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Abstract

Documenimagesare oftenobtainedby digitizing paperdocumentsike booksor manuscripts.
They couldbepoorin appeaancedueto degradationof paperquality, spreadingand aking
of ink toner imaging artifacts etc. All the above phenomendead to different typesof noise
at theword level including boundaryerosion,dilation, cuts/beaksand megesof characters.
Further, with the adventof modernelectionic gadgetslike PDAs, cellular phonesand digi-
tal cameans, the scopeof documenimaging haswidened.Documenimage analysissystems
are becomingncreasinglyvisible in everydaylife. For instance onemaybe interestedn sys-
temsthatprocessstore, undestanddocumentmagesobtainedby cellular phonesProcessing
challengesin this classof documentsre consideably differentfromthe conventionalscanned
documenimages. Many of this new classof documentsre characterizedby low resolution
andpoor quality. Superresolutionprovidesan algorithmicsolutionto theresolutionenhance-
mentproblemby exploiting the image-speci capriori information. In this thesiswe studyand
proposenev methoddor restortion andresolutionenhancemendf documentmages.

Wk presenta singleimage superresolutionalgorithmfor gray level documentmageswith-
outusinganytraining set. Supefresolutionof documentmagesis characterizedoy bimodal-
ity, smoothnesslong the edges as well as subsamplingconsistency Thesecharacteristics
are enforcedin a Markov Randon¥Field (MRF) framavork by de ning an appropriate enegy
function. In our case subsamplingof superresolutionimage will return the original low-
resolutionong proving the correctnesf the method. Therestoed image, is geneited by
iteratively reducingthe enegy function of the MRF, which is a nonlinearoptimizationprob-
lem. Thisappmad is a singleframeappmad and is usefulwhenyou do not havemultiple
low-resolutionimages.

Documenimageshaverepetitivestructural nature as the characters and words are found
more than oncein a page/book. The extraction of a single high-qualitytext image froma set
of degradedimagesis bene tedfromtheapriori information. A charactersegmentatioris per-

formedto extractthe charactels. A total variation basedprior modelis usedin a MaximumA



Posteriori (MAP) estimateto smootherthe edgesand preservethe corners, so characteristic
of text images. Dependencen character sggmentatiorstill remainsa bottle-ne&. Character
se@mentationproblemis not a completelysolvedproblem. The seggmentationaccuracy de-
pendson the quantityof noisein thetext image. In our next approad, we shall overcomethe
dependencyn character sggmentation. We shall look for a restomation approadc that does
not performa explicit charactersggmentationput still usesherepetitivecomponenhature of
documentmages.

In documentmagesdegradationis varied at differentplacesin a documentContext plays
an importantrole in textual image undestanding A MRF framavork that exploits the con-
textual relationbetweenmage patches,is proposedUsingthetopolagical/spacialconstaints
betweertheimage patches,the impossiblecombinationsare eliminatedfromtheinitial setof
matdings, resultingin an unambiguoudextual output. Thelocal consistencys adjustedto
theglobal consistencysingthebeliefpropagationalgorithm. Aswe are workingwith patches
and not characters, we avoid performingan explicit sggmentation. The ability to work with
larger patch sizesallows us to deal with severe degradationsincluding cuts, blobs, meiges
andvandalizeddocumentsThisapproad canalsointegrate documentestoration and super
resolutioninto a singleframevork, thusdirectlygenerting high qualityimagesfromdegraded
documents.

To conclude the thesispresentsan approacd for reconstructingdocumenimages. Unlike
othercorventionalreconstructiormethodsthe unknownpixel valuesare not estimatecased
ontheir local surroundingneighbourhoodbut on thewholeimage. We exploit the multiple oc-
currenceof charactersin thescannedlocumentA greatadvantaye of our proposedapproach
over corventionalapproadesis thatwe havemotre informationat our disposalwhich leadsto
a betterenhancementf the documenimage. Experimentatesultsshowsigni cant improve-
mentin image quality on documenimagescollectedfromvarioussourcesincludingmagazines

andbooks,compehensivelylemonstatethe robustnessand adaptabilityof the approad.
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Chapterl

Intr oduction

1.1 Intr oduction

Documentimageanalysishascarwed a nicheout of the moregeneralproblemof computer
vision becausef its distinctnesgrom regular classof images. Optical characterecognition
(OCR)wastakenasoneof the rst clearapplicationsof patternrecognition. Eventoday the
challenge®f complex content,noisy data,anduseof new imagingdeviceskeepthe eld ac-
tive. It is increasinglybecomingmportantto provide peoplewith regularandeffective access
to the information. Documentimagesare informationrich. Computersystemsare usedto
developthe digital technologysystemswhich enablesasyaccesgo the vastreserwoir of in-
formation. Thesesystemhave an OCR at their core. ModernOCRsdonotperformwell in the
casewherethe documenimageis substantiallydegraded . Adequateenhancemerdpproaches
arerequiredto make the documentmagest for OCRing. Further the degradedimageare
not aestheticallyappealing. Theseimagesareall departuréfrom anideal versionof the doc-
umentimage,which is unambiguouslyvell de ned in the domainof machine-printedextual
documentsThegoalof thisthesisis to revertbackthe degradationprocessandreachtheideal
versionof thedocumenimage.

The ultimateobjective of thedocumenimageanalysiss to recognizethe text components
in imagesof documentsandto extractthe intendedinformationasa humanwould. With the
adwent of modernpublishingtechnologiesdocumentanalysissystemswill becomeincreas-

ingly moreevidentin theform of everydaydocumensystems.



1.2 Motivation

Imagesof paperdocumentsare almostinevitably degradedin the courseof printing, pho-
tocopying, Faxing,andscanningandthis lossof quality - evenwhenit appearsegligible to
humaneyes- canbe responsibldor an abruptdeclinein accurag by the currentgeneration
of text recognition(OCR) systems.This fragility of OCR systemswvhen confrontedby low
imagequality is well known to the OCR community[80]. Theaccurag of today's document
recognitionalgorithmsfalls abruptlywhenimagequality degradesevenslightly [3]. Thephys-
ical cause®f imagedegradationaremyriad: spreadingand aking of ink toner;unevenpaper
surface;low print contrast;non-uniformillumination; defocusing;nite spatialsamplingrate;
variationsin pixel sensorsensitvity andplacementnoisein electroniccomponentsbinariza-
tion (e.g. x edandadaptve thresholding).And, imagesmay resultfrom morethanonestage
of printing andimaging. By “degradation”(or “defects”)we meanawide variety of less-than
idealpropertiesof realimages.

Traditionally, documentmagesarescannedrom pseuddinaryhardcojpy papemanuscripts
with a atbed, sheet-fedpr mountedimagingdevice. Recently however, the communityhas
seenanincreasednterestin adaptingmodernimagingdevice lik e digital camerado tasksre-
latedto documentmageanalysis. Digital camcordersdigital camerasPCcamsPDAs, and
even cellphonecamerasrebecomingincreasinglypopular andthey have shavn potentialas
alternatve imagingdevices[47]. Althoughthey cannotreplacescannersthey aresmall,light,
easilyintegratedwith variousnetworks,andmoresuitablefor mary documentapturingtasks
in lessconstraineetrvironments.Theseadwantage$eadto a naturalextensionof thedocument
processingommunitywherecamerasreusedto imagehardcopy document®r naturalscenes
containingtextual content. This hasgivenrise to new potentialapplicationsthoughmostof
thetime handicappedtby low-resolution.For text anddocumentinalysisastheapplicationar-
easextendto lowerresolutioncameraenabledievices,supefresolutionrmethodsarebecoming
more importantand necessary Digital video compressioralgorithmscanbene t from suc-
cessfultext resolutionexpansiontechniques.Video could be indexed andretrieved basedon

text information, text obsenedin thesetypesof imagesis oftenlow-resolution.In thesecon-



ditions, it is virtually impossibleto do charactesggmentatiorindependentlyrom recognition.
Resolutionenhancemerns oneof theapproachhatcanassisthe causeof recognitionin low-

resolutionimages. Supefresolutionmethodsare usefulwherephysicallimitations exist pre-
ventinghigherresolutionimagesfrom beingobtained Wheneer dynamicimageenlagement

is neededsuchastext in camera-baseinagery supefresolutiontechniquesanbe utilized.

1.3 Text Enhancement

Image processingmodi es picturesto improve them (enhancementiestoration),extract
information (analysis,recognition),and changetheir structure(composition,imageediting).
Imagescanbeprocessetby optical, photographicandelectronicmeanshutimageprocessing
usingdigital computerss themostcommonmethodbecauseligital methodsarefast, e xible,
andprecise.

Imageenhancemeninprovesthequality (clarity) of imagesor humanviewing. Remaring
blurring and noise, increasingcontrast,and revealing details are examplesof enhancement
operations.For example,animagemight be taken of an monumentwhich might be of low
contrastand somevhat blurred. Reducingthe noiseandblurring andincreasingthe contrast
rangecould enhanceahe image. The original imagemight have areasof very high andvery
low intensity which maskdetails. An enhancemerdlgorithmrevealsthesedetails. Adaptive
algorithmsadjusttheir operationbasedon the imageinformation(pixels) beingprocessedin
this casethemeanintensity contrastandsharpnesg&@mountof blur removal) couldbeadjusted
basedn the pixel intensitystatistican variousareasof theimage.

The aim of imageenhancemenits to improve the interpretability or perceptionof infor-
mationin imagesfor humanviewers, or to provide "better' input for otherautomatedmage
processindechniques.

Imageenhancemertechniquesanbedividedinto two broadcateyories:

Spatialdomainmethodswhich operatedirectly on pixels,and

frequeny domainmethodswhich operateon the Fouriertransformof animage.



Unfortunatelythereis nogeneratheoryfor determiningvhatis "good'imageenhancement
whenit comesto humanperception.If it looks good,it is good! However, whenimageen-
hancementechniquesreusedaspre-processingpolsfor otherimageprocessingechniques,
thenquantitatve measuresandeterminewhich techniquesaremostappropriate.Traditional
methoddor imageenhancementanbe classi ed into two cateyories:imagerestorationand

resolutionexpansion.

(a) Portionof adegradedext image

cultivators had so much money
that they went on raising the
a workshop which had a furnace

(b) Restoratioroutputimage

Figure 1.1 Restoratiorof documenimages.

Our Interestin this thesis- In thisthesiswe areinterestedn theproblemimagerestoration
and resolutionexpansionof text images. Our algorithm dealswith only the textual part of
a documentimage. In casethereare graphicobjectin the documentpage,then a suitable
segmentationalgorithm shouldbe usedto separateéhe textual contentfrom the non textual

one.

Text Restoration - Documentmagesareoftenobtainedoy digitizing paperdocuments
like booksor manuscriptsThey couldbepoorin appearancdueto degradatiorof paper

quality, spreadingand aking of ink toner imagingartifactsetcasshavn in Figurel.1.



In machine learning, current research has shifted away
from simply presenting accuracy results when performs-
g an empirical validation of new algorithims, This is

especially true when evaluating algorichms that output

(a) Portionof alow-resolutiontext image

In machine learning, current research has shifted away
from simply presenting accuracy results when perform-
ing an empirical validation of new algorithms. This is
especially true when evaluating algorithms that output

(b) Supefresolutionoutputimage

Figure 1.2 Restoratiorof documenimages.

Restoratiorof suchimageshasmary applicationsn enhancingheperformancef char

acterrecognizeraswell asin bookreadersisedin digital libraries.

Text Superresolution- The goalof resolutionexpansionis to createan expandedm-
agewith improvedde nition from obsenredlow-resolutionimagery Acquisitionof this
low-resolutionimagerycanbe modeledby averaginga block of pixels within a high-
resolutionimage.Theimageacquisitionprocessonsistf convertinga continuousm-
ageinto discretevaluesobtainedirom a groupof sensorlements Eachsensorlement
producesvaluewhichis afunctionof theamountof light incidentonthedevice. For 8-
bit grayscalejuantizationtheallowablerangeof valuesfor eachsensoareintegersfrom
0 (black)to 255 (white). The sensoraretypically arrangedn anon-overlappinggrid of
squareelementssmallerelementsesultin higherresolutionimagery A high-resolution
imageis shavn in Figure 1.2 wherethe numberof sensorss adequatdo representhe
desiredtext image. The majority of pixels within the imageare eitherwhite or black,
with a smallnumberof gray pixelsoccurringat the edges.Figure 1.2 illustratesa low-

resolutionimagewherethe numberof sensordhasbeenreducedby a factorof q = 4



in boththe horizontalandvertical directions. This low-resolutionacquisitionresultsin
signi cant blockinessandis insufcient to accuratelyrepresenthis image. Eachsen-
sor elementeffectively averageghe imagewithin its sectionof the grid, resultingin an

increasecamountof gray pixels.

1.4 Image Enhancementasan InverseProblem: MAP

In animageenhancementroblem,we assumedhatanidealimage,f, hasbeencorrupted
to createthe measuredmage,g. The usualmodelfor the corruptionis a distortionoperation,

denotedby D, followedby the additionof randomnoise

g=D(f)+n (1.2)

imageg. Here,f andn arealsosimilarly representedThe restorationproblemthen,is the
problemof nding the bestestimateof f giventhe measuremeny, someknowledgeof the
distortion(e.g. blur), andthe statisticsof noise.

Restorations oftenreferredto asaninverseproblem. Thatis, we have a procesgin this
caseblur) which takesaninput andproducesan output. We canonly measurehe output,and
we wishto infer theinput.

Inverseproblemsand ill-posedness A problemg = D(f) is saidto bewell-posedf
for eachf, asolution,g, exists
the solutionis unique

the solutiong continuouslydepend®n thedataf .

If thesethreeconditionsdo not all hold, the problemis saidto be “ill-posed”. lll-posedness
is normally causedby the ill-conditioning of the problem. Conditioningof a mathematical
problemis measuredy the sensitvity of outputto changesn input. For a well-conditioned
problem,a smallchangeof input doesnot affect the outputmuch;while for anill-conditioned

problem,a smallchangeof input canchangethe outputa greatdeal.



A simpleexampleof ill-conditioning is asfollows: considetthelinear systemdescribedy

ablur A, andunknovnimagef, anda measuremerg, where

g = Af
2 3 2 3 2 3
a=4t s qoalfis 4oals
1 101 ) 1

This systemhassolutionf, = 1;f, = 0. Now, supposdhe measurement, is corruptedby
noise,producingg = [1 1:01] . Then,thesolutionis f, = 0;f, = 1. A trivially smallchange
in the measurediatacauses dramaticchangen the solution. Thusin all suchsituationsthe
vectorf = A 1g (orin thefull ranked overdetermineataseA * g, with the pseudoinverse
A* = (A A) A),if it existsatall, is usuallya poorapproximationof f (This canbe seen
from ananalysisin termsof the singularvaluedecompositiorj71]).

Importanceof well-posedneskasbeennotediong beforethe davn of the computerageby

Maxwell whoin 1873wrote|[6]:

Thee are certainclasseof phenomenaas| havesaid,in which a smallerror
in the data only introducesa small error in the result. Sud are, amongothers,
thelarger phenomenaf the solar systemandthosein which themore elementary
lawsin dynamicscontribute the greaterpart of theresult. Thecourseof eventsin

thesecasesds stable

Thereare mary waysto approachtheseill-posed restorationproblems. They all sharea
commonstructure:the regularizationtheory Generallyspeakingary regularizationmethod
tries to analyzea relatedwell-posedproblemwhosesolution approximateghe original ill-
posedproblem.

For example,the rst approaclonemight think of is to produceanimageestimatewhich

hastheminimumlinearleastsquare®rror. Thatis, nd theunknovnimagef whichminimizes
E=jig Afj?
However, thematrix A maybeill-conditionedor singularyielding alargenumberof solutions.

Directly minimizing E doesnot work, asthe problemis still ill-conditioned. In orderto give



cif,f) cif,f)

A A

f-f f-f

Figure 1.3 Two choicesof costfunctions.

preferenceo a particularsolutionwith desirablepropertiestheregularizationtermis included
in this minimization. A regularizationtermor a prior is indeedneededo derive a solutionto
anill-posed problem. The Maximum A Posteriori(MAP) approachjs one suchframewvork
wherethe prior is usedto derive the solution.

The Maximum A Posteriori (MAP) approach - Bayesimagereasonings a theory of
fundamentaimportancein estimationand decisionmaking. Accordingto this theory when
boththe prior distribution andthelik elihoodfunctionof a patternareknown, the bestthatcan
be estimatedrom thesesource®f knowledgeis the Bayeslabeling. Themaximuma posterior
(MAP) solution,asa specialcasein the Bayesframework, is soughtin mary vision works.

BayesEstimation - In Bayesestimationarisk is minimizedto obtainthe optimalestimate.

TheBayesrisk of estimate is de ned as
z
R(f )= C(f ;f)P(fjd)d

f2F
whered is theobsenation,C(f ;f) isacostfunctionandP (f jd) is the posteriordistribution.
First of all, we needto computethe posteriordistribution from the prior andthe likelihood.
Accordingto the Bayesrule, the posteriorprobability canbe computedoy usingthefollowing

formulation
p(dif )P (f)
p(d)
where P (f ) is the prior probability of labellingsf, p(djf ) is the conditionalp.d.f. of the

P(fjd) =

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

whichis aconstanivhend is given.



The costfunction C(f ;f) determineghe costof estimatef whenthetruthisf . It is

de ned accordingto our preferenceTwo popularchoicesarethe quadratiacostfunction
C(f ;f)=jif fjj?

wherejja  bj is adistancebetweera andb, andthe costfunction
8
0 if jjf f
ct =, Y
1 1 otherwise

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

TheBayesrisk underthe quadraticcostfunctionmeasureshe varianceof the estimate

Z
R(f )= it fiitP(fjdd
f2F
Letting @g ) = 0, we obtainthe minimal varianceestimate
z
f = fP(fjd)d
f2F

Theabove is themeanof the posteriorprobability.

Forthe costfunction,theBayesrisk s
z z

R(f ) = P(fjd)d = 1 P(f jd)d
it fii> it fi

When ! 0, theaboveis approximatedy
R(f )=1 P (fjd)

where isthevolumeof thespacecontainingall pointsf for whichjjf — fjj . Minimizing
the above is equivalentto maximizingthe posteriorprobability Therefore,the minimal risk
estimates
f = argmaxP (f jd)
f2F
which is known asthe MAP estimate. Becausep(d) is a constantfor a x edd, P(f jd) is

proportionatto the joint distribution

P(fjd) _ P(f;d) = P(djif )P(f)



Thenthe MAP estimatds equivalentlyfoundby
f = argmax P (dif )P(f)g
f2F
Obviously, whenthe prior distribution, P(f ), is at, the MAP is equialentto the maximum

likelihood.Henceprior playsaimportantrole in theenhancemergrocess.

| MRF (Markov |
i Random Field) ™~
1

|
|
TV (total
variation) Lo

------------------ 'y MAP
Textual Image
Prior Reconstruction |
I Observed_l
Paper |_Iflig£ 1
Document ‘|
| Bliir Down- Y
sampling \f/
Noise

Figure 1.4 Obsenationmodelof the documenimageacquisition

1.5 Designof Prior

Restoratiorfrom a still imageis a well recognizedexampleof anill-posedinverseprob-
lem. Suchproblemsmay be approachedising regularizationmethodswhich constrainthe
feasiblesolutionspaceby employing a-priori knowledge. This may be achiezedin two com-
plimentaryways; (1) obtainadditionalnovel obsenation dataand (2) constrainthe feasible
solutionspacewith a-prioriassumptionsn the form of the solution. Both techniquedeature
in modernrestorationmethodswhich utilize (1) image sequencesvhich provide additional
spatio-temporabbsenation constraintgtypically in the form of novel dataarisingfrom sub-
pixel motion) and(2) variousa-priori constraintson the degradedimage(e.g. local smooth-

ness,edgepreseration, positvity, enegy boundednesstc.). The useof non-lineara-priori

10



constraintgrovidesthe potentialfor bandwidthextensionbeyond the diffraction limit of the
opticalsystem.

