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Abstract

An algorithmis describedor simultaneouslycompressing@nddenoisingimages.The algorithm
is called tree-adaptedvaveletshrinkage and compession(TAWS-Comp). TAWS-Compis a
synthesisof an image compressioralgorithm, adaptivelyscannedwaveletdifferencereduction
(ASWDR),andadenoisingalgorithm,tree-adaptedvaveletshrinkage (TAWS). As acompression
procedure,TAWS-Compinherits all of the advantagesof ASWDR: its ability to achiese a pre-
cise bit-rate assigneeforecompressingits scalability of decompressiorandits capability for
enhancingegions-of-interestSucha full rangeof featureshasnot beenavailablewith previous
compressoplusdenoiserlgorithms.As adenoisingorocedureTAWS-Compis nearlyaseffective
asTAWS alone. TAWS hasbeenshavn to have goodperformancecomparabléo stateof the art
denoisersin mary casesTAWS-Compmatcheghe performancef TAWS while simultaneously
performingcompression. TAWS-Compis comparedvith othercombinedcompressor/denoisers,
in termsof errorreductionandcompressedit-rates.

Simultaneousompressiorand denoisingis neededwvhenimagesare acquiredfrom a noisy
sourceandstorageor transmissiorcapacityis severely limited (asin somevideo codingapplica-
tions). An applicationis describedwherethe featuresof TAWS-Compas both compressoand
denoiselareexploited.

Keywords: imagecompressionimagedenoisingsignalprocessingyideocoding.

Intr oduction

We shalldescribeanalgorithmfor simultaneouslyompressinginddenoisinganimagecorrupted
by additive randomnoise. The classicalapproachto compressinga noisy image—motvatedby
resultsfrom rate distortion theory [1], [2]—is to usea two-stepprocess. In the rst stepthe
noisy imageis denoisedwhile in the secondstepthe denoisedmageis compressedThereare
situations however, wherelimited processoresourceall for the greateref ciency affordedby
combiningcompressingvith denoising.Combiningcompressingvith denoisings particularlyapt
for situations suchassomevideo codingapplicationsthatsatisfythefollowing threeconditions:
(1) theimagesourceds noisy, (2) thetime for processings shortand/orprocessopoweris limited,
and(3) the transmissiorchannelcapacityis low. Condition(1) callsfor denoising,condition(3)
calls for compressingand condition (2) calls for a simultaneousienoisingand compressingn
orderto save time and/orfree the processofor othertasks. Fromthis point on, we shallreferto
suchacombinedcompressoplusdenoiseimasa compdenoiser

In section2 we examineour compdenoisealgorithm,thetree-adaptedvaveletshrinkage and
compession(TAWS-Comp)algorithm. The underlyingtheory behind TAWS-Compwill be ex-
plainedand we shall describehow to implementit. As a denoisingprocedure, TAWS-Compis
nearlyaseffective asTAWS alone. TAWS wasshawn in [3] to have goodperformancegcompara-
ble to stateof the art denoisers.We will shav that, for mary images,TAWS-Compmatcheshe
performancef TAWS while simultaneouslyperformingcompression.

Section3, which is the last section,summarizesomeexperimentaldenoisingsandcompares
the performanceof TAWS-Compwith previous algorithms. While an enormousamountof work
hasbeendoneon the separate@opicsof compressingnddenoising relatively little work hasbeen
doneon their combination.Two compdenoisersuitablefor imageswveredescribedn [4] and[5].



In section3 we shall comparethe performanceof TAWS-Compwith thesetwo algorithms,and
nd thatit equalsor exceedgheir performanceAn importantfeatureof TAWS-Comp,onewhich
is not enjoyed by thesetwo algorithms,is its scalability Any bit-rate, lessthanor equalto the
compressednages bit-rate,canbe usedfor decompressing TAWS-Compcompressedmage.
Scalabilityis animportantfeaturefor transmittingcompresset@nagesoverlow-capacitychannels.
For theseothertwo algorithms scalabilityis missing theonly availablebit-ratefor decompression
is the bit-rateat which animagewascompressed.

