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Abstract

CALIC, which standsfor Contet-Based, Adaptive, Losslessimage Coding, is a very powerful continuous-tonémages
compressiorcodec.In this paper the core idea and techniqueof CALIC was studied rst. Thenwe compareCALIC with the
JPEG-LS(LosslessIPEG,A standardiosslessimage compressiortechnique)and other datacompressiortechniquesA lot of
compressiomresultsalsowill be given to shaw the overall performanceWhy CALIC canachieze high compressioreffect will
be addressedt the end.

Index Terms

CALIC, Losslessmagecoding
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I. INTRODUCTION

ATA compressioris avery hottopicin the passfew decadesincehigh requirement®f both computerandcommunication

areaslmage,which hasvery uniquefeaturein the datacatalog,is alsoinvolvedin alot of specialcompressiortiechniques.
Accordingto differentrequirementsimagecompressioniechniquesanbe divided into Losslessand Lossy catalogsHerewe
only study Losslesscoding which preseresexactly the sameinformation whenapply the compressionBasically this kind of
techniquess trying to remove all of the redundancies the informationsource Most applicationssuchasmedicalandremote
sensingimagesbelongto this catalog.

Imagesarede ned simply asa setof two-dimensionahrraysof integer data,representedvith a given precision(Bits/Pixel).
Eacharray is termeda componentand color imageshave multiple componentqusually representsome color spacesg.g.,
RGB). A continuous-tonémage,in turn, is animagewhosecomponenthiave morethanonebit per sample.For example,the
8-bits grayscalemageswe are discussingn this paperare classicalcontinuous-tonémages.

While a lot of pure datacompressiontechniquesalways focus on one-dimensionastreamdata,a good image compression
techniquealways trying to utilize the unique featureof image data, in the senseof two-dimensionalrelationship.Basically
losslessmage compressiortechniquescan be subdvided into two distinct andindependenphasesmodelingand coding[5],
which areofteninterleaved. An imageis obsened sampleby samplein someprede nedorder (normally rasterscanline), and
the modelingphaseis aimedat gatheringinformation aboutthe data,in the form of a probabilisticmodel, which is usedfor
coding. Modeling can be formed as an inductive inferenceproblem,in which at eachtime instantt, and after having scanned
pastdatax' = x1x»:::X;, onewishesto make inferenceson the next samplevaluex+1 by assigninga conditionalprobability
distribution to it. The next stepis coding, which mostly implementedby either Arithmetic Coding or Huffman Coding This
stepis alwaystermedEntropy Coding sincethey try to codethe input to the entrogy limit.

Moreover, sincethe entrofy coding step hasalmostboth full-developedand non-relatecto image sourcetoo much, most
tricky andcrucial portion is modeling.Most of the successfutechniquesare using adaptie probability assignmento achieve
a good modelingschemeBasicallyit canbe brokeninto the following components.

1) A predictionstep,in which a value®;.+1 is guessedor the next samplex;+; basedon a nite subsef(a causaltemplat¢
of the available pastdatax;.

2) The determinationof a context in which Xx¢+; occurs.The context is againa function of a causaltemplate.

3) A probabilisticmodelfor the predictionresidual(or error) (+1 = Xt+1  R¢+1, conditionedon the contet of X417 .

The predictionresidualis codedbasedon the probability distribution. Since the sameprediction, contet, and probability
distribution are available to the decodeywhich canthenrecover the exact value of the encodedsample.One canimagethat
if a bettermodelingmight increasethe compressioreffect while decreaséhe ef ciency. A goodtrade-of andcarefully study
of the continuous-tonémageis the key to achieve overall high performance?7].

CALIC (Contet-Based,Adaptive, Losslessimage Coding) is one of the most successfulimplementationsof the above
schemelt almostachieresthe bestcompressioreffect while remainsgoodef ciency. First let's take a look how it implement
the above scheme.

Il. FUNDAMENTAL OF CALIC

A. CALIC FrameStructue

Compareto otherlosslessmagecoding, CALIC is a relative complicateone. Herewe rst give out the frame structureof
CALIC.

