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Abstract

An algorithmis describedfor simultaneouslycompressinganddenoisingimages.Thealgorithm
is called tree-adaptedwaveletshrinkage and compression(TAWS-Comp). TAWS-Compis a
synthesisof an imagecompressionalgorithm, adaptivelyscannedwaveletdifferencereduction
(ASWDR),andadenoisingalgorithm,tree-adaptedwaveletshrinkage(TAWS).As acompression
procedure,TAWS-Compinheritsall of the advantagesof ASWDR: its ability to achieve a pre-
cisebit-rateassignedbeforecompressing,its scalabilityof decompression,andits capabilityfor
enhancingregions-of-interest.Sucha full rangeof featureshasnot beenavailablewith previous
compressorplusdenoiseralgorithms.Asadenoisingprocedure,TAWS-Compisnearlyaseffective
asTAWS alone.TAWS hasbeenshown to have goodperformance,comparableto stateof theart
denoisers.In many cases,TAWS-Compmatchestheperformanceof TAWS while simultaneously
performingcompression.TAWS-Compis comparedwith othercombinedcompressor/denoisers,
in termsof errorreductionandcompressedbit-rates.

Simultaneouscompressionanddenoisingis neededwhenimagesareacquiredfrom a noisy
sourceandstorageor transmissioncapacityis severely limited (asin somevideocodingapplica-
tions). An applicationis describedwherethe featuresof TAWS-Compasboth compressorand
denoiserareexploited.

Keywords: imagecompression;imagedenoising;signalprocessing;videocoding.

Intr oduction

Weshalldescribeanalgorithmfor simultaneouslycompressinganddenoisinganimagecorrupted
by additive randomnoise. The classicalapproachto compressinga noisy image—motivatedby
resultsfrom rate distortion theory [1], [2]—is to usea two-stepprocess. In the �rst step the
noisy imageis denoised,while in the secondstepthe denoisedimageis compressed.Thereare
situations,however, wherelimited processorresourcescall for thegreateref�ciency affordedby
combiningcompressingwith denoising.Combiningcompressingwith denoisingis particularlyapt
for situations,suchassomevideocodingapplications,thatsatisfythefollowing threeconditions:
(1) theimagesourceis noisy, (2) thetimefor processingis shortand/orprocessorpower is limited,
and(3) the transmissionchannelcapacityis low. Condition(1) calls for denoising,condition(3)
calls for compressing,andcondition(2) calls for a simultaneousdenoisingandcompressingin
orderto save time and/orfree theprocessorfor othertasks.Fromthis point on, we shall refer to
suchacombinedcompressorplusdenoiserasacompdenoiser.

In section2 we examineour compdenoiseralgorithm,thetree-adaptedwaveletshrinkage and
compression(TAWS-Comp)algorithm. The underlyingtheorybehindTAWS-Compwill be ex-
plainedandwe shall describehow to implementit. As a denoisingprocedure,TAWS-Compis
nearlyaseffective asTAWS alone.TAWS wasshown in [3] to have goodperformance,compara-
ble to stateof theart denoisers.We will show that, for many images,TAWS-Compmatchesthe
performanceof TAWSwhile simultaneouslyperformingcompression.

Section3, which is the lastsection,summarizessomeexperimentaldenoisingsandcompares
theperformanceof TAWS-Compwith previousalgorithms.While anenormousamountof work
hasbeendoneon theseparatetopicsof compressinganddenoising,relatively little work hasbeen
doneon their combination.Two compdenoiserssuitablefor imagesweredescribedin [4] and[5].
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In section3 we shall comparethe performanceof TAWS-Compwith thesetwo algorithms,and
�nd thatit equalsor exceedstheirperformance.An importantfeatureof TAWS-Comp,onewhich
is not enjoyed by thesetwo algorithms,is its scalability. Any bit-rate, lessthanor equalto the
compressedimage's bit-rate,canbe usedfor decompressinga TAWS-Compcompressedimage.
Scalabilityis animportantfeaturefor transmittingcompressedimagesover low-capacitychannels.
For theseothertwo algorithms,scalabilityis missing,theonly availablebit-ratefor decompression
is thebit-rateatwhichanimagewascompressed.

