � ETV +
KX

k=1

ky (k) � W (k)xk
2

wheretheright-handsidehasbeenscaledto leave a singleunknown ratio � betweenthedata

error termandtheprior term. We optimizetheobjective functionof Equation4.6 usingcon-

jugategradientmethodto obtainan approximationto our resultantimage. Here,we assume

thatthematrix W (k) is available.To estimateW (k) we have useda methodsuggestedby Tip-

ping andBishop[94]. Theseenhancedimagesform the high-qualityrepresentativesof their

respectiveclusters.

Our restorationandenhancementalgorithmis basedon thebasicBayesianframework. The

Algorithm 1 showsthe�o w of ourprocedure.It is aniterativeprocedure,whereateverystage

we infer a betterestimateof restoredimagex. Assuminga setof K low-resolutiondegraded

observation images,f y (k)g, thealgorithm�nds thecorrespondinghigh-qualityimagex such
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(a) Iteration1 (b) Iteration2 (c) Iteration3

(d) Iteration4 (e) Iteration5 (f) Iteration6

(g) Iteration7 (h) Iteration8 (i) Iteration9

(j) Iteration10 (k) Iteration15 (l) Iteration20

Figure4.3Evolutionof awordimage.(a)DegradedInput(b)-(k) Intermediaterestoredimages
and(l) Final restoredimage.

that the conditionalprobability of x, given the observed imagesf y (k)g, p(xjy (k)), is maxi-

mized. In our casethis is dif�cult to calculatedirectly. Thus usingBayes' law, we obtain

p(xjy (k)) / p(x)p(y (k) jx), which is theMAP estimator. Oncep(x)p(y (k) jx) arede�ned, the

outputimage,x, thatmaximizesp(xjy (k)), is iterativelycalculatedby steppingdown thegradi-

entof thenegative log likelihoodof p(x)p(y (k) jx) until a minimumis reachedor a maximum

numberof iterationsareexecuted. Finally, reassemblingthe outputpageby replacingeach

memberof theclusterby its representativewerestorethedocument.

(a) (b) (c) (d) (e) (f) (g)

Figure 4.4 Evolution of a characterimage. (a) DegradedInput (b)-(f) Intermediaterestored
imagesand(g) Final restoredimage.
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Figure4.5(a)Portionof text from original image(b) Portionof text from restoredimage.

Input : GiventhedocumentimageandparameterW (k) [?].
Performacharacterlevel segmentation.
Herey is theinput image.

Output: Herex is theoutputimage.
initialization - Performtheinitial clustering[Equation1].;
foreachclusterbin do

foreachelementof thebin do
repeat

1) Parameterizetheposteriordistributionasa functionof x
by substitutingthevaluesof y in Equation4.3;
2) Theequationis thenminimizedusingconjugategradientalgorithm
to getaestimateof x;
3) Totalenergy minimizationof x is thenperformed
to getthenext estimationonx [Equation4.4];

until theenergy is minimized;
end

end

Algorithm 1: MAP formulation
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4.4.1 Discussion

Wemakethefollowing commentsaboutourmethodandits implementation.Documentim-

ageprocessingalgorithmsto detecttext regions,andthensegmentingthemto obtainwordand

componentimagesarenot describedhere.Thereexistssigni�cant amountof materialin this

respect[15]. In real-lifesituations,characterimagescouldbesplit into multiplecomponentsor

mergedto form singlecomponent.They mayaffect theclusteringprocess.In [39] aprocedure

is discussedto �nd imagesof thesamecharactersymbolthatarescatteredonadocumentpage.

They employ a sequenceof differentclusteringtechniques,eachappliedto a differentsetof

shapefeaturesderivedfrom thecharacterimages.Themotivationis to progressively divideall

charactersonapageinto groupsof decreasingsizes,anddelaytheusesof moreexpensivetech-

niquesuntil laterstageswhenthegroupsaresuf�ciently small.This methodis experimentally

veri�ed to bequiteeffective. However, in our caseby de�ning appropriatesimilarity measure

in clustering,they aretakencareof. It is importantto classifythecharacterimagesinto asfew

clustersaspossible,sincethis is how thealgorithmachievesits bene�ts.Yet it is evenmoreim-

portantto avoid clusteringincompatiblecharacterimagessincethis leadsto “mistakes” in the

output.Theclusteringresultsareimportantsideproductsof theprocedureandthey haveother

potentialusesthat remainto be explored. The computationalrequirementof this algorithm

is directly proportionalto thenumberof similar componentsin theclusterandtheconjugate

gradientmethodusedin theoptimizationprocess.Further, it is worth while mentioningthat

our methoddiffersfrom theprevioussuper-resolutionmethodsin following threeaspects:(i)

we do not learna low-resolutionto high-resolutionmatchto build up our output image;(ii)

sincewe areusingenergy function(i.e., total variationminimizing process)to determineour

prior, we neednot have any font or script information;(iii) our approachof imagerestoration

cumresolutionexpansionadoptsa Maximuma Posteriori estimationapproachasit providesa

rigoroustheoreticalframework with severaldesirablemathematicalproperties.
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Figure4.6MSE with groundtruth for thecharacterimage“g”.
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Figure4.7MSEwith groundtruth for theword image“throughout”.

Speci�cation NoisyPage Restored Page
Number of words 325 325
Recognizedwords 268 325
% Accuracy 82% 100%

Table4.1OCREvaluationof imagerestorationresults.
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4.5 Experimental results

Thecompletealgorithmis implementedondegradeddocumentimagesscannedataspeci�c

resolution.We expectrestoreddocumentimagesasoutput,at theendof our experimentation.

