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ABSTRACT

In this papejwe investigate a two-stagenearlosslesscom-
pressionscheme. It is in the spirit of “lossy plus resid-
ual coding” andconsistf a wavelet-basedossylayerfol-
lowed by an arithmeticcoding of the quantizedresidualto
guarante@agivenL® errorboundin the pixel domain.Our
focusis ontheselectiorof theoptimumbit ratefor thelossy
layer to achieze the minimum total bit rate. Unlike other
similarlossypluslosslessipproachessingawavelet-based
lossylayer, the proposednethoddoesnot requireiteration
of decodingandtheWT (InverseWaveletTransform)to lo-
catethe optimumbit rate. We proposea simple methodto
estimatethe optimalbit rateandprovide a theoreticajusti-
cation for it. It isbasednthe critical rate' agumentirom
the Rate-Distortiortheoryand whiteness'of theresidual.

1. INTRODUCTION

We considera nearlosslesscoding problemwith a two-
stagecoder[1], wherethe amountof distortion, as mea-
suredby the maximum allowable deviation of pixel val-
ues,is guaranteedjuantitatvely. The rst stageconsists
of awavelet-basedossycodersuchasSPIHT For thesec-
ond stagewe usean arithmeticcoderto encodethe resid-
ual. Sinceit is dif cult to derive a meaningfulrelationbe-
tweendistortionsin the pixel domainandthe wavelet do-
mainin theL! errorsensepixel domaintechniquessuch
aspredictive coding have beenthe mostpopularchoicein
practice. Furthermore,since prediction-baseatodersare
very competitie in losslessand high bit-rate coding, it is
expectedto be soin mary nearlosslesscoding scenarios,
where the maximum pixel-domainerror speci ed by L*
norm (hereafterdenotedas )is small. Unfortunately this
is no longertrue when getslarger asthe quality of pre-
diction deteriorates. Also, predictive codersdo not offer
the advantageof progressie transmissioraswith wavelet-
basedcoders. Thusit is highly desirableto combinethe
adwantagef both worlds so thatwe canprovide the con-
venienceof embeddedbit-streamalongwith theguaranteed
maximumdistortionin theL! sensen pixel domain. In-
deed,therehave beenvariousattemptsat achieving sucha

goalin the nearlossless/losslessoding problem. In [1],
the authorscomparevarious nearlosslessschemeswith a
focusonthewavelet-basedwo-stageschemeA similarap-
proachis takenin [2]. Marpeetal. [3] alsoproposeo use
atwo-stagaevavelet-pacletbasedapproactio lossy/lossless
coding. However, noneof the aforementionedvorks ad-
dresseghe problemof bit rate assignmenexceptthrough
exhaustve searchby repeatedlyencodingthe residualsat
every possiblelossylayercodingrate.

We elaborateon the choiceof ef cient bit rate assign-
mentfor the wavelet-basedrst-stage lossy-layercoderin
thetwo-stagenearlosslesssetting. It doesnot directly rely
on ary analyticalmodelfor the source,yet works reason-
ably well for mostreal sources.In Section2, we explain
the structureof the nearlosslesscoding schemewe used.
In Section3, we discussthe modelling of the reconstruc-
tion errorfrom the rst stagelossycoder In Section4,we
proposea simplebit rateassignmenschemevhenanarith-
metic coderis usedfor residualcoding. Section5 provides
comparisonsvith othernearlosslessoders, andSection6
concludeghe paper

2. ATWO-STAGE NEAR-LOSSLESSCODER

Figurel shavsablockdiagramof thetwo-stagenearlossless
coderproposedn this paper Let| andlqssy representhe
original image and the lossy reconstruction respectiely.