It remainshowever to computethe solutionto theill-posedenhancemeritiverseproblem.
Amongstthe numeroussolutiontechniquegeaturingin theliterature the BayesiarMaximum
A Posteriori(MAP) estimationmethod,is promising. MAP estimationprovides a rigorous
theoreticalframavork, seseral desirablemathematicapropertiesand makes explicit use of
a-prioriinformationin theform of a prior probability densityon the solutionimage.

Therelationshipbetweerthe paperdocumentthe obseredinferior imageandthe desired
enhanced/restordthageis onceillustratedin Figurel1.4. In this thesis,we formulatethe text
prior usingtwo mathematicaframework : 1) Total Variation(TV) 2) Markov RandomField
(MRF). The TV formulationprovidesan edgepreservingsmoothnesgrior. Sincetheir intro-
ductionin aclassicpaperby Rudin,OsherandFatemi[81], total variationminimizing models
have becomeoneof themostpopularandsuccessfuinethodologyfor imagerestoration More
recently therehasbeenaresugenceof interestandexciting new developmentssomeextend-
ing theapplicabilityto inpainting,blind decowolution andvectorvaluedimageswhile others
offer improvementsn betterpreserationof contrastgeometryandtextures.The spatialprop-
erty canalsobe modeledthroughdifferentaspectsamongwhich, the contextual constraintis
a generalandpowerful one. MRF theoryprovidesa corvenientandconsistentvay to model
contt-dependengntitiessuchasimagepixelsandcorrelatedeaturesin thenext chapterwe
shalldiscussn detailaboutthesemathematicaframeworks. In this thesiswe shallseehow to

constructdocumenspeci c prior andusethemfor ourenhancement.

1.6 Observations

Documentmagesarea distinct classof imageswidely differentfrom naturalimages.The
problemof documentrestorationand supesresolutionis a specialcaseof imagerestoration

because

documenimagesarepseuddinaryin nature,
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theregularity of the patternsusedin this “visual” languagalistinguishegshe document

imagesfrom naturalscenesand

therelatively smallsizeof the (character)mage,makesthemmoresusceptibléo degra-

dation.

in adocumenimageit is quite possiblethatthe samecharacteimageat differentphys-

ical locationin adocumenimay be degradeddifferently

ThesefactorsJeadto anarrayof interestingobsenations,speci c to this domain.

This thesisfocuseson the issueof restorationand supefresolutionof a documentimage
usingtext speci ¢ prior information. The restorationof text is anill-posedproblemandone
that is highly sensitve to the additionalassumption®r information neededto establishits
well-posednessTheseassumptiongre generallyre ected in the priors that are imposedin
the formulation. Genericsmoothnessonstraintendto smoothover the importantdetailsand
producemproperrestoration.

A successfubdocumentrestorationand supefresolutionalgorithm needsto usethe text-
speci ¢ apriori information. Further a mathematicaframework is neededhat incorporate
the prior informationand handlesthe text relateduncertainties.We exploit the propertiesof

documenimagesto developaspeci ¢ restoratiortechniquespeciallysuitedfor the same.

1.7 RelatedWork

Relatedarticlesto this thesisare referredand discussedn detail in the relevant parts of
the next four chapters. However, a brief sketch of the relatedwork is providedto give the

backgroundf thethesis.

1.7.1 RelatedWork in Image Restoration

Image Denoisinghasremaineda fundamentaproblemin the eld of imageprocess-
ing [70, 62]. Spatial ltering for imagedenoisingworksonly for additve noise.Median

Iters, mean Iters, maxandmin Iter andvariousspatiallyadaptve versiong[34] are
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commonlyused. The simplestmethodfor noiseremoval is Gaussianltering, which
is equivalentto solving anisotropicheatdiffusion equation[89], a second-ordelinear
PDE. To keepsharpedges anisotropicdiffusion canbe performed[77], waveletsgive
a superiorperformancen imagedenoisingdueto propertiessuchassparsityand mul-
tiresolutionstructure With wavelettransformgainingpopularityin thelasttwo decades
variousalgorithmsfor denoisingin wavelet domainwere introduced. The focus was
shiftedfrom the SpatialandFourierdomainto thewavelettransformdomain.Ever since
Donohos wavelet basedthresholdingapproachwas publishedin 1995[23, 66], there

wasa suigein thedenoisingpaperdeingpublished.

1.7.2 RelatedWork in DocumentRestoration

Text Restoration - Filter based Approaches- Filter basedapproachesvere widely
usedin generalimagery Therearefew works, wherethesetechniquesare appliedon
documentimages. In Stubberucdet al. [90], by usingthe outputfrom an OCR system
anda distortedtext image,their techniquetrainsan adaptve restorationlter andthen
appliesthe Iter to the distortedtext imagethatthe OCR systemcould not recognize.
Ramponietal. [79] have usedquadraticlters to enhancehe document.Fanetal. [26]
proposeto exploit the spatialcorrelationshetweenwaveletcoefcients by replacingthe

thresholdingorocesswith adiffusionprocess.

Text Restoration and Enhancement- A borderfollowing algorithmis usedin [101]
to reconstructhe bordersandmissinglinks of noisy andbrokenhandwrittendigits. Shi
et al. [87] performsselectve andadaptve stroke lling with a neighborhoodperator
which emphasizestroke connectvity. Allier etal. [2] proposeda methodfor accurate
charactereconstructiorbasedon the active contourmodel. Someof the restoratioref-
forts are basedon morphological Iters [60, 103] wherethe size of the morphological
Iter directly dependon thefont size. Someothermethodd1, 5] usemodelbasedap-
proachesA variety of methodshave beenproposedn orderto improve contrastwithin

text images.They include methodshasedon multi-resolutionpyramid with fuzzy edge
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detectorg85], anda mixed approachusingtopologicalfeaturesandcontourbeauti ca-
tion [73]. Resolutionexpansions alsoattemptedisingtext bitmapaveraging[39]. This
methoddependsn the segmentationand then clusteringof characteimageswhich is
often hardto obtain. Combinationof interpolationandbinarization[55] is alsousedto

improve quality of text in images.

Text Restoration in Historical Documents- The generalproblemin historicaldocu-
mentsis the“ink bleed-through’problem.Therearemary non-blindapproachesnainly
basedon the comparisorbetweenthe front andbackpagewhich requiresa registration
of thetwo sidesof thedocumenbf thetwo sidesof thedocumentn orderto identify the
interferingstrokesto be eliminated. Techniques Sharmas approact{86] simpli es the
physicalmodelof theseeffectsto derive a linear mathematicamodelandthende nes
an adaptve linear Itering scheme.Approachproposedby Duboisand Pathak[25] is
mainly basedon processindgoth sidesof a gray-level manuscriptsimultaneouslysing
asix parameteraf ne transformatiorto registerthetwo sides.In [92], a waveletrecon-
structionprocesss appliedto iteratively enhancehe foregroundstrokesandsmearthe
interferingstrokes. A blind restorationapproach.e, it doesnot needof the both sides
of thedocumentjs generallybasedon steeredlters. An approaclproposedy Wang
etal. [100, 99] usesdirectionalwaveletsto remove imagesof interferingstrokes. Other
more e xible techniquesxist, amongwhich, we cancite techniquedasedon Indepen-
dentComponentAnalysis[95], adaptve binarization[32], self-oiganizingmaps[88],
color analysig52]. Drira's[24] approacttonsistof combiningboth PrincipalCompo-
nentAnalysis(PCA) andK-means.Thesetechniquesreappliedrecursvely to separate

original text from interferingandoverlappingareasof text.

Text Enhancementin Video - Li et al. [55] appliedShannonnterpolationmethodto
increasemageresolutionandNiblack's adaptve thresholdind72] to binarizetheimage
with complex backgroundsln [53], Li etal. usemulti-frameintegrationto enhanceap-
tionsin video. Thein uence of the backgrounds reducedon the basisof motionclues.

Sato[84] enhanceghetext onthebasisof its sub-structuretine elementpy using lters
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with four orientationsyvertical,horizontal left diagonalandright diagonalin thelocated
text block. AsymmetricGabor lters have beenproposedoy Chenet al. [18], which
canefciently extractthe orientationandscaleof the stripespresentin a videoimage.
Thisinformationis usedto enhanceontrastat only thoseedgeanostlik ely to represent
text. In Kwak et al. [49], afterthe multiple video text framescontainingthe samecap-
tions are detectedandthe captionareain eachframeis extracted, ve differentimage
enhancemertechniquesreserially appliedto the image: multi-frameintegration, res-
olution enhancementontrastenhancemengdwancedbinarization,andmorphological

smoothingoperations.

1.7.3 RelatedWork in Image Superresolution

Supefresolutiontechniquesnay be divided into two main classesfrequeng domain
andspatialdomain. All frequeny domainapproachesre,to a greateror lesserextent,
unableto accommodatgeneralsceneobsenation modelsincluding spatially varying
degradations non-globalrelative camera/sceneotion, generala-priori constraintsor
generahoisemodels.Spatialdomainformulationscanaccommodatall theseandpro-
vide enormouse xibility in the rangeof degradationsand obseration modelswhich
may be represente@nd are thus the methodsof choice. Spatialdomainobsenation
modelsfacilitateinclusionof additionaldatain the obsenation equationwith the effect

of reducingthefeasiblesolutionspace.

Tipping etal. developeda Bayesiartreatmenbf the superresolutionproblemin which
thelikelihoodfunctionfor the imageregistrationparameterss basedon a mamginaliza-
tion overtheunknavn high-resolutiorimage[94]. A texturebasedapproachs provided
in Pickupet al. [78] wherea domain-speci cimageprior in the form of a p.d.f. based
uponsampledimages. Singleimageinterpolationalgorithmswhich usea databasef
trainingimagedo createplausiblehigh-frequeng detailsin zoomedmagess proposed
by Freemaretal. [31]. A comprehensie review with directionsfor futureresearctcan

befoundin [8]. Limits of supefresolutionarediscussedn [4, 61].
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1.7.4 RelatedWork in DocumentSuperresolution

Multi-frame Approaches Supefresolutionis theproces®f simulatingahigh-resolution,
high-quality camerafrom blurred, noisy imagescapturedusing a low-resolutioncam-
era. SR algorithmsaredividedinto two categoriesviz. multi-frameandlearningbased
single-imagesuperfresolution.Li andDoermanri54] usedthemethodof projectiononto
convex sets(POCS),to deblurscenetext in video sequencesin a parallelwork, Capel
and Zisserman14] useda projective transformmotion modelfor supefresolutionof
text speci cally for imagesequences which the point-to-pointimagetransformation
wasof enoughcomplexity to demandsuchconsiderationin arecentwork, Teagerlter
(aquadratiacunsharpmasking Iter) wasadoptedoy Mancas-ThillouandMirmehdi[67]
for the extractionof high frequencieghus enhancingcharacteredges. Donaldsonand
Myers[22] proposeda text speci ¢ prior model,which modeledthe bimodalityandthe
local smoothneswith stepdiscontinuity They usethe Gibbsprior with aHubergradient
penaltyfunctionastheir smoothnesfunction. This piecavise smoothnesgrior is good
atreducingfalsespecklesn the results,but it undermineshe importanceof enhancing
edges.Dalley etal. [20] employed a training-basednethod,in a Bayesianframework.
A databaseés built thatindicateswhich high-resolutiorpatchshouldbe outputgivenan
input low-resolutionpatch. Park et al. [74] developedan alternatve approachanedge-
basedsuperresolutiontechniquelt attemptdo locatethe edgego subpidel accurag in
a sequencef imagestaken from training examples,andthenfusesthe conglomerated

edgeinformationinto the supefresohedimageusinga MRF formulation.

Single-frame Approaches- ThouinandThouinetal. [93] usednonlinearoptimization

onagrayscaleinputimageto minimize a Bimodal Smoothnesgverage(BSA) score.

1.8 Contributions

In thisthesiswe have proposeden methodgor enhancemenwith focusonrestoratiorand

supefresolutionof documenimages.In particular we addresshefollowing:
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First, we presenta methodfor restorationof documentimages,usinga Maximum a
Posterioriformulation. Theadwantageof our methodis thatthe prior neednotbelearned
from the training images. The extraction of a single high-qualityenhancedext image
from a setof degradedimagescanbene t from a strong prior knowledge, typical of
text images. The restorationprocessshouldallow for discontinuitiesbut at the same
time discouragescillations.Thesepropertiesvererepresentedh atotal variationbased

prior model.

Secondye formulatethetext imagerestoratiorproblemin arelaxationframeawork. Text
imagesare very differentfrom naturalimages. The regularity of the patternsusedin
this “visual” languagedistinguisheghesepseuddinary documenimagesfrom natural
scenes.Contet playsanimportantrole in textual imageunderstanding. A stochastic
framework that exploits the contextual relation betweenimagepatchesjs proposedn
this paper Using the topological/spaciatonstraintsbetweenthe image patches the
impossiblecombinationsareeliminatedfrom theinitial setof matchingsresultingin an
unambiguousextual output. Thelocal consisteng is adjustedo the global consisteng

usingthe belief propagatioralgorithm.

Lastly, we presentan edge-directedsingleimagesupesresolutionalgorithmfor docu-
mentimageswithoutusingary trainingset. Thistechniquecreatesanimagewith smooth
regionsin boththeforegroundandthe backgroundyhile allowing sharpdiscontinuities
acrossandsmoothnesalongthe edges.Our methodpreseressharpcornersin text im-
agedby usingthelocal edgedirection,whichis computedrst by evaluatingthegradient
eld andthentakingits tangent.Supefresolutionof documenimagesis characterized
by bimodality, smoothnesslongthe edgesaswell assubsamplingonsisteng. These
characteristicare enforcedin a Markov RandomField (MRF) framework by de ning
an appropriateenegy function. In our method,subsamplingf supesresolutionimage
will returnthe original lowresolutionone, proving the correctnes®f the method. The

supefresolutionimage,is generatedy iteratively reducingthis enegy function.
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1.9 Organizationof the Thesis

This thesisfocuseson, namely restoration,and supefresolutionframevork of document
images. Sofar in this chapterwe have presentedan overvien of imagerestoration.We dis-
cussedn Sectionl.3, thatrestorations anill-posedproblemandhow regularizationhelpsin
solvingthisill-posedproblem.It indirectly meantthatfor restorationprior informationshould
be incorporated.Thenwe discussedMaximum A Posteriorimethodto incorporatethe prior
information.In Sectionl.5we discussedherelatedwork in the eld of text restorationn the

eld of documentestoratiorandsuperresolution.
In Chapter2, we give an overview of the mathematicamethodsusedin this thesis. In
Section2.2,thetotal variationbasedormulationfor noiseremoval is explained.A itera-
tivealgorithmusedto solvethesames discussedln Section2.3,we discusghelabeling
problemandthemarkov random eld. A numberof conceptselatingto theformulation

of anenegy functionandits justi cation in a Bayesiarframevork is explained.

In Chapter3, we discusour methodon singleimagedocumensupefresolution.Section
3.2discusghe supefresolutionin documenimages.In Section3.3 we discusgshetext
speci c prior information. TheMRF basedormulationfor documenSupefresolutionis
discussedn Section3.4. Experimentatesultsareshovn in Section3.5andConclusion

in Section3.6.

In Chapter4, we discussour rst methodon documentrestorationusing bayesiann-
ference. In Section4.2 we presentsomerelatedwork. Section4.3 describesour text
restoratiornalgorithmin detailandSection4.3.1presents discussioron the algorithm.
We presenexperimentakesultin Sectiord.4 andconclusionandfuturework in Section
4.5.

In Chapter5, we discussour secondmethodon documentrestorationusing relaxation
framework. In Section5.2 we analyzehow to restoreby labeling. Section5.3 describes
the Markov network construction. Experimentalresultsare shovn in Section5.4 and

Conclusionin Sectionb.5.

In Chapter6, we concludeanddiscusduture work.
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Chapter2

Preliminaries

2.1 Intr oduction

In this chaptey we discussthe mathematicapreliminariesrequiredin the chaptersahead.
We had introducedthe importanceof MAP basedformulationfor the documentrestoration
ill-possedproblem. We had also discussedhe useof prior informationin the Maximum A
Posteriori(MAP) formulationin the previous chapter Variousa-priori, constraintson the de-
gradedmage(e.g. local smoothnessdgepreseration, positivity, enegy boundednesgtc.).
In this chapterwe will now look at a naturalway to incorporatethe priori knowledge. Total
variationand Markov RandomField (MRF) modelshelp in designingthe prior in the MAP

formulation.We shallbrie y discusghesemathematicatramewnorksin restof the chapter

2.2 Total Variation

Variationalmodelshave beenextremely successfuln a wide variety of restorationprob-
lems,andremainone of the mostactive areasof researchn mathematicalmageprocessing
andcomputervision. By now, their scopeencompasseasot only the fundamentaproblemof
imagedenoising but alsootherrestoratiortaskssuchasdeblurring,blind decomwolution, and
inpainting. Variationalmodelsexhibit the solutionof theseproblemsasminimizersof appro-

priately choserfunctionals. The minimizationtechniqueof choicefor suchmodelsroutinely
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involvesthe solutionof nonlinearpartial differential equationg PDEs)derived as necessary
optimality conditions.

Perhapghe mostbasic(fundamentalimagerestorationproblemis denoising. It forms a
signi cant preliminarystepin mary machinevision tasks,suchasobjectdetectionandrecog-
nition. It is alsooneof themathematicallynostintriguing problemsn vision. A majorconcern
in designingimagedenoisingmodelsis to presere importantimagefeatures suchasthose
mosteasilydetectedoy the humanvisual system while remaoving noise. Onesuchimportant
imagefeaturearethe edgestheseareplacesn animagewherethereis a sharpchangen im-
agepropertieswhich happendor instanceat objectboundaries A greatdealof researcthas
goneinto designingmodelsfor remaoving noisewhile preservingedgesrecentlytherehasalso
beenalot of effort in preservingpther ne scaleimagefeaturessuchastexture. All successful
denoisingnodelstake advantageof thefactthatthereis aninherentregularity foundin natural
images;this is how they attemptto tell apartnoiseandactualimageinformation. Variational
and PDE basedmodelsmale it particularlyeasyto imposegeometricregularity on the solu-
tionsobtainedasdenoisedmages suchassmoothnessf boundariesThis is oneof themain

reasondehindtheir success.