1 An application of compressionplus denoising

In this sectionwe illustratean applicationrequiringa compdenoiseMWhentransmittinganimage
overalow-capacitychannelthecompresseanageis typically transmittedusingdatapaclets. The
rst paclet producesalow-resolutionimageat the recever, andsubsequenpacletsenhancehis
image. TAWS-Comp,which is an embeddedhlgorithmusingbit-planeencoding.easily ts into
suchatransmissiorscheme Betweensuccessie paclets,therecever couldrequesthe compde-
noiserto selectvely enhance region-of-interes{ROI). The TAWS-Compalgorithmincorporates
justsuchanROI capabilityinto its design.

We shaw in Fig. 1 someimagesillustrating sucha system.In Fig. 1(a)thereis a noisyimage
of awoman.Becausdransmissiorcapacityis low, thisimagemustbetransmittedn pacletsthat
are,say 100timessmallerin sizethanthetotal bits for theimage.In Fig. 1(b), we shav theimage
attherecever afterthe rst paclethasbeentransmitted.Thisimageis a100:1compressiomf the
sourcamage,andit hasbeendenoisedswell. Supposaow thatthereceverrequestshatthenext
paclet focusexclusively on enhancinghe region insidethe rectangleshavn in Fig. 1(a). If the
transmittemwerenot capableof performingdenoisingalongwith compressiorthenthenext paclet
would producethe imageshawn in Fig. 1(c). Notice thata signi cant amountof noiseappears
within the ROI, reducingthe quality of theenhancementiowever, whenthetransmittemperforms
denoisingalongwith compressiorvia the TAWS-Compalgorithm,thenthe ROI is enhancedut
withoutaddednoiseasshavn in Fig. 1(d).

2 Description of the TAWS-Comp algorithm

In the previoussectionwe discussednapplicationwhich requiresa compdenoisern this section
we shall describethe TAWS-Compalgorithmfor accomplishinghis task of simultaneousom-
pressioranddenoising.We shall rst examinethe basictheoryunderlyingTAWS-Compandthen
discussts implementation.Our emphasiierewill not be on mathematicaproofs—infact, they
have not beendevelopedat this time—ut ratheron the fundamentaideasinvolved.

The basictheory behind TAWS-Compis a synthesisof the ideasthat underlieASWDR and
TAWS,whichhave beendescribedn reference$6], [7], and[3]. BothASWDRandTAWSrequire
that the sourceimagebe transformedusing a wavelet transform[8], [9]. Wavelet transformsof
naturalimagespossesshefollowing four crucial properties:

1. Energy Consewation. Thewavelettransformis anorthogonakransform.



2. Energy Compaction. Thereare large numbersof small magnitudewavelet coefcients.
Most of theenepy is concentrateth thetrend(theall lowpasssubband).

3. Two Populations. The larger wavelet coefcients are clusteredaroundedges. Smaller
waveletcoefcients residein smootheregions.

4. Clustering. Large magnitudewaveletcoefcients tendto have somelarge magnitudecoef-
cients locatednearthem.

The Enegy Conseration propertyis usefulfor dealingwith additive Gaussiamoise. With
additive Gaussiamoise,thenoisyimageg is relatedto theoriginalimagef byg= f + n, where
the noisevalues,n(i; j ], areindependentandomvariableswith underlyingdistributionsthatare
all zero-mearGaussiamormalof variance 2. It is well-known thatan orthogonakransformwill
presere the noise-type:the transformednoisewill remainGaussian.i.d. with meanzeroand
variance 2. Becausehe transformednoiseis Gaussian.i.d., the otherthreepropertiesabove
will not applyto it. Theselatter threepropertieswhich areassumedo apply to the transform
of f, canthenbe usedto distinguishnoise-dominatedransformvaluesfrom image-dominated
values. We shall now discussthe validity of properties2 to 4 for wavelet transformsof natural
images,assumingcertainsmoothnesgonditionsfor an appropriatemage model, and we shall
thenexplain how TAWS-Compusesall four propertiedor denoisingaswell ascompression.

