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Abstract

In this papemwe describenev methodsf denoisingmageswvhich combinewaveletshrinkagewith
propertiesrelatedto the statisticsof quad-treeof wavelet transformvaluesfor naturalimages.
They arecalled Tree-AdaptedNavelet Shrinkage(TAWS) methods. The shift-averagedversion
of TAWS producegdenoisingswvhich arecomparabldo stateof the art denoisingmethodssuch
ascycle-spinthresholdingand the cycle-spinversionof the Hidden Markov Tree method. The
non-shiftaveragedversionof TAWS is superiorto the classicwavelet shrinkagemethod,and ts
naturallyinto a signalcompressioralgorithm. TheseTAWS methodsbearsomerelationto the
recentlyproposedHidden Markov Tree methods but are deterministicratherthan probabilistic.
They may prove usefulin settingswherespeeds critical and/orsignalcompressiofis needed.

Keywords: imagedenoisingwavelettransform;signalprocessing.

1 Intr oduction

This paperdescribesa new methodof denoisingimagescalled TAWS (Tree-AdaptedVavelet
Shrinkage) The TAWS methodis amodi cation of waveletshrinkagepaseduponadeterministic
selectiorprocedurdor distinguishingmagedominatedvavelettransformvaluesfrom noisedom-
inatedtransformvalues.This selectionproceduras adaptedrom a new imagecompressioralgo-
rithm describedn [1]. The TAWS algorithmis only slightly morecomplex thanwavelet-shrinkage
[2], yetyields superiordenoisings.It hasa shift-averagedversionwhich yields denoisingscom-
parableor superiorto stateof the art denoisingmethodssuchas cycle-spinthresholding[3] and
UHMT-spin[4].

The paperis organizedasfollows. In section2, we describethe TAWS method. This section
begins with a brief summaryof the compressiormethodfrom which TAWS is derived. Under
standingherationalebehindthis compressioiechniquehelpsin understandingpow TAWS com-
batsthe ringing artifactsthat wavelet shrinkagesuffers from. It alsohelpsin understandingnowv
TAWS dynamicallyadaptghe sizesof thresholdsn relationto speci c imagefeatures.n section
3, we reporton denoisingf testimages. A comparisorof TAWS with variousstateof the art
denoisingmethodss donein this section.The paperconcludesn sectiord with abrief discussion
of futurework.

2 The TAWS Method

The TAWS denoisingmethodis built uponthe ideasinvolvedin a new lossyimagecodeccalled
Adaptively ScannedNVavelet DifferenceReduction(ASWDR), which is describedn [1]. Hereis
asummaryof this method with someamendmentsadeto adaptto the noiseremoval case:



The ASWDR Method

Step 1. Performa wavelettransformof the discreteimage, , producingthe trans-
formedimage, . Forthedenoisingseportedonin this paperthe Daub9/7 transform
[5] wasusedexclusively.

Step2. Useascanningorder for searchinghroughthetransformedmage.Thisis aone-to-
oneandontomapping, , Wherebythetransformvaluesarescannedhroughvia
alinearordering , ,.-., . Thevalueof beingthenumberof pixelsin theimage.
Initially, the scanningorderis a zigzagthroughsubbandsfrom lower to higher([6].

Step 3. Choosean initial threshold, , suchthat at leastone transformvalue, say
satis es andall transformvalues, , satisfy

Step4 (Signi cancepass).Determinenew signi cant index values—i.e.thosenew indices
for which hasa magnitudegreaterthanor equalto the presenthreshold. Assign
avalue asthe quantizedvalue correspondindo the transformvalue

Step 5 (Re nementpass).Re ne quantizedransformvaluescorrespondingo old signi -
canttransformvalues. Eachre ned valueis a betterapproximationto the exact transform
value.More detailsof this stepwill be providedbelow.

Step 6. Createa new scanningorderasfollows. For the highest-scaldevel (the onecon-
tainingtheall-lowpasssubband)usetheindicesof theremaininginsigni cant valuesasthe
scanorderat thatlevel. Usethe scanorderatlevel to createthe new scanorderat level
asfollows. Runthroughthesigni cant valuesatlevel in thewavelettransform.Each
signi cant value,calleda parentvalue,inducesa setof four child valuesasdescribedn the
spatial-orientatiotreede nition in [7]. The rst partof thescanorderatlevel contains
theinsigni cant valueslying amongthesechild values.Runthroughtheinsigni cant values
atlevel in thewavelettransform.Thesecondpartof thescanorderatlevel contains
the insigni cant valueslying amongthe child valuesinducedby theseinsigni cant parent
values.Usethis new scanningorderfor level to createthe new scanningprderfor level
, until all levelsareexhaustedWe shallexplain the rationalefor this stepbelow.

