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ABSTRACT

Thispaperdescribesanadaptve-offsetquantizatiorschemendconsidersts applicationto thelossycompressiomf
grayscaledocumenimages.The techniquanvolves scalarquantizingandentropy-coding pixels sequentiallysuch
thatthequantizers offsetis alwayschoserto minimizethe expectechumberof bits emittedfor eachpixel, wherethe
expectationis basedon the predictive distribution usedfor entrogy coding. To accomplishthis, informationis fed
backfrom the entrojy coders statisticalmodelingunit to the quantizer This feedbaclkpathis absenin traditional
compressiorschemes.Encouragingbut preliminary experimentalresultsare presenteccomparingthe technique
with JPEGandwith fixed-ofsetquantizatioron a scannedjrayscaleext image.
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1. INTRODUCTION

Grayscale@magesof text documentgypically containhigh-spatial-frequacy componentghat prevent transform-
basedcompressioechniquesuchasJPEGfrom performingacceptablyat high levels of compressionThisis not
unexpectedastransform-basedompressiotechniquesreusuallyoptimizedfor imageghataredominatedy low-
spatial-frequenccomponentssuchasnaturalscenes. Despiteits shortcomingsvhenappliedto documenimages,
JPEGis oftenusedfor compressionvhentheimageshave beenscannedn grayscalewhich makesit anappropriate
methodto compareagainst. Compressioriechniqueslesignedspecificallyfor documenimages,suchasJBIG2?
typically requirethatthetext regionsbebinarizedprior to compressionBinarizationcanadwerselyaffectreadability
aswell astheaccurayg of arny subsequendpticalcharacterecognition(OCR),particularlywhentheimageoriginates
at low to moderatespatialresolution. Binarizationprior to compressiorcan thereforebe inappropriateén mary
situations.

We consideran alternatve approactthat compressewithout spatialtransformatioror binarization,by simply
guantizingand entrofy-coding eachgrayscalepixel sequentiallyin rasterorder Elementsof the basictechnique,
shawvn in Figure1, weredescribedn previouswork? in the context of compressingaturalscenesHerewe expand
on the ideaandapply it specificallyto documentimages. In its operatingdirectly on grayscalepixel valuesand
in the type of statisticalmodelit employs, the approactdescribedchereresembleshe two-stagemethoddescribed
recently? but departssignificantlyfrom it in otheraspectssuchasits tight integration of the quantizer entroy
coder andstatisticalmodel. In particular in the methodproposecdherethe quantizercooperateslirectly with the
entrofy coderby shifting, ona pixel-by-pixel basis theentirelattice of decisionandreproductiorvaluesto minimize
theentropy of thespecificconditionalprobabilitydistribution usedby theentrogy coderin compressinghequantized
pixel.

Thepaperis organizedasfollows. Section2 discusseshe quantizerwhichis thelossyelementin thecompres-
sor It explainsthe motivationbehindadaptinghe offset,andcompareshe proposedpproactwith thewell-knovn
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Figure 1. Compressiomsystemusingadaptve-offset quantization.

andsuperficiallysimilartechniqueof differentialpredictive coding. Section3 discussethe problemof entropy cod-
ing; i.e., transformingthe quantizers outputinto a compactsequencef bits. This requires,n part,the predictive
probabilisticmodelingof the quantizers output,on the basisof a subsebf previously quantizedpixels. Section4
present@anddiscussegpreliminaryexperimentakesults.

2. ADAPTIVE-OFFSET QUANTIZATION

Theheartof theproposedystenis anentrofy-codedscalamuantizetthatadaptonthebasisof informationfed back
from the statisticalmodelingunit. Properlyspeakingthe term entropy coded quantization refersto the totality of

operationshavn in Figurel andnotjustto thequantizerIn thissectiorwe will focusontherole of thequantizeras
thelossyelementwith theunderstandinghatentrogy codingwill laterbe performed.We deferdetaileddiscussion
of thelatterto Section3. Our quantizatiorterminologygenerallyfollows thatusedin standardexts -6

2.1. Quantizer

In its full generalitya scalar quantizer is a device thatmapsa realnumberto a representate numberchoserfrom
acountableset* Here,we take the setof outputvaluesto be finite but large, andwe take the quantizatiorregion
correspondindo eachrepresentate outputvalueto be aninterval of therealline. Specifically the non-extremal
decisionregionsof the quantizeraretakento be of equalsize A, with the reproductionvaluesat their midpoints.
The choiceof uniform stepsizes motivatedboth by a desirefor simplicity andin recognitionof the asymptotic
optimality’ andnon-asymptotimearoptimality® of uniform-thresholdentropy-constraind quantizatiorin avariety
of settings.Thechoiceof midpointreproductionss lesssoundtheoretically but is madefor cornvenience As will be
clearin whatfollows, thesechoicesarenot essentiafor the proposedechniqueo function,but alarge performance
gainby generalizingon theseparticularaspectseemsunlikely.