2.2.1 Nonlinear total variation basednoiseremoval

Total variationbasedmagerestoratiormodelswere 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. Being corvex, the ROF modelis one of
thesimplestvariationalmodelshaving thismostdesirableroperty Therevolutionaryaspecbf
thismodelisits regularizationtermthatallowsfor discontinuitiedut atthesameime disfavors

oscillations.It wasoriginally formulatedin [81] for grayscalemageryin the following form:
Z

inf ir xj 2.1)
(u f)2dx= 2
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Here, denotegheimagedomain(for instancethe computerscreen)andis usuallya rect-
angle.Thefunctionf (x) : ! R representshegivenobseredimage,whichis assumedo

be corruptedoy Gaussiamoiseof variance 2. The constraintof the optimizationforcesthe
minimizationto take placeover imagesthat are consistentwith this known noiselevel. The
objectvefunctionalitself is calledthetotal variation(TV) of thefunctionu(x); for smoothim-

agest is equivalentto theL * normof thederivative,andhenceis somemeasuref theamount
of oscillationfoundin the functionu(x). Optimizationproblemin equation2.1is equvalent

to thefollowing unconstraine@ptimization,whichwasalso rst introducedn [81]:
Z Z

. - - 2
uzanzf() Jr xj+ (u f)dx (2.2)

Here, > 0 is aLagrangemultiplier. The equivalenceof problems2.1 and 2.2 hasbeen
establishedn [16]. In the original ROF paper[81] thereis aniterative numericalprocedure
givenfor choosing sothatthesolutionu(x) obtainedsolves2.1.

Total variationbasedenegiesappearandhave beenpreviously studiedin, mary different
areaf pureandappliedmathematicskor instancethe notion of total variationof afunction
andfunctionsof boundedrariationappeain thetheoryof minimal surfaces.In appliedmathe-
matics,total variationbasedmodelsandanalysisappeain moreclassicalpplicationssuchas
elasticityand uid dynamics.Dueto ROF, this notion hasnow becomecentralalsoin image

processing.

2.2.2 Numerical Method

Therehave beennumerouswumericalalgorithmsproposedor minimizing the ROF objec-
tive. Most of themfall into the threemain approachespamely direct optimization,solving
the associatedEulerLagrangeequationsandusingthe dual variableexplicitly in the solution
procesgo overcomesomecomputationadif culties encounteredh the primal problem. We

will focusonthe secondapproach.
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2.2.2.1 Articial Time Marching and Fixed Point Iteration

In their original paper[81], Rudin et al. proposedhe useof arti cial time marchingto
solve the EulerLagrangeequationswhich is equialentto the steepestiescenpf the enegy
function. More precisely considerthe imageas a function of spaceandtime and seekthe

steadystateof theequation

du_ ru

dt Cjrouj

2 (u f) (2.3)

Here,jr uj = P jr uj+ 2 is aregularizedversionof jr uj to reducedegeneraciesn at
regionswherejr uj 0. In numericalimplementationan explicit time marchingscheme
with time step t andspacestepsize X is used. Underthis method,the objectve value
of the ROF modelis guaranteedo be decreasingand the solutionwill tendto the unique
minimizer astime increases.However, the corvergenceis usually slow dueto the Courant-
Friedrichs-Levy (CFL) condition, t ¢ x?jr uj for someconstantc > 0 [68], imposed
on the size of the time step, especiallyin at regionswherejr uj 0. CFL conditionin
numericalequationsolving statesthat, given a spacediscretization,a time stepbiggerthan
somecomputablequantity should not 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 propagatehroughthe spacediscretization.

To relaxthe CFL condition,MarquinaandOsheruse,in [68], a“preconditioning’technique
to cancelsingularitiesdueto the degenerataliffusioncoefcient ﬁ

" ! #

du . ru
a—jl’ ujr U 2 (u f) (2.4)

which canalsobeviewedasmeancurvaturemotionwith aforcingterm 2 (u f). Explicit
schemesuggestedh [68] for solvingtheabove equationmprovetheCFLto t ¢ X3jr uj
whichis independendfj uj.

To completelygetrid of CFL conditions,Vogeland Omanproposedn [98] a x ed point
iterationschemgFP)which solvesthestationaryeulerLagrangelirectly. TheEulerLagrange

equationis linearizedby lagging the diffusion coefcient andthusthe (i + 1)-th iterateis
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obtainedby solvingthe sparsdinearequation:
!
r ui-+l (ui+l
jrouyj

f)=0 (2.5)

While this methodcorvergesonly linearly, empirically, only a few iterationsare neededo
achieve visualaccurag. In practice onetypically employs speci cally designedastsolversto

solve equation2.5in eachiteration.

2.3 Mark ov Random Fields

The eld of computervision is relatedto the taskof obtainingrelevantinformationabout
therealworld by inferring theimagesof thatworld. Typically the taskbecomedlif cult ow-
ing to the uncertaintiesn theimagingprocessandthe ambiguitiesin theinferenceof thereal
world. Thisin turnleadsto multiple solutionsto a particularvision problem.An optimization
approachprovidesan eleganttechniqueto reducethe numberof possiblesolutionsby formu-
lating variousconstrainton the problemat hand. The optimizationapproactconsistsof two
majorstepsdescribedasfollows.

The rst stepis theformulationof anobjectivefunction. It is a functionfrom the setof all
possiblesolutionsto real numbers.In orderto formulatean objectve functionit is important
to imposea setof constraintsvhich shouldbe satis ed by the nal solution. The solutionto
anobjective functionwhich satis esthesesetof constraintsn the bestpossiblemanneris the
desiredsolution. Thus,thevalueof therealnumberto which the objectve functionis mapped
givesthe measuref goodnes®f thatsolution. Corventionally thelesserthe value,the better
thesolutionis. Two of the mostcommonlyusedconstraintdo formulatean objective function
for a vision problemare obtainedby the input datawhich could be an imagefor example
andthe prior knowledgeaboutthis data. The dataconstraintrestrictsthe desiredsolutionto be
closeto theobseneddataandtheprior constrainton nesthedesiredsolutionto have theform
which is agreeablavith the prior knowledgeaboutthe problem. The objective function thus
formulatedand containingthe two constraintds referredto asan enegy function The data

constrainis de ned speci c to thevision problembeingsolved. Theprior constrainis usually
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imposedby the assumptiorthat the variablesof the objective function belongto a Markov
RandomField (MRF). The conceptof MRFsis explainedin the next section.Prior to thisin
Section2.3.1,we explain the conceptof Labelingin vision which is a naturalrepresentation
for the studyof MRFsandis imperatve to understandhe optimizationframework for various
problemsin computetrvision.

The secondstepof the optimizationapproachs to minimize the enegy functionby nd-
ing the global minima. An enegy function in computervision is typically not corvex and
they have multiple local minima. This makesthe taskof global minimizationdif cult. Addi-
tionally, the enegy functionfor animagehasa large numberof unknavns, which makesthe
computationatequirementgor minimizationhigh. In factits an NP-hardproblemto nd the
exact minima. This leads nding approximatesolutionswhich are closerto the global min-
ima. Oneof the assumptiorwhich relaxesthe optimizationapproachto someextentis that
the setof solutionsis nite. Thisis doneby discretizingthe variableswhich are usedto for-
mulatethe enegy function. This makesthe setof solutionscountablebut still too largeto be
exploredcompletely Suchanoptimizationproblemwherethe input solutionsetis countable
is combinatorialin natureandis calledasa discreteoptimizationproblem. It canbe shovn
thatminimizing suchan optimizationfunctionin computewision will indeedleadto the opti-
mal solutionby usinga Bayesiarperspectie (MaximumA PosterioriMAP) estimation)asis

explainedin Section2.3.5.

2.3.1 Labeling Problem

A numberof computervision problemscanbe posedaslabeling problems. For example
considerthe problemof image segmentation:Here segmentingan image boils down to the
problemof assigninga uniquelabelout of two possibldabelsto eachpixel. Thetwo possible
labelsbeingeitherforegroundor background.

A labelingproblemis completelyde ned by two sets: site setandlabel set. The site set
is the setof imagefeaturese.g. the pixelsin animage,imageregions, edgesin an image

etc. which canhave somepropertiesandthe label setis theseset of propertieswhich can
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be assignedo site sete.g. in segmentationa pixel canbe in foregroundor background.All
the membersof the label setare possiblecandidatesvhich could be assignedo a particular
memberof the site set. This leadsto a very large setof possiblemappingsasexplainedbelow.

Let thesetof sitesS andlabelsL bedenotedas

S

f1,2;:::;mg:
L

1
—_
o
o
;

«

wherem is thenumberof sitesandk is thenumberof labels.For segmentinganimageof size
h  w into foregroundandbackgroundwehavem = h  w,k = 2, (I, =foregroundandl; =

background)A labelingcanbede ned asafunctiong which mapssitesto labelsas
g:S! L:

Eachpossiblemappingwhereall thesitesin SareassignedomeabelfromthesetL isreferred

to asacon guration. Thus,thetotal numberof possibldabelingcon gurationsO is

0=k L 4=L7
m times

which is exponentialin size. One of thesecon gurationswill be the optimal con guration.
Sincethe searchspaceof all possiblelabelingC is large, nding optimallabelingbecomesn
NP - hardproblem.An enepgy functionencodesry particularlabelinginto anobjective func-
tion andthe value of that objective function becomesa quantitatve measureof the goodness
of thevariouslabeling. A numberof problemsn ComputeVision canbeaddressedsingthis

generaframework of labeling:
Image Sggmentation:S = f pixelsg andL = f0; 1g (see[10]).

SteeoReconstructionS = f pixelsg andL = fdisparities g (se€[12]).

Texture SynthesisS = f pixelsg andL = f patchegy (see[50]).

etc..
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In the following section,we explain Markov RandomFields (MRF) andshaw its equiva-
lenceto Maximuma Posteriori(MAP)estimateof underlyinglabelsgiventheinput data. This
equivalencdeadsto the formulationof anenegy functionwhich canbe minimizedusingBe-
lief Propagatiorj29].

The Mark ov Property - Mark ov Random Field (MRF) is abranchof probabilitytheory
for analyzingthe spatialor contectual dependenciesf a physicalphenomena.The concept
of MRFs hasits originsfrom statisticalphysicswherelsing usedthis modelto explain certain
empiricallyobsenedfactsaboutferromagnetianaterialg46]. It is usedin alabelingproblem

to establishprobabilisticdistributionsof interactinglabelsat eachsite asfollows.

eachrandomvariableF; takesa labell; in L. The family F is calleda random eld. We

usethe notationF; = [; to denotethe eventthatF; takesthe labell; andthe notation(F; =
l1;:::; Fm = |y) to denotethejoint event. For simplicity, ajoint eventis abbreviatedasF = |
wherel = fly;:::;1hg is a con guration of F, correspondingo a realizationof the eld.

For adiscretelabelsetL, the probability thatrandomvariableF; takesthevaluel; is denoted
Pr(F; = I;), abbreviatedPr(l;) andthe joint probabilityis denotedPr(F = |) = Pr(F; =

we have probabilitydensityfunctions(pdf)p(F; = I;) andp(F = 1).
F is saidto be a Markov RandomField on S with respecto a neighborhoodsystemN if

andonly if thefollowing two conditionsaresatis ed:
1. Pr(F=1)> 0 8I 2 F (Positvity).
2. Pr(lijlst ig) = Pr(lijln;) (Markovianity).

whereS figisthesetdifferencej is somesitein Ssuchthati m, Is; i denoteghesetof

labelsattheremainingsitesin S figand
||\|i = f|i0ji02 Nig:

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

con guration of the labelsis probableandthe secondstatementneanshata labelat a given
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sitei dependsolelyonthelabelingof theneighborofi. We describeneighboringsystemand
theconcepf Cliquesin the next sectionwhich areusefulin shawing theequivalenceof MRF
to a Gibbsdistribution.

2.3.2 Neighborhood Systemand Cliques

NeighborhoodSystem- Thesitesin Sarerelatedto oneanothewia aneighborhoogdystem
N whichis de ned as
N = fN;j8i 2 Sg:
whereN; is the setof sitesneighboringhesitei. Theneighboringelationshiphasthefollow-

ing properties.

1. A siteis notneighboringoitself: i 2 Nj,

-0

2. Theneighboringelationships mutual: i 2 Njo () i 2 N;.

For aregularlattice S, the neighboringsetof i : N; is de ned asthe setof nearbysiteswithin

aradiusof r. Thus,
N; = fi’ 2 S[dist(pixelo; pixel;)]> r;i’6 ig:

wheredist(A; B) denotesthe EuclideandistancebetweenA andB andr takesan integer
value. Dependingon the valueof r, the neighborhoodystemsanbe classi ed into different
ordersof neighborhoodysteme.g. rst orderneighborhoodystemwhereary sitex 2 Shas
4 neighborgSeeFig. 2.1), secondorderneighborhoodsystemhas8 neighborsaroundx (See
Fig. 2.1). Whenthesitesin aregularrectangulatatticeS= f(i;j)j1 i;j ngcorrespond

1 211 | 2
1| x 1 1| x 1
1 211 |2

Figure 2.1 Theleft shavs a rst orderneighborhoodelationshipbetweensitesandthe right
shonvsasecondrderrelationship.Thenumberdenoteheorderof neighborhoodelationship.
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tothepixelsof ann nimagein the2D plane,aninternalsite(i; j ) hasfour nearesheighbors
asNi; = f(i Lj);(i+ L) (;] 1);(;] + 1)gandasiteattheboundaryhasthreeanda
siteatthe cornerhastwo nearesneighbors.

Cliques- A 2D latticecorrespond$o aregulargraphwherethe verticesof thegraphcorre-
spondto thesitesandtheedgesn thegraphcorrespondo the neighborhoogdystemamongthe
sitesasdescribedabore. ThusagraphcanbedenotecasG , (S;N). A cliuein agraphis a
setof pairwiseadjacentvertices,or in otherwords,aninducedsubgraphwhichis a complete
graph.Thesetof cliquesC in thegraphG canconsisiof singesitec = fig, pairof neighboring

sitesc = fi; i%, triple of neighboringsitesc = fi; i%i% andsoon. Thuswe candenotethese

cliguesas
C, = fiji 2 Sg:
C, = ffi;i%ji°2 N;;i 2 Sg:
Cs = ffi;i%i%;ji; i%i°2 Sareneighborgo oneanotheg:

Thecollectionof all cliquesof (S;N) is
C=Ci[ C[ G5

In Fig. 2.2,we show the varioussizedcliquesfor asecondrderneighborhoodystemin a2D

lattice. As the orderof theneighborhoodystemincreaseshenumberof cliquesgrow rapidly.

Clique of

: Cliques of size 2
size |

Cliques of size 3 Clique of
size 4

Figure 2.2 Cliquesof varioussizesin a secondrderneighborhoodystem.
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2.3.3 GibbsRandom Fields

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

Gibbsdistributionfor a givenlabelingl hasthefollowing form
Pr)=z ' e TV0:

where
x 1
Z= e TV0:
12F

is the normalizingconstantcalled the partition functionand T is a constantcalled the tem-
peratureand assumedo have a valueof 1. U(l) is calledthe enegy function andis given
as

X
ud)y=" Vi(l):

c2C
whichis asumof cliquepotentialsv.(l) overall possiblecliquesC. Thevalueof V,(I) depends

onthelocal con gurationof thecliquec. Expandinghe above equationin termsof cliquesof

varioussizeswe get

X X X
u() = Vi(li) + Va(li; 1) + Vs (li; lio; ljoo) +
fig2Cy fi;i 9g2C, fi;i i0Q2Cs

An importantspecialcaseis whenonly cliquesof sizeup to two areconsideredln this case,

theenepgy canalsobewritten as

X X
u(l) = Va(li; lio):
25 i%2N;

Thus,the Gibbsdistribution for a particularlabelingl canbegivenas

P P
Pr(l) =z 1 e T oi2s iozn; Va(lishio).

2.3.4 Mark ov-Gibbs Equivalence

An MRF is characterizedy its local property(the Markovianity) whereasa GRFis charac-

terizedby its global property(the Gibbsdistribution). The Hammesley-Clifford theorem[37]
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establisheshe equialenceof thesetwo typesof properties. The theoremstatesthat F is an
MRF on Swith respecto N if andonly if F is a GRFon S with respecto N. A proofthata
GRFis anMRF is givenasfollows. Let Pr(l) bea Gibbsdistribution on S with respecto the
neighborhoodystemN . Considerthe conditionalprobability

Pr('i;lsf ig) _p Pr(I)
Pr(ISf ig) I |i02|_ Pr(lg.

wherel® = fly;:::; 1 1;1% 1415100 1mg is a con guration which agreeswith | at all sites

Pr(lijlst ig) =

P
exceptpossiblyi. UsingPr(l) = Z * e c«cV() in theabore equationwe get
e ccVeld

Prlillss ig) =P o€ I c2cVC(|O):

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

containingi andB with cliquesnot containingi. Thentheabove canbewritten as

P P
e waVel) g cpVel)
P P
|O e c2AVC(I0) e CZBVC(IO)

Pr(lijlst ig) = P

BecauseV () = V(19 for ary clique c thatdoesnot containi, theterme " 26 Vell) cancels
from both the numeratorand denominatar Therefore,this probability dependonly on the
potentialsof the cliquescontainingi,
o | caaVeld
Pr(lijlst ig) = P s P

thatis, it depend®n labelsati% neighbors This provesthata Gibbsrandomeld is a Markov
RandomField. The reverseproof thatan MRF is a GRFis givenin [45]. This equivalence
betweerIRF andGRFprovidesasimpleway of specifyingthejoint probabilityof thelabelsl
onthegrid S. Thejoint probabilityPr(F = I) canbeobtainedby specifyingthe clique poten-
tial functionsV,(l) andchoosingthe appropriatgotentialfunctionsaccordingo the problem.
Oneof the classicalpotentialfunctionsof pairwisecliquesC, is the Pott's modelwherewe

have 8
S 1 ifl; 8|
Vo(lisl) = . .
0 otherwise
This simple caseenforceghe neighborsitesto have the samelabelandis applicableto mary

computewvision enegy functions.A numberof otherpotentialfunctionsarediscussedh [97].
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2.3.5 Maximum A Posteriori (MAP) - Mark ov RandomField (MRF) La-
beling

Therealizationof thelabelingF = | is notaccessiblélirectly, ratherit canonly berealized
via the obsenationd. The conditionalprobability Pr(djl) is the link betweerthe realization
andtheobsenation. A classicaimethodto estimatethe con gurationl is to usethe Maximum
A Posterioriestimatiorasfollows. Letsdenoteheobseneddataasd andtheunknavnlabeling
con gurationto bel. For thecaseof images]et thesetof sitesS beall the pixel positionsin an
imagedenotedasG andthesizeof G is m. At eachpixel location(x; y) in thegrid G we have
anobsenedvariabled..,y andanunknown labell .,y which is dravn from the setof labels

L. SeeFig. 2.3for anexplanationof this realizationsetting. The posteriordistribution of the

{Observed variable : d
d

x5}
E_data
Unknown
Labeling : f
f{x;y}
E_potential

Figure 2.3 Labelingof obsened variableswherethe unknaovn variablesbelongto a Markov
RandomField

labelingsl is givenasPr(ljd). FromBayestheorem
argmaxPr(ljd) = argmaxPr(djl) Pr(l):
| |

wherePr(djl) is thelikelihoodof generatinghe obsenationd andPr(l) is the prior knowledge

aboutthe structureof theunknown labelsl. A simplelik elihoodformulationcanbegivenas

Pr(dil) = K exp( U(djl)):
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whereK is aconstantand
A d)?

