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Abstract

Thispaperintroducestheuseof a 2D parametricmotionmodelto reducenoisein image sequences.We estimatewith
a robustmethodan affine motionmodel,accountingfor thedominantimage motion,and thencancelit before applyingan
adaptivespatio-temporal filter. We havecompared theperformanceof several filtering schemesandevaluatedtheinfluence
of themotioncompensationstepon this performance, includingthecomparisonto theuseof a densemotionfield.

We thenapplyon thedenoisedimage sequencea low costschemeto reconstructhigh resolutionimages.Thisschemeis
derivedfroman iterativebackprojectionalgorithm. We again exploit theparametricmotionmodelto keepa goodtrade-off
betweenaccuracyandcomputationtime.
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Résuḿe

Nousintroduisonsl’utilisation d’un mod̀eleparamétriquedemouvement2D pourla restaurationdeséquencesd’images.
A l’aide d’un estimateurrobuste, nousestimonslesparamètresd’un mod̀eledemouvementaffinerepŕesentantle mouvement
dominantdansl’image. Nousle compensonsavantd’appliquerun filtre spatio-temporel adaptatif. Nousavonscompaŕe les
performancesdeplusieursschémasdefiltrageetévalúe l’influencedela compensationdemouvementsurleursperformances.
En particulier, nousavonscompaŕe l’efficacit́e d’un mod̀eleparamétriqueaveccelled’un champdedéplacementdense.

Nousappliquonsensuitesur la séquenced’imagesdébruit́eesun schémade reconstructiond’imageshauterésolution
à faible coût de calcul. Ce schémaest dérivé d’un algorithmede rétro-projection itérative. Le mod̀ele paramétrique de
mouvementestà nouveauexploitéafin degarder unboncompromisentre la précisiondesrésultatset le tempsdecalcul.

Mots-clé: restaurationdeséquencesd’images,mod̀eleparamétriquedemouvement2D, super-résolution

1 Intr oduction

Imagesequencesaredegradedby the resolutionlossdue to the downsampling(not meetingthe Nyquist criterion) of the
imagesandto the integrationover sensorarea. However, the knowledgeof subpixel motion canallow oneto reconstruct
high resolutionimagesfrom low resolutionimagesequences.An overview of proposedmethodsfor reconstructinga high
resolutionimagefrom alow resolutionimagesequencecanbefoundin [6]. Somemethodsfor reconstructinghighresolution
imagesequenceshave appearedmorerecently[3, 7]. Oneof thecomputationallysimplestalgorithmwasproposedby Irani
andPeleg andis known asiterative backprojection[12]. However, this methoddoesnot explicitly accountfor thepresence
of noisein imagesequences.Whatever recordingmeansare,digital picturesremainnoisy. They canbe consideredto be
corruptedby a Gaussianwhitenoisewhich is anappropriatemodelfor quantizationandelectronicnoises.

To reducenoisein imagesequences,several temporaland spatio-temporalfiltering schemeshave beenproposed. A
survey canbefoundin [4]. More recently, methodsappearedusingwavelets[24] or PDEs[15]. Whicheverschemeis used,
it is alwayspreferableto first compensatefor apparentmotion in imagesequences,in orderto avoid theblurring of moving
objectsby temporalfiltering. It is alsopreferableto useadaptive techniquesthatwill inhibit filtering wheremotionhasnot
beencompensatedfor accuratelyenough.

Most motion estimatorsusedin thesenoisefiltering schemesuseeither block matchingor denseoptic flow but not
parametricmotion models. Nevertheless,the latter aregoodapproximationsof apparentmotion for a considerablylower



computationtime [20]. Parametricmotionmodelsarethusattractive for spatio-temporalfiltering of imagesequences.The
estimationof onesingleparametricmotionmodelenablesto accountonly for dominantmotion,but residualmotionscanbe
handledefficiently by adaptivefiltering.

Blurring is anothertypeof degradationfrequentlyencounteredin imagesequences.However, settingapartmotionblur,
it canbetreatedasa purelyspatialproblem.