1 An application of compressionplus denoising

In this sectionwe illustrateanapplicationrequiringa compdenoiser. Whentransmittinganimage
overalow-capacitychannel,thecompressedimageis typically transmittedusingdatapackets.The
�rst packet producesa low-resolutionimageat thereceiver, andsubsequentpacketsenhancethis
image. TAWS-Comp,which is an embeddedalgorithmusingbit-planeencoding,easily�ts into
sucha transmissionscheme.Betweensuccessive packets,thereceiver couldrequestthecompde-
noiserto selectively enhancea region-of-interest(ROI). TheTAWS-Compalgorithmincorporates
just suchanROI capabilityinto its design.

We show in Fig. 1 someimagesillustratingsucha system.In Fig. 1(a) thereis a noisy image
of a woman.Becausetransmissioncapacityis low, this imagemustbetransmittedin packetsthat
are,say, 100timessmallerin sizethanthetotalbits for theimage.In Fig. 1(b),weshow theimage
at thereceiverafterthe�rst packethasbeentransmitted.This imageis a100:1compressionof the
sourceimage,andit hasbeendenoisedaswell. Supposenow thatthereceiverrequeststhatthenext
packet focusexclusively on enhancingthe region insidethe rectangleshown in Fig. 1(a). If the
transmitterwerenotcapableof performingdenoisingalongwith compression,thenthenext packet
would producethe imageshown in Fig. 1(c). Notice that a signi�cant amountof noiseappears
within theROI, reducingthequalityof theenhancement.However, whenthetransmitterperforms
denoisingalongwith compressionvia theTAWS-Compalgorithm,thentheROI is enhancedbut
withoutaddednoiseasshown in Fig. 1(d).

2 Description of the TAWS-Compalgorithm

In theprevioussectionwediscussedanapplicationwhichrequiresacompdenoiser. In thissection
we shall describethe TAWS-Compalgorithmfor accomplishingthis taskof simultaneouscom-
pressionanddenoising.We shall�rst examinethebasictheoryunderlyingTAWS-Compandthen
discussits implementation.Our emphasisherewill not beon mathematicalproofs—infact, they
havenotbeendevelopedat this time—but ratheron thefundamentalideasinvolved.

The basictheorybehindTAWS-Compis a synthesisof the ideasthat underlieASWDR and
TAWS,whichhavebeendescribedin references[6], [7], and[3]. BothASWDRandTAWSrequire
that the sourceimagebe transformedusinga wavelet transform[8], [9]. Wavelet transformsof
naturalimagespossessthefollowing four crucialproperties:

1. Energy Conservation. Thewavelettransformis anorthogonaltransform.
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2. Energy Compaction. Thereare large numbersof small magnitudewavelet coef�cients.
Mostof theenergy is concentratedin thetrend(theall lowpasssubband).

3. Two Populations. The larger wavelet coef�cients are clusteredaroundedges. Smaller
waveletcoef�cients residein smootherregions.

4. Clustering. Largemagnitudewaveletcoef�cients tendto have somelargemagnitudecoef-
�cients locatednearthem.

The Energy Conservation propertyis useful for dealingwith additive Gaussiannoise. With
additive Gaussiannoise,thenoisyimageg is relatedto theoriginal imagef by g = f + n, where
the noisevalues,n[i; j ], areindependentrandomvariableswith underlyingdistributionsthat are
all zero-meanGaussiannormalof variance� 2. It is well-known thatanorthogonaltransformwill
preserve the noise-type:the transformednoisewill remainGaussiani.i.d. with meanzero and
variance� 2. Becausethe transformednoiseis Gaussiani.i.d., the other threepropertiesabove
will not apply to it. Theselatter threeproperties,which areassumedto apply to the transform
of f , can thenbe usedto distinguishnoise-dominatedtransformvaluesfrom image-dominated
values. We shall now discussthe validity of properties2 to 4 for wavelet transformsof natural
images,assumingcertainsmoothnessconditionsfor an appropriateimagemodel,andwe shall
thenexplainhow TAWS-Compusesall four propertiesfor denoisingaswell ascompression.