@ =" T

i=1
Theprioris givenas

Pr() =2 *exp U(I):

wherefrom a Markov RandomField modelingof the unknown labelsanda quadraticclique

potentialfunctionfor pairwisecliqueswe have

X xXn ,
uih= V= & § )=
c2C i=1
P
HereZ = | exp U(l) andV,(l) is theclique potentialde ned in cliqguesc of size2 in the
imagegrid G. This potentialincorporatesa smoothnessonstraintin the nal solution. Thus
the posteriorbecomes

Pr(ljd) exp( U(dl) exp U():

Takinganegative log of the above equationconvertsthe maximizationof probabilityto mini-

mizationof anenegy function. Mathematicallyspeakingve have

Udjd) = U@l + u()
X0 N2 X
7(“2 ?I) + (i L )*

i=1 i=1

Thusthe MAP estimateébecomesninimizing of the posteriorenegy
| = argminU(ljd):
|

The enegy functionU(ljd) is commonlywritten asE () andconsistof two terms. The rst
termis calledthe data term which is i 0 (I._2d2£ andthe secondtermis called potential
term whichis P (i 1i 1)? in the previous equation.As the namesmply, the dataterm
is derived from the obsened dataandthe potentialterm encodeghe clique potentialof the

underlyinglabeling. Thuswe write

E(l) = Edata(l) + Epotential (l)
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wherethe datatermhasthe generaform of

X
Egaa (1) = Di(l):

i2S
which encodeghe costof assigningthe labell; to pixel i or in otherwordshow muchdoes
labelingdisagreeThe potentialtermhasthe generaform of
X
E potential ()= Viii g(li ; Ij ):

fi;j g2N
which measurdghe amountof closenesén the labelinggivento neighboringpixel locationsi
andj . Thus,the procedureof the MAP-MRF approactfor solvingcomputervision problems

is summarizedn thefollowing:

Poseavision problemasoneof labelingandchooseanappropriateMRF representation

for thelabelingl.
Formulateanenegy functionby deriving properlik elihoodandsmoothnesfunction

Find the MAP solutionby solvingthe enegy functionusingoptimizationtechniqudike

Belief Propagatiorj29, 31].

The enegy minimizationapproachasbeenusedsincelongin computervision for anum-
ber of problemse.g. imagerestoratiorandreconstructiori35, 33], shapefrom shading[42],
stereo,motion and optical o w [40], texture [44, 19], edgedetection[96], imagesegmenta-
tion [56], perceptualgrouping[63, 69], objectmatchingand recognition[57, 58] and pose
estimation[38]. Someof the recentworks which are basedon optimizationtechniquesare
prominentlyin single view [12] and multi-view stereo[48], imagerestoration[33], texture

synthesig50] etc.

2.4 Summary

Total Variation -Usualchoicefor restorationare quadraticfunctionals. They give easier
(lineal) mathematicaproblembut enforcessmoothnes®f imageandedgesare not well re-

stored. Thusthe neednon-quadratidunctionals. Variationalmodelsexhibit the solution of
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this problemasminimizersof appropriatelychoserfunctionals. The minimizationtechnique
of choicefor suchmodelsroutinelyinvolvesthe solutionof nonlinearpartial differentialequa-
tions (PDEs)derived as necessarpptimality conditions. Variationaland PDE basedmodels
make it particularlyeasyto imposegeometricregularity on the solutionsobtainedasdenoised
images,suchassmoothnessf boundaries.This is oneof the mainreasondehindtheir suc-
cess.

Mark ov Random Field -The spatialpropertycan be modeledthroughdifferentaspects,
amongwhich, the contectual constraintis a generaland powerful one. Markov random eld
(MRF) theoryprovidesa convenientand consisteniwvay to model context-dependenéentities
suchasimagepixelsandcorrelatedeatures.This is achieved by characterizingnutualin u-

encesamongsuchentitiesusingconditionalMRF distributions.
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Chapter3

Superresolutionof Documentimages

3.1 Intr oduction

With the adventof modernelectronicgadgetdike PDAs, cellularphonesanddigital cam-
eras,the scopeof documentimaging hasincreased.Documentimage analysissystemsare
becomingncreasinglyvisible in everydaylife. For instancepnemaybeinterestedn process-
ing, storing,understandin@ classof documenimagesobtainedby cellularphoned47]. Pro-
cessingchallengesn this classof documentsareconsiderabhydifferentfrom the corventional
scanneddocumentimages. Many of this new classof documentsare characterizedy low
resolutionand poor quality making the immediaterecognitionpracticallyimpossible. Super
resolutionprovidesanalgorithmicsolutionto the resolutionenhancemergroblemby exploit-
ing theimage-speci capriori information[27, 75].

Superresolutionof low resolutiondocumentmagess becominganimportantpre-requisite
for designanddevelopmeniof robustdocumentanalysissystemg14, 54]. Large scalecamera
basedookscanneremployedin digital librariescouldgetbene tedfrom resolutionenhance-
mentto obtainhigh OCR accuracieslt is alsotrue with thetext embeddedn naturalscenes,
which couldbe usedfor indexing theirimages.Digital videocompressiomlgorithmscanalso
bene t from the successfulext resolutionexpansiortechniquesVideosareoftenindexedand
retrieved basedon embeddedext information. Thetext obsenedin broadcasvideosis often
low in resolution.Withoutenhancemeng simplebinarizationcould completelyremove mary

strokes.In theseconditionsit is virtually impossibleto do characterecognitionasmostof the
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OCRsaredesignedo work atreasonabhighresolutions Resolutionenhancemerdlgorithm
increasespatialresolution,while maintainingthe differencebetweentext andbackground.it
canfurtherassistherecognitionin low-resolutiontext images.

This chapterfocuseson the issueof increasingthe resolutionof a single documentim-
age. Therehasbeena substantiabmountof previous work in supefresolutionfor general
imagery[27, 28, 75]. However, documentmagesare a distinct classof imageswidely dif-
ferentfrom naturalimages. The problemof documentsupefresolutionis a specialcaseof
imagesuperfresolutionbecausda) documentimagesare pseudabinary in natureand (b) the
regularity of the patternsusedin this “visual” languagedistinguishegshe documentimages
from naturalscenesFurther dueto our excessve familiarity, in the caseof documenimages,
we have fair amountof apriori knowledgeaboutthe high resolutionimage. This increases
the expectationson the documentsuperresolutionalgorithms. A successfulocumentsuper
resolutionalgorithmneedsto usethe text-speci ¢ apriori information. Edgesare geometric
regular spatialpatternsandareamongthe mostnoticeablefeaturesn documenimages.The
visualquality nearthe edgeareasadwerselyaffect our perceptiorof distortion.

In this work, we proposean algorithm for supetfresolutionof textual documentimages
using an edgedirectedtangent eld. This schemeis ideally suitedfor the textual content
wherethe smoothnessvill have to be enforcedalongthe edgesinsteadof acrossthe edges.
We demonstratéhe applicability of the approacton document®btainedirom bookscanners,
cell-phonecamerasand broadcastvideos. We demonstratehe qualitatve and quantitatve

improvementof this methodover traditionalresolutionenhancemergchemes.

3.2 RelatedWork

Simpleapproacheso imageenhancemerdre popularin literature. Gaussiarand Wiener
Iters (anda hostof otherlinear Iters) have beenusedfor smoothingthe blockinesscreated
by the low resolutionimaging[43]. Median Iters (andsimilar nonlinear Iters) tendto fare
better producinglessblurry images.Interpolationmethodssuchascubic-splineinterpolation

tendto be the mostcommonimageresolutionenhancemerdpproach Therearetwo primary
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dif culties with interpolationmethodsfor resolutionenhancementtirst, smoothingin inter-

polationis indiscriminate.lt occursin placeswith gradualchangeaswell asacrosshe sharp
edgesproducingblurring. SecondtheseapproacheareinconsistentSubsamplinghe super

resolutionimagewill not returnthe original low-resolutionone, which implies that the high
resolutionimageis not the “true” high resolutionimage,which oneis interestedn estimat-
ing. Hencewe needa modelwhich not only maintainsconsisteng but alsotriesto ensurethat
smoothingdoesnot occurin region boundaries.

Oneof theearliestattemptdo do superresolutionof documentmagesvasby Li andDoer
mann[54]. They usedthe methodof projectiononto corvex sets(POCS),to deblurscendext
in videosequencesThis wasparticularlysuitablefor their applicationsinceoverlaidtext, usu-
ally have puretranslatiorbetweerframes.A puretranslationamodelis acommonassumption
dueto its simplicity andeaseof implementationln a parallelwork, CapelandZissermarj14]
useda projective transformmotionmodelfor supetresolutionof text speci cally for imagese-
guencesn whichthepoint-to-pointimagetransformatiorwasof enoughcompleity to demand
suchconsideration Both thesemethodssuccessfullydemonstratehe useof supefresolution
to improve thedocumenimages.Iln arecentwork, Teagerlter (aquadraticunsharpnasking

Iter) wasadoptedoy Mancas-ThillouandMirmehdi[67] for the extractionof high frequen-
ciesthusenhancingharacteedges Most of theseprior modelsdid notre ect ary text image
property Thishasbeendenti ed asapromisingdirectionto derive supemresolutionalgorithms
speciallysuitedfor documentmages.DonaldsorandMyers[22] proposedatext speci ¢ prior
model,which modeledthe bimodality andthe local smoothnessvith stepdiscontinuity They
usethe Gibbsprior with a Hubergradientpenaltyfunctionastheir smoothnesunction. This
piecavise smoothnesgrior is goodat reducingfalsespecklesn theresults but it undermines
theimportanceof enhancingedges.Dalley etal. [20] employedatraining-baseanethod,in a
Bayesiarframenork. A databasés built thatindicateswhich high-resolutiorpatchshouldbe
outputgivenaninputlow-resolutionpatch.Park etal. [74] developedanalternatve approach,
anedge-baseduperresolutiontechnique It attemptgo locatethe edgego subpixel accurag
in asequencef imagegakenfrom trainingexamplesandthenfusesthe conglomerate@dge

informationinto the supefresohedimageusinga MRF formulation.
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A varietyof methodshave beenproposedo improve thecontrastwithin asingletext image.
They includemethodshasedon multi-resolutionpyramid with fuzzy edgedetectord485], and
amixed approachusingtopologicalfeaturesand contourbeauti cation[73]. Therehasbeen
only limited work in the areaof singleframenon-trainingbasedsupesresolution.Thouinand
Chang[93] usednonlinearoptimizationon a gray scaleinput imageto minimize a Bimodal
Smoothnes#wverage(BSA) score. Thoughthis methodworks well, the processedlirection
of the smoothnessonstraintwhich is a differentialequationbasedmethod,is de ned by the
gradientmagnitudeof the image,wherethe randomattribute of theimageis not considered.
Thereforat failsto presere edgeandtexture,speciallythe corneredgesof text image.

In generalmostof the previous approachesreateddocumenimagesupefresolutionvery
similar to that of supefresolutionof naturalimages. This resultedin adwersecharacteristics
nearthecharacteedgesandcorners.Textual contentin documenimagesareprimarily binary
andthe smoothnessvill have to be presered along the edgesand not acrossthe edges.We
demonstratéhat suchan edgepreservingresolutionenhancementechniqueis ideally suited

for documenimages.

3.3 List of Contrib utions

Herearethelist of contrikbutionin this chapter

We proposea belief propagatiorbaseddiscreteoptimizationtechniquefor single-frame
text supefresolution. We formulatea novel objective function for text images. The

techniquegeneratesall the prior informationonthe y andrequiresnotrainingimages.

A novel way to modelthe bimodalnatureof thedocumenimagesn the MRF is shawn,

andis incorporatedn the objectve functionto generate sharpbimodaloutputimage.

The proposednethodhasedge-directedmoothingfunctionthatis tailor madefor doc-
umentimages.lt is ideally suitedfor thetextual contentwherethesmoothneswiill have

to be enforcedalongthe edgesnsteadof acrosgheedges.
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1(p)

Hblack Hawhite

Figure 3.1 Bimodal Distribution:l (p) is the gray level at pixel p. pack and whie arefore-
groundandbackgrouncgeaksyespectrely.

3.4 TextSpecic Prior Estimation

Thoughsomeof the [73, 93] existing methodssupesresohe documentsthey have less
emphasi®©n enhancinghe edges.Signi cant amountof degradationtakesplaceat the edges
in the resolutionexpansionmethods. Preservingcharacteredgesis mostyvital in document
images.However, edgesn low-resolutiondocumenimagesappearasspatiallyblurrededges
dueto degradation,sensornoise and focal blur. When edgesare blurred, it is dif cult to
explicitly locatethe edgesandits digital directions. This makes the supefresolutionwith
focuson explicit enhancemertdf edgesn documenimageddif cult.

To avoid the dif culties with explicit edgeenhancemerapproachjmplicit edge-directed
supefresolutionmethodis proposedin this chapter The proposedMarkov RandomField
(MRF) basecedge-directeduperresolutionrmethod,s animplicit edge-directedestorationlt
generatethe edge-directethformationonthe y , makingthe methodindependensf training

set.

Ideally, ary algorithmto performdocumenimagesupesresolution shouldhave thefollow-

ing characteristics:

It shouldbeableto successfulljhandlethebimodaldistribution sotypical of adocument

image.

It shouldpresere andenhanceheedgesandcorners.
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Expandedmagesareconstraineguchthatthe subsamplinghe supefresolutionimage

shouldreturnthe original low-resolutionone.

For practicaluse,we would like our methodto be reasonablyast. We will alsotry to imbibe
all theabove propertiesn our formulation.

The generalframeavork for the problemscanbe de ned asfollows. Let P be the setof
pixelsin animageandL be a setof labels. For e.g.,in gray level images,thereare 256
labels. The labelscorrespondo quantitiesthatwe wantto estimateat eachpixel. A labeling
f assignsalabelf, 2 L to eachpixel p 2 P. The quality of a labelingis given by the
enegy functionE (f ), andis de ned in termsof its clique system.A neighborhoodtructure
N,, which containsneighboringpixels of site p (p is notincludedin Np), is rst de ned.
Thena clique is de ned on the neighborhoodstructureN ,. A setof pixel sitescin N, is a
cliqueif all pairsof sitesin ¢ areneighbors.Lastly, a functionV,, called potentialfunction,
de nestheinteractionsof pixel sitesin clique c. Spatialconstraintsareimposedthroughthe
formulationof potentialfunctionV,. Thepotentialfunctionis relatedto theenegy functionas
E(1) = e Vell).

3.4.1 Bimodality Constraint

Imagesof text areusuallysmoothin boththeforegroundandbackgroundegionswith sharp
transitionsonly atthe edges.Thus,text imagestypically have bimodaldistributions,asshovn
in Figure 3.1, with large black andwhite peaks. The peakoccursat i , the background
(white) values,sincethe majority of pixels on atext pageis background.Thereis a second
peakat pack, representinghe black letters. Additionally, thereare a small numberof gray
valuesoccurringbetweerthetwo peakswhichrepresenthegraypixelsthatexist attransitions
from white to black. The amountof theseintermediategray levelsis relatedto the amountof
blurin thedocumentmage.Thetextual contentis almostalwaysrenderedvith ahigh contrast,
otherwisethe contentproviderrisks, theviewer not noticingthe content.In orderto obtainan

unblurredmage ,we wishto obtaina sharpbimodaldistribution, pushingtheintermediategray

40



level towardstheir nearespeaks.To incorporatehis propertywe de ne theenegy functionas

Bp(]c p) = (f p white )z(f p black)2 (31)

whereB(f ) is the costof assigninglabel f, to pixel p, effecting the distribution, and is
referredto asthebimodalcost. This expressiormeasuresiow fartheassignedabelf , is from
theassignedimodalpeaks.Minimizing this expressiorwill assignabelsf , to pixel p, values
thatarecloseto eitherof the peaksmakingthe peaksin the distribution increasinglysharper
It is interestingto noticethatthis enegy components capableof regulatingthe distribution of
the documenimage,thusthe MRF operatingat a globallevel. As we shall seelaterthatwe
try to minimizethis enegy componentresultingin asharpbimodalimage.

We would alsolik e thelabelf , to beascloseto thegrayvaluel (p), for apixel p. Thus,the

enegy termfor cliquewith singlesite,is de ned as

Dp(fp) = (1(P)  fp)*+ Bp(fp) (3.2)

whereD (f ) is the costof assignindabelf , to pixel p, whichis referredto asthe datacost.

I (p) isthegraylevel atpixel p.

3.4.2 SmoothnessAlong Edges

A sharpedgein animagecorrespondso relatively large intensity gradientsconcentrated
alongthe edge,while a relatively smoothareais composedf a morescatteredsetof wealer
or almostno gradients. With the exceptionof edgesext imagestendto be very smoothin
both the foregroundand backgroundegionswhich resultsin neighborswith similar values.
A documenimagehascharacteimageswith sharpcurvesalongthe boundariesasshown in
Figure3.2a. The relationbetweenrhigh- andlow-resolutionimage,essentiallydependon the
smoothnes®f the edgedirection. Characteredgesgenerallyconsistof piecewise smooth
curves. Thejoin of two curvesarethe cornersof the charactersThe enhancemerapproach
needdo discriminatebetweersmoothcurve andthecornersn thetext image.Thereforewhile
restoringthesecharactermagesthe smoothnesalongthecharacteedgesaveto beenforced

in the formulation, on the otherhandmaintainingsharpdiscontinuitiesacrossthe edges. To
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(a) CharacterA

TR TR

(c) Tangentrield (d) Resohed x; y Components
of Tangent~ield

Figure 3.2 Tangent-ield: (a) CharacterA' (b) Thegradienteld (c) Thetangenteld and(d)
Theresohedx andy component®f thetangenteld (c).

nd theedgedirectionwe rst computethe gradientof imageasshown in Figure3.2h Then
we take vectorstangentiako this gradient eld. Thistangenteld consistsof vectorspointing
along the boundariesof characterimagesas shavn in Figure 3.2c. Let the tangentvector
at pixel locationp of the degradedow-resolutionimagel beTP. Thetangenteld is further
resohedintoitsx axis andy axis componentasshowvnin Figure3.2d,whicharedenoted
asTP andTp, respectiely. Thisis donebecause¢heedgesarefour-connectedmagegrid graph.
Thesepotentialsare usedin assigningabelsf , andf to two neighboringpixels. We de ne

theenegy functionwith a quadraticcostfunctionfor the cliquewith two sitesas

8
% min (sTx(f, fg)%d) if (p;g) are
alongx-axis
V(fpifg) = (3.3)
% min(sT,(f, fq)%d) if (p;q) are
. alongy-axis

wheres is the rate of increasen the cost. In orderto allow for large discontinuitiesin the

labelingthe costfunction stopsgrowing afterthe differencebecomedarge. This is controlled

42



by the parameted. V(f,;f,) is the costof assigninglabelsf, andf to two neighboring
pixels,andis normallyreferredio asthesmoothnessost. Thetruncatedjuadraticcostchanges
smoothlyfrom beingalmostquadraticnearthe origin to a constanwalueasthe costincreases.
To understandvhy this approachs effective, noticethata characteedgehaseithersharp
corneror smoothcurves. Thesegeometricspatialconstraint€anbedescribedy localtangent
eld. Our proposedMRF model-basednethodis animplicit edge-directe@gpproach.in this
formulation,the edgedirectionof an edgepixel is indicatedby the continuity strengthin that
direction. Insteadof labelingeachdirectionaseitheredgeor non-edgealirection,we measure
the continuity strengthin eachdirectionwith the strengthof the tangenteld. Thesevalues
arederivedfrom theintensityvariations,.e., the gradient. Therelative continuity strengthof
thedirectionsareusedasedgedirectioninformationto formulatethe geometriaregularspatial
constraintwhichcanbesummarizeédssmoothnesalongedgedirectionsandsharpnesacross
edgedirections. Areaswherethe gradientis zeroor negligible, the smoothnessostfunction
is very low anddoesnot have muchin uence. In theseplacesthe bimodalcostis the major

decidingfactor thusrenderinga highly smoothsurfacein thoseregions.