Thentheerrore= 1 1455y is quantizedasfollows:
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wherethe maximumamountof deviation from the original
pixel, i.e. boundon the error magnitudeis indicatedby
andthe quantizationndex is representetby eq igx . In the
two-stageschemd, ossy is transmittechsthelossylayerand
losslesslycodedqunatizationndex, €q idx;coded » IS S€Ntas
theresiduallayer
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Fig. 1. Block diagramof the two-stagenearlosslessoder

3. MODELLING THE RESIDUALS

3.1. Modelling the residualswith GGD's

It is well-known thatwaveletcoefcients arewell-modelled
by a Generalizedsaussiamistribution (GGD). Sincelarge
coefcients areencodedrst in typical waveletcodersit is
expectedthatthedistribution of theencodingesidualin the
waveletdomainwill still t well into a GGD (usuallywith
shortertail thanthe wavelet coefcient itself). Indeed,it
wasobsenedthroughnumerousxperimentshattheresid-
ualsbothin the pixel andthewaveletdomainscouldberea-
sonablywell-modelledby GGD's.
A GGDf (x) is de ned asfollows:

f(x) = ael ™° (1)
g (3 =c) i
,wherea z(f’—czc) b 1 G=g 0 istheGamma

function, cis theshapeparameteand is thestandardie-
viation of the source.Thusa GGD is completelyspeci ed
by andc. Herethe shapeparametec for a randomvari-
ableX canbeestimatedisingthefollowing equation.

c=G () 2
whereG(x) % EUX) js anormalized
MAV(MeanAbsoluteValue).

3.2. Critical rate and residualdistrib utions

Figure 2 shavs the standarddeviation(STD)andthe mean
absolutevalue(MAY) of the wavelet andthe pixel domain
residualsas functionsof the lossy layer coding rate. We
can seethe meanabsolutevalue of the encodingresidual
distribution in both domainscorverge asthe lossybit rate
increasesSincewe useda 9/7 biorthogonallter , it did not
exactly presere theencodingesidualariancebetweerthe
two domains,but they were very close. Correspondingly
the shapeparameterslsoconvergedasis evidentfrom (2).
Sincea GGD is completelyspeci ed by its varianceand
shapeparameterthis meanghe encodingresidualsn both
domainscorverge in distribution. (SeeFigures2 and 3.)

In fact, the lossylayer coding rate wherethe residualdis-
tributionscorverge variesdependingn a particularsource
to be codedand is thoughtto be relatedwith the “criti-
cal rate' phenomenon For mostsourcesjt canbe argued
that above a certain “critical' rate, the encodingresiduals
become white'[4, 5]. Also note that the wavelet domain
residualscan be regardedas the wavelet transformof the
pixel domaincounterpartSincethe pixel domainencoding
residualis white whenthe lossyrateis above the “critical’
rate,vavelettransformingit doesnot changeits zeroorder
entroy[6]. Now, it canbe showvn that,givenavariance,the
shapeparametenf a GGD is relatedto its zero order en-
tropy in aone-to-onananner Thustheshapeparameterin
bothdomainswill actuallyconverge whenthelossyrateis
above thecritical rateascanbe seenin Figure?2.

Next, we wantto shav the "quantized'versionsof the
encodingeesidualsn bothdomainsalsocornverge. Thiswill
provide atheoreticajusti cation for thebit rateassignment
schemeproposedin the next section. Obsere that once
quantizationis performedon theresidualdn bothdomains,
it is nolongertruethatoneis obtainedoy DWT(or IDWT)
of the other Furthermoresincethe quantizeddistributions
often cornverge before the original distributionsdo, it is not
truethatwe arequantizingthesamedistributions. Thus,it is
not obviousif the "quantized'residualswill alsocorveme.
However, experimentssuggesthat is indeedtrue and the
following argumentsrovide oneway to explainit.

De nition 1. Re nement/processingf distrib ution Given
adistributionFx on ,divide intok mutuallydisjointsets
X1; X5 X satisfying
S
= TL R

De ne anew distributionFy as

P
Fe(XD)= ,ox Fx (X)

ThenFy is calledare nementof F, andFy is calleda
processingdf Fyx . Thenthereis a well-known factregard-
ing divergenceof randomvariablesrepeatedelowv for con-
venience.