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

The binary modewill be triggeredif all of the context pixels have lessthantwo differentgrayscaldevels (Not necessary
to beonly 0 and1). Sosome at grayscaleportionsin a continuous-tonémagecan be codedin binary mode.To utilize the
contet information, an entropy codec(Arithmetic Coding)is driving by 32 differentcontext modelsin binary mode.

The continuous-tonenodebasicallyhasfour major components.

1) GAP, gradient-adjustegbrediction. GAP tries to usethe context gradientinformationto predict the intensity of current
pixel (1), which resultsin a I". This stepis linear prediction.

2) Contet selectionand quantization.This steptry to further remove the correlationbetweenthe predictionerrorsof GAP
stepby conditionthe error onto differentcontext error enegies. The quantizationof context error enegiesresultsin totally 8
differenterror enegy levels.

3) Context modelingof predictionerrors. Error modelingtry to classify the errorsinto differenttexture catalogsand then
usethe correspondingsamplemeanse to further adjusted(”, which resultsin a I. This stepmakesthe nal predictionto be
nonlinear
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4) Entropy codingof predictionerrors.This is the commonlyusedstepafter the whole modelingprediction.Either Huffman
Codingor Arithmetic Coding[4] canbe applied.For betterperformancepnewould like to chooseArithmetic Coding.But it
may involve the patentissue.

The overall frame structureof CALIC is shavn in Figurel.

B. Neighborhoodpixelsinvolved

CALIC will usea previoustwo-line buffer to constructthe GAP 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 neighborhoodixelsset(n, w, nn, ww, nw, ne, nne), which standsfor North, West, North-North, West-W\ést,
North-West, North-Eastand North-North-EastAnd later, we'll usel, to denotethe intensity of pixel n, etc.

I1l. LINEAR PREDICTION - GAP

The GAP predictor which is employedin CALIC, adaptsitself to the gradientsof horizontaland vertical edges.The GAP
triesto detecthow rapidly the edgechangingaroundpixel x andthenby classifyingthe tendeng of edgechanginginto sharp,
normal and weakedge,it givesdifferentweightfor the neighborhoodixels for a linear predictionof pixel x.
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First CALIC de nesd, asthe criteriafor vertical directionedgeandd;, ascriteriafor the horizontaldirectionedge.d, and
dn are computedby

dv =jlw lawj+jln Tonj+jlne lnne] (1)

dh = jlw  lwwi*+iln Towji+jln Tnej 2

Clearly dy andd, are estimateswithin a scaling factor of the gradientsof the intensity function near pixel x in the
horizontaland vertical directions.And with d,, andd, on hand,CALIC de nes the linear gradientadjustedpredictionasthe
following pseudocodes.

D = dv dh

if (D > 80)(*= 1,, //SharpHorizontal Edge

elseif (D < 80)'= |, //SharpVertical Edge

elsef

(= (lw+17)=2+ (Ine  Tnw)=4

if (D> 32)"= ("+ 1,,)=2 //Horizontal Edge

elseif (D > 8)('= (3" + 1,,)=4 //Weak Horizontal Edge
elseif (D < 32)'= ("+ 1,)=2 //Vertical Edge

elseif (D < 8)('= (3"+ 1,)=4 //Weak Vertical Edge

g

The predictorcoefcients andthresholdgjivenin the pseudacodewerearbitrarychosenThey arebasedon someexperiments
and round to the numberthat has good relationshipwith 2 so thatit's easyto constructfast hardware implementation.One
canusethe criteria of minimize predictionerror to optimize thembut this high costeffort won't improve the resulttoo much.
One of the reasonds becausehe effect of error feedbackof context error modeling.

IV. CODING CONTEXT

The GAP step only removes part of the redundang in the image. It is obsened that the varianceof prediction errors
e=1 [ stronglycorrelatecthe smoothnessf the imagearoundthe predictedpixel x. A further modelingof this correlation
is neededo remove more redundang of thesesmoothnessreas.CALIC de nes an error enegy estimatoras

= Oh + dy + 2jenj ®)
ew=1lw [y (4)

Thereasono includee,, is becausdarge errorstendto occurconsecutrely. Onecanoptimizethe weightof the  equation
by applying an off-line least-squarestimator For real application,it's not quite worthy to do so.