Properties2 through4 canbe veri�ed, at leastto a high probability, if we assumethat our
imagesareobtainedfrom discretevaluesof piecewisesmoothfunctions.Energy Compactionwill
hold becausein a region wheref is smooth,it may closely approximatedby a polynomial of
some�x eddegree,asin a truncatedTaylorexpansion.Whenthesupportof theanalyzingwavelet
is containedwithin this region, thenthecorrespondingwaveletcoef�cient will beapproximately
zero(assumingthe analyzingwavelet hassuf�ciently many zeromoments).This leadsto many
small-magnitudewavelet coef�cients locatedin regionswherethe signal is smooth. In fact, for
piecewisesmoothimagesit canbeshown that,whenparentandchild wavelets(parentandchild
waveletsaredescribedin Ref. [9]) have supportsthataredisjoint from theedgesof theimage,the
following implicationholds(whenT is not toosmall):

jparentcoef�cient j < T =) jchild coef�cient j < T=2: (1)

We will saythata parentcoef�cient is insigni�cant (signi�cant) whenits magnitudeis lessthan
(greaterthanorequalto)some�x edthresholdT, andachildcoef�cient is insigni�cant (signi�cant)
whenits magnitudeis lessthan(greaterthanor equalto) T=2. Thus(1) says,for piecewisesmooth
images,thatinsigni�cant parentshaveinsigni�cant children(at leastawayfrom edges).Therefore,
away from edges,thefollowing statisticalimplicationis valid:

Insigni�cant parent� > Insigni�cant children. (2)

In otherwords,thereis ahighprobabilitythatwhenaparentis insigni�cant thenall of its children
areinsigni�cant. This fact is thebasisfor zerotreeimagecompressionmethods,suchastheones
describedin [10] and[11]. Furtherprobabilisticargumentsin favor of (2) aregivenin [10].

Property3 holdsbecausethewaveletsusedarecontinuousandcompactlysupported.Conse-
quently, sharptransitionsin imagevaluesnearedgesproducerelatively highervaluesfor theinner
productsof the imagewith waveletbasisfunctionssupportedin regionsoverlappingtheseedges.
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Thusrelatively highertransformvaluesoccurnearedges.Detailedtheoreticalandstatisticalveri�-
cationsof this factaredescribedin [9] and[12]. Furthermore,sincethesupportof aparentwavelet
containsthesupportof its child wavelets,it follows thata signi�cant valueof a parentcoef�cient
occurringnearanedgewill, at leaststatistically, imply thatsomeof thechild valueswill alsobe
signi�cant. Thisstatisticalimplicationis expressedas

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 coef�cient is large nearan edge,
then thereis a signi�cant probability that adjacentwavelet coef�cients will alsobe large. The
statisticalimplicationthatexpressestheClusteringpropertyis

Signi�cant coef�cient � > Somesigni�cant adjacentcoef�cients. (4)

Studiescon�rming thisstatisticalimplicationaredescribedin references[13] to [15].
A niceillustrationof thevalidity of (2) to (4) canbeseenin Fig. 2. In Figures2(b) and(c) we

show the locationsof signi�cant parentandchild coef�cients, whenthe thresholdT = 20, for a
wavelet transformof the Boatstestimage. The grey pixels in both imagesindicateinsigni�cant
pixels, andthe white pixels indicatesigni�cant coef�cients. The similarity of the regionsmade
up of grey pixels in the two imagesindicatesthat insigni�cant parentstendto have insigni�cant
children,asstatedby (2). Likewise,thesimilarity of theregionsmadeupof whitepixelsindicates
thatsigni�cant parentstendto have somesigni�cant children,as(3) states.Finally, theclustering
togetherof signi�cant coef�cients (in eitherimage)illustratesthevalidity of (4).

Properties1 to 4 areusedby TAWS-Compto remove noise-dominatedtransformcoef�cients
and retain image-dominatedcoef�cients. It doesthis by modifying the VisuShrinkmethodof
DonohoandJohnstone[16]. In VisuShrink,thevaluesof thewavelettransformednoisyimageare
subjectedto thefollowing shrinkage function(where� is thethreshold):S(t) = sgn(t)[ jt j � � ]+ .
To bemoreprecise,shrinkageis only appliedto waveletcoef�cients, thescalingcoef�cients (in the
all-lowpasssubband)areleft unaltered.With a 3- or 4-level wavelet transform,thenoiseenergy
of thescalingcoef�cients is generallysmallenoughto ignore.For N � N images,thethreshold�
is chosenby VisuShrinkto be� V = �

p
2loge N . After shrinkage,aninversewavelettransformis

appliedto producethedenoisedimage.In [16], it wasshown thatVisuShrinkis nearlyoptimalfor
removing i.i.d. Gaussianrandomnoise.In fact,asN ! 1 , theprobabilitythatthemagnitudeof a
noise-dominatedwaveletcoef�cient is lessthan� V approaches1. It is thusasymptoticallycertain
thatshrinkageusing� V will produceanoise-freeimage.

