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Abstract

CALIC, which standsfor Context-Based,Adaptive, LosslessImage Coding, is a very powerful continuous-toneimages
compressioncodec.In this paper, the core idea and techniqueof CALIC was studied�rst. Then we compareCALIC with the
JPEG-LS(LosslessJPEG,A standardlosslessimage compressiontechnique)and other datacompressiontechniques.A lot of
compressionresultsalso will be given to show the overall performance.Why CALIC can achieve high compressioneffect will
be addressedat the end.

Index Terms

CALIC, Losslessimagecoding
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I . INTRODUCTION

DATA compressionis a veryhot topic in thepassfew decadessincehigh requirementsof bothcomputerandcommunication
areas.Image,whichhasveryuniquefeaturein thedatacatalog,is alsoinvolvedin a lot of specialcompressiontechniques.

Accordingto differentrequirements,imagecompressiontechniquescanbe divided into LosslessandLossycatalogs.Herewe
only studyLosslesscodingwhich preservesexactly the sameinformationwhenapply the compression.Basically this kind of
techniquesis trying to remove all of the redundanciesin the informationsource.Most applicationssuchasmedicalandremote
sensingimagesbelongto this catalog.

Imagesarede�ned simply asa setof two-dimensionalarraysof integerdata,representedwith a givenprecision(Bits/Pixel).
Eacharray is termeda component, and color imageshave multiple components(usually representsomecolor spaces,e.g.,
RGB). A continuous-toneimage,in turn, is an imagewhosecomponentshave morethanonebit per sample.For example,the
8-bits grayscaleimageswe arediscussingin this paperareclassicalcontinuous-toneimages.

While a lot of puredatacompressiontechniquesalways focuson one-dimensionalstreamdata,a good imagecompression
techniquealways trying to utilize the unique featureof imagedata, in the senseof two-dimensionalrelationship.Basically,
losslessimagecompressiontechniquescanbe subdivided into two distinct andindependentphases,modelingandcoding[5],
which areoften interleaved.An imageis observedsampleby samplein someprede�nedorder(normally raster-scanline), and
the modelingphaseis aimedat gatheringinformationaboutthe data,in the form of a probabilisticmodel,which is usedfor
coding.Modeling canbe formedasan inductive inferenceproblem,in which at eachtime instantt, andafter having scanned
pastdatax t = x1x2:::x t , onewishesto make inferenceson the next samplevaluex t +1 by assigninga conditionalprobability
distribution to it. The next stepis coding,which mostly implementedby either Arithmetic Coding or Huffman Coding. This
stepis always termedEntropy Codingsincethey try to codethe input to the entropy limit.

Moreover, since the entropy coding stephasalmostboth full-developedand non-relatedto imagesourcetoo much, most
tricky andcrucial portion is modeling.Most of the successfultechniquesareusingadaptive probability assignmentto achieve
a goodmodelingscheme.Basically it canbe broken into the following components.

1) A predictionstep,in which a valuex̂ t +1 is guessedfor the next samplex t +1 basedon a �nite subset(a causaltemplate)
of the availablepastdatax t .

2) The determinationof a context in which x t +1 occurs.The context is againa function of a causaltemplate.
3) A probabilisticmodel for the prediction residual(or error) � t +1 = x t +1 � x̂ t +1 , conditionedon the context of x t +1 .
The predictionresidualis codedbasedon the probability distribution. Sincethe sameprediction,context, and probability

distribution are available to the decoder, which can then recover the exact value of the encodedsample.One can imagethat
if a bettermodelingmight increasethe compressioneffect while decreasethe ef�ciency. A goodtrade-off andcarefully study
of the continuous-toneimageis the key to achieve overall high performance[7].

CALIC (Context-Based,Adaptive, LosslessImage Coding) is one of the most successfulimplementationsof the above
scheme.It almostachievesthe bestcompressioneffect while remainsgoodef�ciency. First let's take a look how it implement
the above scheme.

I I . FUNDAMENTAL OF CALIC

A. CALIC FrameStructure

Compareto other losslessimagecoding,CALIC is a relative complicateone.Herewe �rst give out the framestructureof
CALIC.

CALIC is a one-passcoding schemethat encodesand decodesin rasterscanorder [1]. It usesthe previous scanlines of
codedpixels to do the predictionand form the context. In order to achieve high performancein binary images(Imagesthat
only have two distinct grayscalevalues)or binary portion in encodingimages,CALIC operatesin two modes:binary and
continuoustone modes.The systemselectsone of the two modeson the �y during the coding process,dependingon the
context of the currentpixel.