The restorationschemewe proposein this paperconsistsfirst in reducingnoisein an imagesequencevia parametric
motioncompensationandspatio-temporalWienerfiltering. We thenusethis denoisedimagesequenceto constructa better
resolvedimagestill exploiting theestimatedmotionmodel.Thedeblurringis includedin thesuper-resolutionprocess.

In Section2, we presentthemotionestimationprocess.Section3 is devotedto thespatio-temporalWienerfilter, while
Section4 dealswith thesuper-resolutionalgorithm.Section5 containssomeexperimentalresultsandconcludingremarks.

2 Motion estimation usinga 2D parametric model

Thedisplacementbetweentwo imagesis modeledasapolynomialof theimagepoint coordinates:��������	��
���������
whereparametervector � is madeup with thecoefficientsof theconcernedpolynomial, ��
������������ denotespixel location,�� � ���	� standsfor the displacementvector at point � suppliedby the parametricmotion model, and � is a matrix whose
elementsare monomialsof � and � dependingon the chosenmotion model. The most commonlyusedmodel is the 6-
parameteraffinemotionmodel.Its estimationis statedastheminimizationof thefollowing robustfunctionasintroducedand
describedin [20]: � ����� �
"!#%$�&�')( *�+-,/. ���102�43%�657���98 *�+ �����;: (1)

where< is thepixel grid, *�+ ���	� and *�+-,/. ����� standfor theintensityatpixel location � in images= and = 02> respectively, and' is a non-quadraticrobustpenaltyfunction.
This minimization is achieved within an incrementalGauss-Newton-typemultiresolutionprocedure. At eachstep,a

linearizationof theargumentof ' is performedaroundthecurrentestimate?� , yieldingthefollowing functionto beminimized
with respectto motionparameterincrement@ � :�BA � @ ��C ?�D��
 !#%$�& ' E * +-,/. ���102�43%�65 ?���F8 * + ������0HG * +-,/. ���I0J�43��65 ?�D� � �43%�65 @ �LK (2)

where G * denotesthespatialintensitygradient.
Theuseof arobustestimatorallowsusto correctlyestimatethedominantmotionwhichis oftendueto cameramovement,

evenin presenceof secondarymotions(dueto moving objectsin thescene).Themultiresolutionschemesolvestheproblem
of largemotionmagnitude.At eachinstantof thesequence,a low-passpyramidof imagesis built from original images*�+ .At eachpyramidlevel, parameterestimate?� is providedby theprojectionof thetotalparameterestimateobtainedatprevious
level, anda new increment@ � is iteratively obtainedusinganiteratedreweightedleastsquaretechnique.Thefinal estimate
obtainedat finestresolutionis denotedas M� +-,N.+ .

Fromtheestimatedmotionmodel,we cancomputea warpedimagefrom time = 0O> to = denotedM* +�,/.+ ���	� �
 *�+-,/. ���P0�43%�65 M� +-,N.+ � usingbilinearinterpolation,since�/0Q�43��65 M� +-,N.+ is likely not to haveintegercoordinates.Invertingthemodel,we
canalsocomputeM* +SRT.+ ����� �
 * +SRU. ���I0J�43%�65WV� +XRU.+ � where V� +SRT.+ standsfor the“inverse”of M� ++SRU. .To evaluatetheperformanceof theuseof thisparametricmotionmodelcomparedto theoneof anestimateddensemotion
field, we alsoconsiderin thefollowing thedenseopticflow methoddescribedin [19].

3 Spatio-temporal filtering

Amongthedifferentnoisereductionmethods,spatio-temporalWienerfiltering providesa goodtrade-off betweenefficiency
andcomputationtime. A first attemptbasedontheuseof localstatisticswasproposedin [23]. In [21] aWienerfilter explicitly
computingthe correlationbetweenframeswaspresented.Kokaramproposeda simplificationusinga 3D DiscreteFourier
Transform(DFT) [14]. Finally, in [2], Boo andBoseuseanorthogonaltransformandcanthenreducethe3D problemin a
setof 2D problems.In thefollowing, we alsoevaluatea methodbasedon anadaptive weightedaverage[22]. This method,
contraryto theotherswehaveconsideredis notbasedon Wienerfiltering.



