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ABSTRACT

Thispaperdescribesanadaptive-offsetquantizationschemeandconsidersits applicationto thelossycompressionof
grayscaledocumentimages.Thetechniqueinvolvesscalar-quantizingandentropy-codingpixelssequentially, such
thatthequantizer’soffsetis alwayschosento minimizetheexpectednumberof bitsemittedfor eachpixel, wherethe
expectationis basedon thepredictive distribution usedfor entropy coding. To accomplishthis, informationis fed
backfrom theentropy coder’s statisticalmodelingunit to thequantizer. This feedbackpathis absentin traditional
compressionschemes.Encouragingbut preliminaryexperimentalresultsarepresentedcomparingthe technique
with JPEGandwith fixed-offsetquantizationon ascannedgrayscaletext image.
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1. INTRODUCTION

Grayscaleimagesof text documentstypically containhigh-spatial-frequency componentsthat prevent transform-
basedcompressiontechniquessuchasJPEGfrom performingacceptablyat high levelsof compression.This is not
unexpected,astransform-basedcompressiontechniquesareusuallyoptimizedfor imagesthataredominatedby low-
spatial-frequency components,suchasnaturalscenes.

�
Despiteits shortcomingswhenappliedto documentimages,

JPEGis oftenusedfor compressionwhentheimageshavebeenscannedin grayscale,whichmakesit anappropriate
methodto compareagainst.Compressiontechniquesdesignedspecificallyfor documentimages,suchasJBIG2,

�
typically requirethatthetext regionsbebinarizedprior to compression.Binarizationcanadverselyaffectreadability
aswell astheaccuracy of any subsequentopticalcharacterrecognition(OCR),particularlywhentheimageoriginates
at low to moderatespatialresolution. Binarizationprior to compressioncan thereforebe inappropriatein many
situations.

We consideranalternative approachthatcompresseswithout spatialtransformationor binarization,by simply
quantizingandentropy-codingeachgrayscalepixel sequentiallyin rasterorder. Elementsof the basictechnique,
shown in Figure1, weredescribedin previouswork

�
in thecontext of compressingnaturalscenes.Herewe expand

on the ideaandapply it specificallyto documentimages. In its operatingdirectly on grayscalepixel valuesand
in the typeof statisticalmodelit employs, theapproachdescribedhereresemblesthe two-stagemethoddescribed
recently,

�
but departssignificantly from it in otheraspects,suchasits tight integrationof the quantizer, entropy

coder, andstatisticalmodel. In particular, in the methodproposedherethe quantizercooperatesdirectly with the
entropy coderby shifting,onapixel-by-pixel basis,theentirelatticeof decisionandreproductionvaluesto minimize
theentropy of thespecificconditionalprobabilitydistributionusedby theentropy coderin compressingthequantized
pixel.

Thepaperis organizedasfollows. Section2 discussesthequantizer, which is thelossyelementin thecompres-
sor. It explainsthemotivationbehindadaptingtheoffset,andcomparestheproposedapproachwith thewell-known
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Figure 1. Compressionsystemusingadaptive-offsetquantization.

andsuperficiallysimilar techniqueof differentialpredictive coding.Section3 discussestheproblemof entropy cod-
ing; i.e., transformingthequantizer’s outputinto a compactsequenceof bits. This requires,in part, thepredictive
probabilisticmodelingof thequantizer’s output,on thebasisof a subsetof previously quantizedpixels. Section4
presentsanddiscussespreliminaryexperimentalresults.

2. ADAPTIVE-OFFSET QUANTIZATION

Theheartof theproposedsystemisanentropy-codedscalarquantizerthatadaptsonthebasisof informationfedback
from thestatisticalmodelingunit. Properlyspeaking,the term entropy coded quantization refersto the totality of
operationsshown in Figure1 andnot just to thequantizer. In thissectionwewill focusontheroleof thequantizeras
thelossyelement,with theunderstandingthatentropy codingwill laterbeperformed.Wedeferdetaileddiscussion
of thelatterto Section3. Ourquantizationterminologygenerallyfollows thatusedin standardtexts.

��� �

2.1. Quantizer

In its full generalitya scalar quantizer is a device thatmapsa realnumberto a representative numberchosenfrom
a countableset.

	
Here,we take thesetof outputvaluesto be finite but large,andwe take thequantizationregion

correspondingto eachrepresentative outputvalueto be an interval of the real line. Specifically, the non-extremal
decisionregionsof thequantizeraretaken to be of equalsize



, with the reproductionvaluesat their midpoints.