To simplify both the designand analysisof the system,the numberof quantizationregions N is chosento
be sufiiciently large to make overloadrare, so that the extremal decisionregions are usedonly for exceptional
casesinvolving outliers. The ability to choosea large value of N without directly paying a price in bit-rateis
dueto the entrofy codingof the quantizers output: for a fixed A andwith N suficiently large to avoid distortion
dueto overload,increasingN further doesnot increaseentropy, sincethe probability (and hencecontritution to
both entrofy anddistortion) of eachadditionalquantizationregion becomesgjligible. In the presentcontext of
compressingrayscalédmages,the input pixel amplituderangeis bounded so that we can (anddo) chooseN to
preventoverloadentirely

*Thetextbookby GershoandGray?® providesanexcellentintroductionto quantizationpothscalarandmultidimensional.



BesidesA and N, theremainingguantizatiorparameteis theabsolutdocationor offset of thequantizingattice,
which we canspecifyby aparameter € [0, A] suchthatthe non-overloadinput-outputrelationof the quantizeris

.Z' p—

o) = p+ AT 1172 @
where|z| denoteghe greatesinteger not greaterthanz. As two exampleswhen¢ is fixedat zero, the quantizer
is termedmidtread, andwhenit is fixedat A /2, it is termedmidrise® However, it is importantto notethat ¢ can

rangeover a continuumof values.

At high ratesthe precisechoiceof offset haslittle effect on rate-\ersus-distortin performancé, but in low-
rate entrofy codedquantizationthe offset canbe critical. For instance,in the well-studiedcasewherethe input
distribution is symmetricarounda single mode, choosingan offset that resultsin the modebeing well-centered
within a quantizatiorregion is essentiafor good performance:® If the offsetis inadvertently chosenat the other
extreme,so thatthe modeis evenly split by a decisionboundarythenperformancewill suffer; in factin this case
the outputentrogy will be boundedbelav by onebit per guantizedvalue,irrespectie of how large a distortionis
deemedolerable. In the presentapplication,we have no particularreasonto believe that the distribution of the
guantizeroutputwill be eithersymmetricor unimodal. In fact, in text imagespixels nearcharacteredgesmay be
betterdescribedby a bimodaldistribution. Neverthelessthereis amplereasorto expectthatthe choiceof offset,
providedthatit is allowedto vary from pixel to pixel, will still becritical atlow bitrates.Thereasoris thatjustasin
the symmetricunimodalcase,in orderfor the bitrateto be low, probabilitymassmustbe concentratedh relatively
few outputlevels. This in turn requiresthatmodesnot be split by decisionboundariesvhendoing sois avoidable.
Choosinganappropriatequantizatioroffsetfor eachpixel canprovide a meansof minimizing the needlessplitting
of modes.Hencewe allow ¢ to vary from pixel to pixel, alwayschoosinga value that minimizesquantizeroutput
entroy with respecto the statisticalmodelusedby the entrofy coder In practice,this canbe accomplishedy
searchingover asuitablyfine grid ontheintenal [0, A]. For theresultspresentedaterin this paper ¢ is determined
for eachpixel positionby searchingver theset{0,1,...,A — 1}, choosinga valuethatminimizesthe entrofy of
the estimatedyuantizeroutputdistribution.

The motivation for adaptationof ¢ canbe clarified by consideringthe examplein Figure2. By choosingthe
offsetto shift the quantizerlattice in (a) slightly to the left asshavn in (b), both the mean-squarand maximum
distortionsare nearly unchangedbut the entropy of the quantizeroutputis reducedsubstantially The effect can
be regardedasa generalizatiorof the previously cited phenomenorf midtreadquantizersoutperformingmidrise
entropy-codedquantizerson unimodalsymmetricdistributions.