We show the effectivenessof our algorithmby demonstratingthe resultsusingsamplescol-

lectedmainly from degradedbooks.We scanthesebooksin 200dpiusinga ZEUTSCHELOS

5000scannershown in Figure4.1(c). The scanningdevice usedherehasa mountedcamera

on top of the �at bedwherethe book is kept. The focusof the camerahasto be adjustedto

geta sharpimage.We have scanned20 pagesfrom four differentvarietyof bookscontaining

differentfontsandstyles.Thedocumentbooksalreadycontaindegradations.After thescan-

ning processtheresultantimagegetsblurredanddown-sampled.We proceedwith binarizing

andskew correctingthescannedimages.After a characterlevel segmentation,we clusterthe

components.For acharacterwegetanapproximateof 10-15or moresimilarcomponents.

Effectivenessis demonstratedfor improving imagequality. Fig. 4.5bshows thegenerated

binary imagewith resolutionenhancedby a factorof two, alongwith the original imagein

200dpishown in Fig.4.5. Imagequality is improved asresolutionincreases;strokesarere-

constructedmoreprecisely, linearityandsmoothnessof contoursareimproved,strokewidth is

moreuniform,andshapefeaturesof fontsarereconstructedmore�nely . Theproposedmethod

is effectivefor Latin scriptsaswell asorientalscripts.Theplot in Fig.4.6depictstheevolution

of the degradedcharacter“g”. The x-axisshows the numberof connectedcomponentsused

andthe y-axisdeterminesthe MeanSquareError (MSE). The performanceof our algorithm

wasevaluatedwith respectto themeansquareerror (MSE). The �gure shows how themean

squareerrorfunctiondecreasessteadilyasthenumberof collectionof thesimilar components

increases.We seethatthenumberof similar componentsis directly relatedto theaccuracy of

theresult.Thestep-by-stepchangesin theoutputof theimageis shown in Fig. 4.4wherethe

imagein theleft is thedegradedimageandimagein theextremeright is therestoredimage.If

therearesuf�cient numberof similar componentsthenwegetahigh-qualityrestoredimage.

We examinedeffectivenessof the proposedmethodfor improving OCRaccuracy. Binary

imagesin 400dpiweregeneratedfrom input imagesin 200dpiby the proposedmethod,and
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Figure 4.8 The documentpageon the left suffers from degradationandlow-resolution.The
secondimageon the right shows thecontentrestoredusingthealgorithmpresentedin Algo-
rithm 1
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egottsrn

Table 4.2 OCR recognition output for few of the degradedwords using a commercial
OCR(CuneiForm OCR).

the OCR accuracy usingtheseimagesasinput wascomparedwith the resultsusingbilinear

interpolation.Gray-scaleimagesin 400dpigeneratedfrom input imagesin 200dpiby bilinear

interpolationwhich gives around82% accuracy as shown in Table 4.1. Few of the words

incorrectly recognizedduring the whole processare listed in Table 4.2. Our methodgives

around100%accuracy. Thepagelevel outputto ouralgorithmis shown in Figure4.8.

4.6 Limitations of this approach

In thiswork,weexploit therepetitivebehaviour andproposeareconstructionframework for

degradedlow-resolutiondocumentimages.This assumesthatwe focuson locatingcharacters

andsegmentingthem.Thedocumentimageacquisitionprocessconsistsof makinga(discrete)

digital imageout of a paperdocument.However in practice,theacquiredimageis corrupted

by noiseandblur. This makes the whole segmentationprocessinaccurate.The higher the

degradationor noisethegreateris theunpredictabilityof thesegmentationprocess.Hence,the

limitation of thiswork is thatthework is built ontopof charactersegmentation,whichcanbea

bottle-neckin thewholeprocess.Moreovercharactersegmentationis not acompletelysolved

problem[51].
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4.7 Summary

To improve quality and OCR accuracy for degradedlow-resolutiontext images,a new

methodhasbeenpresentedfor restoringhigh-qualitybinary text imagesfrom a setof low-

resolutiondegradedimage.Theinitially restoredimageis improvedby MAP basedapproach

wherea suitablea priori informationis usedto guidetherestoration,resolutionenhancement

beingthebyproduct.Theproposedmethodcandealwith variousscripts,andentailsrelatively

simple computation. Throughexperiments,it hasbeenvalidatedthat the proposedmethod

improvesbothOCRaccuracy andimagequality. But excessive dependenceon characterseg-

mentationstill remainsa problem. In the next chapterwe shall seehow to overcomethe

dependency on charactersegmentation. We shall look for a restorationapproachthat does

notperforma explicit charactersegmentation,but still usestherepetitivecomponentnatureof

documentimages.
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Chapter5

Contextual Restorationof Text Images

5.1 Intr oduction

Degradationsin documentimagesresult from poor quality of paper, the printing process,

ink blot andfading,documentaging,extraneousmarks,noisefrom scanning,etc. The goal

of documentrestorationis to remove someof theseartifactsand recover an imagethat is

closeto what onewould obtainunderideal printing andimagingconditions. The ability to

restorea degradeddocumentimageto its ideal conditionwould behighly usefulin a variety

of �elds suchasdocumentrecognition,searchandretrieval, historic documentanalysis,law

enforcement,etc.

Imageswith certainknown noisemodelscanberestoredusingtraditionalimagerestoration

techniquessuchasMedian�ltering, Weiner�ltering, etc. [34]. However, in practice,degra-

dationsarisingfrom phenomenasuchasdocumentagingor ink bleedingcannotbedescribed

usingpopularimagenoisemodels.Documentprocessingalgorithmsimproveuponthegeneric

methodsby incorporatingdocumentspeci�c degradationmodels[83] andtext speci�c content

models[99, 21].