The advantageof having  is thatwe canconditionthe error distributionon  sothatthe predictionerrorscanbe separated
into differentvarianceclassesSo the entrofy codingof errorsusingestimatedtonditionalprobability p(ej ) improvescoding
efciency over merelyusingp(e).

It's easyto imagethatin animage,largeamountof  valuewill occuraccordingto differentcontet. We needto quantize
to achiere a good trade-of of compressioreffect and ef ciency [6]. CALIC selectsan 8-levels quantizerto quantize
For instancethe Q is the quantizerof ,i.e.,Q: ! 0;1;::;7. Basedon the criteriaof minimizing the conditionalentrogy

of the errors,in an off-line designprocessCALIC got a bestperformancepartition  of the following level thresholds.

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

The 8-lever quantizerfor the error enegy actually canhelp smallimagesto generateenoughsampledor contet modeling
to learnp(ejQ()) quickly in adaptve entrofy coding. Meanwhile,it alsosavesa lot of memoryduring entrogy coding.

V. CONTEXT MODELING FOR ADAPTIVE ERROR FEEDBACK

Even GAP is a well constructedpredictor it still can not capturethe featurefor different contets. In orderto re ne our
GAP predictionresult, CALIC tries to model the contet of the predictionerror so that the higher order structuressuch as
texture patternsandlocal actiity in the imagecanbe exploit. This context modelingcan give us further compressiorgain in
the senseof removing more redundancies.

It's easyto imagethat in an image,we canhave a lot of combinationsof possiblecontets. They canleadto the sparse
contet (modelingdilution) or high model costproblem.CALIC triesto usebinary relationship(Larger or Smaller)between
contet pixels to form the context C. Furthermore,the rst order statisticof context model, which is the error meane(C)
will be usedasa feedbackto further re ne GAP predictionso that the whole predictionbecomesa nonlinearpredictor
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Fig. 3. Convexity relationshipof " and neighborhoodpixels

A. Contets Formation

To avoid the context dilution problem,CALIC carefully selectsthe context elementsascombining144 context textureswith
4 context error enegies. This selectionis an empiricalonesothatit canbe furtherre ned. But actuallyfrom the compression
effect of CALIC we canseeit works gracefully Hereis the error modelingcontect formation method:

C=1xo:5Xe;X70= flnslwilnw e Tan i lww; 2ln - Toni 2w TwwO (6)

C is thenquantizedto an 8-bit binary numberB = b;bs:::by usingthe predictionvalue " asthe threshold,namely

o ifxe I (7a)
1, ifxe< I (7b)

This one byte texture B patternsin the modelingcontext indicatethe behaior of e. The reasonto choosexs andx7 is to
representhe eventswhetherthe predictionvalue I forms a convex or concae relationwith respecto the neighboringpixels
in the vertical and horizontaldirections.And the only reasonxg andxy is neededs becausd, Iy, |w andlyy arebinary
quantizeredThe cornvexity relationshipbetweenl" and neighborhoodpixels can be shavn in Figure3.

Since the variability of neighboringpixels also in uences the error distribution, we combinethe quantizederror enegy
with the quantizedtexture patternto form compoundmodeling contexts, denotedby C( ; ). Here againto avoid context
dilution problem,we further divide the quantizederror enegy by 2 to get = =2. This schemecanbe viewed asa product
guantizationof two independenthtreatedimage features:spatialtexture patternsand the enegy of predictionerrors.So the
nal contet formationcanbe describedas:

O k<K=8):b=

C(; )= flilojbrbs:::bpgorf brbes:::kojl1log (8)

where(l11) is the binary valueof , e.g.f00; 01; 10; 11g.