Althougha VisuShrinkdenoisingis noise-free,it is alsogenerallyoversmoothedandappears
out of focus. Thesedefectsstemfrom the VisuShrinkthreshold� V being too high to capture
suf�cient detailsin the image.To counteractthis effect, TAWS-Compusesa threshold� T which
is signi�cantly smallerthan� V . To denoisethe imagesin this paper, we used� T =

p
2� V =8 �

� V =5:657, whichhasbeenfoundexperimentallyto generallyyield consistentlyhighPSNRs.
Below the VisuShrinkthreshold,TAWS-Compusesthe following threeprinciplesfor distin-

guishingimage-dominatedwaveletcoef�cients from noise-dominatedcoef�cients:

TAWS-CompSelectionPrinciples
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A. Only acceptsigni�cant childrenwith signi�cant parents.

B. Rejectasigni�cant parentif all its childrenareinsigni�cant.

C. Only acceptsigni�cant coef�cients with at leastoneadjacentsigni�cant coef�cient.

Thesethreeprinciplesarebased,respectively, on theimplicationsin (2), (3), and(4). TheTAWS-
CompmethodcombinesthesethreeSelectionPrincipleswith theASWDR compressionmethod.
Therearethreeparameterswhicharesetat thestart.Oneparameteris thedescentindex D, which
is a non-negative integer. TheTAWS-Compthreshold� T is thensetat � � V =2D , wheretheheight
index � satis�es� � 1. For all of theTAWS-Compdenoisingsreportedon in thispaper, thevalue
of thissecondparameter� wassetas

p
2. Notethatif D = 0 and� = 1, then� T = � V andTAWS

reducesto the VisuShrinkmethod. The third parameteris a depthindex D, which is an integer
lying between1 andL, whereL is thenumberof levelsin thewavelettransform.We shallclarify
below thenatureof thedepthindex D.

TAWS-CompcombinesTAWS with ASWDR by using the SelectionPrinciplesto exclude
noise-dominatedtransformvaluesduringcompression.It consistsof thefollowing � vesteps:

The TAWS-CompMethod

Step1 (Initialization). Computethewavelettransformf f [i; j ]g of thediscreteimage.De�ne
a scanningorder for the transform.This is a one-to-oneandontomapping, bf [i; j ] = x[k],
wherebythetransformvaluesarescannedthroughvia alinearorderingk = 1, 2, . . . , M . The
valueof M beingthenumberof pixelsin theimage.Theinitial scanningorderis described
in [6] and[7]. Choosean initial threshold,T0, suchthatat leastonetransformvalue,x[n]
say, satis�esjx[n]j � T0 andall transformvalues,x[k], satisfyjx[k]j < 2T0. SetT = T0.

Step2 (Signi�cancepass).Determinenew signi�cant index values—i.e.,thosenew indices
m for which x[m] hasa magnitudegreaterthanor equalto thepresentthresholdT. Assign
avalueq[m] = T sign(x[m]) asthequantizedversionof x[m]. Encodethesenew signi�cant
indicesusingthedifferencereductionmethoddescribedin [17] and[6].

Step3 (Re�nementpass).Re�ne quantizedtransformvaluescorrespondingto old signi�-
canttransformvalues.Eachre�ned valueis a betterapproximationto the exact transform
value. The re�nementpasssuccessively computesbits in the binary expansionsof scaled
transformvaluesf x[m]=(2T0)g, eachpassoutputtingthenext bit.