3.4.3 SubsamplingConsistency

The subsamplingonsisteng shouldbe presered betweernthe low-resolutionandits cor
respondinghigh-resolutionimage,which meansthat whenyou subsample high-resolution
imagegeneratedy the method,it shouldrecover the original inputimage. In this sectionwe
describea dualscaleiechniqueto circumwent this problem. The basicideais to imposethe
criteria that the expandedimagesare constrainedsuchthat the averageof a group of high-
resolutionpixelsis closeto theoriginal valueof thelow-resolutionpixel from whichthey were
derived. We usehierarchyto imposethis constrainton the successie ner level.

In establishingthe coarse-to- nerelation, we usethe notion of dualscaleimagegrid, as
showvn in Figure3.3. Thelower level correspondso the original labelingproblemwe wantto
solve. Thehigherlevel consistf blocksof 2™ 2™ pixel locationsgroupediogetheywhere

m is the magni cation factor andthe resultingblocksareconnectedn a grid structure.The
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Figure 3.3Dualscalestructure:Eachnodein lowerlevel(Supefresohedimage)correspondto
ablock of four nodesn the higherlevel(Low-resolutionimage).In this casethemagni cation
factorm = 2.

lowerlevel andthehigherlevelin Figure3.3correspondo the high-andlow-resolutionmages
respectrely. A block in the higherlevel correspondso a pixel in the low-resolutionimage.

The subsamplingonsisteng canthenbe conditionedas

Sp(fpib) = (1(D)  fp)? (3.4)

wherep is a pixel atthe lower level andblock bis the correspondingpixel at the higherlevel.
I (b) is the gray level at pixel b. S,(f,; b) is the costof assigninglabel f, to pixel p based
on block b that measuredts distancefrom the correspondinglock at the higherlevel. It is

referredto asthe subsamplingost.

3.5 MRF Formulation to DocumentSuperresolution

We modelthespatialrelationshipsn imagesusingaMarkov network, whichhasmary well-
known usesin imageprocessing17]. This meansthatthe probability distribution of a node
ontheintermediate-resokdimageis conditionallyindependenof all but the neighborhooaf
the node. Figure 3.4ashaows the neighborhoodf a nodeof the MRF andFigure 3.4bshavs
the cliquesin the neighborhoodsystem.In Figure 3.4a,circlesrepresentetwork nodes,and
thelinesindicatestatisticaldependenciesetweemodes.In Figure3.4b,we de ne two kinds

of cliquesc, 2 C; andc, 2 C,. Therefore for eachnodeon intermediate-resokd image,
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(b) Cliquesin theneighborhood
system

Figure 3.4 Clique systemin the proposedVIRF

therearesix cliquesrelatedto it, onec; cligueand ve ¢, cliques. The clique ¢, represents
the dependeng betweenthe intermediate-resobd imageand the bimodality of the restored
image.Thecligueattainshigherenegy valueasthe pixel movesaway from thebimodalpeak.
Lowering the enegy, facilitatesin deriving a sharpbimodalimage. The clique c, represents
the dependeng betweentwo neighboringnodes.Clique ¢, performstwo distincttasks.First,
the selectve smoothingusingatangenteld is performedto improve thelocal smoothnessf
eachregion of text region. Secondjt ensureghatthe high resolutionimagedoesnot drift far
from the correspondindow resolutionimage. This is doneby establishinga relationbetween

thelow- andhigh-resolutionmage.

45



Thequality of alabelingin generakestoratiorproblemis givenby anenegy function,

X X
E(f)= (V(fp;fg) + Sp(fp; ) + Dp(fp) (3.5)

(p;a)2N p2P
whereN aretheedgesn the ve-connectedmagegrid graphshown in Figure3.4a. Here,p
andqg arenodesbelongingto the sameevel andnodeb belongsto theimmediatehigherlevel.
Finding a labelingwith minimum enegy correspondso the Maximum A Posteriori(MAP)

estimationproblemfor anappropriatelyde ned MRF.

3.5.1 Energy Minimization usingLoopy Belief Propagation

While the MRF framework yields an optimizationproblemthatis NP hard,goodapproxi-
mationtechniqued®asedngraphcuts[11] andonbeliefpropagationf29, 31] have beendevel-
opedanddemonstratefor problemssuchassterecandimagerestoration.Thesemethodsare
goodbothin thesenseahatthelocal minimathey nd areminimaover “largeneighborhoods”,
andin the sensdhatthey producehighly accurateesultsin practice.

We startby brie y reviewing the BP approacHor performinginferenceon Markov 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 an equivalentcomputatiorcanbe performedwith negative log probabilities,
wherethemax-producbecomes min-sum.We usethisformulationbecausd is lesssensitve
to numericalartifacts,andbecauset directly correspondso the enegy functionde nition in
equatior4.6.

Themax-producBP algorithmworksby passingnessagearoundthegraphde ned by the
four-connectedmagegrid. Themethods iterative, with messageom all nodesheingpassed
in parallel. Eachmessagés a vectorof dimensiongiven by the numberof possiblelabels,k.
Let m})!  bethemessagéhatnodep sendgo a neighboringnodeq atiterationt. Whenusing
negative log probabilitiesall entriesin mg, q areinitialized to zero,andat eachiterationnew

messagearecomputedn thefollowing way,
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X
mtp! q(f p) = nf1in V(fpifg) + So(fp; ) + Dp(fp) + mts! 1p(f n) (3.6)
P s2N (p)nq

whereN (p)ng denoteghe neighborsof p otherthanqg. After T iterationsa belief vectoris

computedor eachnode,

X
by(fq) = Dq(fq) + mp o(fa) (3.7)
pP2N ()

Finally, thelabelf , thatminimizeshy(f ) individually at eachnodeis selected.The standard
implementationof this messaggassingalgorithmon the grid graphrunsin O(nk?T) time,
wheren is the numberof pixelsin theimage,k is the numberof possiblelabelsfor eachpixel
andT is the numberof iterations. It takesO(k?) time to computeeachmessagendthereare

O(n) messagetw becomputedn eachiteration.

3.5.2 Algorithm Details

Proposeauperresolutionprocesembedshe MRF supefresolutionframeavork (Figure3.4a)
throughiteration. Thebicubic-interpolatedmageof anobseredlow-resolutionmageis given
asaninitial intermediateesolhedimage.We predictmissingimagedetailsin theinterpolated
imageto createthe supefresolutionoutput. And the intermediate-resokdimageis improved
by the MRF framework. Theedgeweightsarecalculatedbothfrom neighbordrom sameevel
andtheimmediatehigherlevel. The quality of the nal supefresolhed resultvarieswith the
numberof iterations. The edgeweightsof the samelevel are extractedfrom the tangenteld
andis givenin Equation4.3. The edgethatconnectgo the higherlevel in the dualscalestruc-
ture(Figure3.3)which passeshecoarse-to- nanformation,areestimatedisingEquatioré.5.

Findingtheexactsolutioncanbecomputationallyntractableputwe nd goodresultsusing
the approximatesolutionobtainedby runninga fast,iterative algorithmcalledef cient belief
propagatiorf29]. Thealgorithmrunsat onelevel of resolutionandthenusesthe messageat
thatlevel in orderto getestimatedor the messageatthenext ner level, andsoon, down to
the original grid. Threeor four iterationsat eachlevel anda maximumof ve levels of grid

hierarchyaresufcient. Inferencealgorithmsbasedon belief propagatiorhave beenfoundto
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Figure 3.5Characters' supefresolhedby afactorof 4 times
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Figure 3.6 Thresholded/ersionof theresultsof severalmethodsn Figure3.5.

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

For afull-size page(of sizel600 2600 the processingime is way beyondany commercial
use. To make it work moreef ciently for adocumentpage,we try to divide andconquerthe
problem.Eachcharactein adocumenis visually anindependenéntity, notto mentionabout
aword or aline. Geometricallyit doesnot dependon oneanother Thusthey canbe dealt
separatelywithout effecting the overall documentimage. In our method,the low resolution
full sizepaperis segmentedo word or line level asperthefeasibility. Thesesmall chunksof

imagesarethenfed into thealgorithm,drasticallyreducingthetime andspacecompleity.
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common agenda common agenda

(a) IdealHigh-resolutionimage (b) Low-resolutionimage
common agenda common agenda
(c) Bilinear Interpolatedmage (d) CubicSplinelnterpolatedmage

common agenda

(e) UsingProposedviethodRestoredmage

Figure 3.7 Text supefresohedby afactorof 4 times
3.6 Experimental Results

We demonstratéheperformancef ouralgorithmontextual contentin videoframesaswell
asthedocumenimagesobtainedby bookscannersandcellphonecamerasWe quantitatvely
andqualitatvely demonstratéhe superiorityof the proposednodel.

To shaw the effectivenessof our method,we comparethe resultswith several common
methodsjncluding bilinear interpolation,cubic-splineinterpolationand BSA algorithm[93].
Figure3.5 shaws resultingimagesobtainedfrom linear interpolation,cubic splineexpansion,
BSA algorithmandour method.The characters' from animagescannedt 75 dotsperinch
(dpi) using 8-bit gray scalequantizatioris shavn in Figure3.5awheresigni cant blockiness
is apparent.Bilinear interpolationresultsin a continuouscurve, with a discontinuousleriva-
tive. Thesamagesaturallytendto besmoothwithoutsharpdiscontinuitiesproducingblurry
results.Bilinear interpolationby afactorof four wasusedto createtheimagein Figure3.5b,
whichis very blurry andlacksgoodcontrast.Cubic-splineinterpolationis analternatepopular
scheme.The disadwantageof cubic splinesis thatthey could oscillatein the neighborhoodf
anoutlier producingaringing effect. Figure3.5cdepictstheresultingimagefrom cubicspline
expansionwhich hasbettercontrastbut is still not sharpat the edges. The imageobtained
usingBSA restorationn Figure3.5dhassuperiorto theimagesobtainedusingotherinterpo-
lation methoddor this example.This methodallows for sharpedgeshut doesnotdiscriminate

betweergeneratext edgeandcorners.Our methodpresent@nedge-directeduperresolution
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Figure 3.8 Camerabasedesults.A smallportionof thetext is magni ed anddisplayed.

CHEVROLET | CHEVROLEY

(a) Low-resolutionlmagefrom television (b) Ourmethod
broadcast

Figure 3.9 Resultontext from television broadcastrames.

algorithm. Consequentlyhe local edgedirectionarerepresentedvell by this method. Fig-
ure 3.5eshaws, imagequality is improved, strokesarereconstructeanore precisely linearity
andsmoothnessef contoursareimproved,stroke width is moreuniform, andshapdeatureof
fontsarereconstructednely. Figure 3.6 shows the thresholdedrersionof the resultsof sev-
eralmethodsn Figure3.5. Bilinearandcubicsplinemethodsntroducesutin thethresholded
imageasshowvn in Figure 3.6aandFigure 3.6b,respectrely. Figure3.6cshawvs thatthereis
still blockinesdeft on the smoothsurfaceof the characters’, introducedby BSA algorithm.
The reasonbeing that the algorithm breaksthe whole imageinto 4 4 blocks and eachof
theseblocksarehandledindependentlyresultingin lack of continuity acrosshe blocks. Fig-
ure 3.6d shaws thatthereis not muchdifferencefrom the original imagein Figure3.5deven
afterthresholdingasour methodgeneratesa sharpbimodalimage. Theimageobtainedusing
our methodhassmoothedgesandis superiorto theimagesobtainedusingothermethods.

We demonstrateéhe effectivenesduy creatinglow-resolutionimagesfrom high-resolution
originals,expandingthe low-resolutionimagery andthenmeasuringhe distanceto the orig-
inals. To achieve this an anti-aliasingprocesss performedby blurring (low pass lter) the
imagefollowed by block averaging(subsampling) For animagel , of r rows andc columns

anda low pass Iter with impulseresponses, the resultingimagei subsampledt each
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Figure 3.10Text supefresolhedby afactorof 4 times

pixelswould berepresentetdy

XX

i(x;y) = LA G Gy )

j=1 i=1
wherex = 1;:::;¢c= andy = 1;:::;r= . Restoredmagesarethencomparedwith the
original to determinethe successf restorationnumerically For binary documentimages,
the PSNRdoesnot matchwell with subjectve assessmensinceit is a point-basedneasure-
ment, and mutual relationsbetweenpixels are not taken into account. Hence,we usethe
Distance-ReciprocaDistortion Measure(dDRDM) that measureshe visual distortionin dig-
ital binary documentimagesand matcheswell to the subjectve evaluationby humanvisual
perception[64]. The DRDM wasusedto comparethe variousmethodsof imageresolution
expansion.We initially takea 70 380sizeimageat 300dpiasshavnin Figure3.7a.Thelow
resolutionimageis generatedby the processof anti-aliasingwherea Gaussiarlow passlter
of standardvariance = 1 andblock averagedwith = 4 wasusedshown in Figure3.7h
The bilinear interpolationproducesa severely blurredimageshavn in Figure 3.7c, reducing
theDRDM to 75497. Thecubic-splinegivesbetterresultin Figure3.7dwith DRDM reduced
to 69453. Our methodproducedhe bestimageshown in Figure3.7eby reducingthe DRDM

to 61564. The sharpdeclinein DRDM scorejusti es our claim. A comparatie studyof the
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(a) Low-resolutionimage

(b) Splinelnterpolatedmage
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(c) SplinelnterpolatedOCRtext

(d) Ourmethod

without mercy. When he had won the victory, he again
gave all his thoughts to doing away utterly the race ol the
Scots and Picts, and yielded him to treating them with a
cruelty beyond compare. Not a single one that he could lay

(e) OurmethodOCRtext

Figure 3.11An exampletext block.



reductionin DRDM for the variousimageexpansiontechniquess plottedin Figure3.6. We
obsene thathigherblur factorleadsto greatererrorduringrestoration.

Experimentsvith Camera-Baseiinagess conductedy capturingdocumenimagesusing
aCannorhandheldcameraResulton camera-baseithageis displayedn Figure3.8 Text in a
videobroadcastramesarerenderedn verylow-resolution.Resultobtainedoy supefresolving
theseimagess shavn in Figure3.9.

We examinedeffectivenessof the proposedmethodfor improving OCR accurag. A set
of 20 pagefrom a book wereused,wherea pageconsistof approx350 400words. Each
pagewasthenscannedising8-bit gray scalequantizationat 100 dpi to createlow-resolution
originalimagesusinga ZEUTSCHELOS5000scannerThesel00dpi resolutionpageswvere
thenexpandedusing variousresolutionexpansionmethodsby a factor of four to create400
dpi imageswhich wereprocessedy OCR. Restoredmagesin 400 dpi weregeneratedrom
inputimagesin 100dpi by the proposednethod. The OCR accurag, usingFreeOCRVersion
2.2, afreely downloadableOCR packagewascomparedvith the resultsof imagesthatwere
expandedusing variousotherresolutionexpansionmethodsby a factorof four. Therewere
a total of 28708charactersn these20 images. Cubic spline interpolationresultedin 1558
characteerrorsandour methodhad869characteerrorsfor anoverallimprovementof 44:2%
for this setof images. The expansionrequiredabout6% min per pagefor our restoration
algorithm. A samplesectionof restoredmagesusingcubic splineexpansionandour method
areshown in Figure3.11. Figure3.11ashaws the original low-resolutionimage. We obsenre
thatthe text is bimodalwhere i and whie are20and170 respectiely. The reasonfor
improvementin OCR-accurag is possiblythe enhancemendf the edgedirectedtangenteld.
Sincemary OCR algorithmsusedirectionalfeaturesalongcontoursasprimary featuresthe

contourenhancemerdreeffective for improving OCR accurayg aswell asimagequality.

3.7 Summary

An implicit edge-directeguperresolutionalgorithmfor documentimagesis proposedn

this paper Edgedirectioninformationis incorporatedn theformulationof theenegy function
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in the MRF model. The edgepreservingsuperresolutionschemeprovidesbetterresultson a
wide classof documentmages.Themethods quitestraightforvardto implementandgenerate
goodresults. Our algorithmis aninstanceof a generalnon training basedapproachhat can
be usefulfor documenimage-processinghat extractsa single high-resolutionframefrom a
singlelow-resolutionimage,wherethe priorsarederved from sameimage.In this approach,
the unknawvn pixel valuesare estimatedasedon their local surroundingneighbourhoodbut
not on the wholeimage. In particular we donotexploit the multiple occurrenceof characters
in the scannedlocument.In the next chapterwe proposeto take advantageof this repetitve
behaiour, we divide theimageinto characteseggmentsandmatchsimilar charactesegments

to Iter relevantinformationbeforethereconstruction.
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Chapter4

Text Restoration by exploiting repetitive character behaviour

4.1 Intr oduction

Documenimagesareoftenobtainedoy digitizing paperdocumentdik e booksor manuscripts.
They couldbe poorin appearancdueto degradationof paperquality, spreadingand aking
of ink toner imagingartifactsetc. All the abore phenomendeadto differenttypesof noise
at the word level including boundaryerosion,dilation, cuts/breaksand meigesof characters.
Restoratiorof suchimageshasmary applicationan enhancinghe performanceof character
recognizersaiswell asin bookreadersisedn digital libraries. Often,alongwith therestoration,
onealsolooks for enhancementf the resolution. Text obsered from thesesourcess often
low-resolutiondegradedmages andrequiresrestoratiorandresolutionexpansionin orderto
improve OCR performance Moreover, theseimperfectimagesmay be inadequatdor subse-
guenthumanuse. The visual andrecognitionability fall dueto theseeffects. The accurag
of today's documentrecognitionalgorithmsfalls abruptlywhenimagequality degradesaven
slightly [3]. Signi cant improvementin accurag on hardproblemsnow dependssmuch,or
more,onthe sizeandquality of training setsason algorithmsandhardware|[3].