The binary modewill be triggeredif all of the context pixels have lessthan two differentgrayscalelevels (Not necessary
to be only 0 and1). So some�at grayscaleportionsin a continuous-toneimagecanbe codedin binary mode.To utilize the
context information,an entropy codec(Arithmetic Coding) is driving by 32 differentcontext modelsin binary mode.

The continuous-tonemodebasicallyhasfour major components.
1) GAP, gradient-adjustedprediction.GAP tries to usethe context gradientinformation to predict the intensity of current

pixel (I ), which resultsin a Î . This stepis linear prediction.
2) Context selectionandquantization.This steptry to further remove the correlationbetweenthe predictionerrorsof GAP

stepby conditionthe error onto differentcontext error energies.The quantizationof context error energiesresultsin totally 8
differenterror energy levels.

3) Context modelingof predictionerrors.Error modelingtry to classify the errorsinto different texture catalogsand then
usethe correspondingsamplemeans�e to further adjustedÎ , which resultsin a ~I . This stepmakes the �nal predictionto be
nonlinear.
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Fig. 1. CALIC FrameStructure

Fig. 2. Neighborhoodpixels involved

4) Entropy codingof predictionerrors.This is thecommonlyusedstepafter thewholemodelingprediction.EitherHuffman
Codingor Arithmetic Coding[4] canbe applied.For betterperformance,onewould like to chooseArithmetic Coding.But it
may involve the patentissue.

The overall framestructureof CALIC is shown in Figure1.

B. Neighborhoodpixels involved

CALIC will usea previous two-line buffer to constructtheGAP andcontext modeling.Herewe �rst give the neighborhood
pixels that will be usedwhen encoding.In Figure2,supposewe are going to encodethe pixel x, the whole algorithm will
utilize totally 7 neighborhoodpixelsset(n, w, nn, ww, nw, ne, nne), which standsfor North, West,North-North,West-West,
North-West,North-EastandNorth-North-East.And later, we'll useI n to denotethe intensityof pixel n, etc.

I I I . L INEAR PREDICTION - GAP

The GAP predictor, which is employed in CALIC, adaptsitself to the gradientsof horizontalandvertical edges.The GAP
tries to detecthow rapidly theedgechangingaroundpixel x andthenby classifyingthe tendency of edgechanginginto sharp,
normal and weakedge,it givesdifferentweight for the neighborhoodpixels for a linear predictionof pixel x.
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First CALIC de�nes dv asthe criteria for vertical directionedgeanddh ascriteria for the horizontaldirectionedge.dv and
dh arecomputedby

dv = jI w � I nw j + jI n � I nn j + jI ne � I nne j (1)

dh = jI w � I ww j + jI n � I nw j + jI n � I ne j (2)

Clearly, dh and dv are estimates,within a scaling factor, of the gradientsof the intensity function near pixel x in the
horizontalandvertical directions.And with dh anddv on hand,CALIC de�nes the linear gradientadjustedpredictionas the
following pseudocodes.

D = dv � dh

if (D > 80)Î = I w //SharpHorizontalEdge
elseif (D < � 80)Î = I n //SharpVertical Edge
elsef

Î = (I w + I n )=2 + (I ne � I nw )=4
if (D > 32)Î = (Î + I w )=2 //HorizontalEdge
elseif (D > 8)Î = (3Î + I w )=4 //Weak HorizontalEdge
elseif (D < � 32)Î = (Î + I n )=2 //Vertical Edge
elseif (D < � 8)Î = (3Î + I n )=4 //Weak Vertical Edge

g
Thepredictorcoef�cients andthresholdsgivenin thepseudocodewerearbitrarychosen.They arebasedonsomeexperiments

and round to the numberthat hasgood relationshipwith 2 so that it' s easyto constructfast hardware implementation.One
canusethe criteria of minimize predictionerror to optimizethembut this high costeffort won't improve the result too much.
Oneof the reasonsis becausethe effect of error feedbackof context error modeling.