Step7. Dividethepresenthresholdby andrepeastepsA—7until thisnew thresholds less
thanapresetvalue .

A few remarksarein orderto clarify the procedureoutlinedabove. First, in the re nement
passtheprecisionof quantizedsaluesis increasedo make thematleastasaccurateasthe present
threshold. For example,if an old signi cant transforms magnitude lies in the interval

, say andthe presentthresholdis , thenit will be decidedat this stepif its magnitude
or . In thelatter case the new quantizedvaluebecomes ,and

in the former case the quantizedvalueremains . There nementpassis therefore
simply the bit-planeencodingmethodusedby moststateof the art compressiomlgorithmg[7].
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Secondwhenthe whole procedurds nished, thena nal stepof furtherre nementcanbe
done.Thequantizedvaluesfor all thesigni cant coefcients (thosewhosemagnitudesreatleast
aslargeas ) canbefurtherre ned by successiedivisionsof by andexecutingthere nement
step (but not the signi cance step,no new signi cant valuesare added). In practice,we have
foundthat ve morere nementsareusuallysufcient for furtherimprovementof signalto noise
ratio. (Evenwhenthesefurther re nementsare omitted—whichis donewhenincluding TAWS
asanoptionwithin the compressiormprocedureASWDR—thereis usuallyonly a small effect on
signalto noiseratio.) Finally, all the quantizedvaluesaresetat the midpointsof the quantization
bins,andaninversetransformis performed(after shrinkagewhich we discusselow) to produce
adenoisedmage.

Third, andmostimportantly the changein scanningorderdescribedn Step6 is a new tech-
niguein compressionUnlike moststateof theartcompressiomethodsASWDRis notazero-tree
method.Rather it utilizesanadaptve scanningdesignedo ef ciently encodethe exactpositions
of signi cant transformvalues. It is shavn in [1] that this adaptve scanningenablesASWDR
to retainmore signi cant detailsin compressedmages. The TAWS methodaimsto utilize this
improved approximatiorpropertyof ASWDR in orderto facilitatenoiseremoval in thresholding
of wavelettransforms.

Therehasbeenrelatedwork doneon reductionof quantizatiomoisein compressiorandde-
noising([8], [9], [4], [10], and[11]). In [8], theemphasiss on compressiomatherthandenoising,
anda probabilisticmodelis employed (TAWS is a deterministicprocedure).The work described
in [9] shavsthata quantizatiorprocedurecanbe usedfor denoisingsbut the proceduradescribed
is notlinkedto atree-basedodingschemenorto anembeddedoder Both of thesedesirableea-
turesarefoundin thelink betweenTAWS andthe ASWDR compressiomprocedure The Hidden
Markov Tree(HMT) modeldescribedn [11] is a more powerful methodthanthe TAWS proce-
dure. The HMT proceduraisesa sophisticatedlenoisingschemebasedon a hiddenMarkov tree
modelfor the signi cance of the elementsof quad-trees.As pointedout in [10], however, the
HMT methodis an enormouslytime consuming henceusuallyimpractical,method. TAWS is a
muchsimpler low-compleity procedurgrequiring operations).A TAWS denoisingof a

imagetypically requiregustafew second®naPC(200MHz with 32MB RAM). Thus
TAWS is moreadwantageousn situationswherespeeds critical and/orcompressions needed.
TAWS bearssomerelationto the morerecentlyproposediniversal HMT (UHMT) methodof [4],
whichis alow-compleity HMT algorithm.Both TAWS anduHMT usepropertiesof correlations
acrossscalesn quad-tree®f waveletcoefcients. TAWS, however, is a deterministicprocedure,
unlike uHMT which is probabilistic. Furthermorejn TAWS the inter-layer correlationsbetween
signi cant wavelettransformvaluesarebasedon half-thresholdcorrelationsdbhetweerparentsand
children(moreon this below), noton samethresholdcorrelationsasin theHMT procedure.

The TAWS methodof denoisingis a modi cation of the classicmethodof wavelet shrinkage
denoising Waveletshrinkages describedn [2] asa nearlyoptimalmethodfor removing additive
Gaussiamoise.