3.1 Problemmodeling

Theblurring is modeledby ashift-invariantlinearoperatorandthenoiseis supposedto beadditivewhiteGaussian.For each
degradedimage,wecanwrite :

*�+ �ZY%�\[S��
]��^ +`_IaL+ �b�ZYc��[S��0Jd + ��Yc��[S� (3)

where:e * + ��Yc�\[D� standsfor theintensityof thepixel of spatialcoordinates��Yc��[S� of the =UfZg frameof theobservedsequence;e aL+ �ZY%�\[S� standsfor theintensityof thepixel of spatialcoordinates��Yc��[S� of the = fZg frameof theoriginal sequence;eJd + �ZY%�\[S� standsfor theadditivenoisefor the =UfZg frame;eh^ + ��Yc��[S� standsfor thePointSpreadFunction(PSF)for the =UfZg frame;e _ standsfor convolutionproduct.

This linearsystemcanberewrittenusingamatrix formulation:

* + 

�
+ a + 0id + (4)

where*�+ � a-+ and d + arelexicographicallyorderedvectors[1]. Let usnotethatin ourmodel,thePSFcoulddependonframe.
In practice,weassumeit is constantin thewholesequence.

For a j -framesequence,we canwrite:
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Themodelcanthenberewrittenwith only oneequation:

* 

�
a 0Jd (6)

3.2 Wiener filtering

The Wiener filter is a linear estimatorthat minimizesthe meansquareerror betweenthe filtered and original sequence,
assumingknowledgeof thecovariancematricesof thenoiseandtheoriginal imagesequence.Theestimate Ma is givenby :Ma 
y z

� � � � y z � � 0Jy|{�� RU. * (7)

where y z et y { arerespectively theimagesequencecovariancematrix andthenoisecovariancematrix. We work on signals
whosemeanhasbeensubtracted.Covarianceis thenequivalentto correlation.For animagesequence,wecomputethemean
of eachimageandnotof thegroupof frames.Filtering will thusberobustto globalintensityvariations.

If we denote} 
 � a thevectorrepresentinga non-noisyblurredsequenceand y ~ its autocorrelationmatrix,we have:Ma 

� RU. y ~ �Zy ~ 02y){�� RU. * (8)

assuming

�
invertible.

This formulationemphasizesthattherestorationprocesscanbeviewedasanoisereductionstep,whosegainis y ~���y|~T0y { � RU. , followedby a deblurringstep(

� RU. ). The inversionof

�
beingusuallyimpossible,we shallusefor thedeblurring

stepa regularizationschemesuchastruncatedsingularvaluedecompositionor regularizationvia truncatediterations[16].
As alreadynoted,theWienerfilter requirestheknowledgeof thecovariancematrix of theoriginal imageor of thenon-

noisy blurred imagesequence.This covariancematrix could be consideredasknown a priori andvalid for a wide range
of images[1]. But, in the caseof adaptive filtering, we canuseergodicpropertyto computesuchan informationfrom the
sequenceitself. As a matterof fact,we canformulatetheexpressionof theWienerfilter in termsof thecovariancematrix of
theobservedimagesequence.Assumingnoiseandsignaldecorrelated,we canrewrite equation(8) asfollows:Ma 


� RT. ��y��|8�y { ��y RT.� * (9)



wherey)� and y { arecovariancematricesof theobservedsequenceandnoiserespectively. In practice,matrix y��F8�y { could
havenegativevalues.They aresetto zerosinceimageintensityis alwayspositive.

Noisevariancecanbeestimatedby theintensityvariancein uniformareasof animage[1]. Anyway, acoarseapproxima-
tion is sufficientbecauseit is nota verysensitiveparameterfor thequalityof therestorationresults.

We havestill to estimateandinvertcovariancematrix y � . This matrixhasthefollowing form:

y���
O� ( *D* � :U
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p qqqqqqqs (10)

For imagesof size ���i� , this matrix hassize j�� � ��j�� � . The estimationandthe inversionof this matrix are
computationallyheavy.