IV. CODING CONTEXT

The GAP step only removes part of the redundancy in the image. It is observed that the varianceof prediction errors
e = I � Î stronglycorrelatedthe smoothnessof the imagearoundthepredictedpixel x. A further modelingof this correlation
is neededto remove moreredundancy of thesesmoothnessareas.CALIC de�nes an error energy estimatoras

� = dh + dv + 2jew j (3)

ew = I w � Î w (4)

Thereasonto includeew is becauselargeerrorstendto occurconsecutively. Onecanoptimizetheweightof the � equation
by applyingan off-line least-squareestimator. For real application,it' s not quite worthy to do so.

Theadvantageof having � is thatwe canconditiontheerrordistribution on � so that thepredictionerrorscanbeseparated
into differentvarianceclasses.So theentropy codingof errorsusingestimatedconditionalprobabilityp(ej�) improvescoding
ef�ciency over merelyusingp(e).

It' s easyto imagethat in an image,large amountof � valuewill occuraccordingto differentcontext. We needto quantize
� to achieve a good trade-off of compressioneffect and ef�ciency [6]. CALIC selectsan 8-levels quantizerto quantize� .
For instance,the Q is thequantizerof � , i.e., Q : � ! 0; 1; :::; 7. Basedon the criteria of minimizing the conditionalentropy
of the errors,in an off-line designprocess,CALIC got a bestperformancepartition � of the following level thresholds.

T : 5; 15; 25; 42; 60; 85; 140 (5)

The 8-lever quantizerfor the error energy actuallycanhelp small imagesto generateenoughsamplesfor context modeling
to learnp(ejQ(�)) quickly in adaptive entropy coding.Meanwhile,it alsosavesa lot of memoryduring entropy coding.

V. CONTEXT MODELING FOR ADAPTIVE ERROR FEEDBACK

Even GAP is a well constructedpredictor, it still can not capturethe featurefor different contexts. In order to re�ne our
GAP predictionresult, CALIC tries to model the context of the predictionerror so that the higher order structuressuchas
texture patternsandlocal activity in the imagecanbe exploit. This context modelingcangive us further compressiongain in
the senseof removing moreredundancies.

It' s easyto imagethat in an image,we can have a lot of combinationsof possiblecontexts. They can lead to the sparse
context (modelingdilution) or high model costproblem.CALIC tries to usebinary relationship(Larger or Smaller)between
context pixels to form the context C. Furthermore, the �rst order statisticof context model,which is the error mean�e(C)
will be usedasa feedbackto further re�ne GAP predictionso that the whole predictionbecomesa nonlinearpredictor.
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Fig. 3. Convexity relationshipof Î andneighborhoodpixels

A. Contexts Formation

To avoid thecontext dilution problem,CALIC carefullyselectsthecontext elementsascombining144context textureswith
4 context error energies.This selectionis an empiricaloneso that it canbe further re�ned. But actuallyfrom thecompression
effect of CALIC we canseeit works gracefully. Here is the error modelingcontext formationmethod:

C = f x0; :::; x6; x7g = f I n ; I w ; I nw ; I ne ; I nn ; I ww ; 2I n � I nn ; 2I w � I ww g (6)

C is thenquantizedto an 8-bit binary numberB = b7b6:::b0 using the predictionvalue Î as the threshold,namely,

(0 � k < K = 8) : bk =
�

0; if xk � Î (7a)

1; if xk < Î (7b)

This onebyte texture B patternsin the modelingcontext indicatethe behavior of e. The reasonto choosex 6 andx7 is to
representthe eventswhetherthe predictionvalue Î forms a convex or concave relationwith respectto the neighboringpixels
in the vertical andhorizontaldirections.And the only reasonx6 andx7 is neededis becauseI n , I nn , I w andI ww arebinary
quantizered.The convexity relationshipbetweenÎ andneighborhoodpixels canbe shown in Figure3.

Since the variability of neighboringpixels also in�uences the error distribution, we combinethe quantizederror energy
with the quantizedtexture patternto form compoundmodeling contexts, denotedby C(� ; � ). Here again to avoid context
dilution problem,we further divide the quantizederror energy by 2 to get � = � =2. This schemecanbe viewed asa product
quantizationof two independentlytreatedimagefeatures:spatial texture patternsand the energy of predictionerrors.So the
�nal context formationcanbe describedas:

C(� ; � ) = f l1l0jb7b6:::b0gorf b7b6:::b0jl1l0g (8)

where(l1l2) is the binary valueof � , e.g.,f 00; 01; 10; 11g.
This C(� ; � ) seemsto have 210 = 1024differentvalues.But actually, only 576differentvaluesarepossible.If theprediction

value Î lies betweenI n andI nn , then the condition2I n � I nn is eitheralways1 or always0. So the quantizedresultof I n ,
I nn and 2I n � I nn only can have 6 different valuesinsteadof 8. The samesituationappliesto I w , I ww and 2I w � I ww as
well. So the total possiblevalueof C(� ; � ) is 4 � 6 � 6 � 4 = 576.