We assumehat a given discreteimageis contaminatedy additive i.i.d. Gaussiamoise .
Thatis, thecontaminatedmage is relatedto theoriginalimage by , Wherethenoise
values, , areindependentandomvariableswith underlyingdistributionsthat are all zero-



meanGaussiamormalof variance . It is well-known thatanorthogonakransformwill presere
the noise-typethe transformedhoisewill remainGaussian.i.d. with meanzeroandvariance
Although the Daub 9/7 wavelet transformis not orthogonal,it is closeenoughto an orthogonal
transformthat enegy-basedthresholddenoisingis still quite effective usingit. Moreover, the
symmetryof Daub9/7 waveletshelpsin suppressingrtifactsat the edgesof denoisedmages.

In [2] and[12], a methodknown aswaveletshrinkage is provento be asymptoticallynearly
optimalfor removing i.i.d. Gaussiamoise.Thatis, thevalues of thewavelettransformed
noisyimagearesubjectedo thefollowing shrinkage function(where is thethreshold):

if

if

if
To bemoreprecisethe shrinkagas performedonly on wavelet(detail) subbandsthe all-lowpass
subbands left unaltered. With a - or -level wavelet transform,the noiseenepgy within the
all-lowpasssubbands usuallysmallenoughto beignored.

When appliedto images,wherea separablevavelet transformis performedby 1D
transformson rows andcolumnsthethreshold is choserto be . After applying
the shrinkagefunction, an inversewavelet transformis appliedto producethe denoisedmage.
This methodis dubbedthe VisuShrinkmethodin [2]. As shovn in [12], the VisuShrinkmethodis
anearlyoptimalmethodfor removing Gaussiamoise.

VisuShrinks optimality is achieved, however, in anasymptoticsenseas tendsto . When
VisuShrinkis appliedto discreteimageswith a nite numberof pixels, with low to moderate
signalto noiseratio, it tendsto oversmooth—remang all the noise, but also remaoving sharp
featuredrom the underlyingimages.For example,in Figure1(b) we showv a noisy versionof the
Boatsimagein Figure1(a). This noisyimagewasobtainedby addingGaussian.i.d. noise,with

, to the Boatsimage. We shall usethe Signalto NoiseRatio (SNR)—which,in decibels,
is —asour measureof the amountof noisein images. The VisuShrink
denoisedrersionof thisimage,usinga -level transform,s shavnin Figurel(c). We nd thatthe
SNR hasbeenincreasedrom dB to dB by VisuShrink,but the denoisedmagesuffers
from seriousringing defects.Theseringing artifactsaremostnoticeablealongthe diagonalmasts
of the boats. In Figure 1(d), we shov the TAWS denoising. It hasan SNR of dB which is

dB higherthanthe VisuShrinkdenoising.Thereis alsosigni cantly lessringing in the TAWS
denoising[ht]

Oneobjectionabldeatureof bothdenoisingss the “mottling,” whichis moreprominentin the
uniform backgroundareassuchasthe sky andclouds. This mottling artifactis dueto thelow fre-
gueng noisein theall-lowpasssubbandwhich wasleft unalteredby bothVisuShrinkand TAWS.
To remove this mottling, morelevelscanbe usedin the wavelettransform.In Figure2(a)and(b),
we showv denoisingausing 3-level wavelettransforms. The mottling artifactis greatlyreducedn
theseimages,but the VisuShrinkimageis of muchlower resolution. The TAWS denoisinghas
an SNR of dB which s only slightly below that of the 2-level version. Thereis a degreeof
subjectvity hereasto which of the TAWS denoisingss better but clearlythey areboth superior
to the VisuShrinkdenoisings|[ht]




The TAWS methodis a combinationof wavelet shrinkagewith the predictive apparatusin-
derlying Step6 in the ASWDR methoddescribedabore. This predictve apparatusnakesuseof
anassumedorrelationbetweersigni cant transformvaluesat athreshold andtheir childrenat
threshold . In[13]it is shovn thatthereis ahigh correlationbetweersigni cant transformval-
ues,whosemagnitudesreatleast , andsigni cant child transformvalueswhosemagnitudesire
atleast . Figure4Bin [13] providesagoodillustrationof this correlation.That gure shovsa
conditionalhistogranfor ne scalehorizontalsubbandransformvaluesirom theBoatstestimage.
The conditionalhistogramis of (base2 log of child magnitudesyersus (base2
log of parentmagnitudes).t is clearfrom the gure thata large percentag®f child magnitudes
areabove , l.e., areeithersigni cant at the presenthresholdor will be signi cant at
thenext threshold.

