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Imagerestorationhasbeenextensively studiedin the
past. But multi-image basedrestoration/compoundingis
still surprisinglyprimitive. It usuallystartswith weighted
averagingof themultiple imagesfollowedby single-image
basedrestorationmethods,which discardstheabundantin-
formation hinted in the multiple imagesthat canhelp the
restorationprocess. In this paper, we utilize the fact that
theimagesarecorruptedby independentnoiseanddesigna
new independencemeasurementbasedon thepropertiesof
independentrandomvariables.Thenew independencemea-
surementcanbeef�ciently evaluatedandimposedasanen-
ergy terminto thetraditionalMaximumaPosteriori(MAP)
framework,compensatingto thegenerativemodelsof signal
andnoise. It caneffectively prevent thesignalfrom being
smoothedout asnoiseandhencedramaticallyimprove the
restorationqualityandrobustness,especiallywhenaccurate
noise/signalmodelsaredif�cult to obtain. Experimentson
realmedicalimagesshow verypromisingresults.

1. INTRODUCTION

Extensive researchhasbeenconductedto improve image
qualitybasedonasingleimage.Usually, thenoiseonneigh-
boring pixels is independentand hencecan be easily re-
ducedby a low-pass�lter . But this �lter alsoblursthesharp
edgesin the image. To preserve the high frequency signal
in theimage,e.g. edgesor corners,prior knowledgehasto
be usedto discriminatethe signalfrom the noise. Various
methodsareproposedto model the high frequency signal
in images,e.g. edgemodellingbasedon Markov Random
Field [3] or quadraticsignalclass[5]. Thedif�culties arise
from thefact thataccuratemodellingof varioussignaland
noiseis usuallyveryhardif not impossible.

Multiple imagescanbe obtainedin somecasesto fur-
ther improve imaging quality, which is also called image
compounding[6, 7]. For example,in ultrasoundB-scans,
we cangeneratemultiple imagesof the sametissueusing
differentfrequency ultrasound.The specklenoiseson dif-
ferentimagesareproved to be independent[7, 9]. This is
different from the traditionalmultiple-imagebasedsuper-
resolutiontechniques[4]. In imagecompounding,the im-
ageshave the sameunderlyingsignalbut arecorruptedby

independentnoise. The multiple imagesdo not provide
moreinformationfor super-resolutionbuthelpreducingnoise.
This topic is muchlessstudiedthanthesingleimagebased
restorationmethodsandis usuallyhandledwith verysimple
weightedaveraging(e.g.[6, 7]), followedby thetraditional
restorationmethodson the averagedimage. This scheme
fails to fully utilize theabundantinformationhintedby the
multiple images,which could be very effective in guiding
theimagerestorationprocess.

In this paper, we proposea novel techniqueto fully uti-
lize themultipleimagesanddramaticallyimprovetherestora-
tion resultswith only a smallnumberof compoundingim-
ages(e.g.2 or 3 images),which is very importantwhenwe
cannotafford to scanmany compoundingimagesin reality.
Themainideais to fully exploit theindependency between
the noiseon different images. Independenceanalysishas
beenwidely usedin many differentapplications[2], but it
is rarelyseenin imagerestoration.Weproposetoutilize this
constraintto reducethepossibilityof misclassifyingthesig-
nalasnoiseandhencepreservethesharpedgesandcorners
without accuratemodellingof them.This methodis robust
evenwhenwehavespatialvariantnoiseandinaccuratesig-
nal/noisemodels. It is extremelyusefulfor medicalimag-
ing, wherethenoisecouldbenon-stationaryanddependent
on theunderlyingstructures.

The restof the paperis organizedas follows. In Sec-
tion 2, thedetailedstepsof our compoundingtechniqueare
explained. In Section3, we reportvery promisingresults
in compoundingsomereal medicalimages.Conclusionis
givenin Section4.

2. IMA GE COMPOUNDING UNDER
INDEPENDENCE CONSTRAINT

To illustratethecompoundingalgorithm,we startwith two
images(it will be extendedto handlemoreimagesin sub-
section2.3). Let's assumetwo images
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areindependent.Only whenwe have
a largenumberof images,theweightedaveragingbecomes
moreaccurateandtheresidualerror
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From this exampleof compoundingtwo images,it canbe
easilyseenthat,eventhoughwidely used,simpleaveraging
is notanoptimalway to combinethemultiple images.

To bettercompoundthemultiple images,weproposeto
enforcethe independency betweenthe noisecomponents.
The intuition is simple. If the estimationof the signal is
wrong,theerror(i.e. �
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) will beuniformly addedto the
residualerrors(i.e.
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) on all imagesand
increasesthedependency betweenthem. By enforcingthe
independenceconstraint,we canpreventmisclassifyingthe
signalasnoiseandhenceachievebetterrestorationresult.