Step 4 (New ScanOrder). Createa new scanningorderasfollows. As long asT � � V ,
producea new scanningorder in the following way. At the highest-scalelevel (the one
containingtheall-lowpasssubband),usetheindicesof theremaininginsigni�cant valuesas
thescanorderat thatlevel. Usethescanorderat level j to createthenew scanorderat level
j � 1 asfollows. Runthroughthesigni�cant valuesat level j in thewavelettransform.Each
signi�cant valueinducesa setof four child values(asdescribedin [11]). The �rst part of
thescanorderat level j � 1 containstheinsigni�cant valueslying amongthesechild values.
Runthroughtheinsigni�cant valuesat level j in thewavelet transform.Thesecondpartof
thescanorderat level j � 1 containstheinsigni�cant valueshaving at leastonesigni�cant
sibling amongthe child valuesof theseinsigni�cant values.Run throughthe insigni�cant
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valuesat level j again. Thethird partof thescanorderat level j � 1 containstheremaining
insigni�cant valueslying amongthechild valuesof theseinsigni�cant parentvalues(child
valueswith nosigni�cant siblings).Usethisnew scanningorderfor level j � 1 to createthe
new scanningorderfor level j � 2, until all levelsareexhausted.

When� T � T < � V , proceedasfollows. If thelevel j is largerthanD, thenusethemethod
justdescribedto producethenew scanorderfor level j � 1. For eachlevel j from D + 1 to 2,
producethenew scanorderat level j � 1 asfollows. Usetheold scanorderto scanthrough
thesigni�cant waveletcoef�cients in level j . If sucha signi�cant coef�cient, xm , satis�es
jxm j < � V andhasno signi�cant children,thensetxm = 0 andqm = 0. (Thusinvoking
SelectionPrincipleB.) Ontheotherhand,if jxm j < � V andxm hassomesigni�cant children,
or if jxm j � � V , thenincludein thenew scanorderall of theinsigni�cant childrenof xm that
have at leastonesigni�cant sibling. (This implementsSelectionPrincipleA, andpartially
implementsSelectionPrincipleC, for theselower levels.)

Step5 (DivideThresholdby 2). ReplacethethresholdT by 1=2 of its valueandrepeatsteps
2 to 5 until thisnew thresholdT is lessthan� T .

Whenthe procedureis �nished, thendecompressioncanbe performedon the compresseddata.
Thisdecompressionconsistsof thefollowing four steps:

1. RecapitulateSteps1 to 5 above in orderto obtainthequantizedtransform.

2. Setto zeroall quantizedtransformvalueshaving magnitudelessthan� V which do not have
anon-zeroadjacentvalue(this implementsselectionprincipleC).

3. Apply shrinkageto thequantizedtransformusingthreshold� T .

4. Invert thequantizedtransform(androundto 8-bit precision).

Either integer-to-integer [18], or �oating point wavelet transforms,canbe usedwith the TAWS-
Compprocedure(theTAWS algorithm[3] requiresa �oating point transform).Whenaninteger-
to-integertransformis used,thenarescalingof thetransformis performedduringtheInitialization
Stepwhich approximatesan orthogonaltransform[19]. For the imagesin Fig. 1 the Daub5/3
integer-to-integer transform[18] wasemployed. The Daub9/7 transform[20] wasusedfor the
denoisingsin section3. Although thesetransformsarenot orthogonal,they arecloseenoughto
beingorthogonalthatemploying themfor energy-based,thresholddenoisingis still quiteeffective.
Moreover, thesymmetryof thesewaveletsreducesboundaryartifactsin denoisedimages.

Separatelycontrolling compressingand denoising

TheTAWS-Compalgorithmallows theuserto separatelycontrolboththedegreeof compression
andthe degreeof denoising.First, we describehow to control the degreeof compression.The
descriptionof TAWS-Compgivenabovemakesit appearasif theonlyexit pointof thecompression
procedureis whenT < � T occursin Step5. However, TAWS-Compalsoallows for checking
the cumulative total of bits output throughoutthe compressionprocess,and exiting may occur
whenthis bit total exhaustsa prescribedbit budget. ThusTAWS-Compcanmatchpre-assigned
bit rates. A similar exiting criterion within the decompressionprocessallows TAWS-Compto
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decompressat any bit rateup to thetotal compressedrate,henceTAWS-Compenjoys scalability
of decompression.