Propertie2 through4 canbe veri ed, at leastto a high probability, if we assumethat our
imagesareobtainedrom discretevaluesof piecavise smoothfunctions.Enegy Compactiorwill
hold becausen a region wheref is smooth,it may closely approximatecby a polynomial of
some x eddegree,asin atruncatedlaylor expansion.Whenthe supportof theanalyzingwavelet
is containedwithin this region, thenthe correspondingvaveletcoefcient will be approximately
zero (assuminghe analyzingwavelet hassufciently mary zeromoments).This leadsto mary
small-magnitudevavelet coefcients locatedin regionswherethe signalis smooth. In fact, for
piecavise smoothimagesit canbe shavn that, whenparentandchild wavelets(parentandchild
waveletsaredescribedn Ref.[9]) have supportdhataredisjointfrom the edgesof theimage,the
following implicationholds(whenT is nottoo small):

jparentcoefcientj < T =) jchild coefcientj < T=2: (1)

We will saythata parentcoefcient is insigni cant (signi cant) whenits magnitudes lessthan
(greatethanor equalto) some x edthresholdr, andachild coefcient isinsigni cant (signi cant)

whenits magnitudds lessthan(greaterthanor equalto) T=2. Thus(1) saysfor piecavisesmooth
imagesthatinsigni cant parentdhaveinsigni cant children(atleastaway from edges).Therefore,
away from edgesthefollowing statisticalimplicationis valid:

Insigni cant parent > Insigni cant children. (2)

In otherwords,thereis a high probabilitythatwhena parentis insigni cant thenall of its children
areinsigni cant. Thisfactis the basisfor zerotreemagecompressionmethodssuchasthe ones
describedn [10] and[11]. Furtherprobabilisticagumentdn favor of (2) aregivenin [10].
Property3 holdsbecausehe waveletsusedare continuousandcompactlysupported.Conse-
guently sharptransitionsn imagevaluesnearedgegroducerelatively highervaluesfor theinner
productsof theimagewith waveletbasisfunctionssupportedn regionsoverlappingtheseedges.



Thusrelatively highertransformvaluesoccurnearedges Detailedtheoreticabndstatisticalveri -
cationsof thisfactaredescribedn [9] and[12]. Furthermoresincethesupportof aparentwavelet
containsthe supportof its child wavelets,it follows thata signi cant valueof a parentcoefcient
occurringnearan edgewill, atleaststatistically imply thatsomeof the child valueswill alsobe
signi cant. This statisticalimplicationis expresseds

Signi cant parent > Somesigni cant children. (3)

Datain supportof (3) wascompiledin [3].

The ClusteringPropertyfollows from the large amountof overlap of supportsof adjacent
wavelet basisfunctions. Becauseof this overlap, if a wavelet coefcient is large nearan edge,
thenthereis a signi cant probability that adjacentwavelet coefcients will alsobe large. The
statisticalimplicationthatexpresseshe Clusteringpropertyis

Signi cant coefcient > Somesigni cant adjacentoefcients. (4)

Studiescon rming this statisticalimplicationaredescribedn reference$13] to [15].

A niceillustrationof the validity of (2) to (4) canbeseenin Fig. 2. In Figures2(b) and(c) we
shawv the locationsof signi cant parentandchild coefcients, whenthe thresholdT = 20, for a
wavelettransformof the Boatstestimage. The grey pixelsin bothimagesindicateinsigni cant
pixels, andthe white pixels indicatesigni cant coefcients. The similarity of the regionsmade
up of grey pixelsin the two imagesindicatesthatinsigni cant parentsendto have insigni cant
children,asstatedby (2). Likewise,the similarity of theregionsmadeup of white pixelsindicates
thatsigni cant parentdendto have somesigni cant children,as(3) states Finally, the clustering
togetherof signi cant coefcients (in eitherimage)illustratesthe validity of (4).