The choiceof uniform stepsizeis motivatedboth by a desirefor simplicity andin recognitionof the asymptotic
optimality� andnon-asymptoticnear-optimality� of uniform-thresholdentropy-constrained quantizationin avariety
of settings.Thechoiceof midpointreproductionsis lesssoundtheoretically, but is madefor convenience.As will be
clearin whatfollows, thesechoicesarenotessentialfor theproposedtechniqueto function,but a largeperformance
gainby generalizingon theseparticularaspectsseemsunlikely.

To simplify both the designand analysisof the system,the numberof quantizationregions 
 is chosento
be sufficiently large to make overloadrare, so that the extremal decisionregions are usedonly for exceptional
casesinvolving outliers. The ability to choosea large value of 
 without directly paying a price in bit-rate is
dueto theentropy codingof thequantizer’s output: for a fixed



andwith 
 sufficiently large to avoid distortion

dueto overload,increasing
 further doesnot increaseentropy, sincethe probability (andhencecontribution to
both entropy anddistortion)of eachadditionalquantizationregion becomesnegligible. In the presentcontext of
compressinggrayscaleimages,the input pixel amplituderangeis bounded,so that we can(anddo) choose
 to
preventoverloadentirely.�

Thetextbookby GershoandGray� providesanexcellentintroductionto quantization,bothscalarandmultidimensional.



Besides



and 
 , theremainingquantizationparameteris theabsolutelocationor offset of thequantizinglattice,
whichwe canspecifyby a parameter����� ��� 
�� suchthatthenon-overloadinput-outputrelationof thequantizeris

�������! �#" 
�$ �&% �
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where
$ � - denotesthegreatestintegernot greaterthan � . As two examples,when � is fixedat zero,thequantizer

is termedmidtread, andwhenit is fixedat

 ),+ , it is termedmidrise.

�
However, it is importantto notethat � can

rangeoveracontinuumof values.

At high ratesthe precisechoiceof offset haslittle effect on rate-versus-distortion performance,� but in low-
rateentropy codedquantizationthe offset canbe critical. For instance,in the well-studiedcasewherethe input
distribution is symmetricarounda singlemode,choosingan offset that resultsin the modebeingwell-centered
within a quantizationregion is essentialfor goodperformance.

��� /
If theoffset is inadvertentlychosenat theother

extreme,so that themodeis evenly split by a decisionboundary, thenperformancewill suffer; in fact in this case
theoutputentropy will be boundedbelow by onebit perquantizedvalue,irrespective of how large a distortionis
deemedtolerable. In the presentapplication,we have no particularreasonto believe that the distribution of the
quantizeroutputwill beeithersymmetricor unimodal. In fact, in text imagespixels nearcharacteredgesmaybe
betterdescribedby a bimodaldistribution. Nevertheless,thereis amplereasonto expectthat thechoiceof offset,
providedthatit is allowedto vary from pixel to pixel, will still becritical at low bitrates.Thereasonis thatjustasin
thesymmetricunimodalcase,in orderfor thebitrateto below, probabilitymassmustbeconcentratedin relatively
few outputlevels. This in turn requiresthatmodesnot besplit by decisionboundarieswhendoingsois avoidable.
Choosinganappropriatequantizationoffsetfor eachpixel canprovideameansof minimizing theneedlesssplitting
of modes.Hencewe allow � to vary from pixel to pixel, alwayschoosinga valuethatminimizesquantizeroutput
entropy with respectto the statisticalmodelusedby the entropy coder. In practice,this canbe accomplishedby
searchingoverasuitablyfinegrid on theinterval � ��� 
�� . For theresultspresentedlaterin thispaper, � is determined
for eachpixel positionby searchingover theset 0*���1',�3232324� 
 % '.5 , choosinga valuethatminimizestheentropy of
theestimatedquantizer-outputdistribution.

The motivation for adaptationof � canbe clarified by consideringthe examplein Figure2. By choosingthe
offset to shift the quantizerlattice in (a) slightly to the left asshown in (b), both the mean-squareandmaximum
distortionsarenearlyunchanged,but the entropy of the quantizeroutput is reducedsubstantially. The effect can
beregardedasa generalizationof thepreviously citedphenomenonof midtreadquantizersoutperformingmidrise
entropy-codedquantizerson unimodalsymmetricdistributions.