Second,we describehow to control thedegreeof denoising.This canbedone,aswith most
algorithmsthat utilize thresholding,by modifying the sizeof the threshold.Oneway to modify
thethresholdsizein TAWS-Compis to vary thedescentindex D. In Figures3(c)and(d) weshow
the effect of usingtwo differentvaluesof D. The denoisingin Fig. 3(d) useda highervalueof
D (hencea lower threshold� T ) thanin Fig. 3(c). It is slightly sharperandbetterrepresentsthe
textureof thewatersurface(at thecostof allowing morebackgroundnoise). By adjustingother
parameters,suchasthe depthindex D, the heightparameter� , or replacing� V by a differently
chosenthreshold,userscantuneTAWS-Compfor theirparticularapplication.

ROI Capability

TAWS-Compencodesthepreciselocationof signi�cant transformcoef�cients. Consequently, it
is able to ignorecoef�cients whosewavelet basisfunctionshave supportsdisjoint from a given
region. Thereforeit is capableof ROI-enhancement.We saw with theexamplein Fig. 1 that this
ROI capabilityis compatiblewith its denoisingcapability.

3 Experimental resultsand comparisons

Weshallnow comparetheperformanceof TAWS-Compwith severalstateof theartdenoisersand
compdenoisers.Theperformanceof TAWSandTAWS-Compwill becomparedwith thedenoisers,
SureShrink[21] andBayesShrink[4], andthecompdenoisersBayesShrink+Compress[4] andEQ
[5]. Softwarefor TAWS-Compcanbedownloadedfrom thewebsitein [22].

For all thetestimagesdiscussedin this section,TAWS andTAWS-Compuseda 4-level Daub
9/7 transform,anda thresholdof � T =

p
2� V =8. Thedepthindex D wasvaried,dependingon the

sizeof � . For relatively smallvaluesof � , satisfying� � 15, we usedD = 1. For largervaluesof
� , satisfying� > 15, we usedD = 2. Reducingthevalueof D for smallvaluesof � wasneeded
becauseof thefactthatfor lower thresholdstheimplicationsin (2) to (4) arelesslikely to hold for
higherscalesubbands.

In Table1 we demonstrateboththecompressinganddenoisingcapabilityof TAWS-Compby
comparingit with ASWDR compressionsof SureShrinkdenoisingsat variousbit-rates. As an
objective measureof denoisingwe usedPSNR.ThePSNRsreportedin Table1 show thatTAWS-
Compperformsnearlyaswell asSureShrinkfollowedby compression.Generallythedifferences
in PSNRbetweenthetwo methodsareinsigni�cantly small. In Fig. 3(c) we show a TAWS-Comp
compdenoising(ata40:1rate)of anoisyboatimage,andshow a40:1compressionof aSureShrink
denoisingin Fig. 3(f). In this case,theTAWS-Compcompdenoisinghasa slightly higherPSNR
valueandshows far lessbackgroundnoisethanthecompressedSureShrinkdenoising.

In Table2 wesummarizetheperformanceof TAWS andTAWS-Compin comparisonwith the
denoiserBayesShrinkandthecompdenoiserBayesShrink+Compress(BayesShr+Compfor short).
EachPSNRvalueis an averageover 5 differentnoisy images.Although this may seemto be a
smallnumberfor averaging,it wasfoundthatall PSNRsdifferedby nomorethan� 0:1 dbwithin
everysetof 5 images.ThePSNRsfor BayesShrinkandBayesShr+Comparetakenfrom [4]. They
werealsoobtainedby averagingover5 differentnoisyimages.
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The BayesShr+Compalgorithm performssigni�cantly worse than BayesShrink. This was
notedin [4] andwasattributed to the negative effectsof quantizationnoisefrom compression.
TAWS-Comp,however, performsnearlyaswell asTAWS alone.For mostimages,TAWS-Comp
producesadenoisedandcompressedimagewith signi�cantly higherPSNRthanBayesShr+Comp.

Thecompressedbit ratesfor TAWS-Comparesimilar to thoseproducedby BayesShr+Comp.
TAWS-Compwasprogrammedto continuecompressinguntil the rateof new signi�cant coef�-
cientsdroppedto lessthan5%. Thisproducedthebppvaluesreportedin Table2 for TAWS-Comp.
For the�rst threeimagesin Table2, thereweresigni�cantly higherbit ratesfor TAWS-Compthan
for BayesShr+Comp.In the lastcolumnof Table2 we reportthePSNRsfor TAWS-Compcom-
pdenoisedimagesat the samebit ratesasfor BayesShr+Compress.For those�rst threeimages,
thedecreasesin PSNRsfor TAWS-Compwerefairly small,andyet TAWS-Compstill produced
higher PSNRsthan BayesShr+Comp.In fact, for most images,TAWS-Compproducedhigher
PSNRsthanBayesShr+Compat thesamebit rates.