Propertiesl to 4 areusedby TAWS-Compto remove noise-dominatetransformcoefcients
and retain image-dominateatoefcients. It doesthis by modifying the VisuShrink methodof
DonohoandJohnstongl6]. In VisuShrink.thevaluesof the wavelettransformedoisyimageare
subjectedo thefollowing shrinkage function(where is thethreshold):S(t) = sgnt)[ jtj ]+
To bemoreprecise shrinkages only appliedto waveletcoefcients, thescalingcoefcients (in the
all-lowpasssubbandjpreleft unaltered.With a 3- or 4-level wavelettransform,the noiseenegy
of thescalingcoefcients is generally&mallenoughto ignore.ForN N imagesthethreshold
is choserby VisuShrinkto be |, = 2log, N . After shrinkageaninversewavelettransformis
appliedto producethedenoisedmage.In [16], it wasshavn thatVisuShrinkis nearlyoptimalfor
removing i.i.d. Gaussiamandomnoise.In fact,asN ! 1 , theprobabilitythatthemagnitudeof a
noise-dominatewaveletcoefcient is lessthan ,, approaches. It is thusasymptoticallycertain
thatshrinkageusing ,, will producea noise-freeémage.

Althougha VisuShrinkdenoisingis noise-freejt is alsogenerallyoversmoothedandappears
out of focus. Thesedefectsstemfrom the VisuShrinkthreshold |, beingtoo high to capture
sufcient detailsin theimage. To counteracthis effect, TAWS-Compusesathresho[gd_T which
is signi cantly smallerthan . To denoisethe imagesin this paperweused . = 2 =8

, =9:657, which hasbeenfound experimentallyto generallyyield consistentlyhigh PSNRs.

Below the VisuShrinkthreshold, TAWS-Compusesthe following threeprinciplesfor distin-

guishingimage-dominatewvaveletcoefcients from noise-dominatedoefcients:

TAWS-Comp SelectionPrinciples



A. Only acceptsigni cant childrenwith signi cant parents.
B. Rejectasigni cant parentf all its childrenareinsigni cant.
C. Only acceptsigni cant coefcients with atleastoneadjacensigni cant coefcient.

Thesethreeprinciplesarebasedrespectiely, ontheimplicationsin (2), (3), and(4). The TAWS-
CompmethodcombineghesethreeSelectionPrincipleswith the ASWDR compressioimethod.
Therearethreeparametersvhich aresetat the start. Oneparameters thedescentndex D, which
is a non-n@ative integer The TAWS-Compthreshold . is thensetat =2, wherethe height
index satis es 1. For all of the TAWS-Compdenoisingseportedonin this paperthevalue
of this secondparameter wassetas 2. Notethatif D = 0and = 1,then . = | andTAWS
reducedo the VisuShrinkmethod. The third parameteis a depthindex D, which is aninteger
lying betweenl andL, whereL is the numberof levelsin thewavelettransform.We shall clarify
belaw the natureof thedepthindex D.

TAWS-CompcombinesTAWS with ASWDR by using the SelectionPrinciplesto exclude
noise-dominatetransformvaluesduringcompressionlt consistf thefollowing ve steps:

The TAWS-Comp Method

Stepl (Initialization). Computehewavelettransfornf f [i; j Jg of thediscretamage.De ne

a scanningorder for the transform. This is a one-to-oneand onto mapping,ii; j ] = X[K],

wherebythetransformvaluesarescannedhroughvia alinearorderingk = 1,2,...,M. The

valueof M beingthe numberof pixelsin theimage.Theinitial scanningorderis described
in [6] and[7]. Chooseaninitial threshold,Ty, suchthatat leastonetransformvalue,x[n]

say satis esjx[n]j T andall transformvalues x[K], satisfyjx[k]j < 2Ty. SetT = To.

Step 2 (Signi cancepass).Determinenew signi cant index values—i.e.thosenew indices
m for which x[m] hasa magnitudegreaterthanor equalto the presenthresholdT . Assign
avalueqm] = T sign(x[m]) asthequantizedversionof x[m]. Encodethesenew signi cant
indicesusingthedifferencereductionmethoddescribedn [17] and[6].

Step 3 (Re nementpass).Re ne quantizedransformvaluescorrespondindo old signi -
canttransformvalues. Eachre ned valueis a betterapproximatiornto the exact transform
value. There nementpasssuccessiely computedsbits in the binary expansionsof scaled
transformvaluesf x[m]=(2T,)g, eachpassoutputtingthe next bit.