In Figure 3, we provide an illustration of this correlation. This gure was obtainedfrom a
Daub9/7 wavelettransformof the Boatsimage. Figure 3(a) depictstheinsigni cant child values

(shawvn in white) in the  level vertical subbandof signi cant parentvaluesin the level
vertical subbandwhenthethresholdis . Figure3(b) depictsthe new signi cant valuesfor the
half-threshold—thosevhosemagnitudesarelessthan  andgreaterthanor equalto —in the

vertical subband.Notice thatthe child locationsin Fig. 3(a) aregood predictorsfor the new
signi cant valuesin Fig. 3(b). Although thesepredictionsare not perfectly accuratethereis a
greatdealof overlapbetweerthetwo imageqin fact,thefractionof new signi cant valuesthatlie
within the rst partof the scanordercreatedoy Step6 is ). Notice alsohow thelocationsof
signi cant valuesarehighly correlatedwvith thelocationof edgesn theBoatsimage.Thescanning
orderof ASWDR dynamicallyadaptgo thelocationsof edgedetailsin animage,andthisenhances
theresolutionof theseedgesn ASWDR compressednages.By adaptinghis selectiornprocedure
for signi cant valuesthe TAWS algorithmaimsto improve resolutionof edgedetailsin denoising.
As canbeseenn Figuresl(d)and2(b), thisreducesinging artifactsin the denoisingof the noisy
boatimage.[ht]

A justi cation for thesecorrelationsfor mary naturalnoise-fee imagesis basedon the re-
cursie natureof wavelettransformsithe parentvaluesat ary level beingproducedirom a half-
resolutionversionof the imagethat wasusedto producethe child transformvalues. Whenan
orthogonalwavelet transformis appliedto Gaussian.i.d. randomnoise,however, the resulting
transformvaluesare uncorrelatedsincethey arealsoi.i.d. Gaussiarrandomvariables(with the
samevarianceasthe untransformedoise). Therefore,noisetransformvalueswill exhibit par
ent/child correlationswith a low probability Although the Daub 9/7 wavelet transformis not
orthogonal,it is closeenoughto an orthogonaltransformthat signi cant noisetransformvalues
still exhibit low parent/childcorrelations.

We now presensomestatisticsfor estimatingthe conditionalprobability , de ned
by

new sig.valuein  partof scan new sig.value (2)

of anew signi cant valuebeingfoundwithin the rst partof thenew scanorder(for a x edlevel)
createdoy ASWDR. In Table 1 we give the fraction of new signi cant valuesbeingfoundin the
rst partof the new scanorderat several levels for four testimagesandfor randomnoise. The
valuesfor therandomnoisewereobtainedoy averaging verealizationof Gaussiamandomnoise
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with mean0 andstandarddeviation . (Althoughonly ve realizationswvereused,theresultsin
Table1 for the noisewerequite stableshaving deviationsof no morethan for all values.)
Thedatain thistableclearlyshaw thattheprobabilityin Eq. (1) is muchgreaterfor high-magnitude
thresholdvaluedor thetestimageghanfor therandomnoise.(By high-magnitudealuesve mean
thosevalueswhosemagnitudesregreaterthanthe standardieviation of the child subband.)

Parentlevel/Theshold| 512 256 128 64 | 32 16 8
Lena, ( )
Goldhill,
Boats, ,
Barbara, ( )
Noise,
Lena, ,
Goldhill,
Boats, ,
Barbara,
Noise,
Lena, ,
Goldhill, ,
Boats,
Barbara, ,
Noise,

Tablel1: Fractionof new signi cant valuescapturedoy rst partof thenew scanordercreatedoy
ASWDR.Thestandardleviations arefor thechild subbandsf eachlevel. TheNoisevaluesvere
obtainedfrom averagingvaluesfor wavelet transformsof ve realizationsof Gaussiarrandom
noisewith mean andstandarddeviation . A fractionin parenthesemdicateshatit maybean
unreliableestimateof the conditionalprobability in EqQ. (1), dueto thenumberof new
signi cant valuesbeingtoo small(lessthan ).