Both TAWS and TAWS-Compregisteredpoorerperformancewith one image, the Baboon
image.That imageis not well describedvia a piecewisesmoothimagemodel;in particular, there
arelarge amountsof fur on the baboonwhich both TAWS andTAWS-Compmistakenly treatas
noise.Nevertheless,it shouldbenotedthatfor theBaboonimageall methodsproducedrelatively
low PSNRs.

In Fig. 4 we comparedenoisingsandcompdenoisingsof a noisy versionof the Goldhill test
image.(All of theseimagescanbedownloadedfrom thewebsitegiven in [23].) Figure4(b) is a
noisyversion,with � = 15, of theGoldhill imagein Fig. 4(a).BayesShrinkandTAWSdenoisings
of this noisy imageare shown in Figures4(c) and (d), respectively. Thesetwo denoisingsare
very similar, both in PSNRandvisual quality (althoughthe TAWS imageis just a bit sharper).
However, the BayesShr+Compcompdenoising,in Fig. 4(e) hassuffered a signi�cant decrease
in PSNRandin visual quality comparedto thesetwo denoisings.In contrast,the TAWS-Comp
compdenoisingin Fig.4(f) is nearlyequal,bothin PSNRandvisualquality, to theTAWSdenoising
in Fig.4(d). Comparingthetwo compdenoisings,wenoticethattheTAWS-Compimagehasaless
noisyappearancein thesky, hasbetterpreservededgesin severalof thewindows,hasmoretexture
preserved in the rock pile in front of the left-sidedoor, andhasa generallysharperappearance
overall, thantheBayesShr+Compimage.

In [5], a compdenoisercalledtheEQ algorithmwasdescribed.It combinescompressionwith
SureShrinkdenoising.In Table3 we comparetheperformanceof TAWS andTAWS-Compwith
SureShrinkandEQ.Thedatafor SureShrinkandEQ weresuppliedin [5]. We canseein Table3
resultsthataresimilar to thosewesaw in Table2. Namely, TAWS-Compis notadverselyaffected
by thecombiningof compressingwith denoising.Its PSNRsareonly slightly smallerthanthose
of TAWS alone. On the otherhand,the performanceof EQ's combinationof compressionwith
SureShrinkdenoisingis signi�cantly lower thantheperformanceof SureShrinkdenoisingalone.
PSNRsfor EQ aresigni�cantly smallerthanthosefor SureShrink.Consequently, TAWS-Comp
hashigherPSNRs—oftenat least1:0 dbhigher—thanthosefor EQ.

Conclusion

We have describedthe TAWS-Compmethodof simultaneouslycompressinganddenoisingim-
ages.Conditionswherecombiningthesetwo operationswouldbedesirablewereindicated,andan
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applicationusingTAWS-Compwasdescribed.In mostcases,TAWS-Compcomparesfavorably
with stateof theart compdenoisers,oftenproducingcompressedimagesof nearlyequalquality to
thoseproducedby stateof theart denoisersalone.
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Figureand TableCaptions

Table1 PSNRsfor SureShrinkdenoisings(SuSh)which have beencompressedat 0:5, 0:25, and
0:125bpp,andTAWS-Compcompdenoisings(TS-Cp)at thesamebitrates.

Table2 PSNRsfor thedenoisers,BayesShrink[4] andTAWS [3], andthecompdenoisers,TAWS-
CompandBayesShr+Comp[4]. The last columncontainsPSNRsfor TAWS-Compat the
samebppvaluesasthosefor BayesShr+Comp.

Table3 PSNRsfor the denoisers,SureShrink[21] andTAWS [3], andthe compdenoisers,TAWS-
CompandEQ[5].

Figure1 Illustrationof ROI capabilityof TAWS-Comp.

Figure2 Relationbetweenparentandchild coef�cients (1st and2nd verticallyorientedsubbands).(a)
Boatsimage. (b) Locations(white pixels) of signi�cant parentvalues,threshold= 20. (c)
Locations(whitepixels)of signi�cant child values,half-threshold= 10.