In this section,we �rst explain thelimitation of thetra-
ditional MAP basedimagerestorationmethod. Then an
ef�cient measurementof the independency is designedfor
the traditional energy minimization framework to enforce
noiseindependency. An iterative minimizationmethodcan
beusedto �nd theoptimalrestorationresult.

2.1. Traditional MAP imagerestoration

In thetraditionalMAP estimationbasedimagerestoration,
generative modelsare used. It assumesthat we have the
probabilitydistributionmodelsof bothnoiseandsignal.Then
aMAP estimationcanbeobtained.It canbeeasilyextended
to multipleimages.With theassumptionthat �
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independent,we have:
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wherec is anormalizationconstant.
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arethe
prior noise/signalmodelsrespectively. Basedon Gaussian
noisemodellingandsmoothsignalconstraint,wecande�ne
thecostfunction 6

�

�

�
�

asfollows:
�

�
	87:9�;=<?>A@CB

D

6

�

�

�
�'	87:9�;:<E>A@)B

DGFIHKJ

�
$

�

�

�&% �
�

���
���

(2)
	87:9�;=<?>A@

B

D

�4L
�

�
���

�

�

�
�

�

�

L
�

�
� �

�

�

�
�

�

�

LNMK�

�

�
�PO

�
�

�

�

where
O
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is theaverageintensityof the neighborhood.The
�rst two termsenforcethattheestimatedimageshouldlook
like the observed images.The 3rd term modelsthe signal
propertyandpreferssmoothsignal.Many studieshasbeen
focusedon the signalmodellingbasedon differentenergy
functions[3, 5]. TheMAP estimationcanbeobtainediter-
atively basedon thederivativeof 6

�

�

�
�

:

Q

6

�

�

�
�

�)*

Q

�

�

	RL
�

�

�

�
�

���
�

�

L
�

�

�

�
�

� �
�

�

LSM:�

�

�
�TO

�
�U	8V

(3)

Becausethe
O

�

is unknownandhasto beestimatedbased
on thesolutionon previousiteration. We canusethe itera-
tiveminimizationprocess:
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. This leadsdi-
rectly to thetraditionalaveragingand�ltering scheme.This
schemeis the optimal solution if all the assumptionsare
right andwehaveveryaccuratesignal/noisemodels.

However, in reality, obtainingaccurateprior modelsis
very dif�cult if not impossible. For example,we cansee
that in the CT imageshown in Fig. 1 (a), there is non-
isotropicnoisewhich is very hardto bedistinguishedfrom
theedgesor lines. In ultrasound,thespecklenoiseis non-
stationaryanddependenton the underlyingstructuresand
sub-resolutionscatterers.Consideringall this, this genera-
tivemodelbasedmethodcannotprovidesatisfactoryresults.

On theotherhand,theprior knowledgeof theindepen-
dencebetweenthe noises,even thoughusedin the deriva-
tion of theMAP framework, is never enforcedin theopti-
mization.In fact,thisknowledgecanbeveryhelpful in dis-
tinguishingthesignalandthenoise.To show therobustness
and effectivenessof the independentnoiseconstraint,we
imposeit with the simplesmoothsignalmodelandGaus-
siannoisemodel in our experimentsandstill achieve sur-
prisinglysharpcompoundingresults.

2.2. Independentnoiseconstraint

Whenonly asingleimageis available,theonly thingwecan
do is to rely onsomeassumptionsandtheprior noise/signal
modelsas in the traditional MAP framework. However,
whenmultiple imagesof thesamesceneareavailable,av-
eragingthe imagesfollowed by the traditional restoration
methodswon't give us the optimal solutionbecauseit ig-
noresthe abundantinformationin the correlationbetween
differentimages.

As we have pointedout, in real-world applications,it
is almostimpossibleto obtainvery accuratemodelsof all
thepossiblesignalandnoise.If wehaveinaccuratemodels,
it will be re�ected in the restoredimage
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, which ideally
shouldbe equalto the true signal � . The restorationerror
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) will appearin all theresidualerrors:
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Becausethe
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is commonfor all the images,the
correlationbetweentheresidualerrorswill increasewith the
restorationerror. Sotheindependency betweentheresidual
errorsprovidesan elegantway for us to detectandcorrect
therestorationerrorcausedby invalid assumptionsor inac-
curatesignal/noisemodels.