B. Error Feedback

To utilize the context information to generatea positive feedbackerror, CALIC useserror conditionalexpectationswithin
eachcompoundcontext by usingthe correspondingsamplemeanŝe(� ; � ) for differentcompoundcontexts. Computingê(� ; � )
only involves accumulatingthe error terms in eachcompoundcontext and maintaininga count on the occurrenceof each
context. For eachcompoundcontext, we count the numberof occurrences.CALIC only uses1 byte to storethe occurrence
count.Whenever the count reachesa prede�nedvalue (128), it scalesdown the count,but leave the ê(� ; � ). Besidesbeinga
techniqueto reducethememoryuse,rescalingalsohasthewidely recognizedbene�cial sideeffect of agingtheobserveddata.
It is an inexpensive way of adaptingthe context error model to time-varying sources.Indeed,the scalingtechniqueslightly
improved compressionfor CALIC.

The conditionalmeanof context modelingê(� ; � ) is the most likely predictionerror in a given compoundcontext C(� ; � ),
CALIC correctsthe bias in GAP predictionstepby a error feedbackto get betterprediction,namely ~I = Î + ê(� ; � ). And
CALIC actually usesthe new predictionerror � = I � ~I insteadof � = I � Î to do the context-basederror modeling,since
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Fig. 4. Two-stageadaptive prediction

Fig. 5. Reduceconditionalentropy by Sign Flipping

the re�ned predictionshouldbe moreaccurate.Conceptually, we ultimately have a two-stageadaptive predictionschemevia
context modelingof errorsanderror feedback.A block diagramof theschemeis givenin Figure4.This partactuallyis another
key ideaof CALIC codec.

VI . ENTROPY CODING OF PREDICTION ERRORS

After the previous prediction part, the prediction error needsto be encodedby entropy coding methodto achieve real
compression.Actually, the whole predictionstepis trying to �nd a better representationof the sourceinformation that will
maximizethe effect of entropy coding.Herewe'll take a look how CALIC carefully constructthe entropy codingschemein
continuous-tonemode.

A. Error SignFlipping

Sincethedecoderalsocangeneratethesamecontext errormean�� (� ; � ), CALIC �rst checksthecontext errormean�� (� ; � ) is
negativeor not. If yes,� � is encoded;else� is encoded.This stepactuallywill sharpentheconditionalprobabilitiesp(� jQ(�)) ,
hencereducethe conditionalentropy of � [2]. The basicideais to sharpenthe probability distribution so that smallervariance
canbe achieved,which is shown in Figure5.

We shouldrememberthat the sign �ipping for the predictionerror � only affect the entropy codingsymbol.Which means
CALIC still usesthe un�ipped error � to do the context modeling.

B. RemappingErrors

Another techniqueCALIC appliesto entropy coding is error remapping.Which meansit tries to remapthe errors to a
probability decreasingorderso that entropy codingwill be bene�ted.Although predictionerrorscanpotentially take on 2z+1

possiblevaluesthat rangefrom � 2z + 1 to +2 z � 1, they canbe mappedinto the range0 to 2z � 1 usingthe constraintthat



UMBC ENEE MASTER SCHOLAR PAPER [FALL 2004] 8

the valuemust fall into the interval [� ~I ; 2z � 1 � ~I ], wherez is the numberof bits in intensityresolution.For instance,when
~I � 2z� 1 , CALIC rearrangesthe possiblepredictionerrorsas following

[� ~I ; :::; 0; 1; :::; ~I ; ~I + 1; :::; 2z � 1 � ~I ] ) [0; +1 ; � 1; :::; + ~I ; � ~I ; ~I + 1; ~I + 2; :::; 2z � 1 � ~I ] (9)

A similar mappingis performedfor the caseof ~I > 2z� 1. Besidesreducingthe alphabetsize for entropy coding, error
remappingalsoorderserror valuesin decreasingprobability of occurrence.CALIC usesthis monotonicpropertyto reducethe
alphabetsizeprior to entropy coding.And actually, the correspondingindex valueinsteadof the really valueof the prediction
error will be encoded.