2.2. Relationship to Differential Predictive Coding

In principle, shifting the offset of the quantizercould be effectedby subtractingout a value from the quantizers

input, and addingit backin to the quantizers output. Viewed in this way, the techniqueresembledifferential
predictive coding® whereina predictedvalueis subtractedrom a correlatedsignalboth to whitenit (i.e., remove

redundang) andto reduceits variance allowing it to be compressedoreeffectively by a simplequantizer While

thetwo technique<oincidein structurethey differ in their goalsanddetailsof their constituenelementsandthese
differencesplay outin their functioningandultimately performanceThe differencesaresubstantiabut subtle,and
somediscussioris appropriate.

Thecontrasbetweerthetwo approachesanbemadeapparenby againconsideringa casewherethe predictive
distribution for the pixel beingquantizeds bimodal. Suchdistributionsarenot uncommonn grayscaledocument
images,even when conditionedon nearbypixels. The differential predictive coderfocuseson the input to the
guantizer;it typically seeksto minimize varianceby subtractingout the estimatedmeanof the input, underthe
assumptiorthatthe quantizemwill have aneasiettime codinglowervariancevaluesthanlargervarianceones.This
assumptiornis typically valid whenno entrofy codingis used,or whenthe statisticalmodelusedin entrofy coding
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Figure 2. Exampleof aninput pixel's estimatedprobability densityrelatve to the quantizationlattice for two
differentoffsetsin (a) and(b). The dashedrerticallinesindicatethe positionsof thethresholdboundariedbetween
guantizationregions. The correspondingrobability massedor the quantizedpixel areshavn in (c) and(d). For
a giveninput density an offsetis soughtthat minimizesthe entrogy of the resultingprobability massfunction. In
thesegraphsit is evidentthat(d) hasalessuniform distribution of probabilitymasseshan(c), arelationshipwhich
is reflectedin theirentropies.

is severely constrainede.g.,a parametrionodel). Whenmoreextensve modelingandcodingis beingperformed,
subtractingout the meanasa preprocessingtepdoesnot necessarilymprove eitheroutputentroy or quantization
error Considetthebimodalexample.If themodeshapperto be spacedapartin suchaway thataftersubtractingout

the mean,both are split by decisionboundariesthenboth quantizeroutputentroly and mean-squarerror would

be worsethanif avalue,say one-halfstepsizeto eitherside hadbeenusedinsteadasthe “predictor” Traditional
differentialpredictive codinghasno way of detectingsuchconditionsor accommodatinghem.

In contrastadaptve-offsetquantizatiorfocusesontheoutput of thequantizerandmakesno attempto minimize
input variancedirectly Instead,the goal is to shift the input so that to the extent possible,probability massis
concentratedvell within eachquantizatiorregioninsteadf neartheboundariesThedegreeto whichthisis possible
will dependon the specificpredictive distribution, on a case-by-casbasis. Whenit is possible both entroy and
mean-squarerrorwill besimultaneouslymproved. Whenit is not possible no harmto eitherwill have beendone
by trying. In mostcasesanappropriatechoicefor the “predictor” valuewill requirenumericalsearchasopposed
to simply computingthe meanof the predictive distribution.

Note that we might, in principle, adaptthe stepsizeas well as the offset by searchingfor joint valuesthat
minimizetheentropy of thepredictive distribution, underaconstrainbnthemaximumallowableinstantaneoustrror.
Doing sowould provide an extra degreeof freedomthat might allow for improved centeringof modeswithin the
guantizatiorregions,therebyimproving performanceHowever, the searchwould becomemuchmorecomplicated,
andthe variability of stepsizewould inducea spatialvariability in imagequality thatwould have to be controlled.
For thesereasonsye keepthestepsizdixedin the presenstudyandadaptonly the offset. Theultimatepracticality
of adaptve-offsetquantizationpr of distribution-adaptie quantizatiorin generalwill dependargely onbeingable
to carry out the searchover quantizerparameterefficiently. Investigationof efficient searchproceduress left for
futurework.