Noticethat,for therandomnoiseonly, it is highly unlikely thata newly signi cant child value
will be foundin the rst part of the scanorderwhenthe thresholdis greaterthanthe standard
deviationfor thechild subbandThisfacilitatesthe separatiorof noisedominatedransformvalues
fromimagedominatedransformvaluesatmuchlowerthresholdshanis possiblewith thestandard
waveletthresholdingnethods.

Theseconsiderationseadto the following methodof extendingwavelet shrinkageso asto
includemoreimagedominatedransformvalueslying belowv the VisuShrinkthreshold, . In the
TAWS method therearethreeparametersvhich aresetat the start. Oneparameters the descent
index , whichis anon-ngative integer. The cutoff threshold is thensetat , Wherethe
heightindex satis es . For all of the TAWS denoisingseportedonin this paperthevalue
of thissecondparameter wassetas . In Figure2(b),for example thedescentndex is



SO - . Notethatif and , then andTAWS reducedo theVisuShrink
method.

Thethird parameters adepthindex , whichis anintegerlying between and , where is
thenumberof levelsin thewavelettransform.We shallclarify belov the natureof the depthindex

The TAWS methodconsistsof applyingStepsl through7 above, but with Step6 modi ed as
follows. In this steptheinteger is de ned via the equation . That is aninteger
canbearrangedy arescalingof wavelettransformvalues.

Step 6 (TAWS). For the rst  cyclesthroughSteps4—6, producea nev scanningorder
usingthe Step6 describedabore in the ASWDR method.For cycles to , scan
only throughchildrencorrespondingo signi cant parentsin the highestsubbandglevels 1
to ), while following the original recipeof Step6 in the ASWDR algorithmfor the other
lower, subbands.

Fromthis descriptionwve canseethat mustbenolargerthan . For all of the TAWS denois-
ingsreportedon below, it wasfoundthatsetting equalto the smallerof thevaluesof and
producedhebestresults.

Step6 (TAWS)is phrasedn termsof adaptingascanningrder Sinceascanningorderis apro-
cessof scanninghroughinsigni cant transformvaluesin orderto selectthosehaving magnitude
abovethepresenthresholdthis providesaselectiorprocedurdor distinguishingransformvalues
dominatedoy noisefrom thosedominatedby image.Unlike VisuShrinkandcycle-spinthreshold-
ing, which useuniform thresholdgor all transformvalues,the TAWS selectionprocedureuses
differentthresholdy ) which vary in their spatial locations,basedon the
positionsin the scanorder of the transformvaluesto which they are applied. Sucha spatially
adaptve thresholdinggivesTAWS a greater e xibility thana uniform thresholdingnethod.

In the next sectionwe shall demonstratehat the TAWS procedureoutperformsVisuShrink,
andis competitve with other morestateof theart, denoisingmethods.

3 Simulation results

In section2 above, we gave oneexampleof the performanceof TAWS on denoisinga noisy ver
sion of the Boatsimage. It performedsigni cantly betterthanVisuShrink,bothin termsof SNR
andsubjectye visual quality. We shallnow examinehow TAWS performson denoisingthe stan-
dardtestimages—ena Goldhill, Boats andBarbara—contaminatedavith additivei.i.d. Gaussian
noiseof variousstandardieviations. We shall comparets performanceon thesetestimageswith
VisuShrinkandwith the following stateof the art denoisingmethods:localizedWiener Itering
[14], cycle-spinthresholdingandthe uHMT methods.
In Table2, we shav a summaryof how VisuShrinkand TAWS performedin denoisingthese

testimages. In eachcasewe list the highestSNR valuesfor eachmethod. For instance for the
rst entry, the Lenaimagecontaminatedvith noiseof standarddeviation , a 1-level transform



Image | Noise | SNR| VisuShrink TAWS, ,
Lena ) v
Goldhill , vy
Boats ) v
Barbara , vy

Lena , y oy s
Goldhill , sy
Boats , vy
Barbara , vy
Lena , y
Goldhill , sy
Boats ) v
Barbara , vy
Lena , y
Goldhill , vy
Boats ) v o1
Barbara , vy

Table2: Comparisorof VisuShrinkand TAWS denoisingg is standardleviation of addedGaus-
siannoise). Thevaluesof arethe numberof wavelettransformlevels. Thevaluesof and
arefor the TAWS descentainddepthindices,respecitiely.

producedhe bestVisuShrinkdenoisingsowe list that SNR value. Likewise,a -level transform
with parametevalues and producedhebestSNRvaluefor TAWS.