Restorationand enhancemerdre well studiedin imageprocessinditerature. The linear
Iters arebasedntheassumptiorof linear, spacanvariantdegradation.Therestoratiortech-
niquecanbecarriedoutin thefrequeny domain.Thelinear lter is easyto designandanalyze.
Popularlow passnoiseremoval Iters donotmake ary signi cant assumptioraboutthe scene

content.Inverse- Itering basedestorationtechniqguemodelthe degradation(eg. motionblur)
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Figure 4.1 Generatie Model: (a) A typicalidealimagewith Seriffont. (b) is the Degradation
versionof (a) with parameterg o; ; o; ) = (0:6;1:5;0:8;2:0) [103]. (c) is the scanning
process.(d) and (e) arethe Blurred versionandthendown-sampledversionsof (b), respec-
tively. Our problemis to rectify the low resolutiondegradedmageto a high-qualitymagni ed
documenimage,makingit suitablefor furthermachineandhumanuse.

andrecover the signalin a model-basedramevork. But documenimageshave sharpedges.
Therestrictionthattheestimatiorrule belinearcombinatiorof obsenedvaluess notsuitable.
We exploit the propertiesof documenimagesto developa speci ¢ restoratiortechniquespe-
cially suitedfor the same. This chapterpresentsaa documentrestorationtechniquethat takes
advantageof the repetitive structuralnatureof a documenimagewhich is further enhanced
by a documentspeci c prior information. Both prior and likelihood distributions are then
formulatedas a maximuma posterior(MAP) solution,which is a specialcasein the Bayes

framawork.

4.2 RelatedWork

Therehasbeensigni cant amountof researchn the eld of documentestoration.Text en-
hancemengffortsfocuson xing brokenortouchingcharacter§90, 102]. Traditionalmethods
for text imageenhancemertanbe classi ed into four cateyories: Itering, contrastenhance-
ment,model-basetmagerestorationandresolutionexpansion.Someof therestoratiorefforts
arebasedon morphological lters [103, 60] which discussa methodfor binary morphologi-
cal Iter designto restoredocumentmagesdegradedby subtractve or additive noise,given

a constrainton the size of lters. Bern and Goldbeg [5] assumea probabilistic model of
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the scanningprocessandusesthis modelto clusterinstancesf the sameletter andto com-
putesuperresolhedrepresentatiesof the clusters.Othermethodd1] usesimilarmodelbased
approaches.A variety of methodshave beenproposedn orderto improve contrastwithin
text images.They include methodshasedon multi-resolutionpyramid andfuzzy edgedetec-
tors [85] wheredocumentimageto be enhanceds obtainedfrom a scannerandis a blurred
binary imagethatis corruptedby additive noise. A mixed approachusingtopologicalfea-
turesand contourbeauti cation[73] for restoringhigh-resolutiorbinary imagesis presented
to improve legibility of low-resolutiondocumenimages.Theinitially restoredmageis gen-
eratedby simpletechniquesandis thenimprovedby integratinga variety of featuresobtained
throughimageanalysis Missingstrokesof charactersrecomplementetiasedntopographic
featuresFew of theresolutionexpansiorapproachemcludetext bitmapaveraging39] where
theessencef themethods in nding andaveragingbitmapsof the samesymbolthatarescat-
teredacrossa text page. Outline descriptionsof the symbolsare then obtainedthat can be
renderedht arbitraryresolution.Shannorinterpolationis performedwith text separatiorirom
theimagebackgroundn [55] to improve the OCR accurag of digital video. Restorationof
imagesis widely consideredas an exampleof anill-posedinverseproblem. Suchproblems
may be approachedisingregularizationbasednethodswhich constrainthe feasiblesolution
spaceby exploiting thea priori knowledge[9].

A numberof researctefforts investigateccombiningtext enhancemenwith resolutionex-
pansionin orderto improve low-resolutiontext images.Perhapghe mostsalientpropertyof
text is thatit is generallybimodal. By its very nature text charactersnusthave somecontrast
with the backgroundo make themhuman-readabléelhis constrainthasbeensuccessfullyap-
plied to the resolutionenhancementf text in singleimages[93, 21]. This techniquecreates
a stronglybimodalimagewith smoothregionsin boththe foregroundandbackgroundyhile
allowing for sharpdiscontinuitiesat the edges. The restoredmage,which is constrainedy
the given low-resolutionimage,is generatedy iteratively solving a nonlinearoptimization
problem. Dalley et al. [20] adopta training-basednethod,wherea databasés build to map
the outputhigh-resolutiorpatchfor a giveninput low-resolutionpatch. Givena singleimage

of text scannedn atlow resolutionfrom a pieceof paperreturntheimagethatis mostlylik ely
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to be generatedrom a noiselessigh-resolutiorscanof the samepieceof paper Thoughthis
methodis ef cient, it assumethatwe have thefont andscriptinformation,whichis notalways
true.

This chapterdescribes restoratiortechniquewith enhancemerfor documenimagesthat
mimics imagesequenceby clusteringsimilar characteicomponents.Spatiotemporabbser
vation constraintaareadditionallyaddedto constrainthe feasiblesolutionspacewith a priori
assumption®n the form of the solution. The prior informationin our formulationis inde-
pendentbf scriptandfont informationwhich is hardto predict. Our methoddiffers from the
previouswork [39] in the context thatwe have focusedon the requiremenbf the prior infor-
mation,furthercombiningthe prior anddatadistributionin a Bayesiarframework.

We proposea methodfor restoringhigh-quality binary imagesfrom degradedgray-scale
imagesin low resolution.An effective approacho tacklethis problemis to utilize a Bayesian
inferenceapproach.The restoredmageis generatedrom a collectionof similar imagesby
estimatinghelik elihood,andit is thenimprovedby integratingwith a prior information,mak-
ing it a Maximuma Posteriori estimate.Here,we presenta new imageprior modelbasedon
Total Variational(TV) enegy minimization. Thebasicideastemdrom theneedfor preserving
sharpedgeswhile discouragingdegradations.n this chapterthe performancef this method
is demonstratedy shaving theimprovementin visualquality of thedocumentmage.Further
the resultsare quantitatvely evaluatedby runningan OCR engineon the restoreddocument

images.

4.3 List of Contrib utions

Herearethelist of contributionin this chapter

We have developedamathematicalramework basecn maximumaposterioriMAP) to
generateheprototypecharactefrom asetof similardegradedcharactersThemethodof
maximuma posterioriestimations usedto obtaina estimateof anunobseredquantity
in this casethe prototypecharacterspn the basisof empirical datai.e, the degraded

characters.
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We have proposeda prior smoothness$unction for documentimagerestoration. The
smoothnesgrior is basedon variationalmodel. The variationalbasednethodimposes
geometriaegularity onthe solutionobtainedasdenoisedmageandensuresmoothness

of boundaries.

We have proposed documentestoratioralgorithmthattakesadvantageof therepetitve

structuralnatureof text in documenimages.

4.4 DocumentRestoration by Bayesianinfer ence

Givenaninputpageasagray-scalemage,we rst performskew detectionandpagelayout
analysisupto characterseggmentation.We needto nd imagesof the samecharacteisymbol
that are scatterecbn a documentpage. For restoringdocumentimages,we assumehat the
input imageis obtainedby digitizing and down-samplinga degradedcharacter A pictorial
explanationof the imaging processs givenin Figure4.1, wherewe seethat the imagegets
degradedon the paperaswell aswhile imaging. Giveninput pagesof a documentsa binary
image,we sggmentthemto obtainthe word images.Connecteccomponentsvithin this word
imagearethenextractedrom all theseggmentedvords. Thebitmapsof thesegmentedharacter
imagesareinitially clusteredusingacorrelationbasednethod5]. (An alternatenethodis also

availablein [39].) We saycomponent, is equialentto component,; if:
r(Ci=G) > 1andr(C=Cy) > (4.1)
where ; and , arethetight thresholds.For our experimentatiorwe assume ; and , to be

0.85.Thevaluer (C;=C,) is computedas:

maxx;; corr(Cy; Cy)

r(C,=G) = maxx;; corr(Cy; Cy)

wherex;; is anelementbf thecorrelationmatrix.
Documentrestorationproblemcan now be formulatedas generationof good prototypes
correspondingo eachcluster wherein our casethe clusteringis doneusingthe Equation4. 1.

We exploit the simplefactthata textual region is generatedby repetitionof characteimages
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accordingo alanguage/scripnodel. We assumehatthedocumentmagebeingprocessetias
enoughrepetitve characterso take advantageof their multiple occurrencesSincethe whole
pageis from onebookor collection,it is alsoin asinglefont.

The imaging model (Figure 4.1) speci es how the high-resolutiontext is transformedo
generatea low-resolutiondegradedimage. This typically involvesblurring, spatialsampling
andaddingof noise. A high-resolutionscenex with N pixels,is assumedo have generated
asetof K low-resolutionimagesy ¥, eachwith M pixels. The generatie modelfor the kth
imageis

y®© = Wy 4+ K (4.2)
where ¢ representsioiseon the low-resolutionimage,andconsistsof i.i.d. samplefrom a
zero-mearGaussiawith precision ¢ (equivalentto standad deviation n = ¢ ¥?). For
eachimage theblurringandsub-samplingf thescends modelecby anM N sparsanatrix
W &) which is assumedo be parameterizethy somevector ). In otherwords,W ® is a
functionof ). Giventhe sequencéd y)g, the goalis to recaver x, without ary explicit
k); G(k)g_
We amguethatthe imageregistrationparametersnay be determineda priori. For anindi-

knowledgeof theregistrationparameter$ ¢

vidual low-resolutionimage,givenregistrationsandx, thelik elihoodis

p y®jx; 0 (0 =

M =2

2—G exp ?ka(") WISN'S (4.3)

The vectorx yielding the maximalvalue of Equation4.3, would be the Maximum Like-
lihood (ML) estimationto the problem. But supefresolutionimagesrecoveredin this way
oftentendto be dominatedoy a greatdealof high-frequeng noise[78]. Moreover, the super
resolutionproblemis almostalwayspoorly conditioned so a prior over x is usuallyrequired
to avoid solutionsthataresubjectvely implausibleto the humanviewer.

In realworld applicationsit is critical that we usean accurateprior model. The problem

becomesnorechallengingvhenwe dealwith documenimagespecausef its pseudddinary

60



natureandtheregularity of the patternsusedin this “visual” languagelmagesof text arealso
usuallysmoothin boththe foregroundandbackgroundegionswith sharptransitionsonly at
the edges. In addition, expandedimagesare constrainedso the averageof a group of high-
resolutionpixelsis closeto theoriginal valueof thelow-resolutionpixel from whichthey were
derived. Thechallenge®f complex contentyarioustypesof structurege.g.,cornersgdgesor
surfaceshasto beincorporatedn themodelaccurately
We presenthe prior over the high resolutionimageby employing atotal variationalenegy
minimizationfunction. A major concernin designingimagedenoisingmodelsis to presere
importantimagefeaturessuchasthosemosteasilydetectedy thehumarvisualsystemwhile
removing noise.Onesuchimportantimagefeaturearethe edgedypical of adocumenimage;
theseareplacesn animagewherethereis a sharpchangen imagepropertieswhich happens
for instanceat objectboundaries.Total variation (TV) basedmagerestorationrmodelswere
rst introducedby Rudin,OsherandFatemiin their pioneeringwork [81] on edgepreserving
imagedenoising.lt is oneof theearliestandbestknown examplesof PDEbasededgepreserv-
ing denoising.It is designedwith the explicit goalof preservingsharpdiscontinuitiegedges)
in imageswhile removing noiseandotherunwanted ne scaledetail. Therevolutionaryaspect
of this modelis its regularizationtermthatallows for discontinuitiesout at the sametime dis-
courage®scillations.This algorithmseeksanequilibriumstate(minimal enegy) of anenegy
functionalcomprisedf the TV normof theimagex andthe delity of thisimageto thenoisy

inputimagexo. Theminimizing enegy functionis:
z 1
Erv = (jr xj) + 5 (X Xo)2dudv (4.4)

Here, denotegheimagedomain,andis usuallyarectangleand is alLagrangemultiplier.
If we assumea uniform prior over the input images,the Maximuma Posteriori (MAP)

solutionis foundusingthe Bayes'rule. The posteriordistribution over x is of theform

p ij(k); (k) G(k) =

¥
px) p yWix; 15 g® (4.5)
k=1
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kenzie |disposal| might| relented
kenzie| |disposal| might| relented
belong | race| lhumane |oppressors
belong race humane joppressors

had| had

Figure 4.2 Restoratiorof words.

As theprior probabilitydistribution onthe supefresolutionimageis available thisinforma-
tion is usedto “regularize”the estimation.Insertingthis prior into Equation4.5, the posterior

over x, andtakingthe negative log, the MAP (maximuna posterior)estimatomastheform:
Xmap = argmax(L ) (4.6)
X

where

X< 2
L= En +  ky® w®xk
k=1
wheretheright-handsidehasbeenscaledto leave a singleunknavn ratio  betweerthe data

errortermandthe prior term. We optimizethe objectve function of Equation4.6 usingcon-
jugategradientmethodto obtainan approximationto our resultantimage. Here,we assume
thatthe matrix W () is available. To estimateW ) we have useda methodsuggestedy Tip-
ping andBishop[94]. Theseenhancedmagesform the high-quality representatiesof their
respectre clusters.

Ourrestoratiorandenhancemerdlgorithmis basedn the basicBayesiarframewnork. The
Algorithm 1 shavsthe o w of our procedurelt is aniterative procedureywhereat every stage
we infer a betterestimateof restoredmagex. Assuminga setof K low-resolutiondegraded

obserationimages,y (g, the algorithm nds the correspondindnigh-qualityimagex such
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throughout

(a) Iteration1

throughout

(b) Iteration2

throughout

(c) Iteration3

throughout

(d) lteration4

throughout

(e) Iteration5

throughout

(f) Iteration6

throughout

(9) lteration7

throughout

(h) lteration8

throughout

(i) Iteration9

throughout

() Iteration10

throughout

(k) Iteration15

throughout

() Iteration20

Figure4.3Evolutionof awordimage.(a) Degradednput(b)-(k) Intermediateestoredmages

and(l) Finalrestoredmage.

that the conditional probability of x, given the obsered imagesfy g, p(xjy®)), is maxi-

mized. In our casethis is dif cult to calculatedirectly. Thususing Bayes'law, we obtain

p(xjy® ) /1 p(x)p(y ®jx), whichis the MAP estimator Oncep(x)p(y ¥jx) arede ned, the

outputimage x, thatmaximizep(xjy ), is iteratively calculatedy steppingdown thegradi-

entof the negative log lik elihoodof p(x)p(y ¥jx) until aminimumis reachedr a maximum

numberof iterationsare executed. Finally, reassemblinghe output pageby replacingeach

memberof the clusterby its representatie we restorethe document.

2 &

(@) (b)

E &

(© (d) ()

24

2 E

(f) (9)

Figure 4.4 Evolution of a charactetimage. (a) Degradedinput (b)-(f) Intermediaterestored
imagesand(g) Final restoredmage.

63




the unity of existence 15
philosophy unity is the s
that exist throughout the
the unity ot existence 1s
philosophy unity 1s the s
that exist throughout the

Figure 4.5 (a) Portionof text from originalimage(b) Portionof text from restoredmage.

Input: GiventhedocumenimageandparameteiVv ) [7?].
Performa charactefevel segmentation.
Herey is theinputimage.
Output: Herex is theoutputimage.
initialization - Performtheinitial clustering[Equationl1].;
foreachclusterbin do
foreachelemenofthebin do
repeat
1) Parameterizéhe posteriordistribution asa functionof x
by substitutingthevaluesof y in Equatior4.3;
2) Theequations thenminimizedusingconjugategradientalgorithm
to geta estimateof x;
3) Total enegy minimizationof x is thenperformed
to getthenext estimationonx [Equation4.4];

until theenegy is minimized

end
end

Algorithm 1: MAP formulation
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4.4.1 Discussion

We make thefollowing commentsaboutour methodandits implementationDocumenim-
ageprocessinglgorithmsto detecttext regions,andthensegmentingthemto obtainword and
componenimagesarenot describechere. Thereexists signi cant amountof materialin this
respecf{l15]. In real-life situationscharactermagescouldbesplitinto multiple componentsr
meigedto form singlecomponentThey mayaffectthe clusteringprocessin [39] aprocedure
isdiscussedo nd imagesof thesamecharactesymbolthatarescatterednadocumenpage.
They employ a sequencef differentclusteringtechniqueseachappliedto a differentsetof
shapdeaturesderivedfrom the charactermages.The motivationis to progressiely divide all
charactersnapageinto groupsof decreasingizes anddelaytheusesof moreexpensvetech-
niquesuntil later stagesvhenthe groupsaresufciently small. This methodis experimentally
veri ed to be quite effective. However, in our caseby de ning appropriatesimilarity measure
in clustering they aretakencareof. It is importantto classifythe charactermagesinto asfew
clustersaspossible sincethisis how thealgorithmachiesesits bene ts. Yetit is evenmoreim-
portantto avoid clusteringincompatiblecharacteimagessincethis leadsto “mistakes” in the
output. Theclusteringresultsareimportantsideproductsof the procedureandthey have other
potentialusesthat remainto be explored. The computationarequiremenbf this algorithm
is directly proportionalto the numberof similar componentsn the clusterandthe conjugate
gradientmethodusedin the optimizationprocess.Further it is worth while mentioningthat
our methoddiffersfrom the previous supefresolutionmethodsn following threeaspectsi(i)
we do not learna low-resolutionto high-resolutionmatchto build up our outputimage; (ii)
sincewe areusingenegy function(i.e., total variationminimizing process}o determineour
prior, we neednot have ary font or scriptinformation; (iii) our approachof imagerestoration
cumresolutionexpansionadoptsa Maximuma Posteriori estimationapproactasit providesa

rigoroustheoreticaframenork with severaldesirablenathematicaproperties.
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Figure 4.6 MSE with groundtruth for the characteimage“g”.
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Figure 4.7 MSE with groundtruth for theword image“throughout”.

Speci cation Noisy Page | Restored Page
Number of words | 325 325
Recognizedwords | 268 325

% Accuracy 82% 100%

Table 4.1 OCR Evaluationof imagerestoratiorresults.
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4.5 Experimental results

Thecompletealgorithmis implementedndegradeddocumenimagesscannedtaspeci ¢
resolution.We expectrestoreddocumenimagesasoutput,at the endof our experimentation.
We shaw the effectivenessof our algorithmby demonstratinghe resultsusing samplescol-
lectedmainly from degradedbooks. We scanthesebooksin 200dpiusingaZEUTSCHELOS
5000scanneshonn in Figure4.1(c). The scanningdevice usedherehasa mountedcamera
on top of the at bedwherethe bookis kept. The focusof the camerahasto be adjustedo
geta sharpimage. We have scanne®0 pagedrom four differentvariety of bookscontaining
differentfonts andstyles. The documentbooksalreadycontaindegradations After the scan-
ning procesghe resultanimagegetsblurredanddown-sampled We proceedwith binarizing
andskew correctingthe scannedmages.After a charactefevel segmentationwe clusterthe
componentskor a charactemwe getanapproximateof 10-150r moresimilar components.