2.2. Relationship to Differential Predictive Coding

In principle, shifting the offset of the quantizercould be effectedby subtractingout a valuefrom the quantizer’s
input, and addingit back in to the quantizer’s output. Viewed in this way, the techniqueresemblesdifferential
predictive coding,

�
whereina predictedvalueis subtractedfrom a correlatedsignalboth to whiten it (i.e., remove

redundancy) andto reduceits variance,allowing it to becompressedmoreeffectively by a simplequantizer. While
thetwo techniquescoincidein structure,they differ in theirgoalsanddetailsof theirconstituentelements,andthese
differencesplay out in their functioningandultimatelyperformance.Thedifferencesaresubstantialbut subtle,and
somediscussionis appropriate.

Thecontrastbetweenthetwo approachescanbemadeapparentby againconsideringacasewherethepredictive
distribution for thepixel beingquantizedis bimodal. Suchdistributionsarenot uncommonin grayscaledocument
images,even when conditionedon nearbypixels. The differential predictive coder focuseson the input to the
quantizer;it typically seeksto minimize varianceby subtractingout the estimatedmeanof the input, underthe
assumptionthatthequantizerwill have aneasiertime codinglower-variancevaluesthanlarger-varianceones.This
assumptionis typically valid whenno entropy codingis used,or whenthestatisticalmodelusedin entropy coding
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Figure 2. Exampleof an input pixel’s estimatedprobability densityrelative to the quantizationlattice for two
differentoffsetsin (a) and(b). Thedashedvertical linesindicatethepositionsof thethresholdboundariesbetween
quantizationregions. The correspondingprobabilitymassesfor thequantizedpixel areshown in (c) and(d). For
a given input density, an offset is soughtthatminimizestheentropy of the resultingprobabilitymassfunction. In
thesegraphs,it is evidentthat(d) hasa lessuniformdistribution of probabilitymassesthan(c), a relationshipwhich
is reflectedin theirentropies.

is severelyconstrained(e.g.,a parametricmodel). Whenmoreextensive modelingandcodingis beingperformed,
subtractingout themeanasa preprocessingstepdoesnotnecessarilyimprove eitheroutputentropy or quantization
error. Considerthebimodalexample.If themodeshappento bespacedapartin suchawaythataftersubtractingout
the mean,both aresplit by decisionboundaries,thenboth quantizeroutputentropy andmean-squareerror would
beworsethanif a value,say, one-halfstepsizeto eithersidehadbeenusedinsteadasthe “predictor.” Traditional
differentialpredictive codinghasno wayof detectingsuchconditionsor accommodatingthem.

In contrast,adaptive-offsetquantizationfocusesontheoutput of thequantizer, andmakesnoattemptto minimize
input variancedirectly. Instead,the goal is to shift the input so that to the extent possible,probability massis
concentratedwell within eachquantizationregioninsteadof neartheboundaries.Thedegreetowhichthisispossible
will dependon the specificpredictive distribution, on a case-by-casebasis.Whenit is possible,both entropy and
mean-squareerrorwill besimultaneouslyimproved. Whenit is not possible,no harmto eitherwill have beendone
by trying. In mostcases,anappropriatechoicefor the“predictor” valuewill requirenumericalsearch,asopposed
to simply computingthemeanof thepredictive distribution.

Note that we might, in principle, adaptthe stepsizeas well as the offset by searchingfor joint valuesthat
minimizetheentropy of thepredictivedistribution,underaconstraintonthemaximumallowableinstantaneouserror.
Doing so would provide an extra degreeof freedomthatmight allow for improved centeringof modeswithin the
quantizationregions,therebyimproving performance.However, thesearchwouldbecomemuchmorecomplicated,
andthevariability of stepsizewould inducea spatialvariability in imagequality thatwould have to becontrolled.
For thesereasons,wekeepthestepsizefixedin thepresentstudyandadaptonly theoffset.Theultimatepracticality
of adaptive-offsetquantization,or of distribution-adaptive quantizationin general,will dependlargelyonbeingable
to carryout thesearchover quantizerparametersefficiently. Investigationof efficient searchproceduresis left for
futurework.