In imagerestorationthe goal is to recover an imagethat hasbeencorruptedor degraded.

Thereareseveraltechniquesin imagerestoration,someusefrequency domainconcepts,others

attemptto modelthedegradationandapplytheinverseprocess.e.g. theblurredimagethat is

theresultof convolving a Gaussian�lter with theoriginal image,is theeffectwhich is similar

to theoneobservedwhenaphotographis takenwith acamerain motion. In documentimages

71



(a) Degraded (b) Restored

Figure5.1Portionavandalizeddegradeddocumentandtheresultof our restorationprocess.

it is quitepossiblethat thesamecharacterimageat differentphysicallocationin a document

maybedegradeddifferently. Inverserestorationprocess,in thiscasemaynotpossiblygenerate

thedesiredresult. Further, dueto our excessive familiarity of documentimages,evena small

variationin the text from the expectedimagewill quickly draw our attention.The increased

expectationandunavailability of aninverserestorationprocessin thecaseof documentimages,

motivatesusto usea patchbasedapproachwherea degradedpatchis replacedby a noisefree

renderedpatch.

5.2 RelatedWork

Approachesthatdealwith highly degradeddocuments(see�gure 5.1) take a morefocused

approachby modelingspeci�c typesof degradations.For instance,ink-bleedingor backside

re�ection is oneof themainreasonsfor degradationof historichandwrittendocuments.Huang

et al. [41]. The successof their approachis in combiningthe degradationmodel and the

documentmodel into a powerful MRF-basedoptimizationframework [33, 59]. To achieve

genericrestorationof carboncopy documents,Cao and Govindaraju[13] useda document

contentmodel.Themodelconsistedof asetof 5� 5 binarypatches,trainedusinghighquality

data,which is usedfor restoringnoiseandremoval of rulingson thepaper. Guptaet al. [36]

usedapatchbasedalphabetmodelto removeblurringartifactsfor licenseplateimagesusinga

camera.TheauthorsuseanMRF basedoptimizationto �nd themostlikelynoisefreepatchthat
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generatedtheobservations.All theaboveapproachesconsiderspeci�c instancesof restoration

of a singledocumentimage,andaresolvedby combiningprior knowledgeof documentswith

noisyobservations.

In this chapter, we approachdocumentrestorationin a different,anduseful setting. We

considertheproblemof restorationof adegraded̀ collectionof documents'suchasthosefrom

a singlebook. Sucha collectionof documents,arisingfrom thesamesource,is oftenhighly

homogeneousin the script, font andothertypesettingparameters.The availability of sucha

uniformcollectionof documentsfor learningallowsusto:

� Do robust learningof a tight modelof thedocumentcontentevenin presenceof severe

degradations,asonecandiscarddatathatis potentialnoise.

� Do accurateparameterestimationfrom multiple evidences,astheamountof dataavail-

ableafterdiscardinghighly noisypartsis still considerable.

� Adaptto a largevarietiesof documentsin variousfonts,stylesandscripts,asourmodel

is exclusively learnedfrom theinput collectionitself.

Giventhatwecanlearnanaccurateandexactmodelof thedocumentscontent,we leverage

it to computethemostprobableestimateof theunderlyingcontentduringdocumentrestora-

tion. We frametherestorationprocessasa maximuma posterioriestimatecomputedfrom the

learneddocumentmodelprior andthenoisyobserveddatain a Markov RandomField frame-

work. Our formulationenablesusto incorporatea largercontext into theinferencingprocess,

thusproviding uswith theability to restorehighly degradeddocuments.

Theproposedapproachis farmorepowerful thantraditionalapproachesin restoringhighly

degradeddocumentsasit relieson learningof a documentmodelspeci�c to the input. It can

handleseveredegradationsincludingcuts,merges,ink blobs,or evenvandalizeddocuments.

To achieve this, we addressthe problemsof learninghigh quality priors and that of robust

restorationin a �e xible MRF-basedoptimizationframework [30].
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5.3 List of Contrib utions

Herearethelist of contribution in this chapter

� We would like to replacethepatchesin thedegradedimagewith exactnoisefreeorigi-

nalpatch,basedontheneighboringpatches.To makeouralgorithmef�cient, wechoose

larger patchsizeandrestrictive numberof labels. This givesrise to seriouscorrespon-

dencerelatedissues.Weproposeanovel overlappingmarkov randomframework which

allowsusto establishthecorrespondences.

� An algorithmicapproach,is proposedto exploits thecontextual relationbetweenimage

patches.Thisallowsthesystemtoupdatetheconstraintsby reasoningabouttheirvalidity

in thecontext of animagedescription.Usingthetopological/spacialconstraintsbetween

theimagepatches,localconstraintsareformulated.

� Weformulatethedocumentrestorationasa labelingproblemin arelaxationframework.

An likelihood function encodesany particularlabeling into an objective function and

the value of that objective function becomesa quantitative measureof the goodness

of the variouslabeling. An solutionto the objective function is obtainedusingBelief

Propagation[30].

5.4 Restorationby Learning

Theprocessof restorationproceedsin two stages.In the �rst stage,a setof idealpatches,

x i , that canoccurin the restoreddocumentareestimated,alongwith the spatialrelationship

betweenthem.Thisconstitutesaprobabilisticdocumentmodelthatis speci�c to theinput. The

mostlikely setof patchesthatgeneratedthe observedpatches,yi , is estimatedin the second

stage,usinganMRF framework. Figure5.4 shows theconstructionof thepatch-basedMRF

for adegradedword image.