It is clearfrom this tablethat TAWS performssigni cantly betterthanVisuShrinkonall of the
testimages.We illustratedabove, with Figuresl and2, that TAWS alsoproducesienoisedmages
with bettervisualquality thanVisuShrinkdenoisedmages.

The VisuShrinkmethodhasbeenimproved upon by several methods. Among the bestare
the following: MatLab's Wiener method[14], the cycle-spinthresholdingmethod[3], andthe
HMT methodq11], [10], and[4]. MatLab's Wienermethodutilizes the classicWiener Itering
procedureon subimage®f the noisyimage. The cycle-spinthresholdingnethodaverages
hardthresholdinggall wavelet coefcients below the VisuShrinkthreshold aresetto zero)of
all cyclic shifts(  shiftsfor imageshaving  pixels)of animageandaveragesheresults.The
HMT methodautilize a Bayesianprobabalistiapproachn connectionwith Markov relationsfor
the signi cance statesyrelative to thresholding pof the nodesin quad-tree®f waveletcoefcients.
Theoriginal HMT method,describedn [11], is prohibitively time consumingln fact,in [10] and
[15] it is statedthatit cantake from 15 minutesto several hoursto denoise images.
As pointedoutin [4], theuniversal HMT (UHMT) methodwasdevelopedin orderto circumvent
theseconsiderabldéime costsof the original HMT method. For thesereasonswe only compare
TAWS with uHMT, sincethey arebothlow-complexity algorithms.Thereis alsoa cycle-



spinaveragedversionof uUHMT which averagesiHMT denoisingsf all cyclic shifts of thenoisy
image.We shallreferto this methodasuHMT-spin.

As with cycle-spinthresholdingand uHMT-spin, thereis a cycle-spin averagedversion of
TAWS, which we shallreferto asTAWS-spin. The TAWS-spinmethodsimply consistsof aver-

aging TAWS denoisingof a nite numberof cyclic shifts of theimage: for
., , . InTable3 welist theresultsfor , Which is an averagingof TAWS
denoisingsf  differentshiftings,underthe headingT-S. Experimentsshow thatfor -, -, or

-level transforms the SNR valuesrapidly corverge asthe numberof shifts increasesandthat
yieldsagoodcompromiseébetweenncreasedNR valuesandincreasedime andmemory
consumptiomeededo performaverages.lIt is importantto remembetrthat althoughcycle-spin
methodsare methodsjt still requiresconsiderablenemoryresourceso storeparts
of previously computedtransformsof shiftedimages. The TAWS-spinmethodrequiresonly a
modestincreasen memoryresourcesjust two extra arraysequalin sizeto the imagearrayfor
holdingtheimageshiftsandfor storingpartialaverages.

Image, SNR| VS | W |HMT | TAWS | C-S| H-S | T-S
Lena, 28.9| 28.9 29.9
Goldhill, 26.5 27.0
Boats, 28.6 29.3| 29.3
Barbara, 26.7 27.0
Lena, 25.5 26.4
Goldhill, 23.3 23.6
Boats, 25.0 25.5
Barbara, 22.1 22.1 22.5
Lena, 22.3 22.9
Goldhill, 20.2 20.8
Boats, 21.4 21.9
Barbara, 18.3 18.6
Lena, 19.2 19.6
Goldhill, 17.7 18.1
Boats, 18.6 18.9
Barbara, 16.0 16.2| 16.2

Table 3: Comparisonof variousdenoisingy is standarddeviation of addedGaussiamoise).
Key: VSis VisuShrink,W is MatLab's Wienermethod HMT is theuHMT method,TAWS is the
TAWS method C-Sis thecycle-spinthresholdingnethod H-S is theuHMT-spinmethod andT-S
is the TAWS-spinmethod.