3. ENTROPY CODER AND STATISTICAL MODELING UNIT

The quantizerreducesthe information contentof the input, but it doesnot directly result in a reductionin the
volumeof datausedin representingtheimage.To achieve compression,we employ a subsequentstageof lossless,
variable-ratecoding,alsoknown asentropy coding. Therearemany waysof performingentropy coding. Generic
compressorslike the gzip program

�98
are appropriatewhen little is known in advanceabout the statisticsof the

messagebeingcompressed.Here,we know muchin advance:that thesymbolsin themessagearequantizedpixel
valuesfrom grayscaledocumentimages,that they arespatiallyinterdependent,andthatvectorsmadeup of pixels
beforequantizationin a local spatialneighborhoodcan be usefully characterizedby a smoothmultidimensional
probabilitydensityfunction. In principle,a genericcompressorcould learnall of therelevant statisticalproperties
from themessageasthecompressionproceeds,

�:�
but thelimited learningratewould likely make thiseffectiveonly

for extremelylong messages(i.e., extremelylarge images).It is moreappropriatein thepresentsettingto exploit
theavailableprior knowledgedirectly via anexplicit statisticalmodelingunit. Arithmetic coding

�9���;�9�
is a form of

entropy codingthatallows this in avery naturalway.

3.1. Arithmetic Coding

The threemain requirementson the entropy coderare (1) bit-efficiency, in the sensethat the excessnumberof
expectedcodebits over %=<?>A@ ��B ��C�D context � whenencodinga quantizedpixel C shouldbe minimal; (2) that the
coderallow theconditionalprobabilitymassfunction(PMF) to bespecifiedexplicitly; and(3) that theconditional
PMF beallowed to changefreely over time. Becausearithmeticcodingmeetsall of theserequirements,we useit
here.In particular, we useanarithmeticcoderdescribedin previouswork� becauseit is bothavailableandfamiliar
to us, but other implementationsof arithmeticcodingwould do aswell. Arithmetic codingresultsin a codebit
streamwhosesize,on average,closelymatchesthat predictedon the basisof the %=<?>A@ ��B ��C�D context � formula.
Therefore,thecompressionthatwill beachieveddependsalmostentirelyonthequalityof thisestimatedconditional
PMFfor eachquantizedpixel. EstimatingthisconditionalPMFis thepurposeof thestatisticalmodelingunit, which
is discussednext.

3.2. Statistical Modeling Unit

Thepurposeof thestatisticalmodelingunit is to supplythearithmeticcoderwith anaccurateestimateof thecondi-
tionalPMFfor thenext quantizedpixel to beencoded,whereaccuracy is measuredin relativeentropy

�:�
betweenthe

empiricaldistribution of thedatabeingcompressedandthatpredictedby themodel.Themoreaccuratethestatisti-
cal model,thegreaterthecompression.Complicatingthis pictureis thefactthatthedistributionswe areconcerned
with aredifferentfor differentpixels, andthey dependon (i.e., areconditionedon) a setof quantizedversionsof
previously processednearbypixels.

Theimportanceof accuratestatisticalmodelingin theproposedsystembecomesparticularlyapparentin acom-
parisonwith transformcoding.In systemsof thelattertype,suchasJPEG,thetransformedsignalis quitepredictable
usingasimplemodel,asthetransformationhasremovedmuchof thecorrelationamongsignalelements.In thepro-
posedsystem,thereis no suchdecorrelatingtransformation,soa moresophisticatedstatisticalmodelmustbeused
to achieve a comparabledegreeof predictability(andhencecompression).Spatiallyneighboringpixels typically
have amplestatisticalinterdependencethatmaybeexploitedfor compression,providedthat thestatisticalmodelis
capableof representingit.

Oneexampleof amodelstructurecapableof usefullycapturingnonlinearstatisticaldependencein theabsenceof
a transformis thefinite Gaussianmixture.

� �
Here,suchamodelis appliedin thefollowing way. First, theunquan-

tizedpixels in a local semicausalneighborhoodsuchasthetwo shown in Figure3 aremodeledsemiparametrically.
Specifically, a finite mixtureof separable(diagonal-covariance) Gaussiandensitiesis assumed,andparameterval-
uesareestimatedon thebasisof trainingdata.Next, to encodeeachquantizedpixel in rasterorderin a testimage,
specificvaluesof previouslyencodedpixelsaresubstitutedinto themixtureestimatefor theconditioningpixels(the
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Figure 3. Semicausalpixel neighborhoodsof a typesuitablefor usein theproposedsystem.

positionsof which areindicatedby filled circlesin thefigure). In boundarycaseswhereoneor moreconditioning
pixelswould fall outsidetheimage,themissingvaluesareintegratedoutof thedensity. Becauseof thethediagonal
covariancestructureof eachcomponent,theintegrationcanbeaccomplishedby simply omitting thecorresponding
dimensionsin the expressionfor the density. The resultingexpressionis thennormalizedto yield a conditional
densityfor the currentpixel (whoseposition is indicatedby the opencircle). Finally, the conditionaldensityis
integratedovereachquantizationregion to yield thedesiredconditionalPMF of thequantizedpixel.