The ideal (restored)patchat x5 dependsnot only on theobservedpatchat y5, but alsoon

the context of x5, given by its neighbors,x2; x4; x8; andx6. For example,in �gure 5.4, the

restorationof y6 dependsonwhethertheunderlyingcharacter(b;h; n; p), which is indicatedby
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Figure 5.2Patch-basedMRF for adegradedword image(Tip).

its neighboringpatches.Thegoalof therestorationstagecanbethoughtof thatof estimating

themostlikely setof patches,x i , thatcouldgeneratetheobservations,yi , while beingin their

respectiveneighborhoods.Basedontherestorationgoal,theproblemin the�rst stageis to �nd

asetof idealprototypesX , thatarepossiblein aspeci�c document,alongwith theprobabilities

of theirneighborhoodvalues,p(x i ; x j ) for eachof thefour neighbors.

The�rst stageinvolvestheestimationof idealprototypesfrom degradedones.Theprimary

goal asmentionedbeforeis to identify the consistentprimitives(patchesin our case)in the

documentcollection.As we havea collectionof documentsatourdisposal,we try to estimate

the model from multiple observations. The processproceedsasfollows: A given document

imageis approximatelysegmentedinto wordsandcharacters.Onecouldmake errorsin this

stage. The resultingsegmentsare clusteredto identify consistentshapesin the document.

Errorsin segmentationor highly degradedcharactersareeliminatedfrom the learningphase.

Theconsistent,probablynoisy, segmentsareusedto computetheir mostprobablerestoration.

The restoredsegmentsarethencoveredwith patchesto learntheir shapedandneighborhood

relations.
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Thechallengehereis to dealwith thelargenumberof possiblepatchesat thepatchsizewe

chose,aswell asto dealwith theseveredegradationsof characterspresentin thedocument.We

referto thisstepasprototypegeneration. Oneshouldalsobeableto generatetheneighborhood

relationshipsfrom theprototypes.NotethatusingagenericMRF modelasshown in �gure 5.4

will leadto adramaticincreasein thenumberof possiblepatches.Hencethesecondchallenge

is to comeupwith a formulationfor therestorationphase,thatmakestheprototypegeneration

phaseeasier, andthe restoration,ef�cient. We will �rst look into the restorationformulation

andthenreturnto theprototypegenerationphase.

5.4.1 Mark ov Model for Restoration

The input imageis segmentedinto words,andeachword is restoredindependently. How-

ever, we do not assumethat theword segmentationis alwayscorrect. Eachword is assumed

to be divided into a setof possiblyoverlappingpatches,yi , asshown in �gure 5.4. Given a

setof observed patches,yi , form an input documentimage,I , we aim to computethe MAP

(maximuma posteriori) estimateof thecorrespondingunderlyinglabels,x i 2 X .

Let P( �x; �y) = P(x1; : : : ; xN ; y1; : : : ; yN ) be the joint probability of observingy1; : : : ; yN

whenthe correspondingunderlyinglabelsarex1; : : : ; xN . Let  (x i ; x j ) denotethe pairwise

compatibilityof two neighboringlabels,x i andx j , and� (yk jxk), thelikelihoodthatthelabel

xk generatestheobservedpatch,yk . Thejoint probabilitycannow bewrittenas:

P( �x; �y) = P(x1; : : : ; xN ; y1; : : : ; yN )

=
Y

(i;j )

 (x i ; x j )
Y

k

� (yk jxk); (5.1)

The�rst productis overall neighboringpairsof nodes,i andj . To computetheMAP estimate,

we solve the MRF usingthe belief propagationframework [76, 29]. The belief-propagation

algorithmupdatesmessages, mij , from nodei to nodej , which areusedto infer the stateat

nodej . The stateof a nodeis updatedbasedon the messagesit receives,andthe processis

repeateduntil convergence.Let mt
kj be the messagebeingsentfrom the nodek to j at time
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instantt. TheMAP estimateatnodej overall labelcandidatesx j is:

x̂ j M AP = argmax
x j

� (x j ; yj )
Y

k

mt
kj ; (5.2)

wherek runsoverall neighborsof nodej . Wecalculatemt
kj as

mt
j " = max

[xk ]
~ (x j ; xk)� (xk ; yk)mt � 1

k! mt � 1
k" mt � 1

k ;

mt
j  = max

[xk ]
~ (x j ; xk)� (xk ; yk)mt � 1

k" mt � 1
k mt � 1

k# ;

mt
j # = max

[xk ]
~ (x j ; xk)� (xk ; yk)mt � 1

k mt � 1
k# mt � 1

k! ;

mt
j ! = max

[xk ]
~ (x j ; xk)� (xk ; yk)mt � 1

k# mt � 1
k! mt � 1

k" : (5.3)

mt � 1
lk is mt

lk from thepreviousiteration.Theinitial m0
kj saresetto columnvectorsof 1's,of

thedimensionalityof thevariablex j . Spatialconstraintsareimposedthroughtheformulation

of ~ (x j ; xk) function. Here, is not a symmetricfunctionanddependson theorientationof

x j andxk , enablingtheprior beingstrongerthansmoothnessprior [91].

5.4.2 Localizing the Patches

As notedbefore,one of the main constraintsin the patchbasedformulation is that the

locationof structureswithin apatchcanvary, changingtheobservationprobabilities,� (xk ; yk).