Step4 (New ScanOrder). Createa nev scanningorderasfollows. As longasT v
producea newv scanningorderin the following way. At the highest-scaldevel (the one
containingthe all-lowpasssubband)usetheindicesof theremaininginsigni cant valuesas
thescanorderatthatlevel. Usethescanorderatlevel | to createthenew scanorderatlevel
] lasfollows. Runthroughthesigni cant valuesatlevel in thewavelettransform.Each
signi cant valueinducesa setof four child values(asdescribedn [11]). The rst partof
thescanorderatlevelj 1 containgheinsigni cant valueslying amongthesechild values.
Runthroughtheinsigni cant valuesatlevel j in the wavelettransform.The secondpart of
thescanorderatlevelj 1 containstheinsigni cant valueshaving at leastonesigni cant
sibling amongthe child valuesof theseinsigni cant values. Runthroughthe insigni cant



valuesatlevel j again. Thethird partof thescanorderatlevel] 1 containgheremaining
insigni cant valueslying amongthe child valuesof theseinsigni cant parentvalues(child
valueswith no signi cant siblings).Usethis new scanningorderfor levelj  1to createthe
new scanningorderfor levelj 2, until all levelsareexhausted.

When ;T < , proceedasfollows. If thelevelj is largerthanD, thenusethe method
justdescribedo producethenew scanorderfor levelj 1. Foreachlevelj fromD + 1to 2,
producethenew scanorderatlevelj 1 asfollows. Usetheold scanorderto scanthrough
the signi cant waveletcoefcients in level j . If sucha signi cant coefcient, x,, satis es
jXmj < , andhasno signi cant children,thensetx,, = Oandqg, = 0. (Thusinvoking
SelectiorPrincipleB.) Ontheotherhand,if jx,j < |, andx, hassomesigni cant children,
orif j)xmj ., thenincludein thenew scanorderall of theinsigni cant childrenof x, that
have at leastonesigni cant sibling. (This implementsSelectionPrinciple A, andpartially
implementsSelectionPrincipleC, for theselower levels.)

Step5 (Divide Thresholdoy 2). ReplacahethresholdT by 1=2 of its valueandrepeatsteps
2 to 5 until this new thresholdT is lessthan .

Whenthe proceduras nished, thendecompressiogan be performedon the compressedlata.
This decompressiononsistf the following four steps:

1. RecapitulateStepsl to 5 above in orderto obtainthe quantizedransform.

2. Setto zeroall quantizedransformvalueshaving magnituddessthan ,, which do not have
anon-zeroadjacenvalue(thisimplementsselectionprinciple C).

3. Apply shrinkageto the quantizedransformusingthreshold . .
4. Invertthequantizedransform(androundto 8-bit precision).

Eitherintegerto-integer[18], or oating point wavelettransformscanbe usedwith the TAWS-
Compprocedurgthe TAWS algorithm[3] requiresa oating pointtransform).Whenaninteger
to-integertransformis used thenarescalingof thetransformis performedduringthelnitialization
Stepwhich approximatesan orthogonaltransform[19]. For the imagesin Fig. 1 the Daub5/3
integerto-integer transform[18] wasemployed. The Daub 9/7 transform[20] was usedfor the
denoisinggn section3. Althoughthesetransformsare not orthogonalthey are closeenoughto
beingorthogonathatemploying themfor enegy-basedthresholddenoisings still quiteeffective.
Moreover, the symmetryof thesewaveletsreducesoundaryartifactsin denoisedmages.

Separatelycontrolling compressingand denoising

The TAWS-Compalgorithmallows the userto separatelycontrol both the degreeof compression
andthe degreeof denoising. First, we describehow to control the degreeof compression.The
descriptiorof TAWS-Compgivenabove makesit appeassif theonly exit pointof thecompression
procedures whenT < _ occursin Step5. However, TAWS-Compalso allows for checking
the cumulatve total of bits outputthroughoutthe compressiorprocess,and exiting may occur
whenthis bit total exhaustsa prescribedit budget. Thus TAWS-Compcanmatchpre-assigned
bit rates. A similar exiting criterion within the decompressioprocessallows TAWS-Compto



decompressat ary bit rateup to the total compressedate,henceTAWS-Compenjoys scalability
of decompression.