ThisC( ; ) seemdo have 2'0 = 1024differentvalues.But actually only 576 differentvaluesarepossiblelf the prediction
valuel lies betweenl , andl,, , thenthe condition2l, 1, is eitheralways 1 or alwaysO0. So the quantizedresultof I ,,
Inn @and2l, I,y only canhave 6 differentvaluesinsteadof 8. The samesituationappliesto I, lww and2ly,  lyw as
well. Sothe total possiblevalueof C(; )is4 6 6 4= 576

B. Error Feedbak

To utilize the context informationto generatea positive feedbackerror, CALIC useserror conditional expectationswithin
eachcompoundcontext by usingthe correspondingamplemeans®( ; ) for differentcompoundcontets. Computingé( ; )
only involves accumulatingthe error termsin eachcompoundcontext and maintaininga count on the occurrenceof each
contet. For eachcompoundcontet, we countthe numberof occurrencesCALIC only usesl byte to storethe occurrence
count. Whenerer the countreachesa prede nedvalue (128), it scalesdown the count, but leave the &( ; ). Besidesbeinga
techniqueto reducethe memoryuse,rescalingalsohasthe widely recognizedene cial side effect of agingthe obsened data.
It is an inexpensve way of adaptingthe context error modelto time-varying sources.ndeed,the scalingtechniqueslightly
improved compressiorfor CALIC.

The conditionalmeanof context modelingé( ; ) is the mostlikely predictionerrorin a given compoundcontext C( ; ),
CALIC correctsthe biasin GAP predictionstepby a error feedbackto get better prediction,namely = "+ & : ). And
CALIC actually usesthe new predictionerror = |  insteadof =1 [ to do the context-basederror modeling,since
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the re ned predictionshouldbe more accurate Conceptuallywe ultimately have a two-stageadaptve predictionschemevia
context modelingof errorsanderrorfeedback A block diagramof the schemas givenin Figure4.This partactuallyis another
key ideaof CALIC codec.

V1. ENTROPY CODING OF PREDICTION ERRORS

After the previous prediction part, the prediction error needsto be encodedby entropy coding methodto achieve real
compressionActually, the whole predictionstepis trying to nd a betterrepresentatiorof the sourceinformation that will
maximizethe effect of entropy coding.Herewe'll take a look how CALIC carefully constructthe entrogy coding schemein
continuous-tonenode.

A. Error SignFlipping

Sincethe decodemlsocangeneratghe samecontect errormean ( ; ), CALIC rst checksthecontet errormean ( ; ) is
negative or not. If yes, is encodedglse is encodedThis stepactuallywill sharperthe conditionalprobabilitiesp( jQ()) ,
hencereducethe conditionalentrogy of [2]. The basicideais to sharperthe probability distribution so that smallervariance
canbe achieved, which is shavn in Figure5.

We shouldremembetthat the sign ipping for the predictionerror only affect the entropy coding symbol. Which means
CALIC still usesthe un ipped error to do the context modeling.

B. Remappingerrors

Another techniqueCALIC appliesto entrofy coding is error remapping.Which meansit tries to remapthe errorsto a
probability decreasingrder so that entropy codingwill be bene ted. Although predictionerrorscan potentially take on 22+
possiblevaluesthatrangefrom 2%+ 1to +2% 1, they canbe mappedinto therangeO to 22 1 usingthe constraintthat
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the valuemustfall into theinterval [ 522 1 ], wherez is the numberof bits in intensity resolution.For instance when
I~ 22 1, CALIC rearrangeshe possiblepredictionerrorsasfollowing

[ ManOL g r+ 1,052 10 1) [00+1; L0+ 0 L+ Lr+2,:052 101 (9)

A similar mappingis performedfor the caseof "> 22 1. Besidesreducingthe alphabetsize for entropy coding, error
remappingalsoorderserror valuesin decreasingprobability of occurrenceCALIC usesthis monotonicpropertyto reducethe
alphabetsize prior to entrogy coding.And actually the correspondingndex valueinsteadof the really value of the prediction
errorwill be encoded.