Theuseof quantizedratherthanoriginal conditioningpixels reducestheaccuracy of theestimate,but appears
to be unavoidableas the conditioninginformationmustbe available at the decoder. If the joint pixel densityis
sufficiently smoothandthequantizationsufficiently fine,thentheresultinglossin accuracy will besmall.

The structuralparametersof the model are the number 
 and locationsof the conditioningpixels and the
numberF of mixturecomponents.For simplicity, thelocationsof theconditioningpixelsarealwaystakento bethe

 precedingpixelsnearestthecurrentpixel. Suitablevaluesfor both F and 
 areselectedamongasetof plausible
valueson thebasisof modelfit to hold-outdata.For thenon-structuralparameters,i.e., themixing weightsandthe
meansandcovariancematricesof the individual Gaussians,maximum-likelihoodvaluesareestimatedvia theEM
algorithm

�9���;�9�
on aseparatesetof trainingimages.

Note that maximizingthe likelihoodof the joint distribution of pixels in the neighborhood,which is what we
do here,is not the sameasmaximizing the averagelikelihood of the conditionaldistribution for the pixel being
quantized,which is what we would ideally like to do. It is easyto constructexamplesfor which the two criteria
resultin very differentparameterestimates.Thereis somediscussionof this issuein previouswork

�
andin thetext

by Bishop,
� � andit is clearthatmaximizingjoint likelihoodcanbesignificantlyimproveduponin many instances.

Nevertheless,we adoptthejoint likelihoodcriterionfor thesake of simplicity, recognizingthatwhile not ideal,it is
alsonotalwaysatoddswith theobjective of maximizingaverageconditionallikelihood.In factit is consistentwith
it in thecaseof sufficiently large F andabundanttrainingdata.

4. DISCUSSION

A preliminary indication of the potentialof the proposedapproachis provided by the examplein Figure 4. A
+AGAHJIK+AGAH region of a scanned256-level grayscaletext documentis compressedin threedifferentways:by JPEG,
by fixed-offsetquantizationwith entropy coding,andby adaptive-offsetquantizationwith entropy coding.For both
thefixed-andadaptive-offset results,Gaussianmixturesof F  G�'1+ componentswereused,andtheneighborhood
wasasshown in Figure3b. Training wasperformedon a setof ten G�'1+LI�G�'1+ text regions; this training setdid
not containthe test image. While JPEGresultsin good mean-squareerror (MSE) for the bitrate it produces,it
introducesobjectionableartifactsnearedges.This is anexampleof MSE failing to captureimportantdesiderataof
subjective evaluation,in this casesmoothnessof backgroundandsmoothnessandsharpnessof edges.Adaptive-
offset quantizationcomparesfavorably with JPEGin termsof rate-versus-MSE(seecaption for details),while
avoiding the subjectively objectionableartifacts. It alsoavoids the contouringartifactsintroducedby fixed-offset
quantization.

Althoughit is difficult to draw meaningfulconclusionsfrom asingleexperiment,theresultsareencouraging.A
currentdifficulty in runninglarger-scaleexperimentsis theextremecomputationalburdeninvolvedbothin evaluating



Figure 4. Resultsonasampleimage.Top left: A +AGAHMIN+AGAH patchfrom ascannedoriginalgrayscaletext image.Top
right: resultof JPEGcompressionat0.54bpp(MSE= 12.78).Bottom left: resultof fixed-stepsize(


  PO + ), fixed-
offsetarithmeticcodedquantizationusingafinite Gaussianmixturemodelhaving F  G�'1+ components,andusing
the 
  '3� predictorpixelsof Figure3b. The rateis 1.13bppandtheMSE is 10.74. Note the roughcontouring
artifacts.Bottom right: resultof usingthesameparametersbut allowing theoffsetto adaptin themannerdescribed
in thetext. Heretherateis 0.58bppandtheMSEis 8.32.Besidestheobjective rate-versus-MSEimprovementover
bothJPEGandfixed-offsetquantization,thereis asubjective improvementin thebottomright aswell.



themixturedensityandin searchingfor a goodoffsetvalue,bothof which operationsmustbeperformedat every
pixel location.Implementationof theforegoingmixturemodelis computationallyintensive,evenaftercareis taken
to useapproximationsandtable-lookupoperationswhereappropriate.Theuseof afinite Gaussianmixturehasbeen
motivatedhereby its conceptualsimplicity, generality, andsufficiency for thepurposeof demonstratingthepotential
of theoverall approachto lossycompressionof grayscaledocumentimages.To make theapproachmorepractical
andto setthestagefor larger-scaleexperiments,acomputationallysimplermodelwill berequired.For instance,the
useof ahybriddecision-tree/mixturemodelmaysignificantlyexpeditethecomputationof thepredictivedistribution,
while at thesametime improving its accuracy.