Secondwe describehow to controlthe degreeof denoising.This canbe done,aswith most
algorithmsthat utilize thresholding by modifying the size of the threshold. One way to modify
thethresholdsizein TAWS-Compis to vary thedescentndex D . In Figures3(c) and(d) we showv
the effect of usingtwo differentvaluesof D. The denoisingin Fig. 3(d) useda highervalue of
D (hencea lower threshold ) thanin Fig. 3(c). It is slightly sharperand betterrepresentshe
texture of the watersurface(at the costof allowing morebackgrounchoise). By adjustingother
parameterssuchasthe depthindex D, the heightparameter , or replacing ,, by a differently
choserthreshold userscantune TAWS-Compfor their particularapplication.

ROI Capability

TAWS-Compencodeghe preciselocationof signi cant transformcoefcients. Consequentlyit
is ableto ignore coefcients whosewavelet basisfunctionshave supportsdisjoint from a given
region. Thereforeit is capableof ROI-enhancemeniWe sav with the examplein Fig. 1 thatthis
ROI capabilityis compatiblewith its denoisingcapability

3 Experimental resultsand comparisons

We shallnowv comparegheperformancef TAWS-Compwith severalstateof theartdenoiserand
compdenoiserslheperformancef TAWS andTAWS-Compwill becomparedvith thedenoisers,
SureShrinf21] andBayesShrink4], andthe compdenoiserBayesShrink+Compre$4] andEQ
[5]. Softwarefor TAWS-Compcanbe downloadedirom the websitein [22].

For all thetestimagesdiscussedn Hﬂ_s section,TAWS and TAWS-Compuseda 4-level Daub
9/7 transformandathresholdof . = 2  =8. Thedepthindex D wasvaried,dependingnthe
sizeof . Forrelatively smallvaluesof |, satisfying 15, weusedD = 1. For largervaluesof

, satisfying > 15 weusedD = 2. Reducingthevalueof D for smallvaluesof wasneeded
becausef thefactthatfor lowerthresholdgheimplicationsin (2) to (4) arelesslikely to hold for
higherscalesubbands.

In Table1 we demonstratéoththe compressingnddenoisingcapabilityof TAWS-Compby
comparingit with ASWDR compression®f SureShrinkdenoisingsat variousbit-rates. As an
objectve measuref denoisingwe usedPSNR.The PSNRsreportedn Tablel shav that TAWS-
Compperformsnearlyaswell asSureShrinkollowed by compressionGenerallythe differences
in PSNRbetweerthe two methodsareinsigni cantly small. In Fig. 3(c) we shav a TAWS-Comp
compdenoisingata40:1rate)of anoisyboatimage,andshov a40:1compressionf aSureShrink
denoisingin Fig. 3(f). In this casethe TAWS-Compcompdenoisindiasa slightly higherPSNR
valueandshaws farlessbackgroundoisethanthe compresse&ureShrinkdenoising.

In Table2 we summarizehe performancef TAWS andTAWS-Compin comparisorwith the
denoiseBayesShrinkandthecompdenoiseBayesShrink+Compre¢BayesShr+Comfor short).
EachPSNRvalueis an averageover 5 differentnoisy images. Although this may seemto be a
smallnumberfor averaging,it wasfoundthatall PSNRsdifferedby no morethan 0:1 db within
every setof 5 images.The PSNRdor BayesShrinkandBayesShr+Compretakenfrom [4]. They
werealsoobtainedby averagingover 5 differentnoisyimages.



The BayesShr+Comglgorithm performssigni cantly worse than BayesShrink. This was
notedin [4] andwas attributed to the negative effects of quantizationnoisefrom compression.
TAWS-Comp,however, performsnearlyaswell asTAWS alone. For mostimages, TAWS-Comp
producesdenoisedandcompressednagewith signi cantly higherPSNRthanBayesShr+Comp.

Thecompressethit ratesfor TAWS-Comparesimilar to thoseproducedoy BayesShr+Comp.
TAWS-Compwas programmedo continuecompressingintil the rate of new signi cant coef-
cientsdroppedo lessthan5%. Thisproducedhebppvaluesreportedn Table2 for TAWS-Comp.
For the rst threeimagesn Table2, thereweresigni cantly higherbit ratesfor TAWS-Compthan
for BayesShr+Compln thelastcolumnof Table2 we reportthe PSNRsfor TAWS-Compcom-
pdenoisedmagesat the samebit ratesasfor BayesShr+Compres$or those rst threeimages,
the decreasesn PSNRsfor TAWS-Compwerefairly small,andyet TAWS-Compstill produced
higher PSNRsthan BayesShr+Comp.In fact, for mostimages, TAWS-Compproducedhigher
PSNRshanBayesShr+Compatthe samebit rates.