3. ENTROPY CODER AND STATISTICAL MODELING UNIT

The quantizerreducesthe information contentof the input, but it doesnot directly resultin a reductionin the

volumeof datausedin representinghe image. To achieze compressionwe emplgy a subsequerdtageof lossless,
variable-ratecoding,alsoknown asentrofy coding. Therearemary waysof performingentrogy coding. Generic
compressordike the gzip program® are appropriatewhen little is known in advanceaboutthe statisticsof the

messagdeingcompressedHere,we know muchin adwance:thatthe symbolsin the messagearequantizedpixel

valuesfrom grayscaledocumenimagesthatthey arespatiallyinterdependentndthat vectorsmadeup of pixels

before quantizationin a local spatialneighborhoodcan be usefully characterizedy a smoothmultidimensional
probability densityfunction. In principle,a genericcompressocouldlearnall of the relevant statisticalproperties
from themessagasthe compressioproceeds! but thelimited learningratewould likely male this effective only

for extremelylong message§.e., extremelylarge images).It is moreappropriaten the presentsettingto exploit

the available prior knowledgedirectly via an explicit statisticalmodelingunit. Arithmetic coding?'? is a form of

entrofy codingthatallows thisin avery naturalway.

3.1. Arithmetic Coding

The threemain requirementon the entropy coderare (1) bit-efficiengy, in the sensethat the excessnumberof
expectedcodebits over — log, P(y| contet ) whenencodinga quantizedpixel y shouldbe minimal; (2) thatthe
coderallow the conditionalprobability massfunction (PMF) to be specifiedexplicitly; and(3) thatthe conditional
PMF be allowedto changefreely over time. Becausearithmeticcodingmeetsall of theserequirementswe useit
here.In particular we usean arithmeticcoderdescribedn previouswork® becausét is both availableandfamiliar
to us, but otherimplementationof arithmeticcodingwould do aswell. Arithmetic coding resultsin a codebit
streamwhosesize, on average closely matchesthat predictedon the basisof the — log, P(y| context ) formula.
Thereforethe compressiorhatwill beachiezeddependalmostentirelyonthe quality of this estimatedconditional
PMFfor eachquantizedixel. Estimatingthis conditionalPMF is the purposeof the statisticalmodelingunit, which
is discusseahext.

3.2. Statistical Modeling Unit

The purposeof the statisticalmodelingunit is to supplythe arithmeticcoderwith anaccuratesstimateof the condi-
tional PMF for thenext quantizedpixel to beencodedwhereaccurag is measuredh relative entropy'! betweerthe
empiricaldistribution of the databeingcompressedndthatpredictedoy the model. The moreaccuratdahe statisti-
cal model,the greatetthe compressionComplicatingthis pictureis the factthatthe distributionswe areconcerned
with aredifferentfor differentpixels, andthey dependon (i.e., are conditionedon) a setof quantizedversionsof
previously processediearbypixels.

Theimportanceof accuratestatisticalmodelingin the proposedsystembecomegparticularlyapparentn acom-
parisonwith transformcoding.In system®f thelattertype,suchasJPEG thetransformedsignalis quitepredictable
usingasimplemodel,asthetransformatiorhasremosedmuchof thecorrelationamongsignalelementsin the pro-
posedsystemthereis no suchdecorrelatingransformationsoa moresophisticatedtatisticalmodelmustbe used
to achieve a comparabledegreeof predictability (and hencecompression).Spatially neighboringpixels typically
have amplestatisticalinterdependencthatmay be exploitedfor compressionprovided thatthe statisticalmodelis
capableof representing.

Oneexampleof amodelstructurecapableof usefullycapturingnonlinearstatisticaldependenci theabsencef
atransformis thefinite Gaussiammixture!* Here,sucha modelis appliedin the following way. First, theunquan-
tized pixelsin alocal semicausaheighborhooduchasthetwo shovn in Figure3 aremodeledsemiparametrically
Specifically a finite mixture of separablddiagonal-cearian®) Gaussiardensitiesds assumedandparametewal-
uesareestimatedn the basisof training data. Next, to encodesachquantizedpixel in rasterorderin atestimage,
specificvaluesof previously encodedixelsaresubstitutednto themixture estimateor the conditioningpixels (the
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Figure 3. Semicausapixel neighborhoodsf atype suitablefor usein the proposedsystem.

positionsof which areindicatedby filled circlesin thefigure). In boundarycasesvhereoneor moreconditioning
pixelswouldfall outsidetheimage,themissingvaluesareintegratedout of the density Becausef thethediagonal
covariancestructureof eachcomponenttheintegrationcanbe accomplishedby simply omitting the corresponding
dimensionsn the expressionfor the density The resultingexpressionis then normalizedto yield a conditional
densityfor the currentpixel (whosepositionis indicatedby the opencircle). Finally, the conditionaldensityis
integratedover eachquantizatiorregion to yield the desiredconditionalPMF of the quantizedpixel.