Nevertheless,if theframesareassumedtobestationary, thecovariancematricesof eachframe � ( *��b* �� : areblock-Toeplitz.
They canbeapproximatedby circulantmatriceswhichcanbediagonalizedby 2D DFT [9]. In thiscase,thematrix inversion
canbe determinedby the inversionof � � matricesof size j���j [21]. However, with this method,we have to calculate
the spectralpower densityof eachframeaswell asthe inter-framepower spectraldensity. The resultsaresensitive to the
estimationof thesequantities.

Moreover, thestructureof matrix y)� shows thattheuseof a purelyspatialfilter on eachframeis largely suboptimal.An
independentrestorationof eachframeimplicitly assumesthatnon-diagonalblocksarenull; in otherwords,thattheframesof
thesequencearedecorellated.Thishypothesisis obviouslywrong.

Therefore,wehaveconsideredthreeothermethodsthatwearenow describing.All thesemethodsareadaptive,involving
local computationon limited spatialsupportsandshort temporalwindows. We thusaccountfor spatialnon-stationarities
(edges)andtemporalonesdueto moving objects.

Thefirst approachis ageneralizationof Leefilter to threedimensions[17]. It consistsin usinglocalstatisticsaroundeach
pixel. Themeanandvariancearecomputedusinga cubeof size �����40O>	� � ���-�P0>	� � ���-��0O>	� . Thelocal meanis defined
as:

�i��� � 
 >������0O>	�W�����I0O>	�W���L�P0�>�� � ,��!��� � R�� ��,��!��� �bR�� +-,T !¡ � +SR6  * ¡ ��¢���£�� (11)

Thevarianceis similarly definedas:¤ �Z� � 
 >���b��0�>��b�����I0O>	�W���-�P0O>	� � ,6�!��� � R¥� ��,��!�r� �bR�� +-,� !¡ � +SR�  � * ¡ ��¢���£��N8 �i�Z� � �
�

(12)

And for eachpixel, thefilter gainis givenby : � �Z� � 
 ¤ �Z� � 8§¦ �{¤ ��� � (13)

where ¦ �{ is thenoisevariance.

Thesecondapproachcomputesthefilter in theFourierdomain[14]. If we assumey � to beToeplitz,thatis if:� ( * � * � :T
�� ( * ��,/. * � ,/. : (14)

the matrix can be diagonalizedby a 3D DFT technique. Then, the inversionsimply consistsin computing j�� � scalar
divisionsin thefrequency domain.Theexploitationof Hermitiansymmetriesallowsusto divide this numberby two.

Thevarianceof theimagesequenceis estimatedfrom thepowerspectraldensity. Thefilter gainis givenby :¨ �ª© . ��© � ��© � �«
¬ � ��© . �®© � ��© � �N8�¦ �{¬ � �ª© . �®© � ��© � � (15)



where ¬ ��© . ��© � ��© � � is the3D DFT of thegroupof observedframes.
Theestimateis givenby : Ma + �ZY%�\[S��
°¯ RU.¥± ¨ ��© . �®© � ��© � � ¬ �ª© . �®© � ��© � �®² (16)

wherē RU. denotestheinverse3D DFT.
Thepowerspectraldensityis anappropriateestimateof thevarianceonly if thesignalis stationary. This is not trueonthe

whole image.However, this canbeverifiedon smallblocks. Therefore,we processthesignalon smalloverlappingblocks.
Theblocksoverlapfrom half their horizontalandverticaldimensions.A Hammingwindow is thenappliedsothat thefinal
weightat eachpixel is unitary. Furthermore,theHammingwindow permitsa betterestimationof thepowerspectraldensity.
This filter canbeviewedasa3D extensionof theLim filter [18].

Analyzingtheformulaof thegainfor thetwo describedmethods,wecanpointout thatthey arerobustto motioncompen-
sationerrors.If motionis not accuratelycompensated,thevarianceof theimagesequencebecomesgreaterthanthevariance
of thenoiseandthegaingetscloseto one.

The third approachwasfirst usedby Boo andBose[2]. It assumesthat spatialandtemporalcomponentsaresepara-
ble, which is a reasonablehypothesis[5]. From this hypothesis,Boo andBosedemonstratedthe following theorem: For
a temporally stationarygroup of frameswhich is corruptedby interframeuncorrelatednoise, there exists an orthogonal
transformsuch that the3D Wienerfilter canbedecorrelatedinto a setof 2D Wienerfilters. Thisorthogonaltransformis the
Karhunen-Loevetransform.