Both TAWS and TAWS-Compregisteredpoorer performancewith one image, the Baboon
image. Thatimageis notwell describedsia a piecavise smoothimagemodel;in particular there
arelarge amountsof fur on the baboonwhich both TAWS and TAWS-Compmistalenly treatas
noise.Neverthelessit shouldbe notedthatfor the Baboonimageall methodgproducedelatvely
low PSNRs.

In Fig. 4 we comparedenoisingsand compdenoising®ef a noisy versionof the Goldhill test
image. (All of theseimagescanbe downloadedfrom the websitegivenin [23].) Figure4(b)is a
noisyversionwith = 15, of the Goldhill imagein Fig. 4(a). BayesShrinkand TAWS denoisings
of this noisy imageare shavn in Figures4(c) and (d), respectrely. Thesetwo denoisingsare
very similar, bothin PSNRandvisual quality (althoughthe TAWS imageis just a bit sharper).
However, the BayesShr+Comgompdenoisingin Fig. 4(e) hassuffered a signi cant decrease
in PSNRandin visual quality comparedo thesetwo denoisings.In contrast,the TAWS-Comp
compdenoisingn Fig. 4(f) is nearlyequal bothin PSNRandvisualquality, to the TAWS denoising
in Fig. 4(d). Comparinghetwo compdenoisingsye noticethatthe TAWS-Compimagehasaless
noisyappearanci thesky, hasbetterpreserededgesn severalof thewindows, hasmoretexture
preseredin the rock pile in front of the left-side door, and hasa generallysharperappearance
overall,thanthe BayesShr+Compnage.

In [5], acompdenoisecalledthe EQ algorithmwasdescribed It combinescompressionvith
SureShrinkdenoising.In Table3 we comparethe performanceof TAWS and TAWS-Compwith
SureShrinkandEQ. The datafor SureShrinkandEQ weresuppliedin [5]. We canseein Table3
resultsthataresimilarto thosewe saw in Table2. Namely TAWS-Compis notadwerselyaffected
by the combiningof compressingvith denoising.lts PSNRsareonly slightly smallerthanthose
of TAWS alone. On the otherhand,the performanceof EQ's combinationof compressiorwith
SureShrinkdenoisingis signi cantly lower thanthe performanceof SureShrinkdenoisingalone.
PSNRsfor EQ aresigni cantly smallerthanthosefor SureShrink. ConsequentlyTAWS-Comp
hashigherPSNRs—ofterat least1:0 db higher—thanthosefor EQ.

Conclusion

We have describedhe TAWS-Compmethodof simultaneouslycompressingand denoisingim-
ages.Conditionswherecombiningthesetwo operationsvould be desirablevereindicated andan



applicationusing TAWS-Compwasdescribed.In mostcases,TAWS-Compcomparedavorably
with stateof the art compdenoisergften producingcompressednagesof nearlyequalquality to
thoseproducedy stateof theartdenoiseralone.
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Table1

Table2

Table3

Figurel

Figure 2

Figure3

Figure4

Figure and Table Captions

PSNRsfor SureShrinkdenoisingg(SuSh)which have beencompressedt 0:5, 0:25, and
0:125bpp,and TAWS-Compcompdenoising§T S-Cp)at the samebitrates.

PSNRsfor the denoisersBayesShrinf4] and TAWS [3], andthe compdenoisersTAWS-
CompandBayesShr+Comp4]. The lastcolumncontainsPSNRsfor TAWS-Compat the
samebppvaluesasthosefor BayesShr+Comp.

PSNRsfor the denoisersSureShrinf21] and TAWS [3], andthe compdenoisersTAWS-
CompandEQ[5].

lllustrationof ROI capabilityof TAWS-Comp.