Effectivenesss demonstratedor improving imagequality. Fig. 4.5bshows the generated
binary imagewith resolutionenhancedy a factor of two, alongwith the original imagein
200dpishavn in Fig.4.5. Imagequality is improved asresolutionincreasesstrokes arere-
constructeanorepreciselylinearity andsmoothnesef contoursareimproved, stroke width is
moreuniform, andshapdeaturesf fontsarereconstructednore nely. Theproposednethod
is effective for Latin scriptsaswell asorientalscripts.Theplotin Fig. 4.6depictstheevolution
of the degradedcharacter’g”. The x-axisshavs the numberof connecteccomponentsised
andthe y-axisdetermineghe Mean SquareError (MSE). The performanceof our algorithm
was evaluatedwith respecto the meansquareerror (MSE). The gure showvs how the mean
squareerrorfunctiondecreasesteadilyasthe numberof collectionof the similar components
increasesWe seethatthe numberof similar componentss directly relatedto the accurayg of
theresult. The step-by-steghangesn the outputof theimageis shovn in Fig. 4.4 wherethe
imagein theleft is thedegradedmageandimagein the extremeright is therestoredmage.If
therearesufcient numberof similar componentshenwe geta high-qualityrestoredmage.

We examinedeffectivenesof the proposedmethodfor improving OCR accurag. Binary

imagesin 400dpiwere generatedrom inputimagesin 200dpiby the proposednethod,and
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preferred because simplicity 18
desirable in itself The first one 13
largely uncontroversial while the
second one (aken literally is false
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preces of empirical evidence have
been advanced to support it but each
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found wanting but this 1in no way
endorses say decision trees with
fewer nodes over trees with many by
this result a decision tree with one
million nodes extracted from a set of
ten such trees is preferable to one
with ten nodes

preferred because simplicity 1s
desirable 1n itself The first one 1s
largely uncontroversial while the
second one taken literally 1s false
several theoretical arguments and
preces of empirical evidence have
been advanced to support it but each
of these 1s reviewed below and
found wanting but this 1n no way
endorses say decision trees with
fewer nodes over trees with many by
this result a decision tree with one
million nodes extracted from a set of
ten such trees 1s preferable to one
with ten nodes

Figure 4.8 The documentpageon the left suffers from degradationandlow-resolution. The
secondmageon the right shavs the contentrestoredusingthe algorithmpresentedn Algo-
rithm 1
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Word Images OCR recognizedas
Uﬂity urity
P lnar piHlar
purity ourzty
ap peaﬁng appeanng
egotism

egottsm

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

the OCR accurag usingtheseimagesasinput was comparedwith the resultsusingbilinear
interpolation.Gray-scalamagesin 400dpigeneratedrom inputimagesin 200dpiby bilinear
interpolationwhich gives around82% accurag as shown in Table4.1. Few of the words
incorrectly recognizedduring the whole processare listed in Table 4.2. Our methodgives

around100%accurag. The pagelevel outputto our algorithmis shovn in Figure4.8.

4.6 Limitations of this approach

In thiswork, we exploit therepetitve behaiour andproposeareconstructioriramenork for
degradedow-resolutiondocumenimages.This assumeshatwe focuson locatingcharacters
andsggmentingthem. Thedocumentmageacquisitionprocessonsistof makinga (discrete)
digital imageout of a paperdocument.However in practice,the acquiredimageis corrupted
by noiseandblur. This makesthe whole segmentationprocessnaccurate. The higherthe
degradatioror noisethegreateiis the unpredictabilityof the sggmentatiorprocessHence the
limitation of thiswork is thatthework is built ontop of characteseggmentationyhich canbea
bottle-neckin thewhole processMoreover charactesegmentatioris nota completelysolved
problem[51].
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4.7 Summary

To improve quality and OCR accuray for degradedlow-resolutiontext images,a new
methodhasbeenpresentedor restoringhigh-quality binary text imagesfrom a setof low-
resolutiondegradedimage. Theinitially restoredmageis improvedby MAP basedapproach
wherea suitablea priori informationis usedto guidethe restorationyesolutionenhancement
beingthe byproduct.The proposednethodcandealwith variousscripts,andentailsrelatively
simple computation. Throughexperiments,it hasbeenvalidatedthat the proposedmethod
improvesboth OCR accurag andimagequality. But excessve dependencen charactesey-
mentationstill remainsa problem. In the next chapterwe shall seehow to overcomethe
dependeng on charactersegmentation. We shall look for a restorationapproachthat does
not performa explicit charactesegmentationput still usestherepetitve componennatureof

documenimages.
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Chapter5

Contextual Restoration of Text Images

5.1 Intr oduction

Degradationsgn documentmagesresultfrom poor quality of paper the printing process,
ink blot andfading,documentaging, extraneousmarks,noisefrom scanning.etc. The goal
of documentrestorationis to remove someof theseartifactsand recoser an imagethat is
closeto what one would obtainunderideal printing andimaging conditions. The ability to
restorea degradeddocumenimageto its ideal conditionwould be highly usefulin a variety
of elds suchasdocumentrecognition,searchandretrieval, historic documentanalysis,Jaw
enforcementetc.

Imageswith certainknown noisemodelscanberestoredusingtraditionalimagerestoration
techniquesuchasMedian Itering, Weiner Itering, etc. [34]. However, in practice,degra-
dationsarisingfrom phenomenauchasdocumentagingor ink bleedingcannotbe described
usingpopularimagenoisemodels.Documentprocessinglgorithmsimprove uponthegeneric
methodsby incorporatingdocumenspeci ¢ degradatiormodels[83] andtext speci ¢ content
models[99, 21].

In imagerestorationthe goal is to recover an imagethat hasbeencorruptedor degraded.
Thereareseveraltechniquesn imagerestorationsomeusefrequengy domainconceptsopthers
attemptto modelthe degradationandapplythe inverseprocesse.g. the blurredimagethatis
theresultof corvolving a Gaussianlter with the originalimage,is the effectwhich s similar

to theoneobsenedwhena photographs takenwith a cameran motion. In documenimages
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lest réa feet really
figh home high home

(a) Degraded (b) Restored

Figure 5.1 Portionavandalizedlegradeddocumentndtheresultof our restoratiorprocess.

it is quite possiblethatthe samecharacteimageat differentphysicallocationin a document
maybedegradedlifferently Inverserestoratiorprocessin thiscasemaynotpossiblygenerate
the desiredresult. Further dueto our excessve familiarity of documenimages,evenasmall
variationin the text from the expectedimagewill quickly drav our attention. The increased
expectatiorandunavailability of aninverserestoratiomprocessn thecaseof documentmages,
motivatesusto usea patchbasedapproactwherea degradedpatchis replacedoy a noisefree

renderecpatch.

5.2 RelatedWork

Approacheghatdealwith highly degradeddocumentgsee gure 5.1)take a morefocused
approachby modelingspeci c typesof degradations.For instance jnk-bleedingor backside
re ection is oneof themainreasongor degradatiorof historichandwrittenrdocumentsHuang
et al. [41]. The succesf their approachis in combiningthe degradationmodel and the
documentmodelinto a powerful MRF-basedoptimizationframework [33, 59]. To achieve
genericrestorationof carboncopy documentsCao and Govindaraju[13] useda document
contentmodel. Themodelconsistedf asetof 5 5 binarypatchestrainedusinghigh quality
data,which is usedfor restoringnoiseandremoval of rulingson the paper Guptaet al. [36]
useda patchbasedlphabemodelto remove blurring artifactsfor licenseplateimagesusinga

camera.TheauthorauseanMRF basedptimizationto nd themostlik ely noisefreepatchthat
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generatedhe obsenrations.All theabove approachesonsiderspeci c instance®f restoration
of asingledocumenimage,andaresolvedby combiningprior knowledgeof documentswith
noisyobsenations.

In this chaptey we approachdocumentrestorationin a different, and useful setting. We
considettheproblemof restoratiorof a degraded collectionof documentssuchasthosefrom
a singlebook. Sucha collectionof documentsarisingfrom the samesource s often highly
homogeneous the script, font and othertypesettingparameters.The availability of sucha

uniform collectionof documentgor learningallows usto:

Do robustlearningof a tight modelof the documentcontentevenin presencef severe

degradationsasonecandiscarddatathatis potentialnoise.

Do accurateparameteestimationfrom multiple evidencesasthe amountof dataavail-

ableafterdiscardinghighly noisypartsis still considerable.

Adaptto alarge varietiesof documentsn variousfonts, stylesandscripts,asour model

is exclusively learnedfrom theinput collectionitself.

Giventhatwe canlearnanaccurateandexactmodelof thedocumentgontentwe leverage
it to computethe mostprobableestimateof the underlyingcontentduringdocumentrestora-
tion. We frametherestoratiorprocessasa maximuma posterioriestimatecomputedrom the
learneddocumenimodelprior andthe noisy obsened datain a Markov RandomField frame-
work. Our formulationenablesusto incorporatea larger context into the inferencingprocess,
thusproviding uswith theability to restorehighly degradeddocuments.

The proposedapproacths far morepowerful thantraditionalapproache restoringhighly
degradeddocumentsasit relieson learningof a documenimodelspeci c to theinput. It can
handleseveredegradationsgncluding cuts, memges,ink blobs,or evenvandalizeddocuments.
To achieve this, we addresghe problemsof learninghigh quality priors and that of robust

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

Herearethelist of contributionin this chapter

We would lik e to replacethe patchesn the degradedimagewith exactnoisefree origi-
nal patch,basedntheneighboringpatchesTo make our algorithmef cient, we choose
larger patchsize andrestrictve numberof labels. This givesrise to seriouscorrespon-
dencerelatedissues We proposea novel overlappingmarkov randomframework which

allows usto establishthe correspondences.

An algorithmicapproachis proposedo exploits the contextual relationbetweenmage
patchesThisallowsthesystento updateheconstraintdy reasoningabouttheirvalidity
in thecontect of animagedescription.Usingthetopological/spaciatonstraintdetween

theimagepatcheslocal constraintareformulated.

We formulatethedocumentestoratiorasalabelingproblemin arelaxationframework.
An likelihood function encodesary particularlabelinginto an objective function and
the value of that objective function becomesa quantitatve measureof the goodness
of the variouslabeling. An solutionto the objective function is obtainedusing Belief

Propagatior§30].

5.4 Restorationby Learning

The procesof restorationproceedsn two stages.In the rst stagea setof ideal patches,
Xi, thatcanoccurin the restoreddocumentare estimatedalongwith the spatialrelationship
betweerthem. Thisconstitutes probabilisticdocumentnodelthatis speci c to theinput. The
mostlikely setof patcheghatgeneratedhe obsered patchesy;, is estimatedn the second
stage,usingan MRF framework. Figure5.4 shows the constructionof the patch-basedRF
for adegradedwordimage.

Theideal (restored)patchat x5 dependshot only on the obsened patchat ys, but alsoon
the context of xs, given by its neighbors x;; X4; Xg; andXe. For example,in gure 5.4, the

restoratiorof ys depend®nwhethertheunderlyingcharacte(b;h; n; p), whichis indicatedby
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Figure 5.2 Patch-based/RF for a degradedword image(Tip).

its neighboringpatches.The goal of therestoratiorstagecanbe thoughtof thatof estimating
themostlik ely setof patchesy;, thatcouldgeneratehe obsenations,y;, while beingin their
respectre neighborhoodsBasedontherestoratiorgoal, theproblemin the rst stagesto nd
asetof idealprototypesX , thatarepossiblen aspeci c documentalongwith theprobabilities
of their neighborhood/alues p(x;; X;) for eachof thefour neighbors.

The rst stageinvolvesthe estimationof ideal prototypesrom degradedones.The primary
goal asmentionedbeforeis to identify the consistenfprimitives(patchedn our case)in the
documentollection. As we have a collectionof documentst our disposalwe try to estimate
the modelfrom multiple obsenations. The processproceedsasfollows: A givendocument
imageis approximatelysegmentednto wordsandcharactersOne could make errorsin this
stage. The resulting segmentsare clusteredto identify consistentshapesn the document.
Errorsin segmentationor highly degradedcharactersre eliminatedfrom the learningphase.
The consistentprobablynoisy, sggmentsareusedto computetheir mostprobablerestoration.
The restoredsggmentsarethencoveredwith patchego learntheir shapedandneighborhood

relations.
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Thechallengehereis to dealwith thelarge numberof possiblepatchesatthe patchsizewe
choseaswell asto dealwith theseveredegradation®f characterpresentn thedocumentWe
referto this stepasprototypegenemtion. Oneshouldalsobeableto generateheneighborhood
relationshipgrom theprototypesNotethatusingagenericMRF modelasshavnin gure 5.4
will leadto adramaticincreasan the numberof possiblepatchesHencethesecondchallenge
is to comeup with aformulationfor therestoratiorphasethatmakesthe prototypegeneration
phaseeasiey andthe restorationef cient. We will rst look into the restorationformulation

andthenreturnto the prototypegeneratiorphase.

5.4.1 Mark ov Model for Restoration

The inputimageis sggmentednto words,andeachword is restoredndependently How-
ever, we do not assumehatthe word segmentationis alwayscorrect. Eachword is assumed
to be divided into a setof possiblyoverlappingpatchesy;, asshavn in gure 5.4. Givena
setof obsenred patchesy;, form aninput documentmage,|, we aim to computethe MAP

(maximuma posteriori estimateof the correspondinginderlyinglabels,x; 2 X.

whenthe correspondingunderlyinglabelsarexy;:::; Xy . Let (Xi;X;) denotethe pairwise
compatibility of two neighboringlabels,x; andx;, and (ykjXk), thelikelihoodthatthe label

Xk generateshe obsenedpatch,yi. Thejoint probabilitycannow bewritten as:

Y Y
= (Xi; %) (YiXk); (5.1)
(i) k

The rst productis overall neighboringpairsof nodesj andj . To computethe MAP estimate,
we solve the MRF usingthe belief propagatiorframeavork [76, 29]. The belief-propagation
algorithmupdatesnessges m;; , from nodei to nodej, which areusedto infer the stateat
nodej . The stateof a nodeis updatedbasedon the messagest receves,andthe processs

repeateduntil corvergence.Let m}(j be the messagdeingsentfrom the nodek toj attime
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instantt. The MAP estimateatnodej overall labelcandidates; is:
Rjmap = argmax (X5y) My (5.2)
] k
wherek runsover all neighborsof nodej . We calculatem}(j as
mj. = m?x (X5 Xk) (X Y)mp, tmitmi

[xk]

t
m;

= max (X %) (X y)mp.tmy tm b
k
= max <0560 aqym,
k
mj, = rEa]x (X5 Xk) (X Yk)miptmi, tmi (5.3)
k

mi, ' is mf, from thepreviousiteration. Theinitial m§, saresetto columnvectorsof 1's, of
the dimensionalityof the variablex; . Spatialconstraintsareimposedthroughthe formulation
of ~(x;;Xx) function. Here, is notasymmetricfunctionanddependsn the orientationof

X; andxy, enablingthe prior beingstrongerthansmoothnessrior [91].

5.4.2 Localizing the Patches

As notedbefore, one of the main constraintsin the patch basedformulationis that the
locationof structuresvithin apatchcanvary, changingheobsenationprobabilities, (Xi; Yx)-
To dealwith this,we allow thepatchedo slidearoundandsettleatalocationthatbestmatches
the underlyinglabel. The spirit of our approachs similar to [7]. However, we notethatthe
labelitself is unknavn andfurtherdepend®n its neighboringnodes.Hencewe needto carry
outthe optimizationproceduredescribedabove for all possiblepatchlocationsfor eachof the
patchesLet eachpatch,y, beoffsetin thehorizontalandverticaldirectionsby px and ¢

respectrely, from theirinitial uniformly spacedocations.Thefunctionto optimizebecomes:

Y Y
P(x;y) = max (Xis %) (Yk: pe; qcdXk) (5.4)
P i) K

Thedirectoptimizationof equatiorns.4 over all patchlocationsturnsoutto be prohibitively
expensve. To overcomethedif culty , we enforceleft-to-right andtop-to-bottomorderingson

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

computationWe furtherobserethattheverticalsliding of apatchwithin awordis limited and
hencefor eachhorizontalpositionfor a patch,we computethe bestmatchingvertical position
for everyinterpretatiorof theunderlyinglabel.

The problemis now reducedo nding the besthorizontalshift for eachpatch. To achieve
this, we apply a Viterbi decoderfor every row of nodes,while keepingthe patchesn other
rows rootedto their locations. The processs repeatedsequentiallyuntil cornvergence.Note
that we needto carry out an MRF optimizationat every stepin the Viterbi algorithm. The
initialization of the patchess carriedout usingindependenmaximumlik elihoodestimategor
the patchesover all possiblelabelsandlocationswithin the limits. We canfurther improve
the computationspeedby restrictingthe rangeof sliding for eachpatchto a speci ¢ limit,
restrictingthe mostlik ely path(horizontallocations)within a diagonalband,referredto asthe
Saloe-Chibaband[82].

A lighter versionof the optimizationcanbe obtainedif we assumehat the positionof a
patchis within onewindow width aroundits initial location. This makesthe computationof

pathlocationsindependenof its neighborsandtheresultingoptimizationfunctionwould be:
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Figure 5.4 Collectionof Charactersandtheir Prototypes.A collectionof 10 charactersare
usedto generatehe prototype.

Y Y

(Xi;X%))  max (Y p; glXk) (5.5)
oy

(Xi;Xj) Ayxixk) (5.6)
(i) k

P(x;y)

Note thatthe above equationleadsto a regular MRF formulation. In mostpracticalcases,
we foundthatthe direct MRF formulationusingequatiorb.6 leadsto the samesolutionasthe

morecomple Viterbi optimizationusingequations.4.

5.5 Learning the Labelsand Context

To generatethe label set, we generatea collection of similar characterdy segmentation
andclustering. Outliersin eachclusterare usually errorsin segmentationprocessor highly
corruptedsamplesandareremoved[39]. Thesesimilar charactersare usedto generatehigh
quality prototypesby bitmap averagingandrestoration. Similarly, prototypesare generated
from all theclusters Figure5.4 shavs examplesof two prototypesgorrespondingo characters
‘a' and'd' beinggeneratedrom the noisy samples.

To learn the context relationship,eachcharacterprototypeis divided into collection of
patches.Differentcharacterdiave differentdimensions.They aredividedinto equalN N
sizedlabels. Similarly labelsare extractedfrom othercharacteprototypes.The collectionof

patchedrom all the charactergorm the possiblesetof labels. Thesepatchesaretypically of
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size25 25 for a 600 dpi image. Large patchsize meansthat the prior is de ned on large
neighborhoodmakingit morepowerful.

