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ABSTRACT

Imagerestorationhas beenextensvely studiedin the
past. But multi-image basedrestoration/compoundingg
still surprisinglyprimitive. It usually startswith weighted
averagingof the multiple imagesfollowedby single-image
basedestoratiormethodswhich discardghe abundantin-
formation hinted in the multiple imagesthat can help the
restorationprocess. In this paper we utilize the fact that
theimagesarecorruptedby independenhoiseanddesigna
new independenceneasuremerttasedon the propertiesof
independentandomvariables Thenew independencmea-
surementanbeef ciently evaluatedandimposedasanen-
ergy terminto thetraditionalMaximuma Posteriori(MAP)
framawork, compensatingp thegeneratie modelsof signal
andnoise. It caneffectively preventthe signalfrom being
smoothedut asnoiseandhencedramaticallyimprove the
restoratiorguality androbustnessespeciallywhenaccurate
noise/signamodelsaredif cult to obtain. Experimenton
realmedicalimagesshav very promisingresults.

1. INTRODUCTION

Extensve researcthasbeenconductedto improve image
gualitybasednasingleimage.Usually, thenoiseonneigh-
boring pixels is independentind hencecan be easily re-
ducedby alow-passlter . Butthis Iter alsoblursthesharp
edgesin theimage. To presere the high frequeng signal
in theimage,e.g. edgesor corners prior knowledgehasto
be usedto discriminatethe signalfrom the noise. Various
methodsare proposedo modelthe high frequeng signal
in images,e.g. edgemodellingbasedon Markov Random
Field [3] or quadraticsignalclass[5]. Thedif culties arise
from the factthataccuratemodellingof varioussignaland
noiseis usuallyvery hardif notimpossible.

Multiple imagescan be obtainedin somecasego fur-
ther improve imaging quality, which is also called image
compounding6, 7]. For example,in ultrasoundB-scans,
we cangeneratemultiple imagesof the sametissueusing
differentfrequeng ultrasound.The specklenoiseson dif-
ferentimagesare provedto beindependenf7, 9]. Thisis
differentfrom the traditional multiple-imagebasedsuper
resolutiontechniqued4]. In imagecompoundingtheim-
ageshave the sameunderlyingsignal but are corruptedby

independennoise. The multiple imagesdo not provide
moreinformationfor supefresolutiorbut helpreducingnoise.
This topic is muchlessstudiedthanthe singleimagebased
restoratiormethodsandis usuallyhandledwith very simple
weightedaveraging(e.g.[6, 7]), followedby thetraditional
restorationmethodson the averagedimage. This scheme
fails to fully utilize the abundantinformationhintedby the
multiple images,which could be very effective in guiding
theimagerestoratiorprocess.

In this paper we proposea novel techniqueto fully uti-
lize themultipleimagesanddramaticallyimprovetherestora-
tion resultswith only a smallnumberof compoundingm-
ageg(e.g.2 or 3images)which s veryimportantwhenwe
cannotafford to scanmary compoundingmagesn reality.
Themainideais to fully exploit theindependengbetween
the noiseon differentimages. Independencanalysishas
beenwidely usedin mary differentapplicationg?2], but it
is rarelyseerin imagerestorationWe proposeo utilize this
constrainto reducethepossibilityof misclassifyinghesig-
nal asnoiseandhencepreserethe sharpedgesandcorners
without accuratanodellingof them. This methodis robust
evenwhenwe have spatialvariantnoiseandinaccuratesig-
nal/noisemodels. It is extremelyusefulfor medicalimag-
ing, wherethe noisecould be non-stationaryanddependent
ontheunderlyingstructures.

The restof the paperis organizedasfollows. In Sec-
tion 2, the detailedstepsof our compoundingechniqueare
explained. In Section3, we reportvery promisingresults
in compoundingsomereal medicalimages. Conclusionis
givenin Sectiord.

2. IMA GE COMPOUNDING UNDER
INDEPENDENCE CONSTRAINT

To illustratethe compoundingalgorithm,we startwith two
images(it will be extendedto handlemoreimagesin sub-
section2.3). Let's assuméawo images have thesame
underlyingsignal (for simplicity, no motion or registra-
tion areconsideredn this paper)but arecorruptedoy inde-
pendenhoise ,i.e. and .
Weightedaveragingis widely usedto estimatethe true
signal. Assuming and  arezeromeanandhave the
samevariance,we have . But a detailed



studycanshaow the problemof this schemelf isthetrue
signal,thenoisesare: and . We
canseethatthetwo noisecomponentaretotally correlated
(i.e. ), whichis contradictedo the
truththat and areindependentOnly whenwe have
alargenumberof imagestheweightedaveragingbecomes
moreaccurateandtheresidualerror ~ moreindependent.
From this exampleof compoundingwo images,it canbe
easilyseerthat,eventhoughwidely used simpleaveraging
is notanoptimalway to combinethe multiple images.