To dealwith this,weallow thepatchesto slidearoundandsettleata locationthatbestmatches

the underlyinglabel. The spirit of our approachis similar to [7]. However, we notethat the

label itself is unknown andfurtherdependson its neighboringnodes.Hencewe needto carry

out theoptimizationproceduredescribedabove for all possiblepatchlocationsfor eachof the

patches.Let eachpatch,yk beoffset in thehorizontalandverticaldirectionsby � pk and� qk

respectively, from their initial uniformly spacedlocations.Thefunctionto optimizebecomes:

P( �x; �y) = max
� pk ;� qk

Y

(i;j )

 (x i ; x j )
Y

k

� (yk;� pk ;� qk jxk) (5.4)

Thedirectoptimizationof equation5.4overall patchlocationsturnsout to beprohibitively

expensive. To overcomethedif�culty , weenforceleft-to-rightandtop-to-bottomorderingson

the centroidsof the patchesandformulatea dynamicprogrammingsolutionto carry out the
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Figure5.3A patchcanbelocatedanywherewithin awindow of m � n within thewordimage.

computation.Wefurtherobservethattheverticalslidingof apatchwithin awordis limited and

hencefor eachhorizontalpositionfor a patch,we computethebestmatchingverticalposition

for every interpretationof theunderlyinglabel.

Theproblemis now reducedto �nding thebesthorizontalshift for eachpatch.To achieve

this, we apply a Viterbi decoderfor every row of nodes,while keepingthe patchesin other

rows rootedto their locations.Theprocessis repeated,sequentially, until convergence.Note

that we needto carry out an MRF optimizationat every stepin the Viterbi algorithm. The

initializationof thepatchesis carriedoutusingindependentmaximumlikelihoodestimatesfor

the patchesover all possiblelabelsandlocationswithin the limits. We canfurther improve

the computationspeedby restrictingthe rangeof sliding for eachpatchto a speci�c limit,

restrictingthemostlikely path(horizontallocations)within adiagonalband,referredto asthe

Sakoe-Chibaband[82].

A lighter versionof the optimizationcanbe obtainedif we assumethat the positionof a

patchis within onewindow width aroundits initial location. This makesthecomputationof

pathlocationsindependentof its neighbors,andtheresultingoptimizationfunctionwouldbe:
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Figure 5.4 Collectionof Charactersandtheir Prototypes.A collectionof 10 charactersare
usedto generatetheprototype.

P( �x; �y) =
Y

(i;j )

 (x i ; x j )
Y

k

max
� p;� q

� (yk;� p;� qjxk) (5.5)

=
Y

(i;j )

 (x i ; x j )
Y

k

� 0(yk jxk) (5.6)

Note that theabove equationleadsto a regularMRF formulation. In mostpracticalcases,

we foundthatthedirectMRF formulationusingequation5.6 leadsto thesamesolutionasthe

morecomplex Viterbi optimizationusingequation5.4.

5.5 Learning the Labelsand Context

To generatethe label set,we generatea collectionof similar charactersby segmentation

andclustering. Outliers in eachclusterareusuallyerrorsin segmentationprocessor highly

corruptedsamplesandareremoved [39]. Thesesimilar charactersareusedto generatehigh

quality prototypes,by bitmapaveragingandrestoration.Similarly, prototypesaregenerated

from all theclusters.Figure5.4showsexamplesof two prototypes,correspondingtocharacters

`a' and`d' beinggeneratedfrom thenoisysamples.

To learn the context relationship,eachcharacterprototypeis divided into collection of

patches.Dif ferentcharactershave differentdimensions.They aredivided into equalN � N

sizedlabels.Similarly labelsareextractedfrom othercharacterprototypes.Thecollectionof

patchesfrom all thecharactersform thepossiblesetof labels.Thesepatchesaretypically of
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size25 � 25 for a 600 dpi image. Large patchsizemeansthat the prior is de�ned on large

neighborhood,makingit morepowerful.

We samplethe patchesso that they overlapwith eachotherby few pixels. In the overlap

region,thepixel valuesof compatibleneighboringpatchesshouldagree.Wemeasured(x i ; x j ),

thesumof squareddifferencesbetweenpatchcandidatesx i andx j in their overlapregionsat

nodesi andj . Thecompatibilitymatrixbetweennodesi andj is then

~ (x i ; x j ) = exp

 

�
~d(x i ; x j )

2� 2

!

; (5.7)

where� is a noiseparameter[31]. We usea correlationbasedpenaltyon differencesbetween

theobserveddegradedimagepatch,yi , andthecandidatelabelpatch,x i , foundfrom thepro-

totypeto specify� (yk jxk).

5.5.1 DocumentImageSuper-resolution

Oneof theadvantagesof our formulationof learningidealpatchesfrom multiple degraded

or low-resolutionpatchesis thatwe candirectly estimatethe idealpatchesat high resolution,

thuscombiningdocumentrestorationandsuper-resolutioninto oneprocess.We proposethe

useof a MRF-basedMAP estimationto generatethe super-resolvedprototypes.The overall

processproceedsasfollows:

� Upsamplethelow-resolution,degradedprototypesusingcubicsplineinterpolation.

� Register the prototypesat high resolutionusingcorrelationandcomputemeanproto-

types.

� Obtain the super-resolved patchesby computingthe MAP estimateof the underlying

high resolutionprototype.

To achieve the third step,we usea text speci�c prior andformulatethe estimationin an

MRF framework. Imagesof text areusuallysmoothin both the foregroundandbackground,

with sharptransitionsonly attheedges.Thus,text imagestypically havebimodaldistributions,

with largeblackandwhite peaks[21]. Thepeakoccursat � white for thebackground(white),
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(a) (b) (c) (d)

Figure 5.5 Super-resolutionby a factor of 3: (a) original high-resolutionimage, (b) low-
resolutioninput (c) cubicsplineinterpolationof (b), and(d) super-resolvedprototype.

sincethe majority of pixels on a text pageis background.Thereis a secondpeakat � black,

representingthetext. Additionally, therearea smallnumberof grayvaluesoccurringbetween

the two peaks,which representthe gray pixels that exist at transitionsfrom white to black.