In columns3-6 of Table 3, we list the SNR valuesfor denoisingthe sametestimagesasin
Table 2 for eachof the methods—\¥suShrink,MatLab's Wiener uHMT, and TAWS—whichdo
not make useof cycle-spinaveraging.In columns7-9,we list the SNR valuesfor the methods—
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cycle-spin, uHMT-spin, and TAWS-spin—whichdo utilize cycle-spinaveraging. For the four
non-aseragedmethodsthe largestSNR valuefor eachof the four testedmethodss displayedin
bold-face. Likewise, the largestSNR valuefor eachof the threecycle-spinaveragedmethodsis
displayedin bold-face. We rst discussthe non-areragedmethodsandthentreatthe cycle-spin
averagednethodsln every casethe TAWS methodemploysthesamevaluesfor , ,and , as
wereusedin the denoisingssummarizedn Table2. The cycle-spinthresholdingnethodusesfor
eachimagethevalueof usedfor the VisuShrinkdenoisingsn Table2. We shallexplain below
whichvaluesof , ,and wereusedin the TAWS-spindenoisings.

For thenon-areragednethodsthe datain Table3 shav thatno onemethodis superioramong
thethreebest(Wiener uHMT, andTAWS). Wienerand TAWS yield higherSNRvaluesfor low or
moderatenoiselevels. On the otherhand, uHMT performsbetterwith highernoiselevels, much
betterthan Wienerand moderatelybetterthan TAWS. Note that TAWS and Wienersigni cantly
outperformuHMT on the Barbaradenoisings. The reasonfor this is that uHMT is basedon a
singlesetof prior assumption$or theimagedata.More preciselyuHMT assumes particularrate
of decayof wavelet coefcients acrossscales.The default choiceof this decayrate,speci edin
theMatLabcodein [15] andderivedin [10], is appropriatdor smootheimagesimageswith very
little enegy in higherspatialfrequencieshik e Lena.lt is notappropriatdor animagelike Barbara
which hasmuchgreaterenegy in higherspatialfrequenciesThis explainswhy uHMT performs
sowell ondenoisingthe Lenaimages put notsowell onthe Barbaramages.

SinceSNR valuesare not preciselyequvalentto humanperception|t is importantto exam-
ine somedenoisedmagesusing thesemethods. We show in Figure 2, the Wienerand uHMT
denoisingof the noisyimagefrom Figure 1(b), aswell asthe VisuShrinkand TAWS denoisings
discussedabove. Although the Wiener denoisinghasthe highestSNR, it also exhibits a large
amountof residual,low frequeng noise,which makesit perceptuallyinferior to boththe TAWS
anduHMT denoisings.This is even moreclearly revealedby comparingthe magni cation of the
Wienerdenoisedmage,in Figure6(a), with the magni cationsof the uHMT andTAWS denois-
ings,in FigureFigures4(c) and(d). Comparingthe TAWS anduHMT denoisingsn Figure2, the
TAWS denoisingappearsharpermorefocusedalthoughit retainssomeresidualnoise.

This lastpoint is moreclearly shavn in the magni cationsin Figure4. The TAWS denoising
in Figure4(d) hasasharpermorefocusedappearancdn contrasttheuHMT denoisingn Figure
4(c)appearslightly blurred,slightly out of focus.Ontheotherhandthereareisolatednoisyspots
retainedn the TAWSimage while theuHMT imageappearsompletelyfreeof randomnoise.[ht]

This raisesan interestingquestionfor future research. Sincethe residualnoiseretainedin
the TAWS denoisingsconsistof isolatednoisy spots,it is possiblethata Itering out of isolated
transformvaluesin thehighestsubbandsouldbeusedo post-procesthe TAWS denoisedmages.
Preliminaryresultsshow thisto beeffective. It alsoappearso beof considerablealuein denoising
imagescontaminatedvith specklenoise.Detailswill bereportedn asubsequerpaper

Anotherpossibilityis to utilize decayrateassumptionsgsuHMT doesjn orderto remosesome
waveletcoefcients which survivethecorrelationlter usedoy TAWS. Sincethesecoefcients are
the sourceof theisolatednoisespots their removal would eliminatethesenoisespots.

A third optionis to changethe valueof the heightindex . We showv below thatthis option
workedwell for improving TAWS-spindenoisings.
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We now turnto simulationresultsfor the spin-areragedmethods.The SNR valuesfor our test
imagesareshown in the lastthreecolumnsof Table3. The TAWS-spindenoisingsisedthevalue

, andthe valuesof , ,and , fromthoseshovnin Table2. For example,the noisy
Lenaimagewith , wasdenoisedoy TAWS-spinusing , , , and
(while the TAWS denoisingused , : , and ).

Theseresultsarereminiscenpf the onesjust discussedor the non-areragedmethods Again,
thereis no methodwhichis clearlysuperiorfor all noiselevels.