C. Histogram Tail Truncation

In order to save entropy coding spaceas much as we can, CALIC actually will utilize different size of entropy coding
model to encodethe predictionerror � basedon different context error energies � . CALIC said,even after error remapping,
an alphabetsize of 2z is still unnecessarilylarge. Large errorsoccur with diminishing frequency or not at all. But they still
occupy spotsin codespace.For instance,for � = 0, over 99% of error populationis within the range[� 8; 8] of the error
histogram.If an error histogramof size 2z is used,it will signi�cantly reduceef�ciency of entropy coding by distorting the
underlyingerror statistics.So CALIC truncatesthe tails of the error histogramthat is usedto estimatep(ej� ), and use an
escapemechanismto codethe errorsbeyond the truncatedcoderange,if they occur. Speci�cally, CALIC limits the size of
eachconditionalerror histogramto somevalue N � basedon the error energy level 1 � � < L , suchthat a large majority of
errorsto be codedunderthe codingcontext � falls into the rangeof the N � largestentriesof the � th error histogram.For a
givencodingcontext � , a symbol(remappedpredictionerror) x � N � is encoded�rst to be N � � 1, followedby thecodeword
for the new symbolx � (N � � 1), but beingencodedunderthe codingcontext � + 1. By doing a lot of experiments,CALIC
got a goodtablesizesfor the eight codingcontexts as following:

(N0:::N7) = (18; 26; 34; 50; 66; 82; 114; 256) (10)

The whole ideaactuallyis similar to the postof�ce will usedifferentboxesto containdifferentparcels.And sincewe don't
know the parcelsizefor time being,so we �rst classify themby their estimatedweight. Then if the parcelis oversizefor the
prescribedbox of its estimateweight level, a larger box will be used.

VI I . BINARY MODE

When large sizebinary context happensin an image,suchasdocumentimage,it' s muchbetterto considerbinary entropy
codingto achieve betterperformance.This is becausethis kind of imagedatano longersatis�estheassumptionof smoothness.
And theaboveadaptive,predictivecodingschemevia context modelingof predictionerrorsis designedfor compressingnatural
continuous-toneimages.For a discretetype of imagesand sub-images,direct context modelingof sourcesymbolsbecomes
feasiblepreciselybecauseof the very small size of the symbol set. In this situation,it is more effective to codepixel values
directly rather than prediction errors. In order to effectively compressuniform or nearly uniform image areas,graphics,
rasterizeddocuments,and any combinationof natural imageswith one or more of thesetypes,CALIC usesa binary coder
as a separatemoduleof the compressionsystem.Before pixel I is to be coded,the algorithm �rst checkssix neighboring
pixels: I ww ; I w ; I nw ; I n ; I ne ; I nn . If thesesix pixelshave no morethantwo differentvalues,the binary modeis implicitly and
automaticallytriggered;otherwise,the systemremainsin the continuous-tonemode.

In the binary mode,let s1 = I w and let the other value, if any, be s2. The encoderdescribesI in oneof the threestates,
usinga ternarycodeT.

T =

8
<

:

0; if I = s1 (11a)

1; if I = s2 (11b)

2; otherwise. (11c)

In the escapecaseof T = 2, the encoderswitchesfrom the binary modeto the continuous-tonemode.
To further utilize the context information to achieve better performance,the encodingof CALIC in the binary mode is

conditionedon a 6-bits context CB .

CB = QB (I w )QB (I n )QB (I nw )QB (I ne )QB (I ww )QB (I nn ) (12)

and function QB is de�ned as

QB (x) =
�

0; if x = s1 (13a)

1; if x = s2 (13b)
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Fig. 6. Original Imageand its Histogram

Fig. 7. PredictionError of DifferentPredictors

The �rst bit of CB actually representsI w , which equalsto s1, so that can be ignored.Totally we have 25 = 32 different
contexts in binary mode.CALIC uses32 conditionalprobabilitiesp(T jCB ) to do differentstatisticallyentropy coding.

The incorporationof the binary mode into the compressionsystemadds little to the systemcomplexity, while greatly
enhancingthe codingperformanceon bi-level images,compoundimages,andimageswith large uniform areas.An important
feature of our design is that the switch betweencontinuous-toneand binary modesis context-dependent,automatic,and
completelytransparentto the user.