The useof quantizedratherthanoriginal conditioningpixels reduceghe accurag of the estimate put appears
to be unavoidable asthe conditioninginformation must be available at the decoder If the joint pixel densityis
sufficiently smoothandthe quantizatiorsufiiciently fine, thentheresultinglossin accurag will besmall.

The structuralparameterf the model are the number N and locationsof the conditioning pixels and the
numberM of mixturecomponentskor simplicity, thelocationsof theconditioningpixelsarealwaystakento bethe
N precedingixelsnearesthecurrentpixel. Suitablevaluesfor both M andN areselectecamongasetof plausible
valueson the basisof modelfit to hold-outdata.For the non-structuraparameters,e., the mixing weightsandthe
meansand covariancematricesof the individual Gaussiansimaximum-likelihood valuesare estimatedvia the EM
algorithm®16 on a separateetof trainingimages.

Note that maximizingthe likelihood of the joint distribution of pixelsin the neighborhoodwhich is whatwe
do here,is not the sameas maximizing the averagelikelihood of the conditionaldistribution for the pixel being
guantizedwhich is what we would ideally like to do. It is easyto constructexamplesfor which the two criteria
resultin very differentparameteestimatesThereis somediscussiorof this issuein previouswork?® andin thetext
by Bishop!” andit is clearthatmaximizingjoint likelihoodcanbe significantlyimproved uponin mary instances.
Neverthelesswe adoptthejoint likelihoodcriterionfor the sale of simplicity, recognizingthatwhile notideal, it is
alsonot alwaysat oddswith the objective of maximizingaverageconditionallikelihood. In factit is consistentvith
it in the caseof suficiently large M andaklundanttrainingdata.

4. DISCUSSION

A preliminary indication of the potentialof the proposedapproachis provided by the examplein Figure4. A
256 x 256 region of a scanne®56-level grayscalaext documenis compresseth threedifferentways: by JPEG,
by fixed-ofsetquantizatiorwith entrofy coding,andby adaptve-offset quantizatiorwith entropy coding.For both
thefixed-andadaptve-of'setresults,Gaussiamixturesof M = 512 componentsvereused,andtheneighborhood
wasasshavn in Figure 3b. Training was performedon a setof ten512 x 512 text regions; this training setdid
not containthe testimage. While JPEGresultsin good mean-squarerror (MSE) for the bitrate it producesit
introducesobjectionablertifactsnearedges.This is anexampleof MSE failing to captureimportantdesiderataf
subjectve evaluation,in this casesmoothnes®f backgroundand smoothnessnd sharpnes®sf edges. Adaptive-
offset quantizationcomparestavorably with JPEGin termsof rate-\ersus-MSE(seecaptionfor details), while
avoiding the subjectvely objectionableartifacts. It alsoavoids the contouringartifactsintroducedby fixed-ofset
guantization.

Althoughit is difficult to draw meaningfulconclusiondrom a singleexperimenttheresultsareencouragingA
currentdifficulty in runninglargerscaleexperimentss theextremecomputationaburdeninvolvedbothin evaluating
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Figure4. Resultsonasampldmage.Top left: A 256 x 256 patchfrom ascanneabriginal grayscaldgext image.Top
right: resultof JPEGcompressiomat0.54bpp (MSE = 12.78).Bottom left: resultof fixed-stepsizéA = 2), fixed-
offsetarithmeticcodedquantizatiorusinga finite Gaussiammixture modelhaving M = 512 componentsandusing
the N = 10 predictorpixels of Figure3b. Therateis 1.13bpp andthe MSE is 10.74. Note the roughcontouring
artifacts.Bottom right: resultof usingthe sameparametersut allowing theoffsetto adaptin themannerdescribed
in thetext. Heretherateis 0.58bppandthe MSE is 8.32. Besideghe objective rate-\ersus-MSEmMprovementover
both JPEGandfixed-ofsetquantizationthereis a subjectve improvementin the bottomright aswell.



the mixture densityandin searchingor a goodoffsetvalue,both of which operationanustbe performedat every

pixel location.Implementatiorof the foregoing mixture modelis computationallyintensve, evenaftercareis taken

to useapproximationsndtable-lookupoperationsvhereappropriate Theuseof afinite Gaussiammixture hasbeen
motivatedhereby its conceptuasimplicity, generalityandsuficiency for the purposeof demonstratinghe potential
of the overall approacho lossycompressiorof grayscaledocumenimages.To make the approachmorepractical
andto setthe stagefor largerscaleexperimentsa computationallysimplermodelwill berequired.For instancethe
useof ahybriddecision-tree/mixturenodelmaysignificantlyexpeditethe computatiorof the predictive distrikution,

while atthe sametime improving its accurag.? Also, animproved searchstratgy or evenatablelookupoperation
might greatlyspeedhe adaptatiorof the offset. Investigationalongthesedinesis left to future work.