�
Also, animprovedsearchstrategy or evena tablelookupoperation

might greatlyspeedtheadaptationof theoffset. Investigationalongtheselinesis left to futurework.

Besidesthe potentialfor goodperformancein both the rate-distortionandsubjective sensessuggestedby the
resultsof Figure4, theproposedsystemhastwo othercharacteristicsthat areworth noting. Thefirst is its ability
to reducecontourartifactsusually associatedwith coarsequantizationin the pixel domain,without introducing
theringing, blocking,or otherobjectionablespatialartifactsthatcanaccompany transform-basedapproaches.The
reasonfor this is thatin adaptive-offsetquantization,theoutputvaluecanassumeacontinuumof values,evenwhen
thequantizationis extremelycoarse.In grayscaledocumentimages,coarsefixed-offset quantizationcanresult in
contouringwhenthe backgroundis shadedor when the scanningillumination is not strictly uniform. Adaptive-
offsetquantizationcanreducetheseverity of suchartifacts.Whetheror not theeliminationof contouringhappens
automaticallyor to the degreedesireddepends,like much elsein the system,on the accuracy of the statistical
model.If themodelremainssufficiently accuratewithin gradedregions,thentheentropy-minimizing � will likewise
vary smoothlyin thoseregions,by continuallyseekingto centerthemodeof theconditionaldistribution within its
quantizationregion. This in turn will inducetheoutputof thequantizerto be a smoothlyvaryingestimateof that
mode, therebyamelioratingcontouringautomatically. Alternatively, if the model is not sufficiently accurateto
ensurethisbehavior, apenaltyterminvolving valuesof � usedatpreviously processedpixel locationscanbeadded
to theconditionalentropy whenchoosing� to ensurethatit doesnotundergo abruptchangesasa functionof spatial
position.

Anothercharacteristicof theproposedsystemis its ability to integratehigh-level, externallysuppliedsegmen-
tation informationin a seamlessway. Documentimagestypically consistof several typesof regionssuchastext,
halftoneimages,andline drawings. Eachtypeof region hasits own fidelity requirementsandstatisticalproperties.
Although onecould alwaysapply the proposedcompressiontechniqueseparatelyto regions of a pre-segmented
image,therequisiteadaptationcaninsteadbeaccomplishedmoresmoothlyby switchingthequantizationandsta-
tistical modelparameterson thebasisof estimatedregion type.Theestimatedregion-typelabelcouldbeexternally
supplied,or elsethestatisticalmodelingunit could take on thetaskof estimatingit asanadditionalresponsibility.
In eithercase,theentireimageis encodedseamlesslyin asinglerasterscan.

5. CONCLUSION

Wehaveconsideredanapproachtograyscaledocumentimagecompressionin whichtheadaptationof theparameters
of thelossyelement— ascalarquantizer— is informedby downstreamconsiderations,specificallyby theentropy
of theestimateof theconditionalPMF that is usedin encodingthequantizedpixel valueby the arithmeticcoder.
Thetechniqueoperatesdirectly in thegrayscalepixel domain,ratherthanby first applyinganenergy-compactingor
otherspatialtransformation.Preliminaryresultssuggestthat theschemecanbecompetitive with JPEGin termsof
rate-distortionperformance,andmayoffer clearadvantagesin subjective quality for documentimages.Specifically,
blocking artifactsare avoided and edgesare reproducedfaithfully. Comparedwith fixed-offset quantization,it
achievesbettercompressionandavoidscontouringartifacts.

Comparisonwith other lossy techniquesmore suitedthan JPEGto the sharpedgesin documentimages,as
well as large scaleexperimentson a variety of documents,areneededbeforedefiniteconclusionscanbe drawn
abouttherelative meritsof theapproach.Therunningof large-scaleexperimentswill besimplifiedwhenthehigh



computationalloadof thetechniquein its presentform is reduced.Reducingcomputationalcomplexity throughthe
useof bettermodelsandthroughothermeansis anareaof ongoinginvestigation.
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