To bettercompoundhe multiple imageswe proposeo
enforcethe independeng betweenthe noise components.
The intuition is simple. If the estimationof the signalis
wrong,theerror(i.e. ) will beuniformly addecdto the
residualerrors(i.e. ) onall imagesand
increaseshe dependeng betweenthem. By enforcingthe
independenceonstraintwe canpreventmisclassifyingthe
signalasnoiseandhenceachieve betterrestoratiorresult.

In this section,we rst explain thelimitation of thetra-
ditional MAP basedimage restorationmethod. Then an
ef cient measuremendf the independengis designedor
the traditional enegy minimization framework to enforce
noiseindependeng An iterative minimizationmethodcan
beusedto nd theoptimalrestoratiorresult.

2.1. Traditional MAP imagerestoration

In thetraditional MAP estimationbasedmagerestoration,
generatie modelsare used. It assumeghat we have the
probabilitydistributionmodelsof bothnoiseandsignal. Then
aMAP estimatiorcanbeobtained It canbeeasilyextended

to multipleimages With theassumptiothat and are
independentye have:

1)
wherec is anormalizationconstant. and arethe

prior noise/signamodelsrespectiely. Basedon Gaussian
noisemodellingandsmoothsignalconstraintwe cande ne
thecostfunction asfollows:

(2)

where is the averageintensity of the neighborhood.The

rst two termsenforcethatthe estimatedmageshouldiook

like the obsenedimages. The 3rd term modelsthe signal
propertyandpreferssmoothsignal. Many studieshasbeen
focusedon the signalmodelling basedon differentenegy
functions[3, 5]. The MAP estimationcanbe obtainediter-

atively basedn the derivative of

— (3)

Becausghe isunknovnandhasto beestimatedased
on the solutionon previousiteration. We canusetheitera-
tive minimizationprocess:

(4)

where . This leadsdi-
rectlyto thetraditionalaveragingand Itering schemeThis
schemeis the optimal solutionif all the assumptionare
right andwe have very accuratesignal/noisenodels.

However, in reality, obtainingaccurateprior modelsis
very dif cult if notimpossible. For example,we cansee
that in the CT imageshawvn in Fig. 1 (a), thereis non-
isotropicnoisewhich is very hardto be distinguishedrom
the edgeor lines. In ultrasoundthe specklenoiseis non-
stationaryand dependenbn the underlyingstructuresand
sub-resolutiorscatterers Consideringall this, this genera-
tivemodelbasednethodcannotprovide satishctoryresults.

Onthe otherhand,the prior knowledgeof theindepen-
dencebetweenthe noises,eventhoughusedin the deriva-
tion of the MAP framework, is never enforcedin the opti-
mization. In fact,this knowledgecanbevery helpfulin dis-
tinguishingthesignalandthenoise.To shawv therobustness
and effectivenessof the independennoise constraint,we
imposeit with the simple smoothsignalmodeland Gaus-
siannoisemodelin our experimentsandstill achieve sur
prisingly sharpcompoundingesults.

2.2. Independentnoiseconstraint

Whenonly asingleimageis available theonly thingwe can
dois to rely on someassumptionandthe prior noise/signal
modelsasin the traditional MAP framework. However,
when multiple imagesof the samesceneare available, av-
eragingthe imagesfollowed by the traditional restoration
methodswon't give us the optimal solutionbecauset ig-
noresthe abundantinformationin the correlationbetween
differentimages.

As we have pointedout, in real-world applications,it
is almostimpossibleto obtainvery accuratemodelsof all
thepossiblesignalandnoise.If we haveinaccuratenodels,
it will be re ected in the restoredimage , which ideally
shouldbe equalto the true signal . Therestorationerror
(i.e. ) will appeaiin all theresidualerrors:

(5)

Becausdhe is commonfor all theimagesthe
correlationbetweerntheresidualerrorswill increasevith the
restoratiorerror. Sotheindependengbetweertheresidual
errorsprovidesan elegantway for usto detectandcorrect
therestoratiorerrorcausedy invalid assumptionsr inac-
curatesignal/noisemodels.



However, the strict independeng (i.e.
) is very expensve to evaluate[1]. Sowe pro-
poseto rely on oneof theimportantpropertiesof theinde-
pendentandomvariables:

(6)

where and areary kind of functionsof and
respectiely. is theexpectatiorvalue.