In practice,we usethe DiscreteCosineTransform(DCT) asan approximationto the Karhunen-Loeve transform. We
thenapplya 2D Leefilter on eachtransformedimage.This approachis a generalizationto imagesequencesof theHunt and
Küblermethodfor multispectralimages[11].

The3D DCT suppliesa transformedimagewhich is themeanof thegroupof framesandotheroneswhich aredifference
images. The latter areuniform except in somelocationswherethe motion hasnot beencompensatedaccuratelyenough.
Temporalnonstationaritiesthusbecomespatialnonstationaritiesof thetransformedimagesandcanbehandledefficiently by
theadaptive2D filter.

It appearsthatthereexistsa link betweenthelast two approaches.As a matterof fact,the3D DFT canbeconsideredas
anorthogonaltransformapproachingtheKarhunen-Loevetransform.

3.3 Adaptiveweightedaveraging

For comparisonpurpose,we alsousedan Adaptive WeightedAveraging(AWA) method,which wasfirst describedin [22].
Theintensityestimateat imagelocation ��Yc��[S� for the =UfZg imageis givenby :Ma + ��Yc��[S��
 !3 � � � � � 5 $-³ ���r���%�S��£�� * +SR � ��Y�8´���\[�8§�-� (17)

whereµ is thefilter supportandwhere���¶�/���S�%£��«
 ·>¸0J¹ maxº	» � � ± *�+ ��Yc��[S�N8 *�+SR � �ZY/8´���\[�8§�-�®² �W¼ (18)

¹ and » areparametersof thefilter. · is a normalizingconstant.
Thecontribution of a pixel in theaverageis reducedasa functionof themismatchbetweenits valueandtheoneof the

consideredpixel ��Yc��[S� . This avoidstheblurring of edgesandof moving areas.The ¹ parametertunesthis decrease.The » �
parameteraccountsfor thenoise:its valueis typically setto twice thenoisevariance.

4 Super-resolution

Oncethesequencehasbeenfilteredfrom noise,we canapplythesuper-resolutionprocess.
We now assumethat thesequenceoriginatesfrom a singlehigh resolutionimage ½ . Eachobservedimage *�+ is viewed

astheresultof ageometricalwarping
¨ + (relatedto theimagemotion)of theimage½ . Thewarpedimageis thenconvolved



by a shift-invariantPointSpreadFunction(PSF) ^ andfinally downsampled.We denote¾ thedownsamplingoperator. We
canthenwrite :

* + 
 ¾À¿ ^ ¿ ¨ + � ½ � (19)

Theblockdiagramof thealgorithmwehavedesignedfor super-resolutionis outlinedin Figure1.
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Figure 1 – Bloc k diagram of the super -resolution algorithm

In the following, we denote M½ � the estimateof the super-resolved imageat iteration ¢ . A first estimate½ . of the high
resolutionimageis givenby spatialinterpolationof *D. thefirst imageof thesequence.Weusecubicconvolutioninterpolation
at this early step [13]. Before starting the iterations,the forward ( � +-,/.+ ) and backward ( � ++�,/. ) motion modelsbetween
successive frameshavebeenestimatedfor the j framesof thesequence�®>`Ê = Ê j 8h>�� . ThePSFof theimagingsystem
is supposedto beknown.

In the “simulation step” (seeFigure1), we warp, blur anddownsamplethe high-resolutionestimateto get an estimateMa � 
 ¾�¿ ^ ¿ ¨ � � ½ � � of thecurrentimage * � of the low resolutionsequence.Thewarpingis performedaccordingto the
estimatedmotion model. For convenience,the super-resolved imageis supposedto be reconstructedin the sameframeas
the first imageof the sequence.Thereforewe have to estimatethe displacement

�� ��ËÌ betweenthe first andcurrentframe
of the sequence.This displacementis updatedat eachiteration