Theamountof theseintermediategraylevelsis relatedto theamountof blur in thedocument

image.In orderto obtainanunblurredimage,we wish to obtaina sharpbimodaldistribution,

pushingthe intermediategray level towardstheir nearestpeaks.To incorporatethis property

wede�ne theconditionalprobabilityas

� (yk jz ) = (yk � � white )2(yk � � black)2; (5.8)

where� (yk jz ) is thecostof assigninglabelxk to pixel yk , effectingthe(bimodal)distribution

z , andis referredto asthebimodalcostprior.

We would alsolike the label xk to be ascloseto the gray valueyk , for a pixel. Thus,the

conditionalprobabilityis de�ned as

� (yk jxk) = (yk � xk)2� (yk jz ) (5.9)

where� (yk jxk) is the costof assigninglabel xk to pixel yk , which is referredto asthe data

cost. We usetheedgestoppingfunctionto ensuresharpedges.Thuswe useLorentzianedge

penaltyfunction[65] whichdeterminesthepenaltybetweenthetwo nodesof a MRF:

 (x i ; x j ) = log

(

1 +
1
2

(x i � x j )2

� L

)

; (5.10)
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where� L is calledthecontrastparameter, whichcontrolstheshapeof theedgestoppingfunc-

tion [65]. The quality of a labelingin generalrestorationproblemis givenby an probability

estimatein equation5.1. Thus,unlike Luong et al. [65], we formulatethe problemasMRF

thatprovidesuswith abetteroptimum.Thebeliefpropagation[29] basedoptimizationis both

fastandrobustfor thepurpose.

5.6 Experimental Resultsand Discussions

Weconductedextensiveexperimentsthatanalyzetheperformanceof thealgorithmsaswell

asgive insightsinto its workingandpotentialapplications.Wenow discusssomeof thequan-

titativeandqualitativeresultson variousinputdocuments.

5.6.1 Restorationof DegradedDocuments

We have carriedout a variety of restorationexperimentswith differentdocumentimages

anddiffering levelsof degradation.For the �rst experiment,we selecteda degradedEnglish

bookcontaining40 pageswith closeto 50; 000wordsand237; 000characters.The pagesof

thebookwerescannedusinganHP �atbed scannerat600dpi. A documentmodelwaslearned

for the completebook after segmentation,and restorationwas performedon all the pages.

Figure5.6 shows a selectionof 10 wordsfrom the book containingcuts,merges,blobsand

erosionartifacts,alongwith therestorationoutputof ouralgorithm.

The�rst classof degradationsthatwenoticeis ink blobsandsmears,aspresentin theword

surely, convening, permitting, etc. We notethat our algorithmis ableto handlemostof the

casesvery well. Especially, theword little, which hadthreeof its charactersconnectedby an

ink smearwasrestoredcorrectly. Sever andminor cutsanderosionwerealsopresentin the

dataset.For example,the word several hasa severecut in the characterv andthe character

m in imprisonmentis separatedinto threepartsdueto erosion.As theoverall shapeof all the

charactersarediscerniblein spiteof thesedegradations,the restorationalgorithmis able to

replacethenoisyregionswith thecorrectidealpatches.

82



Figure 5.6Restorationof wordscontainingcuts,merges,blobsanderosion.

However, we notethatfor thewordvindictive, theink smearon thecharacterv is sosevere

that theresultantpatcheswerenot correctlymatched.As therestorationalwaystriesto �nd a

setof patcheswhoseneighborhoodrelationsarecorrectasperthedocumentmodel,we notice

thepatchreplacementshaveresultedin replacementsby patchesof charactera.

Therestorationshouldalsoimprovetherecognitionresultsof any off-the-shelfOCRsystem.

To verify this,werantheTesseract-2.01OCRfrom Googleonall thepagesof theabovebook,

which resultedin an error rateof 3:7%. We note that the modernday OCRsare trainedto

performwell even in presenceof commontypesof noise,and the accuracy on the original

documentis alreadyvery good. However, after restorationby our proposedalgorithm, the

errorratefurtherreducedto 1:9%. Theaccuracy wasmeasuredatcharacterlevel andthebook

contained236; 861characters.

Figure5.8 shows a portionof an input pageandtherestoredversion,alongwith theOCR

results.We notethat the recognitionof the restoreddocumentis in fact highly accurate,and

mostof the errorsareintroducedduring the recti�cation process.Two typesof errorsareof

interesthere.The�rst oneis dueto theerroneousrestorationof thewordvindictive, wherethe

ink-blottedv wasrestoredasana. Thesecondsetof errorsis duetomissingpunctuationmarks.
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Figure5.7Distance-ReciprocalDistortionMeasurefor aword “last”.

This is primarily becauseof the assumptionof heavy noisein documentsduring prototype

learning,which discardssmallmarks.Onecantunetherestorationto thenoiselevelspresent

in thedocumentto avoid this.