C. Histogram Tail Truncation

In orderto save entropy coding spaceas much aswe can, CALIC actually will utilize different size of entrofy coding
modelto encodethe predictionerror basedon different contect error enegies . CALIC said, even after error remapping,
an alphabetsize of 27 is still unnecessarilyarge. Large errorsoccurwith diminishing frequeng or not at all. But they still
occupy spotsin code space.For instance,for = 0, over 99% of error populationis within the range[ 8;8] of the error
histogram.If an error histogramof size 2% is used,it will signi cantly reduceef ciency of entropy coding by distorting the
underlying error statistics.So CALIC truncatesthe tails of the error histogramthat is usedto estimatep(ej ), and usean
escapemechanisnto codethe errorsbeyond the truncatedcoderange,if they occur Speci cally, CALIC limits the size of
eachconditionalerror histogramto somevalue N basedon the error enegy level 1 < L, suchthat a large majority of
errorsto be codedunderthe coding context  falls into the rangeof the N largestentriesof the th error histogram.For a
givencodingcontet , a symbol(remappedredictionerror)x N is encodedrst to beN 1, followedby the codevord
for the new symbolx (N 1), but beingencodedunderthe codingcontext + 1. By doing a lot of experiments CALIC
got a goodtable sizesfor the eight coding contexts asfollowing:

(No:::N7) = (18; 26; 34; 50; 66; 82; 114; 256) (10)

The wholeideaactuallyis similar to the postof ce will usedifferentboxesto containdifferentparcels. And sincewe don't
know the parcelsizefor time being,sowe rst classifythemby their estimatedveight. Thenif the parcelis oversizefor the
prescribedbox of its estimateweightlevel, a larger box will be used.

VIl. BINARY MODE

When large size binary context happensn an image,suchas documentimage,it's much betterto considerbinary entrogy
codingto achieve betterperformanceThis is becausehis kind of imagedatano longersatis esthe assumptiorof smoothness.
And the above adaptve, predictive codingschemevia context modelingof predictionerrorsis designedor compressinghatural
continuous-tonemages.For a discretetype of imagesand sub-imagesgdirect context modeling of sourcesymbolsbecomes
feasiblepreciselybecauseof the very small size of the symbol set. In this situation,it is more effective to code pixel values
directly rather than prediction errors. In order to effectively compressuniform or nearly uniform image areas,graphics,
rasterizeddocumentsand ary combinationof naturalimageswith one or more of thesetypes, CALIC usesa binary coder
as a separatemodule of the compressiorsystem.Before pixel | is to be coded,the algorithm rst checkssix neighboring
pixels: lww;lw;low;In;lne;lnn . If thesesix pixels have no morethantwo differentvalues,the binary modeis implicitly and
automaticallytriggered;otherwise the systemremainsin the continuous-tonenode.

In the binary mode,let s; = |, andlet the othervalue,if ary, be s,. The encoderdescribed in one of the threestates,
usingaternarycodeT.

8o ifi=s (11a)
T= 1, ifl=s (11b)
" 2, otherwise. (11c)

In the escapecaseof T = 2, the encoderswitchesfrom the binary modeto the continuous-tonenode.
To further utilize the context information to achiese better performancethe encodingof CALIC in the binary mode is
conditionedon a 6-bits context Cg .

Cs = Qe (Iw)Qe (In)QB (Inw)QB (Ine) Qs (lww)Qs (Inn) (12)

andfunction Qg is de ned as

0; if Xx=5; (13a)
1; if Xx=s; (13b)
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The rst bit of Cg actually represents,,, which equalsto s;, so that can be ignored. Totally we have 2° = 32 different
contets in binary mode.CALIC uses32 conditionalprobabilitiesp(TjCg) to do differentstatisticallyentropy coding.

The incorporationof the binary mode into the compressionsystemaddslittle to the systemcompleity, while greatly
enhancinghe coding performanceon bi-level images,compoundimages,andimageswith large uniform areas An important
feature of our designis that the switch betweencontinuous-toneand binary modesis contet-dependentautomatic,and
completelytransparento the user

VIIl. EXPERIMENT RESULT
A. Step-by-Stepmprovementof Prediction Error

Thewhole CALIC codingtriesto improve the statisticalmodelof predictionerror Herewe rst look athow CALIC improve
the predictionerror stepby stepby differentmodule.And we just usethe Lenaimage.