However, the strict independency (i.e. h
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) is very expensive to evaluate[1]. Sowe pro-
poseto rely on oneof the importantpropertiesof the inde-
pendentrandomvariables:
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where
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, the in-
dependentnoiseconstraintis reducedto uncorrelatednoise
constraint. When the noise is Gaussiandistributed, they
are equivalent. In our experiment,we use this approxi-
matedconstraintinsteadof enforcingrealindependency and
achieveverygoodresults.More complex

j � �4�

or
j � �4�

(e.g.
higherordermoments)canbe usedfor moreaccurateap-
proximationof independenceconstraintif necessary.

2.3. Multiple imagecompounding

As we have explainedin previous sections,we shouldex-
plicitly enforcethe independencebetweenthenoisesto re-
ducethe restorationerrorscausedby the invalid assump-
tionsor inaccuratesignal/noisemodels.We proposeto use
thetraditionalenergy minimizationframework, with anad-
ditional energy term derived from Eq. (6). The new en-
ergy termregularizingtheindependenceconstraintbetween
the residualerrorsof image
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wherethe
i
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is theexpectationandcanbecalculatedin a
smallneighborhood(e.g.15by 15 in ourexperiments).For
accuracy, wecouldalsoaddseveraltermsbasedondifferent

jg���4�

and
jN�K�4�

to bettermeasuretheindependency.
For multiple images,we usethesumof thepairwisein-

dependency to approximatethejoint independency between
the residualerrors. The new objective function with inde-
pendenceconstraintis now de�ned as:
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To �nd the optimal solution, an iterative optimization
processcanbeeasilydesignedsimilarto thetraditionalframe-
work shown in sub-section2.1. The detailedderivation is
omitteddueto thespace.

3. EXPERIMENTS

To show the robustnessof the new compoundingmethod,
we apply it on somedif�cult medicalimages,whereaccu-
ratesignal/noisemodelsarehardto obtain.

Fig. 1. CT imagecompounding

First,a setof threeCT imagesaretested.In theCT im-
ages,thenoiseis notisotropicbut looksmorelikeline struc-
tures,while thenon-isotropy canhardly bepredicted.The
traditionaledgemodellingcannotdistinguishsuchnoisefrom
the signal. We just apply the simplesmoothsignalmodel
in theobjective function in Eq. (8) andachieve very good
restorationasshown in Fig. 1 (b). Wecanseethatthenoise
is dramaticallyremoved while the weak signals(i.e. the
variouscircles) are well preserved with sharpboundaries
excepttheveryweakones.

Wealsotestouralgorithmfor ultrasoundfrequency com-
pounding. Threeimagesare scannedusing different fre-
quency ultrasound. Becausethe acousticsignal hasbeen
taken xzy

;&�4�

beforeconvertingto thedisplayimages,we as-
sumethe multiplicative specklenoisein acousticsignal is
now additive andapply our compoundingtechniqueto re-
storetheunderlyingsignal.Oneof thethreeoriginal images
is shown in Fig. 2 (a). Averagingthethreeimagesdoesnot
reducethe noisedramaticallydue to the small numberof
compoundingimages(asshown in Fig. 2 (b)).

To apply the adaptive image�ltering on the averaged
image,themaindif�culty is thenon-stationarynoise,which
is alsodependentonthestructure[8], makingaccuratemod-
elling almostimpossible.We usetheadaptive wiener�lter
(with 15 by 15 neighborhood)in matlabfor comparison.
The result is shown in Fig. 2 (c). As we cansee,strong
signal can be detectedand preserved well. But the weak
featuresareseverely blurredwhile the noiseregion is not
smoothedenough.

Ouralgorithmexploitsthecorrelationsbetweentheresid-
ual errorswith thesimplenoise/signalmodelsasshown in
Eq. (8). Theresultis shown in Fig. 2 (d). Without theinde-
pendenceconstraint,thissimplenoise/signalmodellingwill
severelyblurall thestructuresin theimagedueto thelackof
edgemodelling,generatingmuchworse�ltering resultthan



Fig. 2. Ultrasoundfrequency compounding

theadaptive Wiener�lter . But with the independencecon-
straint,it preventsmisclassifyingsignalto noise.Theweak
edgesarepreservedmuchbetter, while thenoiseregionsare
smootherthantheadaptiveWiener�lter .

4. CONCLUSION

Variousindependenceassumptionsareassumedin traditional
MAP frameworks to factorizethe joint distribution terms,
but never seriouslyinvestigatedand enforcedin the opti-
mizationprocess.In this paper, we studytheindependency
betweennoisecomponentsfor multiple-imagecompound-
ing. An effective measurementis designedto regularizing
the independency betweennoisein the traditionalgenera-
tive model based�ltering framework, resultinga new al-
gorithmmuchmorerobust to inaccuratesignal/noisemod-
elling. Comparisonswith sometraditional methods(e.g.
MAP �ltering schemeand adaptive Wiener �lter) clearly
demonstratethestrengthof thenew method.
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