VI I I . EXPERIMENT RESULT

A. Step-by-StepImprovementof PredictionError

ThewholeCALIC codingtriesto improvethestatisticalmodelof predictionerror. Herewe �rst look at how CALIC improve
the predictionerror stepby stepby differentmodule.And we just usethe Lena image.

1) TheOriginal Image: If we do nothingat all, it' s just the original image.And the correspondingImageandits histogram
is shown in Figure6.

2) The GAP prediction error: To demonstratethe pure GAP predictionerror. We comparethe predictionerror with other
two predictors.Oneis thesimplestZero-HolderPredictorandanotheris theMED, which is usedby LOCO-I/JPEG-LS.Figure7
Shows the error imageof differentpredictorsand the correspondinghistograms.

Zero-HolderPredictor:

Î = I w (14)

MED Predictor:

Î =

8
<

:

min (I w ; I n ); if I nw � max(I w ; I n ) (15a)

max(I w ; I n ); if I nw � min (I w ; I n ) (15b)

I w + I n � I nw ; otherwise (15c)

Compareto theHistogramof Original Image,wecanseeevenverysimplepredictorcanremovea lot of redundanciesbetween
neighborhoodpixels. And basically the predictionerror histogramsare much more sharp than the sourceimagehistogram.
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Fig. 8. ConditionalGAP Error

That featurewill provide us higher compressionavailability. And betweenthree predictors,well constructedpredictor will
generatebetterresult in general,even in our Lena imagecase,GAP predictoris the worst. Later on, we canseeCALIC will
make the overall performancemuchbetterby introducingcontext error modelingfeedback.

3) Conditional GAP prediction error: One of the key idea of modelingis to usethe conditionaldistribution by giving a
correctsetof conditions.CALIC classify the conditionbasedon the estimateerror energy. By conditionon the error energy,
we get muchbetterresult,which is shown in Figure8.

In Figure8,the �rst histogramis overall GAP error andthe following eight histogramsrepresentp(ejQ(�)) . By multipling
the percentageof pixels underdifferenterror energy conditionsQ(�) , now we get muchbetteroverall conditionalentropy.

4) Feedback adjustedVersion Error: By studyingthe predictionerror of differentcontexts, CALIC have an adaptive error
feedback,which will sharpenthe error histograma lot. In Figure9, we plot out the feedbackadjustedversion of error's
histogram.

Comparingeachindividual histogramplots in Figure8and Figure9,it' s quite clear that the feedbackdid a very good job.
And the overall entropy decreaseda lot.

5) Further Error Process:CALIC carefullystudiedall of theredundanciesthatcanberemovedby relative low cost.Now by
applyingtwo further error processingsteps,CALIC canachieve betterresult.The �rst stepis error sign �ipping (The decoder
candetectthis sign �ipping anddecodecorrectly).And sign �ipping actually further removessomeunderlyingredundancies.
The secondstepis error remapping.The error remappingstepdosenot removes redundanciesat all. But by remappingthe
errors,consideringthe distribution of error, the remappederror hasa monotonicdecreasingproperty, which can be utilized
later by entropy coding.The resultof this stepcanbe shown in Figure10.

We canseeactually, the entropy further decreaseda little bit. That comesfrom the sign �ipping step.

6) Veri�cation of Histogram Truncation Threshold: For helping the following entropy coding,CALIC truncatesthe error
histogramby differentthresholdsaccordingto differenterrorenergies.Sothat thesymbolsnumberfor differententropy coding
modelcanbe limited. Of coursesmallersymbol sizewill bene�t the entropy coding.Herewe useour exampleto verify the
thresholdschosenby CALIC. We cancheckthe thresholdsandcorrespondinghistogramin Figure11.