Lemma3.1 LetFy andF, bethe processingf Fx and
Fy respectivelyThen

D(FxijiFy)

Proof: By log-suminequality
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Theorem3.2 LetX and¥ bethequantizatiorindicesob-
tainedfromuniform-quantizingherandonwvariablesX and
Y, respectively(X: wavelet-domaierror residual,Y: pixel-
domainerror residual)ThenF corvergesto F, atleastas
fastasFx doestoFy.

Proof: Obsere thatquantizatiorpartitionsthe eventspace
of theoriginal randomvariable. Thusthedistribution of the
guantizatiorindicesis nothingbut a processingf the orig-
inal distribution. SinceD (Fx jjFy) 0 with equalityiff
Fx (X) = Fy(y) andwe have Fyx (x)! Fy (y), it follows
fromlemma 3.1thatF, (R) ! Fy (§) atleastasfastasits
ungunatizeaounterpartll

4. OPTIMAL LOSSY LAYER CODING RATE

Beyondthe criticalrate’, thewavelet-basedbssycoder(e.qg.
SPIHT) cannothave ary advantageover the zero-orderen-
tropy codingin the pixel domainbecauséhe wavelet/pixel
domainencodingresidualsare (ideally) white. In fact, the
wavelet-basedbssycodersusuallybecomesvenworsethan
thezero-ordeentrofy coderdecause¢heresidualsiolonger
have correlationstructureghat the wavelet codersattempt
to take adwvantageof. Thusa typical plot of lossy coding
ratevs. total bit ratehasa “critical rate’ wherethe total bit
ratestartsto increasealueto theinef ciency of the rst stage
lossycoderaswe canseefrom theFigure4.

As mentionedn Section 3.2,the zero-ordeentropy of
the pixel domainencodingresidualis the sameasthat of
the wavelet domain counterpartoeyond the “critical rate'.
Sincewe have the waveletdomainresidualin the memory
while progressiely encodingthe source,we cancalculate
its zero-ordeentropy “onthe y'. Obsenrethatwe caniter-
atively updatethezero-ordeentroyy of thewavelet-domain
(quantizedyesiduaby updatingonly onesymbolfrequeny
correspondingdo the residualbeing codedat the moment,
implying virtually no effect on the speedor compleity of
the lossycoder Also noticethat althoughthe residualsin
both domainsdo not have the samezero-orderentrogy be-
low the “critical rate', we canstill locatethepointwherethe
total bit rate(=lossyayercodingrate+ residualayercoding

rate)startsto increaseNotewe do not needary iterationof
decoding/inersewavelettransform.

5. COMPARISON WITH OTHER CODERS

Table 1 compareshe performanceof the proposedcoder
with JPEG-LSandthe” SPIHT+Cont&t-AC'(a wavelet-based
two-stagenearlosslesoderwith a context-basedentropy
codingfor residualg1]). In termsof PSNR,the proposed
schemealways performedbestfor Lena. As for total bit
rates,wavelet-basedoderswere betterthanthe JPEG-LS
evenatthehighbit rateswherepredictive codersareknovn
to be competitve. Note the extra savingsin total bit rates
achiezed by the "Context-AC' comeat the expenseof ex-
haustve iteration. Or, the estimatedoptimal rate could be
usedas a starting point to reducethe numberof iterative
searchn casethe Context-AC' is usedto codetheresidual
for bettercompression.

6. CONCLUSION

In this paper we proposecda simplemethodof choosingan
optimallossylayercodingratein awavelet-basedwo-stage
nearlosslesoding.lt is baseduponthe“critical rate' phe-
nomenonandworks reasonablywell for mostreal sources
with analmostunnoticeableffecton codingspeed/complety.
Its PSNRandtotal bit rate performancesverecomparable
to thoseof othernearlosslesscoders.
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