1) TheOriginal Image: If we do nothingatall, it's just the original image.And the correspondindmageandits histogram
is shavn in Figure6.

2) The GAP predictionerror: To demonstratehe pure GAP predictionerror. We comparethe predictionerror with other
two predictors Oneis the simplestZem-Holder Predictorandanotheris the MED, which is usedby LOCO-1/JPEG-LSFigure7
Shaws the errorimageof differentpredictorsand the correspondindistograms.

Zero-HolderPredictor:

M=l (14)
MED Predictor:
8 Y : )
< min(lw;1n); if lnw max(ly;ln) (15a)
= max(lw;ln); if lnw  min(lw;ln) (15b)
" dw+1n I otherwise (15¢)

Comparego the Histogramof Original Image we canseeevenvery simplepredictorcanremove alot of redundanciebetween
neighborhoodpixels. And basically the prediction error histogramsare much more sharp than the sourceimage histogram.
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That featurewill provide us higher compressioravailability. And betweenthree predictors,well constructedpredictor will
generatebetterresultin general,evenin our Lenaimage case,GAP predictoris the worst. Later on, we canseeCALIC will
male the overall performancamuch betterby introducingcontext error modelingfeedback.

3) Conditional GAP prediction error: One of the key idea of modelingis to use the conditionaldistribution by giving a
correctsetof conditions.CALIC classify the condition basedon the estimateerror enegy. By condition on the error enepy,
we get much betterresult,which is shovn in Figure8.

In Figure8,the rst histogramis overall GAP error andthe following eight histogramsepresenp(ejQ())
the percentagef pixels underdifferenterror enegy conditionsQ( )

4) Feedbak adjustedVersion Error: By studyingthe predictionerror of differentcontects, CALIC have an adaptve 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 entrogy decreasea lot.

. By multipling
, how we get much betteroverall conditionalentropy.

5) Further Error Process:CALIC carefullystudiedall of the redundanciethatcanberemoredby relative low cost.Now by
applyingtwo further error processingteps,CALIC canachieve betterresult. The rst stepis errorsign ipping (The decoder
candetectthis sign ipping anddecodecorrectly). And sign ipping actually further removessomeunderlyingredundancies.
The secondstepis error remapping.The error remappingstep dosenot removes redundanciest all. But by remappingthe
errors, consideringthe distribution of error, the remappederror hasa monotonicdecreasingroperty which can be utilized
later by entrofy coding. The resultof this stepcanbe shavn in Figurel0.

We canseeactually the entrogy further decreasea 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 differenterror enepgies.Sothatthe symbolsnumberfor differententropy coding

model canbe limited. Of coursesmallersymbol size will bene t the entropy coding. Here we useour exampleto verify the
thresholdschosenby CALIC. We cancheckthe thresholdsand correspondindhistogramin Figurel1.

7) Error for Entropy Coding: After all of the above steps,herecomesthe nal errorfor entrofy coding. We plot the error
in Figure12.And we also marked the countof escapesymbolsintroducedby histogramtruncation.
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Fig. 9. FeedbacladjustedVersionError

Fig. 10. Error Sign Flipping and Remapping
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Fig. 11. HistogramTruncationThreshold

Fig. 12. Error for Entropy Coding

12



UMBC ENEE MASTER SCHOLAR PAPER [FALL 2004] 13

Fig. 13. 100 Texture Images

B. CompessionResults

Here we study the actually compressiorperformanceof CALIC comparingto other compressiortechniquesAll of the
compressiortechniquesare written in C/C++ code and running on the sameplatform. So we not only can comparethe
compressioreffect, but alsocancomparethe ef ciencies. All of the compressioriechniquesnclude encodemartanddecoder
part. All of the imagesare correctly encodedand further decoded.We only included one losslessimage codec,which is
the mostfamousone, JPEG-LS.To comparethe performanceof optimizationof image datasource,we also included some
compressiorsoftware that are designfor le compressionSomedetailsof differentcodecis:

1) CALIC, Contet-BasedAdaptive Losslessmage Coding

2) LIPEG, LosslessIPEG,JPEG-LS[3]

3) BZIP2, Basedon Block Sorting Algorithm

4) GZIP, ZIP format, basedon LZ77 and Huffman Coding

5) AC_C, Arithmetic coding, char mode.