�� ��ËÌ ������
 �� ��ËÌ�Í Ë ���	��0 �� � Ì�Í ËÌ ����0 �� ��ËÌ�Í Ë ���	��� . The warped

imageat eachposition � is givenby M½`Î� �����«
 M½ � ���10 �� �cËÌ ���	��� usingbilinearinterpolation.Thiswarpedimageis blurredand

downsampledto get Ma � .Theerror * � 8 Ma � betweenthis low-resolutionestimateandthecurrentimageis then“backprojected”(seeFigure1) and
addedto thehigh-resolutionestimatein orderto improveit. We performthesameprocessfor eachimageof thesequence.In
thebackprojectionstep,thedisplacementfield usedfor motioncompensationis

�� � ÌË �����«
 �� � ÌcÍ ËË �����È0 �� � ÌÌ�Í Ë ���F0 �� � ÌcÍ ËË �����®� .
Thewholeprocesscanbeiteratedseveraltimesover theconsideredsequence.
Thisalgorithmis similar to theiterativebackprojectionmethodproposedby Irani andPeleg[12]. However, in theprocess

of backprojection,we backwarpa spatiallyinterpolatederrorimageinsteadof computingtheso-calledreceptivefield (in ½ )
of thelow resolutionpixel. Anotherdifferenceis thatthehigh resolutionestimateis updatedfor eachframeandnot afterone
passof thesequence.

A high resolutionimagesequencecanbeobtainedby repeatingthisprocesswith successivereferenceimages.

5 Experimental results

Our goalwasto validatethe useof 2D parametricmotion modelwith simplenoisereductionmethods.Therefore,we first
usedit in combinationwith a temporalaveragingfilter [10].



We considerimagetriplets Ï M* +SRT.+ � * + � M* +-,N.+ Ð obtainedby warpingonto thecentralimage = its two neighboringimages= 8H> and = 0O> . We thenperformfiltering over this three-frametemporalwindow.
We reporton Figure2 resultsobtainedon an imagesequencewhich involvesmoving objectsin the foregroundanda

panningmotion of the camera.We artificially addedGaussiannoiseof variance200. Without motion compensation,the
wholefiltered imageis blurred. After parametricmotioncompensation,we observe that thebackgroundis well filteredbut
moving objectsin the foregroundarestill blurred. We canthuspoint out thatmotioncompensationcanreducetheblurring
inducedby thefiltering, but thatwehaveto introducerobustnessto motioncompensationerror. This is donewith theadaptive
filters describedin Section3. We havereportedtheresultsfor thespatio-temporalWienerfilter computedwith a 3D DFT. In
this case,thetemporalpartof thefiltering is inhibitedwhenthetruemotionis not accuratelyestimated.Thenoisereduction
is still ensuredby spatialcomponentsof thefilter.

Wehavethendeterminedtheinfluenceof thequalityof motionestimationonthefiltering performance.Wehaveevaluated
thequalityof thefilteredimagesby measuringtheSignal-to-NoiseRatioimprovementdefinedasfollows :

y"
Ñ> x�Ò�Ó�Ô .;Õ
Ö ��� � ± * ��Yc�\[D�N8 a ��Yc�\[D� ² �Ö �Z� � ± Ma ��Yc��[S�98 a ��Yc��[S� ² �

�Z×DØ�� (20)

Resultsfor two sequencesarereportedonFigure3. Wecanpointout thatthemotioncompensationsteplargely improves
the performanceof the spatio-temporalfiltering andthat theuseof a parametricmotionmodelgivesvery similar resultsto
thosecorrespondingto a densemotionfield while leadingto a quite lower CPUload. In theparticularcaseof thecalendar
sequence,thedominantmotionbeingdueto theglobalpanningmotionof thecamera,a parametricmotionmodelcaneven
give betterresults.Furthermore,theresultson the interview sequenceshow thatthe3D DFT filter is lesssensitive to motion
estimationerrorsthantheBooandBosefilter, sincetheSNRIdecreasesrapidly for thenon-compensatedversionof this latter
filter asthemotiongoesmoreimportant.