Figure3 Denoisingsandcompressionsof noisyboatsimage,with PSNRs.

Figure4 Denoisingsandcompdenoisingsof anoisyGoldhill image,with PSNRs.

Images SuSh,0:5 bpp TS-Cp SuSh,0:25bpp TS-Cp SuSh,0:125bpp TS-Cp
� = 10, PSNR = 28:1

Goldhill 30:5 30:4 29:4 29:0 27:8 27:5
Lena 32:8 32:3 32:1 31:4 29:9 29:6

Barbara 28:8 29:1 26:3 26:5 24:3 23:9
Baboon 24:7 24:1 22:8 22:3 21:4 21:2

� = 20, PSNR = 22:1
Goldhill 28:4 28:3 27:9 27:7 27:2 26:5

Lena 29:9 30:2 29:7 29:7 28:9 28:1
Barbara 26:4 26:2 25:1 25:3 23:9 23:6
Baboon 23:5 23:1 22:3 22:0 21:2 20:9

� = 30, PSNR = 18:6
Goldhill 27:0 26:7 26:8 26:7 26:4 26:3

Lena 28:2 28:0 28:1 28:0 27:7 27:6
Barbara 24:7 23:6 24:1 23:6 23:4 23:2
Baboon 22:3 21:4 21:7 21:3 20:9 20:7

Table1: PSNRsfor SureShrinkdenoisings(SuSh)which have beencompressedat 0:5, 0:25, and
0:125bpp,andTAWS-Compcompdenoisings(TS-Cp)at thesamebitrates.
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Images BayesShr TAWS TAWS-Compj bpp BayesShr+Compj bpp TAWS-Comp
� = 10, PSNR = 28:1

Goldhill 31:9 31:6 31:4 j 1:18 30:4 j 1:06 31:2
Lena 33:4 33:2 33:2 j 1:01 32:0 j 0:75 32:9

Barbara 31:0 31:1 30:8 j 1:42 29:0 j 1:21 30:6
Baboon 29:1 28:3 25:7 j 1:33 27:0 j 1:34 25:7

� = 20, PSNR = 22:1
Goldhill 28:7 28:5 28:3 j 0:44 27:6 j 0:45 28:3

Lena 30:2 30:1 30:1 j 0:41 29:0 j 0:37 29:9
Barbara 27:3 26:8 26:4 j 0:59 25:8 j 0:85 26:4
Baboon 25:6 24:2 23:9 j 0:91 24:3 j 0:85 23:8

� = 30, PSNR = 18:6
Goldhill 27:1 26:7 26:7 j 0:24 26:2 j 0:27 26:7

Lena 28:5 28:0 28:0 j 0:25 27:4 j 0:23 27:9
Barbara 25:3 24:7 23:6 j 0:29 24:1 j 0:62 23:6
Baboon 23:8 22:5 21:4 j 0:38 22:9 j 0:58 21:4

Table2: PSNRsfor thedenoisers,BayesShrink[4] andTAWS[3], andthecompdenoisers,TAWS-
CompandBayesShr+Comp[4]. The last columncontainsPSNRsfor TAWS-Compat the same
bppvaluesasthosefor BayesShr+Comp.
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Images SureShrink TAWS TAWS-Comp EQ
� = 5, PSNR = 34:1

Lena 37:1 36:9 36:6 36:0
Barbara 35:7 35:1 35:1 34:1

� = 7, PSNR = 31:2
Lena 35:1 35:1 35:1 34:1

Barbara 33:3 33:2 32:1 32:0
� = 10, PSNR = 28:1

Lena 33:0 33:2 33:2 32:8
Barbara 30:8 31:1 30:8 29:2

Table3: PSNRsfor thedenoisers,SureShrink[21] andTAWS[3], andthecompdenoisers,TAWS-
CompandEQ[5].
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(a) Source image (ROI inside rectangle) (b) 100: 1 compression

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

Figure 1: Illustration 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 (1st and 2nd 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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(a) Boat Image (b) Noisy version (� = 20), 22:2 db

(c) TAWS-Comp (40:1, D = 3), 28:3 db (d) TAWS-Comp (40:1, D = 4), 28:2 db

(e) SureShrink, 28:8 db (f) 40:1 compression of (e), 28:2 db

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, 29:4 db

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