6) AC_B, Arithmetic coding, bit mode.

7) LZW, Unix compesscommand basedon LZW algorithm

1) Resultson Continuous-tonémages: As claimedby CALIC at the very beginning, it was optimizedfor continuous-tone
image.First we choosel00 texture images,the resultis shaovn in Figure13.Thenwe choose300 photoimages,the resultis
shaowvn in Figurel4.

It canbe seenthe resultson continuous-tonémages,CALIC really workswell. CALIC alwaysachiese the bestcompression
ratio. And by comparingto le-based techniquesthe context modelingof image dataworks pretty good.

2) Resultson Document-Lik Images: The continuous-toneanode of CALIC can not work well on document-lile images,
so CALIC introducedbinary mode.Now we study threedifferentkinds of document-lile images.Their resultsare shavn in
Figurel5,Figurel6and Figurel?.

Now we canseeCALIC still performbetterthan JPEG-LS.But purebinary modein CALIC still cannot effectively remove
all of theredundanciesSo we canseesome le-based compressioralgorithm actually achieve much bettercompressiomatio.
For example,BZIP2, which is basedon Block Sorting Algorithm, did a betterjob than CALIC. SinceBZIP2 actually utilizes
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Fig. 14. 300 Photolmages

Fig. 15. 16 ComputerGUI Images

Fig. 16. 28 Plot Graphlmages

Fig. 17. 250 Documentimages
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Fig. 18. Comparewith JPEG2000Lossless

the correlationbetweenle streamso further remove redundanciesBut baseon the framewnork of CALIC, a binary modeis
the bestsolution otherthanimplementother techniquedor document-lile imagesor portion insideimages.

C. Compae with JPEG2000Lossless

JPEG2000s ainnovationalstandardNot like JPEG which s dividedinto JPEGandLossless-JPEGPEG200@&ctuallycan
both supportlosslessandlossy compressiorby selectingdifferenttransformparameters[B Here we comparethe compression
performanceonly basedon losslesswith JPEG2000The resultof all previous 5 differentimagesetsare shavn in Figurel18.
And sincetheimplementatiorof JPEG200Gctuallyis not basedon the samecomputedanguagesowe ommit the comparison
of compressioref ciency.

Form the resultwe can seeCALIC still hasthe bestperformanceThe reasonis becausét's optimizedfor losslessmage
compressiorbut the advantageof JPEG200Mactuallyis at lossy compression.

IX. CONCLUSION

For losslessmage compressionby statisticallymodelingthe contect correlation,a good coding schemecan be achieved.
The modelingof context actuallywill bene t the following entropy codinga lot if an appropriatemodelis used.

CALIC usesthe estimateerrorenegy to conditionthe error generatedy GAP predictorso thatredundanciesanbe further
removed. By adaptvely modelingthe pasterror basedon differentcontexts, an error feedbackcanfurther re ne the prediction
a lot. Carefully studieson conditional error and introducesfurther error processingstepsmalkes the error even better for
following entropy coding.
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To achieve goodperformanceon binary imageor generalbinary portioninsideimage,which dosenot satisfythe smoothness
assumptionCALIC includeda binary mode.The systemwill selecteitherbinary modeor continuous-tonenodeon y based
on the context pixels.

By carefully investigateshe image datasource,CALIC achieresa very good losslesscompressiorratio under relatively
low time and spacecosts.But sincethe whole systemis not easyto implement,so JPEGgroup only considerCALIC asa
candidatefor LosslessJIPEGstandard.
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