Figure4 shows the resultsof the differentfilters usedin combinationwith a 6-parametermotion modelestimator. We
observe that Lee 3D filter hasa ratherpoor behavior on edges.We have finally adoptedthe 3D DFT Wienerfilter which
suppliesthebestresultsin termsof restorationquality andcomputationalcost.Let usstressthatthis 3D DFT filter preserves
thefine detailsof thetreetrunk in thebackground.Theseresultsareconfirmedby resultson anothersequencereportedon
Figure5, andby otherexperimentscarriedout on realnoisyinfraredaerialimagesequences.

Resultsof thedenoisingandsuper-resolutionschemearereportedonFigure7. Thesequencewasdegradedby anadditive
Gaussiannoiseof varianceequalto 100. We considereda 6-parametermotion model. Resultsof the denoising(Figure6)
demonstratethat thenoiseis well reducedby Wienerfiltering without introducingblur. Moreover, we canpoint out that the
super-resolutionalgorithmproducesbetterquality images(Figure7.b,7.d), i.e. moreaccurate,with moredetailsandmore
contrasts,thanspatialinterpolationof therestoredlow resolutionsequence(Figure7.a,7.c). Notefor examplethat thepath
in thebottomright corner, which wasindistinguishableon thenoisyimagesbecomesvisible afterprocessing.Furthermore,
thecomputationtime is very low. A Ù >	� �QÙ >�� imagecanbeobtainedfrom anoisysequenceof tennoisy � Ù�Ú4� � Ù-Ú images
in abouttensecondson aSunUltra 60at 360Mhz.

6 Conclusion

We madeacomparativestudyof severaladaptivespatio-temporalfilters for noisereductionin imagesequences.Thesefilters
have beenappliedto imagesequenceswhich arecompensatedfor the apparentmotion beforehand.The useof parametric
motion modelsproved to be efficient comparedto a densemotion field estimator. It suppliesquite satisfactoryrestoration
quality for low computationtime.

Thefilters thatwe comparedwerebasedonanadaptiveweightedaveragingor on theminimizationof meansquareerror.
Thesetechniquesarecomputationallyefficient andeasilytunable.Our preferredmethodis thespatio-temporalWienerfilter
computedvia 3D DFT becauseof its ability to preservefine details.

Thenoisereductionfilter wasthenconsideredasa preprocessingstepfor a super-resolutionalgorithmderivedfrom the
iterative backprojectionmethod.In thesuper-resolutionstep,theparametricmotionmodelis exploitedagainto keepa good
trade-off betweenaccuracy andcomputationtime.
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Figure 2 – (a) one image from the original image sequence , (b) one image from the noisy image sequence ,
(c) direct temporal averaging, (d) motion compensated temporal averaging (6-parameter model), (e) direct
spatio-temporal Wiener filter computed with 3D DFT technique , (f) motion compensated spatio-temporal
Wiener filter computed with 3D DFT technique
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Figure 3 – Influence of motion compensation on the filtering results for (a and c) 3D DFT filter , (b and d)
Boo and Bose filter . NC holds for “no motion compensation”, CDF for “compensation with a dense motion
field”, and CPM is for “compensation with an affine parametric motion model”.
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Figure 4 – (a) one image from the original image sequence , (b) one image from the noisy image sequence
with noise variance equal to 200, filtering results using (c) 3D Lee filter , (d) AWA filter , (e) Boo and Bose
filter , (f) the 3D DFT spatio-temporal filter .
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Figure 5 – (a) one image from the original image sequence , (b) one image from the noisy image sequence
with noise variance equal to 100, filtering results using (c) 3D Lee filter , (d) AWA filter , (e) Boo and Bose
filter , (f) the 3D DFT spatio-temporal filter .
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Figure 6 – (a) one image from the image sequence corrupted with Gaussian white noise of variance equal
to 200, (b) image 6.a filtered with the 3D DFT Wiener filter , (c) one image from the image sequence cor -
rupted with Gaussian white noise of variance equal to 200 and blurred with Gaussian mask of size Ùt�BÙ ,
(d) image 6.c filtered with the 3D DFT Wiener filter
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Figure 7 – (a) image 6.b interpolated using cubic interpolation, (b) super -resolved image estimated us-
ing the denoised ten-frame sequence whose fir st image is given in 6.b, (c) image 6.d interpolated and
deblurred, (d) super -resolved image estimated using the denoised ten-frame sequence of 6.d