We samplethe patchesso thatthey overlapwith eachotherby few pixels. In the overlap
region, thepixel valuesof compatibleneighboringpatcheshouldagree We measurel(x;; X; ),
the sumof squaredlifferencedetweerpatchcandidates; andx; in their overlapregionsat

nodes andj . Thecompatibilitymatrix betweemodes andj is then
|

aixi; x;)

T(Xi;X;) = exp 57

(5.7)

where is anoiseparametef31]. We usea correlationbasedoenaltyon differencedbetween

the obsened degradedmagepatch,y;, andthe candidatdabel patch,x;, foundfrom the pro-
totypeto specify  (yxjXk).

5.5.1 Documentimage Superresolution

Oneof the advantage®f our formulationof learningideal patchedrom multiple degraded
or low-resolutionpatchess thatwe candirectly estimatethe ideal patchesat high resolution,
thuscombiningdocumentestorationand supefresolutioninto one process.We proposethe
useof a MRF-basedMAP estimationto generatehe supefresoled prototypes.The overall

procesgproceedssfollows:
Upsamplehelow-resolution degradedprototypesusingcubicsplineinterpolation.

Register the prototypesat high resolutionusing correlationand computemeanproto-

types.

Obtainthe supefresohed patchesby computingthe MAP estimateof the underlying

high resolutionprototype.

To achieve the third step,we usea text speci ¢ prior andformulatethe estimationin an
MRF framevork. Imagesof text areusuallysmoothin both the foregroundandbackground,
with sharptransitionsonly attheedges.Thus,text imagegypically have bimodaldistributions,

with large black andwhite peaks[21]. The peakoccursat e for the backgroundwhite),
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Figure 5.5 Supefresolutionby a factor of 3: (a) original high-resolutionimage, (b) low-
resolutioninput (c) cubicsplineinterpolationof (b), and(d) supefresoled prototype.

sincethe majority of pixels on a text pageis background.Thereis a secondpeakat pjack,
representinghetext. Additionally, therearea smallnumberof grayvaluesoccurringbetween
the two peaks,which representhe gray pixels that exist at transitionsfrom white to black.
Theamountof theseintermediategray levelsis relatedto the amountof blur in the document
image.In orderto obtainan unblurredimage,we wish to obtaina sharpbimodaldistribution,
pushingthe intermediategray level towardstheir nearespeaks. To incorporatethis property

we de ne theconditionalprobabilityas

(Vkiz) = (Y whie)*(Yk  black); (5.8)

where (ykjz ) is thecostof assignindabelx to pixel yi, effectingthe (bimodal)distribution
z , andis referredto asthe bimodalcostprior.
We would alsolik e the label x to be ascloseto the gray valueyy, for a pixel. Thus,the

conditionalprobabilityis de ned as

(YeiXk) = (Y« Xk)* (Ykiz) (5.9)

where (YxjXk) is the costof assigningabel x, to pixel yx, which is referredto asthe data
cost. We usethe edgestoppingfunctionto ensuresharpedges.Thuswe uselLorentzianedge

penaltyfunction[65] which determineshe penaltybetweerthetwo nodesof a MRF:

(
(xix) = log 1+ 2 X, (5.10)
2 L
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where | is calledthe contrasiparametermwhich controlsthe shapeof the edgestoppingfunc-
tion [65]. The quality of alabelingin generalrestorationproblemis given by an probability
estimatein equation5.1. Thus,unlike Luong et al. [65], we formulatethe problemas MRF
thatprovidesuswith abetteroptimum. Thebelief propagatiorj29] basedptimizationis both

fastandrobustfor the purpose.

5.6 Experimental Resultsand Discussions

We conductedxtensive experimentghatanalyzethe performancef thealgorithmsaswell
asgive insightsinto its working andpotentialapplications We now discusssomeof the quan-

titative andqualitative resultson variousinput documents.

5.6.1 Restorationof DegradedDocuments

We have carriedout a variety of restorationexperimentswith differentdocumentimages
anddiffering levels of degradation.For the rst experiment,we selecteda degradedEnglish
book containing40 pageswith closeto 50, 000wordsand237. 000 characters.The pagesof
thebookwerescannedisinganHP atbed scanneat 60Qdpi. A documenmodelwaslearned
for the completebook after sgmentation,and restorationwas performedon all the pages.
Figure 5.6 shavs a selectionof 10 wordsfrom the book containingcuts, melges,blobsand
erosionartifacts,alongwith therestoratioroutputof our algorithm.

The rst classof degradationghatwe noticeis ink blobsandsmearsaspresenin theword
surely, corvening permitting etc. We notethat our algorithmis ableto handlemostof the
casevery well. Especially theword little, which hadthreeof its charactergonnectedy an
ink smearwasrestoredcorrectly Sever andminor cutsand erosionwerealsopresentin the
dataset.For example,the word several hasa severecut in the charactev andthe character
m in imprisonments separatedhto threepartsdueto erosion.As the overall shapeof all the
characterare discerniblein spite of thesedegradationsthe restorationalgorithmis able to

replacethe noisyregionswith the correctideal patches.
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surelg| several |cemvening
surely| |several| |convening

.....

imprisonment ”“'%:,itting 1%

imprisonment perihitting little
sanguinary |full| relented| mi¥idictive
sanguinary | full relented| aindictive

Figure 5.6 Restoratiorof wordscontainingcuts,memges,blobsanderosion.

However, we notethatfor theword vindictive theink smearon the charactew is sosevere
thatthe resultantpatchesverenot correctlymatched.As therestoratioralwaystriesto nd a
setof patchesvhoseneighborhoodelationsarecorrectasperthe documenimodel,we notice
the patchreplacementbhave resultedn replacementby patchef charactes.

Therestoratiorshouldalsoimprovetherecognitionresultsof ary off-the-shelfOCRsystem.
To verify this,we ranthe Tesseract-2.00CRfrom Googleon all the page<f theaborve book,
which resultedin an error rate of 3:7%. We note that the modernday OCRsare trainedto
performwell evenin presenceof commontypesof noise,andthe accurag on the original
documentis alreadyvery good. However, after restorationby our proposedalgorithm, the
errorratefurtherreducedo 1:9%. Theaccurag wasmeasureat charactetevel andthe book
contained236 861characters.

Figure5.8 shavs a portion of aninput pageandthe restoredversion,alongwith the OCR
results. We notethat the recognitionof the restoreddocumenis in fact highly accurateand
mostof the errorsareintroducedduring the recti cation process.Two typesof errorsare of
interesthere.The rst oneis dueto theerroneousestoratiorof theword vindictive wherethe

ink-blottedv wasrestoredasana. Thesecondsetof errorsis dueto missingpunctuatiormarks.
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DRD vs Number of images
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Figure 5.7 Distance-Reciprocd)istortionMeasurefor aword “last”.

This is primarily becauseof the assumptiorof heary noisein documentsduring prototype
learning,which discardssmall marks. Onecantunetherestoratiornto the noiselevels present
in thedocumento avoid this.

To studythe effect of the size of the documenton the restorationresults,we analyzethe
restoratiomguality with increasinghumberof prototypesavailablein eachcluster To measure
therestoratiorguality, we usedistance-eciprocal distancemeasue [64], de nedas:DRD =
(P E=1 DRDy)=NUBN, whereNUBN is the estimatethe nonemptyareain theimageand
DRDy is the weightedsumof the pixelsin the block of the original imagethat differ from
the ipped pixel in the degradedmage.We selectoneword from the above bookandplot the
DRD scoreasthe numberof prototypesusedin thelearningstageincreasesWe notethatwith
around? prototypesthe D RD scoreis alreadyvery low, which keepsimproving furtherover
iterations.We alsoshav asamplerestoredvordif performedatdifferentstage®f thelearning
procesdor illustration purposes.Onecanclearly noticethe increasan visual quality of the

sampleword asthe numberof prototypesn a clusterincreases.
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5.6.2 Script Independence

As mentionedbefore,the restorationprocessloesnot make the assumptiorthat the docu-
mentcontainsaspeci ¢ font or script. We canperformrestoration®f multiple scriptsusingthe
sameapproach As the learninghappenst a patchlevel, andthe documentriorsaregeneric
to text, the algorithmis directly applicableto any scriptor font. The resultof restorationof
the proposedalgorithmon a documentcontainingGreektext is shovn in gure 5.9. Several

touchingandbrokencharactersreeffectively correctedoy our restoratioralgorithm.

5.6.3 Restoration of Vandalized Documents

One of the main strengthof the approachs that it modelsthe contentsof the document
image. This allows usto discardary additionsto thedocumenthatdo notfollow thelearned
documentmodel. We are ableto restoreeven severely degradedand vandalizeddocuments,
aslong asthe actualcontentis discernible.As the learningis doneat a patchlevel, onecan
learnthe documentmodel from the degraded/andalizeddocumentitself, assumingparts of
the documenthassegmentablepatcheshat can be usedfor learning. Figure5.10 showvs an
exampledocumenthathasseverescratcheshgerwriting on the original document.We notice
thatour approachs ableto completelyrecover the original document.Restoratiorresultsof
documenimagesrom amagazinavith degradationsaandvandalizationis givenin gure 5.11.

It is interestingio notethatevenin presencef severedegradationsour algorithmis ableto
performextremelywell, aslong asthe overall shapeof a patchesn acharactepr its neighbors

arevisible.

5.6.4 Restorationwith Superresolution

Anotheraspecbf theapproactof usingmultiple degradedprototypedo learntheidealone
is thatonecaninfer supefresoled prototypesfor patchmodelsandrestoration.Figure5.12
showvs a sampledocumentat 10Qdpi that is supefresolhed to 300dpi. Comparisorwith the
original documenscannedat 300dpi revealsthatwhile the supefresohedtext is closeto the

original, the processasachiesedits intendedgoal of restorationnoiseremoval) also.
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5.7 Summary

We presenteda novel approachto documentrestoration,that builds a tight model of the
documentcontentfrom the input documenttself, andusesit to restoresevere degradations,
includingcuts,memges,blobsanderosion.ModelingthedocumentsanMRF onlargerpatches
allows usto usealargercontet for restoration As the approactworks on a genericmodelof
thedocumentontent,we areableto handlevandalizeddocumentaswell asmultiple scripts
andfonts. The estimationof the contentmodelcanalsoincorporategeneratiorof high quality
prototypesl|eadingto supetresolutionof therestoreddocument.

The currentapproachprimarily usesa contentmodelthatis learnedfrom the input docu-
ment. Integrationof the approachwith a complementarynechanisnthatmodelsthe natureof
degradationsouldfurtherimprove therestoratiorperformanceAnotherpotentialdirectionis

to combinerecognitionwith restoratiorin aniterative fashion.
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had réally taken place, and their enemies were at their
feet they discriminated injury truth did not belong
kenzie or any others held as their oppressors episcopal
in high places been at their disposal it is not to be said
how %ar’ they might have relented from their favourite
precept on and spare not they did not belong clergymen
to g wifidictive or sanguinary race, and in the full flush
of victory they were humane to those who, though
nominally ranked with thelr oppressors had done them

(a) Input Paragraph

hadrreally taken place, and their enemies were at their
$$9%9$ they discriminated injury truth did not belong
kenzie or any others held as their oppressors episcopal
inhi places been at their disposal it is not to be said
how $8$$ they might have relented from their favourite
precept on and spare not they did not belong clergymen
to a éjgindictive or sanguinary race, and in the full Hush
$$ pgvictoryr they were humane to those who, though
nominally ranked with their oppressors had done them

(b) OCRResultof (a)

had really taken place and their enemies were at their
feet they discriminated injury truth did not belong

kenzie or any others held as their oppressors episcopal

in high places been at their disposal it is not to be said
how far they might have relented from their favourite
precept on and spare not they did not belong clergymen
to a aindictive or sanguinary race and in the full flush
of victory they were humane to those who though
nominally ranked with their oppressors had done them

(c) OutputParagraph

had really taken place and their enemies were at their
feet they discriminated injury truth did not belong
kenzie or any others held as their oppressors episcopal
in high places been at their disposal it is not to be said
how far they might have relented from their favourite
precept on and spare not. they did not belong clergymen
to a aindictive or sanguinary race and in the full flush

of victory they were humane to those who though
nominally ranked with their oppressors had done them

(d) OCRResultof (c)

Figure 5.8 Resulton a portionof imagefrom the book.
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(a) InputDocument

(b) Restoreddocument

Figure 5.9 Restoratiorof text in Greekusingthe proposedpproach.

Figure 5.10Restoratiorresultsof a pagewith overwrittenscratchesndink spraymarks.
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(a) A MagazinePage

(b) RestoratiorResult

Figure 5.11Restoratiorresultsof documenimagesrom amagazine.

(a) Original High-res.Image(300dpi)

(b) Low-res.Image(100dpi)

(c) CubicSplinelmage(300dpi)

(d) Proposedviethod(300dpi)

Figure 5.12Text supefresohedby afactorof 3 times.
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Chapter6

Conclusions

In this thesis,we have describeda robust reconstructiortechniqueto enhancehe quality
of documentmages. Imagerestorationusing resolutionexpansionis importantin mary ar
easof imageprocessing.This work introducesa restorationmethodfor low-resolutiontext
imageswhich producesxpandedmageswith improvedde nition. An implicit edge-directed
superresolutionalgorithmfor documentimagesis proposed. Edgedirectioninformationis
incorporatedn the formulationof the enegy functionin the MRF model. This techniquecre-
atesa strongly bimodalimagewith smoothregionsin both the foregroundandbackground,
while allowing for sharpdiscontinuitiesattheedges.Therestoredmage whichis constrained
by thegivenlow-resolutionimage,is generatedy iteratively solvinga nonlinearoptimization
problem.Low-resolutiontext imagesrestoredusingthis techniqueareshavn to be bothquan-
titatively andqualitatively superiorto imagesexpandedusingthe standardnethods.Thealgo-
rithm is aninstanceof a generalnontraining basedapproactthatcanbe usefulfor document
image-processinghat extractsa single high-resolutionframe from a single low-resolution
image,wherethepriorsarederivedfrom samemage.

Exploiting the multiple occurrenceof charactersringsmore informationat our disposal,
which leadsto muchbetterestimatef the unknown pixel values.In orderto take advantage
of this repetitve behaiour in a practicalway, we divide the imageinto characteiseggments.
The characteseggmentationreduceghe computationtime drasticallyin two ways: the algo-
rithm only hasto focusontheseregionsof interestsandthe searchspaceor possiblematching

candidatess enormouslyreduced. Matching betweenthe characteisegments Iters relevant
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information beforethe reconstruction.Information originating from other similar characters
arecombinedandthe characterarereconstructedn a Bayesianframenvork. Resultsof dif-
ferentexperimentsshaw the effectivenesof our proposedechnique:characterandsymbols
arereconstructedrery well and OCR resultsshav a signi cant improvementof our method
comparedo otherreconstructiormethods A trivial extensionto our methodis to take multi-
ple pagesof the samedocumentjournalsor bookinto accounior to combineour methodwith
multi-frame restorationtechniquegfor video applications). This would produceeven better
resultsbecausehereis morerepetitve informationavailable. Theinitially restoredmageis
improved by MAP basedapproachwherea suitablea priori informationis usedto guidethe
restorationyesolutionenhancemertieingthe byproduct. The proposednethodcandealwith
variousscripts,and entailsrelatively simple computation. Throughexperimentsjt hasbeen
validatedthatthe proposednethodimprovesboth OCR accurag andimagequality. Thelim-
itation of this work is thatthe work is built on top of charactesegmentationwhich canbea
bottle-neckandis nota completelysolved problem[51].

To overcomethis problemwe proposeanapproacho restoreseverely degradeddocument
imagesusinga probabilisticcontext model. Unlike traditionalapproachethatusepreviously
learnedprior modelsto restorethe image,we are ableto learnthe text modelfrom the de-
gradeddocumenttself, makingthe approachindependenof script,font, style,etc. We model
the contectual relationshipusingan MRF. The ability to work with larger patchsizesallows
usto dealwith severedegradationsncluding cuts, blobs, megesandvandalizeddocuments.
Thisapproacltanalsointegratedocumentestoratiorandsupesresolutioninto asingleframe-
work, thusdirectly generatinghigh quality imagesfrom degradeddocuments.Experimental
resultsshow signi cant improvementn imagequality ondocumentmagescollectedfrom var
ioussourcesncludingmagazinesndbooks,comprehensiely demonstratéherobustnesand
adaptabilityof the approach.

In short,we presente@ novel approachio documentestorationthatbuilds atight modelof
thedocumentontentfrom theinputdocumenttself, andusest to restoreseveredegradations,
includingcuts,meges blobsanderosion.ModelingthedocumenasanMRF onlargerpatches

allows usto usealargercontet for restoration As the approactworks on a genericmodelof
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thedocumentontent,we areableto handlevandalizeddocumentaswell asmultiple scripts
andfonts. The estimationof the contentmodelcanalsoincorporategeneratiorof high quality
prototypes|eadingto supetresolutionof therestoreddocument.

The proposedmethodcanalsodealwith documentsrrespectve to their exotic font type,
it evenpreseresthefont type andis notrestrictedto character®f a particularalphabet.The
stratgy of usingthe repetitve symbol propertyis not restrictedto the reconstructiorof doc-
umentimageswhich suffer from noise,compressiorartefacts,low resolutionscanningwear
processese.g. in old manuscripts)etc., but canalsobe appliedin an example-basedearch
engineandcombinedwith anef cient documentompressiorschemeThelatteris usefulfor
the storageof large digital librariesor for transmittingdocuments Repetitve charactergon-
tain redundaninformation,this redundang canbe removedfor compressiorby constructing
aprototypefor eachclass/clusteof characterandencodeheremainingreconstructiorerrors.

Future Work - The currentapproachprimarily usesa contentmodelthatis learnedfrom
theinputdocumentFuturework couldfocusontheintegrationof theapproactwith acomple-
mentarymechanisnthatmodelsthe natureof degradationscould furtherimprove the restora-
tion performanceAnotherpotentialdirectionis to combinerecognitionwith restorationn an
iterative fashion.

Our work is is an attemptof applyingstochastianethodto the preprocessingf badly de-
gradeddocumentdata. The restrictionof our modelmight be thatit is essentiallybasedon
documenimage,but doesnot handleintenseillumination variation,complicatedbackground,
andblurring that are commonin low resolutionvideo or pictures. However it is possibleto
generalizehe modelfor moreapplications.Besidesthereare someotherissuesconcerning
speeding-uphe MRF, trainingmultiple modelsto dealwith differentdegradations.

The degradationsn documenimagesarequite complex in nature.We treattherestoration
andrecognitionastwo separateelds. But a overlapmight be moreeffective to extractbetter
results,for example,basedhe outcomeof the recognitionstagewe canbetterthe restoration
process.This may signi cantly improvesthe restoration.To simultaneoushaddresgestora-
tion and recognitionproblemsfor object classspeci ¢ imagescould be a goodidea. This

problemcannotbe consistentlysolved using normal MRFs dueto the lack of strongpriors
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andthe computationathallenge®f learninglarge datasetslt is alsohighly unlikely thatpure
recognitionmethodsvouldwork in the casef severelyblurredimages.This work haspoten-
tially veryinterestingextensions Oneof themis to overcometheneedfor manuallysegmented
imagesy performingthesegmentatiorjointly with recognitionandrestoration.Thiswould be

apotentiallysigni cant contribution to the active areaof joint recognitionandsegmentation.
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