7) Error for Entropy Coding: After all of the above steps,herecomesthe �nal error for entropy coding.We plot the error
in Figure12.And we alsomarked the countof escapesymbolsintroducedby histogramtruncation.
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Fig. 9. FeedbackadjustedVersionError

Fig. 10. Error Sign Flipping andRemapping
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Fig. 11. HistogramTruncationThreshold

Fig. 12. Error for Entropy Coding
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Fig. 13. 100 Texture Images

B. CompressionResults

Here we study the actually compressionperformanceof CALIC comparingto other compressiontechniques.All of the
compressiontechniquesare written in C/C++ code and running on the sameplatform. So we not only can comparethe
compressioneffect, but alsocancomparetheef�ciencies. All of thecompressiontechniquesincludeencoderpart anddecoder
part. All of the imagesare correctly encodedand further decoded.We only included one losslessimage codec,which is
the most famousone,JPEG-LS.To comparethe performanceof optimizationof imagedatasource,we also includedsome
compressionsoftware that aredesignfor �le compression.Somedetailsof differentcodecis:

1) CALIC, Context-BasedAdaptive LosslessImageCoding
2) LJPEG,LosslessJPEG,JPEG-LS[3]
3) BZIP2, Basedon Block SortingAlgorithm
4) GZIP, ZIP format, basedon LZ77 andHuffman Coding
5) AC C, Arithmetic coding,charmode.
6) AC B, Arithmetic coding,bit mode.
7) LZW, Unix compresscommand,basedon LZW algorithm
1) Resultson Continuous-toneImages: As claimedby CALIC at the very beginning, it wasoptimizedfor continuous-tone

image.First we choose100 texture images,the result is shown in Figure13.Thenwe choose300 photo images,the result is
shown in Figure14.

It canbeseentheresultson continuous-toneimages,CALIC really workswell. CALIC alwaysachieve thebestcompression
ratio. And by comparingto �le-based techniques,the context modelingof imagedataworks pretty good.

2) Resultson Document-Like Images: The continuous-tonemodeof CALIC can not work well on document-like images,
so CALIC introducedbinary mode.Now we study threedifferentkinds of document-like images.Their resultsare shown in
Figure15,Figure16andFigure17.

Now we canseeCALIC still performbetterthanJPEG-LS.But purebinarymodein CALIC still cannot effectively remove
all of the redundancies.So we canseesome�le-basedcompressionalgorithmactuallyachieve muchbettercompressionratio.
For example,BZIP2, which is basedon Block SortingAlgorithm, did a betterjob thanCALIC. SinceBZIP2 actuallyutilizes
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Fig. 14. 300 PhotoImages

Fig. 15. 16 ComputerGUI Images

Fig. 16. 28 Plot GraphImages

Fig. 17. 250 DocumentImages
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Fig. 18. Comparewith JPEG2000Lossless

the correlationbetween�le streamsto further remove redundancies.But baseon the framework of CALIC, a binary modeis
the bestsolutionother than implementother techniquesfor document-like imagesor portion inside images.

C. Compare with JPEG2000Lossless

JPEG2000is a innovationalstandard.Not like JPEG,which is dividedinto JPEGandLossless-JPEG,JPEG2000actuallycan
both supportlosslessandlossycompressionby selectingdifferenttransformparameters[8]. Herewe comparethecompression
performanceonly basedon losslesswith JPEG2000.The resultof all previous 5 different imagesetsareshown in Figure18.
And sincethe implementationof JPEG2000actuallyis not basedon thesamecomputerlanguage,sowe ommit thecomparison
of compressionef�ciency.

Form the result we can seeCALIC still hasthe bestperformance.The reasonis becauseit' s optimizedfor losslessimage
compressionbut the advantageof JPEG2000actually is at lossycompression.

IX. CONCLUSION

For losslessimagecompression,by statisticallymodelingthe context correlation,a good coding schemecan be achieved.
The modelingof context actuallywill bene�t the following entropy codinga lot if an appropriatemodel is used.

CALIC usestheestimateerrorenergy to conditiontheerror generatedby GAP predictorso that redundanciescanbe further
removed.By adaptively modelingthe pasterror basedon differentcontexts, an error feedbackcanfurther re�ne theprediction
a lot. Carefully studieson conditional error and introducesfurther error processingstepsmakes the error even better for
following entropy coding.
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To achieve goodperformanceon binary imageor generalbinaryportion insideimage,which dosenot satisfythesmoothness
assumption,CALIC includeda binary mode.The systemwill selecteitherbinary modeor continuous-tonemodeon �y based
on the context pixels.

By carefully investigatesthe imagedatasource,CALIC achieves a very good losslesscompressionratio under relatively
low time and spacecosts.But sincethe whole systemis not easyto implement,so JPEGgroup only considerCALIC as a
candidatefor LosslessJPEGstandard.
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