If we choose and , thein-

dependenhoiseconstraintis reducedo uncorrelatedhoise
constraint. When the noiseis Gaussiandistributed, they
are equivalent. In our experiment,we use this approxi-
matedconstraininsteadf enforcingrealindependengand
achieve very goodresults.More complex or (e.0.
higher ordermoments)can be usedfor more accurateap-
proximationof independenceonstraintf necessary

2.3. Multiple imagecompounding

As we have explainedin previous sectionswe shouldex-
plicitly enforcetheindependencéetweerthe noisesto re-
ducethe restorationerrors causedby the invalid assump-
tions or inaccuratesignal/noisemodels.We proposeo use
thetraditionalenegy minimizationframework, with anad-
ditional enegy term derived from Eq. (6). The new en-
ergy termregularizingtheindependenceonstrainbetween
the residualerrorsof image and (i.e. and
) canbede ned as:

@)

wherethe is the expectationandcanbe calculatedn a
smallneighborhoode.g.15by 15in our experiments) For
accurag, we couldalsoaddseveraltermsbasedn different
and to bettermeasureheindependeng

For multiple imageswe usethe sumof the pairwisein-
dependengto approximatehejoint independengbetween
the residualerrors. The new objective function with inde-
pendenceonstrainis now de ned as:

8)

To nd the optimal solution, an iterative optimization
processanbeeasilydesignedsimilarto thetraditionalframe-
work shawn in sub-sectior?.1. The detailedderivationis
omitteddueto the space.

3. EXPERIMENTS

To shaw the robustnesof the nev compoundingmethod,
we applyit on somedif cult medicalimageswhereaccu-
ratesignal/noisemodelsarehardto obtain.

Fig. 1. CT imagecompounding

First,a setof threeCT imagesaretested.In the CT im-
agesthenoiseis notisotropicbut looksmorelik e line struc-
tures,while the non-isotrofy canhardly be predicted.The
traditionaledgemodellingcannotistinguishsuchnoisefrom
the signal. We just apply the simple smoothsignalmodel
in the objective functionin Eq. (8) andachieve very good
restoratiorasshavnin Fig. 1 (b). We canseethatthenoise
is dramaticallyremoved while the weak signals(i.e. the
variouscircles) are well presered with sharpboundaries
excepttheveryweakones.

Wealsotestouralgorithmfor ultrasoundrequeng com-
pounding. Threeimagesare scannedusing differentfre-
queng ultrasound. Becausehe acousticsignal hasbeen
taken beforecorvertingto thedisplayimageswe as-
sumethe multiplicative specklenoisein acousticsignalis
now additive andapply our compoundingechniqueto re-
storetheunderlyingsignal. Oneof thethreeoriginalimages
is shavn in Fig. 2 (a). Averagingthethreeimagesdoesnot
reducethe noisedramaticallydue to the small numberof
compoundingmages(asshavn in Fig. 2 (b)).

To apply the adaptive image Itering on the averaged
image themaindif culty isthenon-stationaryoisewhich
is alsodependentnthestructurg8], makingaccuratenod-
elling almostimpossible.We usethe adaptve wiener lter
(with 15 by 15 neighborhood)n matlabfor comparison.
The resultis showvn in Fig. 2 (c). As we cansee,strong
signal can be detectedand presered well. But the weak
featuresare severely blurred while the noiseregion is not
smoothedenough.

Ouralgorithmexploitsthecorrelationdetweertheresid-
ual errorswith the simplenoise/signamodelsasshown in
Eq. (8). Theresultis shavn in Fig. 2 (d). Withouttheinde-
pendenceonstraintthis simplenoise/signaimodellingwill
severelyblur all thestructuresn theimagedueto thelack of
edgemodelling,generatingnuchworse Itering resultthan



(a) One frame

(c) Wiener filter on the averaged image

(b) Averaged image

(d) Our compounding result

Fig. 2. Ultrasoundrequeng compounding

the adaptve Wiener Iter . But with the independenceon-
straint,it preventsmisclassifyingsignalto noise. Theweak
edgesarepreseredmuchbetter while thenoiseregionsare
smoothethanthe adaptve Wiener lter .

4. CONCLUSION

Variousindependencassumptionareassumech traditional
MAP frameworks to factorizethe joint distribution terms,
but never seriouslyinvestigatedand enforcedin the opti-
mizationprocessin this paperwe studythe independeng
betweennoisecomponentsor multiple-imagecompound-
ing. An effective measuremens designedo regularizing
the independeng betweennoisein the traditional genera-
tive model based ltering framework, resultinga new al-
gorithm muchmorerobustto inaccuratesignal/noisemod-
elling. Comparisonswvith sometraditional methods(e.g.
MAP Itering schemeand adaptve Wiener lter) clearly
demonstrat¢he strengthof the newv method.
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