In Figure5, we shav denoisedmagesof the noisyboatimagefrom Figurel(a). In additionto
the TAWS-spindenoisingusing , we have alsoshavn a TAWS-spindenoisingwith -
(whichis thevalueof usedfor TAWS denoisings).The SNR valuefor TAWS-spinwith
is dB larger than when ~ is used. Furthermore althoughit is hardto see,thereis
considerablyessresidualnoisein the TAWS-spindenoisingor . By usingahighervalueof

, anda highervalueof , the TAWS-spindenoisingsareapplyingthe Step6 (TAWS) selection
procedureover a greaterrangeof thresholdvalues(beginning with a highervalueof ) andis
thusableto selectout moreresidualnoisevaluesthan TAWS alonecando. For the simulations
reportedin Table 3, we found that using in placeof ~ generallyproducedhigher
SNRvaluesandvery little residualnoisein TAWS-spindenoisedmages.At this time, we have
not beenableto discover a similar valueof  which worksaswell for TAWS denoisingg
reducesesidualnoise,but alsosigni cantly lowersSNRvalues).[ht]

In Figure6, we shav magni cationsof somedenoisingf the noisy boatimagefrom Figure
1. The MatLab Wienerdenoisingis clearly inferior to both the TAWS-spinandthe uHMT-spin
denoising. The TAWS-spinimageis the sharpestmost clearly focused,of the denoisings. In
addition, it exhibits essentiallyno residualnoise. The uHMT-spinimagealso seemdo contain
no residualnoise, but is slightly more blurredthanthe TAWS-spinandthe cycle-spinthreshold
denoisings[ht]

4 Conclusion

We have describedwo new methoddor denoisingmagesthe TAWS methodandthe TAWS-spin
method,which provide denoisingscomparablgo stateof the art methods.A problemfor future
researchs how to choosethe parameters and usedin the TAWS and TAWS-spinmethod
(andhow to chooseaheparameter in the TAWS method).Onepossibilityis aninitial analysisof
the statisticaltrendsat higherthresholdgseveral standardleviationsabove the noise),in orderto
predictagoodendingthreshold Betterpredictve schemeshanthe parent-childischemeemployed
at presensshouldalsobe investigatedasthey will reducethe numberof isolated,residual,noise
spotsthatappearnn TAWS denoisinggaswell asincreasehe SNR). For example,usemight be
madeof a lack of clustering[11] in higherspatialfrequeng subbandgthis is the basisfor the
isolation Iter describedabove in section3). Finally, integrationof TAWS with ASWDR into a
combinationcompressor/denoises animportantgoalfor futureresearch.
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(b) Noisyimage

(c) VisuShrinkdenoising (d) TAWS denoising

Figurel: (a) Boatsimage.(b) Noisy image, : dB. (c) VisuShrinkdenoising,
2 levels: dB. (d) TAWS denoising2 levels, , : dB.
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(c) Wienerdenoising (d) UHMT denoising

Figure2: (a) VlsuShrlnkden0|S|ng 3 levels, dB. (b) TAWS denoising,3 levels,
, dB. (c) Wienerdenoising, dB. (d) uUHMT denoising,
dB SeealsoFigure4 andFigure6(a).
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(b)
Figure3: (a) Insigni cant childrenin the  verticalsubbandaving signi cant parentsn the

vertical subbandvhenthethresholdis . (b) New signi cant valuesin the  vertical subband
whenthethresholds decreasetb
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A

(b) Nois

1.

yimage

(c) UHMT denoising (d) TAWS denoising

Figure4: Magni cations of somedenoisingdrom Figure2. (a) Originalimage.(b) Noisy image.
(c) uUHMT denoising.(d) TAWS denoising.
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(a) Cycle-spindenoising (b) UHMT-spindenoising

(c) TAWS-spindenoising, - (d) TAWS-spindenoising,
Figure5: (a) Cycle-spinthresholddenoising, dB. (b) uUHMT-spindenoising,
dB. (c) TAWS-spindenoising, , dB. (d) TAWS-spindenoising,

dB. SeealsoFigure6.
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(a) Wienerdenoising (b) Cycle-spinthresholddenoising

(c) uHMT-spindenoising (d) TAWS-spindenoising

Figure 6: Magni cations of somedenoisingdrom Figures2 and5. (a) Wienerdenoising. (b)
Cycle-spinthresholddenoising.(c) uHMT-spindenoising.(d) TAWS-spindenoising,
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