IMAGE DENOISING USING ADAPTIVE SUBBAND DECOMPOSITION
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ABSTRACT

In this paper we presenta new image denoisingmethod
basedon adaptve subbanddecomposition(or adaptie
wavelet transform)in which the filter coeficientsare up-
datedaccordingo anLeastMeanSquargLMS) typealgo-
rithm. Adaptive subbanddecompositiorfilter bankshave
the perfectreconstructiorproperty Sincethe adaptie fil-

terbankadjustsitself to the changinginput ervironments
denoisingis more effective comparedo fixed filterbanks.
Simulationexamplesarepresented.

1. INTRODUCTION

In thispaperanew imagedenoisingnethodbasedn adap-
tive subbanddecompositiorfl, 2, 3] is presentedin most
denoisingapplicationsa fixed wavelettransformis usedto
processhe entireimage[4, 5]. However, a typical image
consistof regionswith differentcharacteristicsThe main
ideaof this paperis to usespacevaryingfilterbanksinstead
of fixedwaveletsto procesgheimage.

The concepbf theadaptve filterbanksareintroducedn
[6, 7, 8]. Classicaladaptve predictionconceptsare com-
binedwith the PerfectReconstructiorfrilter Banks(PRFB)
in [1, 2] wherethe key ideais to decorrelatéhe polyphase
componentsf themultichannebtructureby usinganadap-
tive predictor In [1, 2, 3] thesestructuresare usedfor im-
agecodingin which thefilters adaptto the changinginput
conditionsaccordingto an adaptatiorstratgly suchasthe
LeastMeanSquargLMS) algorithm. Sinceadaptve filter-
banksadaptto the changinginput ervironmentsdenoising
is moreeffective comparedo the regularfixedfilterbanks.
Our adaptve filterbanksare basedon polyphasestructures
andthey have the perfectreconstructiorproperty In our
approachthe upperbranclis thelowpasdilteredanddown-
sampledrersionof theoriginal signal,andthelowerbranch
signalis basicallythe adaptve predictionerror. In thetwo
channelfilterbank the the samplesof the lower branchis
adaptvely estimatedusingthe samplesof the lowpassfil-

teredupperbranch.Dueto thisreasonin imageanalysighe
“low-high”, “high-low” and“high-high” subimagesorre-
spondto unpredictablgortionof theimagedatacontaining
edges,noiseetc. Therefore,in flat or slowly varying re-
gionswhateserappearsn highbandsssentiallycorrespond
to noise. Thresholdingis a memorylessoperationand it
doesnottake into accounthe correlationamongneighbor
ing coeficients. Thereforethe datashouldbe correlatedas
muchas possiblebeforethresholding. In this senseadap-
tive subbandlecompositions suitablefor imagedenoising
asit triesto decorrelatenot only the channelsut alsothe
neighboringmagesamples.

In the next sectionwe introducetwo adaptvefilterbanks
that we usein imagedenoising. In Section3, we discuss
several denoisingstrategies, andin Section4, we present
simulationexamples.

2. ADAPTIVE FILTER BANKS

The conceptsof adaptve filtering and subbanddecompo-
sition have beenpreviously usedtogetherby a numberof
researcherfl(]-[13]. Most of the proposecadaptatioral-
gorithmsfor subbanddecompositiorfilter banksconsider
theproblemof systenidentificationandnoiseremoval [10]-
[13]. In theseworks, the adaptve filtering problemis con-
sideredn the subbandiomain.Theissuef efficientcom-
plex or realvaluedfilter designmethodgo increasesubband
domainadaptvefiltering performancés alsoinvestigatedn
[10] in whichthedesignof thefilter banksatisfyingthepre-
specifiedrequirementdor adaptve filtering in subbandss
studied.

The choiceof subbandilter banksaccordingo theinput
signalis alsoconsideredy someresearcherd 4]-[15]. The
maingoalof theseworksis to find thebestwaveletbasisfor
decomposinghe entiredata,andfixed filter bankschosen
accordingo anoptimality criterionareusedthroughouthe
entiredurationor extentof the signalwhereasn this paper
thefilters vary asthe natureof theinputchanges.



Our adaptationschemeis different from the subband
adaptve filter structureswhich performsadaptve filtering
in the subbandg10]- [13]. The adaptatiorschemen our
methodneithertries to estimatean unknovn systemnor
usesafixedfilter bankthroughoutheentiredurationof the
signal. Our scheménherentlyupdateghefilter banksand
finds ideal filters for eachsignal samplewhile preserving
the perfectreconstructiomproperty

In Figure1, z;(n) is the downsampledversionof the
original signal,z(n), thusit consistof theevensampleof
x(n). Similarly, the signalz(n) consistsof the odd sam-
ples.An LMS based-IR predictorof 22 (n) from z; (n) can
beexpressedis

&(n) = w(n)x] (n), 1)

wherex; (n) = [z1(n — N),...,z1(n + M)]T is the ob-
senationvector andw(n) is thevectorof predictorcoefi-
cientswhichis adaptedy theequation

x1(n)e(n)
| x1(n) (1?7

wheretheerrorsignale(n) is givenby

w(n+1) =w(n)+pu 2

e(n) = z2(n) — &2(n). 3)

The PR propertyis presered in this structureaslong as
the sameadaptationalgorithmis usedat the analysisand
the synthesisstages.Sincethe subsignake; (n) aswell as
z;(n) areavailableboth at the encoderandat the decodey
thesynthesistagecanadapthefilter P with thesamdfilter
tap coeficientsw(n) aslong asthe sameadaptatiorstrat-
egy is usedduringtheanalysisandsynthesisThereforeno
sideinformationneedso be transmittedfor perfectrecon-
struction. This is animportantpropertyof thefilterbankin
imagecodingapplicationsproviding low bit rates. In im-
agedenoisingapplicationghis propertyis not that critical
becausadaptvefilter coeficientscanbe storedandreused
duringreconstruction.