Besidesthe potentialfor good performancen both the rate-distortionand subjectve sensesuggestedy the
resultsof Figure4, the proposedsystemhastwo othercharacteristicshat areworth noting. Thefirst is its ability
to reducecontourartifacts usually associatedvith coarsequantizationin the pixel domain, without introducing
theringing, blocking, or otherobjectionablespatialartifactsthat canaccompan transform-basedpproachesThe
reasorfor thisis thatin adaptve-of'setquantizationthe outputvaluecanassumea continuumof values evenwhen
the quantizationis extremelycoarse.In grayscaledocumentimages,coarsefixed-ofset quantizationcanresultin
contouringwhenthe backgrounds shadedor whenthe scanningillumination is not strictly uniform. Adaptive-
offset quantizationcanreducethe severity of suchartifacts. Whetheror not the eliminationof contouringhappens
automaticallyor to the degree desireddepends)ike much elsein the system,on the accurag of the statistical
model.If themodelremainssufiiciently accuratewithin gradedegions,thentheentrogy-minimizing ¢ will likewise
vary smoothlyin thoseregions, by continuallyseekingto centerthe modeof the conditionaldistribution within its
guantizatiorregion. Thisin turn will inducethe outputof the quantizerto be a smoothlyvarying estimateof that
mode, therebyamelioratingcontouringautomatically Alternatvely, if the modelis not sufiiciently accurateto
ensurethis behaior, a penaltyterminvolving valuesof ¢ usedat previously processegixel locationscanbe added
to theconditionalentroy whenchoosingp to ensurehatit doesnotundego abruptchangessafunctionof spatial
position.

Anothercharacteristiof the proposedsystemis its ability to integratehigh-level, externally suppliedseggmen-
tationinformationin a seamlessvay. Documentimagestypically consistof several typesof regionssuchastext,
halftoneimagesandline dravings. Eachtype of region hasits own fidelity requirementandstatisticalproperties.
Although one could always apply the proposedcompressiortechnigueseparatelyto regions of a pre-sgmented
image,the requisiteadaptatiorcaninsteadbe accomplisheanore smoothlyby switchingthe quantizationandsta-
tistical modelparametersn the basisof estimatedegiontype. The estimatedegion-typelabelcould be externally
supplied,or elsethe statisticalmodelingunit could take on the taskof estimatingit asan additionalresponsibility
In eithercasethe entireimageis encodedseamlesslyn asinglerasterscan.

5. CONCLUSION

Wehave considere@dnapproacho grayscalelocumentmagecompressioin whichtheadaptatiorof theparameters
of thelossyelement— a scalarquantizer— is informedby downstreanconsiderationsspecificallyby the entropy
of the estimateof the conditionalPMF thatis usedin encodingthe quantizedpixel value by the arithmeticcoder
Thetechniqueoperateglirectly in the grayscalgixel domain ratherthanby first applyinganenegy-compactingr
otherspatialtransformation Preliminaryresultssuggesthatthe schemecanbe competitve with JPEGin termsof
rate-distortiomperformanceandmayoffer clearadwantagesn subjectve quality for documenimages.Specifically
blocking artifacts are avoided and edgesare reproducedaithfully. Comparedwith fixed-ofset quantization,it
achiezesbettercompressiomndavoids contouringartifacts.

Comparisonwith otherlossy techniquesmore suitedthan JPEGto the sharpedgesin documentimages,as
well aslarge scaleexperimentson a variety of documentsare neededbefore definite conclusionscan be dravn
aboutthe relative meritsof the approach.The runningof large-scalesxperimentswill be simplified whenthe high



computationaload of thetechniquein its presenform is reduced Reducingcomputationatompleity throughthe
useof bettermodelsandthroughothermeanss anareaof ongoinginvestigation.
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