Relationbetweerparentandchild coefcients (15t and2" vertically orientedsubbands)(a)
Boatsimage. (b) Locations(white pixels) of signi cant parentvalues,threshold= 20. (c)
Locations(white pixels) of signi cant child values half-threshold= 10.

Denoisingsandcompressionsf noisy boatsimage,with PSNRs.

Denoisingsandcompdenoisingsf a noisy Goldhill image,with PSNRs.

| Images | SuSh0:5bpp | TS-Cp|| SuSh,0:25bpp | TS-Cp | SuSh,0:125bpp [ TS-Cp |

= 10, PSNR= 281
Goldhill 305 304 294 290 27.8 275
Lena 328 323 321 314 299 296
Barbara 288 291 26.3 265 24:3 239
Baboon 247 241 228 223 21:4 21:2
= 20,PSNR= 221
Goldhill 284 283 279 277 272 26.5
Lena 299 302 297 297 289 281
Barbara 264 26.2 251 25.3 239 236
Baboon 235 231 223 220 212 209
= 30, PSNR= 186
Goldhill 27.0 26.7 26.8 26,7 264 26.3
Lena 282 280 281 280 277 276
Barbara 247 236 241 236 234 232
Baboon 223 214 217 21:3 209 207

Tablel: PSNRsfor SureShrinkdenoisinggdSuSh)which have beencompressedt 0:5, 0:25, and
0:125bpp,and TAWS-CompcompdenoisingéT S-Cp)at the samebitrates.

12



| Images | BayesShif TAWS | TAWS-Compj bpp | BayesShr+Compbpp | TAWS-Comp|

= 10, PSNR= 281
Goldhill 319 316 314118 304 1:.06 312
Lena 334 332 332j1.01 320j 0:75 329
Barbara| 310 311 308j 1:42 290j 1.21 30:6
Baboon 291 283 257 1:33 27.0j 1:34 257
= 20, PSNR= 221
Goldhill 287 285 283j 0:44 27:6j 0:45 283
Lena 302 301 301j 041 290j 0:37 299
Barbara 27.3 26.8 26:4) 0:59 258 0:85 264
Baboon 256 24:2 239091 24:3) 0:85 238
= 30, PSNR= 186
Goldhill 271 267 267 0:24 262 0:27 267
Lena 285 280 280j 0:25 27.4)0:23 27.9
Barbara 253 247 236]j 0:29 24:1j 0:62 236
Baboon 238 225 214 0:38 229j 0:58 214

Table2: PSNRdor thedenoisersBayesShrinf4] andTAWS [3], andthecompdenoiserdAWS-
CompandBayesShr+Comjp4]. Thelast columncontainsPSNRsfor TAWS-Compat the same

bppvaluesasthosefor BayesShr+Comp.
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| Images || SureShrink| TAWS | TAWS-Comp| EQ |

= 5 PSNR= 341
Lena 371 36.9 36.6 36.0
Barbara 357 351 351 341
= 7,PSNR= 31:2
Lena 351 351 351 341
Barbara 333 332 321 320
= 10,PSNR= 281
Lena 330 332 332 328
Barbara 308 311 308 292

Table3: PSNRdor thedenoisersSureShrin21] andTAWS [3], andthecompdenoiserdAWS-
CompandEQ [5].

14



(c) Enhanced ROI without denoising (d) Enhanced ROI with denoising

Figure 1: lllustration of ROI capability of TAWS-Comp.
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(a) Boats (b) Parents, T = 20 (c) Children, T=2= 10

Figure 2: Relation between parent and child coef cients (15t and 2" vertically oriented
subbands). (a) Boats image. (b) Locations (white pixels) of signi cant parent values,
threshold = 20. (c) Locations (white pixels) of signi cant child values, half-threshold = 10.
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(e) SureShrink, 28:8 db (f) 40:1 copression of (e), 28:2db

Figure 3: Denoisings and compressions of noisy boats image, with PSNRs.
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(a) Original (b) Noisy version ( = 15), 24:6 db

(c) BayesShrink, 29:9 db (d) TAWS, 29:6 db

(e) BayesShr+Comp, 28:7 db (f) TAWS-Comp, 294 db

Figure 4: Denoisings and compdenoisings of a noisy Goldhill image, with PSNRs.
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