To studythe effect of the sizeof the documenton the restorationresults,we analyzethe

restorationquality with increasingnumberof prototypesavailablein eachcluster. To measure

therestorationquality, weusedistance-reciprocaldistancemeasure [64], de�ned as:DRD =

(
P S

k=1 DRD k)=N UBN , whereN UBN is theestimatethenonemptyareain the imageand

DRDk is the weightedsumof the pixels in the block of the original imagethat differ from

the�ipped pixel in thedegradedimage.We selectoneword from theabovebookandplot the

DRD scoreasthenumberof prototypesusedin thelearningstageincreases.Wenotethatwith

around7 prototypes,theDRD scoreis alreadyvery low, which keepsimproving furtherover

iterations.Wealsoshow asamplerestoredwordif performedatdifferentstagesof thelearning

processfor illustration purposes.Onecanclearly noticethe increasein visual quality of the

samplewordasthenumberof prototypesin a clusterincreases.
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5.6.2 Script Independence

As mentionedbefore,therestorationprocessdoesnot make theassumptionthat thedocu-

mentcontainsaspeci�c font or script.Wecanperformrestorationsof multiplescriptsusingthe

sameapproach.As thelearninghappensat a patchlevel, andthedocumentpriorsaregeneric

to text, the algorithmis directly applicableto any script or font. The resultof restorationof

the proposedalgorithmon a documentcontainingGreektext is shown in �gure 5.9. Several

touchingandbrokencharactersareeffectively correctedby our restorationalgorithm.

5.6.3 Restorationof VandalizedDocuments

Oneof the main strengthof the approachis that it modelsthe contentsof the document

image.This allows usto discardany additionsto thedocumentthatdo not follow thelearned

documentmodel. We areableto restoreeven severely degradedandvandalizeddocuments,

aslong asthe actualcontentis discernible.As the learningis doneat a patchlevel, onecan

learn the documentmodel from the degraded/vandalizeddocumentitself, assumingpartsof

the documenthassegmentablepatchesthat canbe usedfor learning. Figure5.10shows an

exampledocumentthathasseverescratches/overwriting on theoriginal document.We notice

thatour approachis ableto completelyrecover theoriginal document.Restorationresultsof

documentimagesfrom amagazinewith degradationsandvandalizationis givenin �gure 5.11.

It is interestingto notethatevenin presenceof severedegradations,ouralgorithmis ableto

performextremelywell, aslongastheoverallshapeof apatchesin acharacteror its neighbors

arevisible.

5.6.4 Restorationwith Super-resolution

Anotheraspectof theapproachof usingmultipledegradedprototypesto learntheidealone

is thatonecaninfer super-resolvedprototypesfor patchmodelsandrestoration.Figure5.12

shows a sampledocumentat 100dpi that is super-resolved to 300dpi. Comparisonwith the

original documentscannedat 300dpi revealsthatwhile thesuper-resolvedtext is closeto the

original, theprocesshasachievedits intendedgoalof restoration(noiseremoval) also.
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5.7 Summary

We presenteda novel approachto documentrestoration,that builds a tight modelof the

documentcontentfrom the input documentitself, andusesit to restoreseveredegradations,

includingcuts,merges,blobsanderosion.ModelingthedocumentasanMRF onlargerpatches

allows usto usea largercontext for restoration.As theapproachworkson a genericmodelof

thedocumentcontent,we areableto handlevandalizeddocumentsaswell asmultiple scripts

andfonts.Theestimationof thecontentmodelcanalsoincorporategenerationof highquality

prototypes,leadingto super-resolutionof therestoreddocument.

The currentapproachprimarily usesa contentmodelthat is learnedfrom the input docu-

ment.Integrationof theapproachwith acomplementarymechanismthatmodelsthenatureof

degradationscouldfurtherimprovetherestorationperformance.Anotherpotentialdirectionis

to combinerecognitionwith restorationin aniterative fashion.
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(a) InputParagraph

(b) OCRResultof (a)

(c) OutputParagraph

(d) OCRResultof (c)

Figure5.8Resulton aportionof imagefrom thebook.
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(a) InputDocument

(b) RestoredDocument

Figure5.9Restorationof text in Greekusingtheproposedapproach.

Figure 5.10Restorationresultsof apagewith overwrittenscratchesandink spraymarks.
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(a) A MagazinePage

(b) RestorationResult

Figure5.11Restorationresultsof documentimagesfrom amagazine.

(a) Original High-res.Image(300dpi) (b) Low-res.Image(100dpi)

(c) CubicSplineImage(300dpi) (d) ProposedMethod(300dpi)

Figure5.12Text super-resolvedby a factorof 3 times.
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Chapter6

Conclusions

In this thesis,we have describeda robust reconstructiontechniqueto enhancethe quality

of documentimages. Imagerestorationusingresolutionexpansionis importantin many ar-

easof imageprocessing.This work introducesa restorationmethodfor low-resolutiontext

imageswhich producesexpandedimageswith improvedde�nition. An implicit edge-directed

super-resolutionalgorithmfor documentimagesis proposed.Edgedirection information is

incorporatedin theformulationof theenergy functionin theMRF model.This techniquecre-

atesa stronglybimodal imagewith smoothregionsin both the foregroundandbackground,

while allowing for sharpdiscontinuitiesat theedges.Therestoredimage,which is constrained

by thegivenlow-resolutionimage,is generatedby iteratively solvinganonlinearoptimization

problem.Low-resolutiontext imagesrestoredusingthis techniqueareshown to bebothquan-

titatively andqualitatively superiorto imagesexpandedusingthestandardmethods.Thealgo-

rithm is aninstanceof a generalnontrainingbasedapproachthatcanbeusefulfor document

image-processing,that extractsa single high-resolutionframe from a single low-resolution

image,wherethepriorsarederivedfrom sameimage.

Exploiting the multiple occurrenceof charactersbringsmoreinformationat our disposal,

which leadsto muchbetterestimatesof theunknown pixel values.In orderto take advantage

of this repetitive behaviour in a practicalway, we divide the imageinto charactersegments.