A weaknes®f thestructureshavn in Figurel is thatthe
subsignalr; (n) maysuffer from aliasingdueto downsam-
pling. Aliasing affectsthe quality of predictionespecially
when further decompositionver z; (n) are carried out.
In orderto eliminatethis probleman anti-aliasindfiltering
stageis introducedin [2], wherez(n) is lowpassfiltered
by a halfbandfilter of theform H;(z) = 3[1 + 2" A(z?)]
whicharewidely usedin classicaPRfilter bankdesign[9].
With the useof the so-called’'noble identity” [9], the low-
passfiltering operationcanbe carriedout after downsam-
pling asshonnin Figure2.For examplejf H;(z) = 0.25z+
0.5+0.252~1, thenthepolynomial,A(z) = (1+271)/2. In
the filterbank structureof Figure2, the subsignakes (n) is
adaptvely predictedusingthe fastleastsquareslgorithm

from z;(n) which is a lowpassfiltered and downsampled
versionof z (n).

Theabove adaptve PRFBstructuresareextendedo two
dimensionsn aseparablenanner

3. ADAPTIVE DENOISING

In this sectionwe presentour image denoisingalgorithm
which is basedon the strat@yy presentedn [5]. The cor-
ruptedimage X first goesthrougha pyramidlike structure
in which the lowpassfiltered versionof the imageis sub-
tractedfrom theoriginal,andin thisway thehighfrequeng
componeniX g is obtained.Theimage Xy is decomposed
by afilterbankandtheresultingsubimagesrethresholded.
In otherwordsdenoisings performedon X iy insteadof the
corruptedmageX . After Xy is denoisedt is addedo the
lowpassdfilteredimageto obtainthe restoredmage. In this
paperalowpasdilter with a cutoff at7/8 is used.

In our denoisingmethod,the adaptatiorstratgy of the
filterbankpresentedn Sectionll is modifiedto accommo-
datethe edgeswhich may causesomestability problems
duringthe adaptatiomprocess.f anedgeis detectedn the
predictionfilter window thenthe LMS adaptatioris stoped
and a fixed filterbankis used. Oncethe edgeis over then
the LMS adaptationis startedagain. In this way, the con-
vergenceproblemof the LMS algorithmis eliminated.

If amultistagefilterbankis usedin imagedecomposition
thenin thefirst oneor two decompositiottevelstheadaptie
filterbankis used,andin higherlevelsaregularfixedfilter-
bankis used. In higherlevels the actualdistancebetween
the neighboringpixels increasesand as a result adaptie
predictionis not aseffective aslower decompositiorevels.

4. SSIMULATION STUDIES

Our aim is to comparethe performancenf the adaptve fil-
terbankto fixedfilterbanks.Thereforewe simply performed
a single stagedecompositiorof the corruptedtestimages
and obtainedfour subimages.Thresholdingis performed
ontheseimages.

Considetheimageshavnin Figure3. Thisimageis cor-
ruptedby a zero meanGaussiamoisevariance=10. The
Mean SquareError (MSE) of this imageis 100.4. Cor
ruptedimageshown in Figure4 is analyzedby bothafixed
Daubechieéilter bankandtheadaptve filterbankdescribed
in Sectionll. After regularandadaptve denoisingthe re-
storedimagesare showvn in Figures5 and 6 respectiely.
The meansquareerrorsare30.9and25.6,respectiely. In
both caseghethresholdsare experimentallydeterminedo
provide thelowestpossibleMSEs.
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Figure 1: Analysis and synthesisstagesof the 2-channel
adaptve filter bankstructure.

Figure4: The Corruptedmage(MSE = 100.4).

Figure 2: Adaptivefilter bankstructurewith anantialiasing
filter.

Figure5: Restoredmageusinga fixed filterbank (MSE =
30.9)

Figure3: Theoriginal Image.

Figure 6: Restoredimage using the Adaptive Subband
Decomposition(or Adaptive Wavelet Transform)(MSE =
25.6)



Restoredmagesarealsoevaluatedby bothelectricalen-
gineeringstudentsandordinarypeople.In this case 24 out
of 25 peoplepreferthe imageobtainedby the adaptve fil-
terbank.

Other image restorationexampleswith various noise
varianceevelscanbefoundin
http://wwweebilkent.edu.tr/cetin/addenois.htmlFor ex-
ample,in Image-2(-3) [-4], {-5} 25 (22) [21] {22} out of
25 peoplepreferthe imagerestoredby the adaptie filter-
bank.

In all the testimagesthe adaptve filterbank not only
achieveslower MSE’s comparedo thefixedfilterbanksbut
alsothe adaptvely restoredmagesarevisually betterthan
theimagegestoredyy fixedfilterbanks.

5. CONCLUSIONS

The main contritution of this paperis the useof adaptve
filterbanksinsteadof fixedfilterbanksin denoising.

By replacingthe fixed filterbanksof variousdenoising
schemege.g. [5],[16, 17]) with adaptve filterbanksbetter
imagedenoisingresultscanbe achiesed.

Recentlyit hasbeenshovn thatredundantmagerepre-
sentationsresuperiorto orthogonalor biorthogonaffilter-
banksfor denoisingourpose Adaptive filterbankstructures
describedn Sectionll canbealsoextendedo overcomplete
structuresand adaptve thresholdingdescribedn [18, 16]
canbe also utilized in subimage®obtainedusing adaptve
overcompletalecompositions.
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