The charactersegmentationreducesthe computationtime drasticallyin two ways: the algo-

rithm only hasto focusontheseregionsof interestsandthesearchspacefor possiblematching

candidatesis enormouslyreduced.Matchingbetweenthe charactersegments�lters relevant
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informationbeforethe reconstruction.Informationoriginatingfrom othersimilar characters

arecombinedandthe charactersarereconstructedin a Bayesianframework. Resultsof dif-

ferentexperimentsshow theeffectivenessof our proposedtechnique:charactersandsymbols

arereconstructedvery well andOCR resultsshow a signi�cant improvementof our method

comparedto otherreconstructionmethods.A trivial extensionto our methodis to take multi-

plepagesof thesamedocument,journalsor bookinto accountor to combineourmethodwith

multi-framerestorationtechniques(for video applications).This would produceeven better

resultsbecausethereis morerepetitive informationavailable. The initially restoredimageis

improvedby MAP basedapproachwherea suitablea priori informationis usedto guidethe

restoration,resolutionenhancementbeingthebyproduct.Theproposedmethodcandealwith

variousscripts,andentailsrelatively simplecomputation.Throughexperiments,it hasbeen

validatedthattheproposedmethodimprovesbothOCRaccuracy andimagequality. Thelim-

itation of this work is that thework is built on top of charactersegmentation,which canbea

bottle-neckandis nota completelysolvedproblem[51].

To overcomethis problemwe proposeanapproachto restoreseverelydegradeddocument

imagesusinga probabilisticcontext model.Unlike traditionalapproachesthatusepreviously

learnedprior modelsto restorethe image,we areable to learn the text model from the de-

gradeddocumentitself, makingtheapproachindependentof script,font, style,etc.We model

the contextual relationshipusingan MRF. The ability to work with larger patchsizesallows

us to dealwith severedegradationsincludingcuts,blobs,mergesandvandalizeddocuments.

Thisapproachcanalsointegratedocumentrestorationandsuper-resolutioninto asingleframe-

work, thusdirectly generatinghigh quality imagesfrom degradeddocuments.Experimental

resultsshow signi�cant improvementin imagequalityondocumentimagescollectedfrom var-

ioussourcesincludingmagazinesandbooks,comprehensively demonstratetherobustnessand

adaptabilityof theapproach.

In short,wepresentedanovel approachto documentrestoration,thatbuildsatight modelof

thedocumentcontentfrom theinputdocumentitself, andusesit to restoreseveredegradations,

includingcuts,merges,blobsanderosion.ModelingthedocumentasanMRF onlargerpatches

allows usto usea largercontext for restoration.As theapproachworkson a genericmodelof
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thedocumentcontent,we areableto handlevandalizeddocumentsaswell asmultiple scripts

andfonts.Theestimationof thecontentmodelcanalsoincorporategenerationof highquality

prototypes,leadingto super-resolutionof therestoreddocument.

The proposedmethodcanalsodealwith documentsirrespective to their exotic font type,

it evenpreservesthefont typeandis not restrictedto charactersof a particularalphabet.The

strategy of usingthe repetitive symbolpropertyis not restrictedto thereconstructionof doc-

umentimageswhich suffer from noise,compressionartefacts,low resolutionscanning,wear

processes(e.g. in old manuscripts),etc.,but canalsobe appliedin an example-basedsearch

engineandcombinedwith anef�cient documentcompressionscheme.Thelatter is usefulfor

thestorageof largedigital librariesor for transmittingdocuments.Repetitive characterscon-

tain redundantinformation,this redundancy canberemovedfor compressionby constructing

aprototypefor eachclass/clusterof charactersandencodetheremainingreconstructionerrors.

Future Work - The currentapproachprimarily usesa contentmodelthat is learnedfrom

theinputdocument.Futurework couldfocusontheintegrationof theapproachwith acomple-

mentarymechanismthatmodelsthenatureof degradationscouldfurther improve therestora-

tion performance.Anotherpotentialdirectionis to combinerecognitionwith restorationin an

iterative fashion.

Our work is is anattemptof applyingstochasticmethodto thepreprocessingof badlyde-

gradeddocumentdata. The restrictionof our modelmight be that it is essentiallybasedon

documentimage,but doesnot handleintenseillumination variation,complicatedbackground,

andblurring that arecommonin low resolutionvideo or pictures. However it is possibleto

generalizethe modelfor moreapplications.Besides,therearesomeotherissuesconcerning

speeding-uptheMRF, trainingmultiplemodelsto dealwith differentdegradations.

Thedegradationsin documentimagesarequitecomplex in nature.We treattherestoration

andrecognitionastwo separate�elds. But a overlapmight bemoreeffective to extractbetter

results,for example,basedtheoutcomeof therecognitionstagewe canbettertherestoration

process.This maysigni�cantly improvestherestoration.To simultaneouslyaddressrestora-

tion and recognitionproblemsfor object classspeci�c imagescould be a good idea. This

problemcannotbe consistentlysolved usingnormalMRFs due to the lack of strongpriors
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andthecomputationalchallengesof learninglargedatasets.It is alsohighly unlikely thatpure

recognitionmethodswouldwork in thecasesof severelyblurredimages.Thiswork haspoten-

tially veryinterestingextensions.Oneof themis to overcometheneedfor manuallysegmented

imagesby performingthesegmentationjointly with recognitionandrestoration.Thiswouldbe

apotentiallysigni�cant contribution to theactiveareaof joint recognitionandsegmentation.
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