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Abstract

This paperintroduceghe useof a 2D parametricmotionmodelto reducenoisein image sequences\We estimatewith
a robust methodan affine motionmodel,accountingfor the dominantimage motion,and thencancelit befoe applyingan
adaptivespatio-tempaal filter. We havecompaed the performanceof several filtering schemesand evaluatedthe influence
of themotioncompensatiosstepon this performanceincludingthe comparisorto the useof a densamotionfield.

We thenapply on thedenoisedmage sequenca low costschemeto reconstruchigh resolutionimages. This schemeis
derivedfrom an iterative badkprojectionalgorithm. We again exploit the parametricmotionmodelto keepa goodtrade-of
betweeracculacyand computatiortime
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Résuné

Nousintroduisond'utilisation d’'un mockle paramétriquedemouvemen2D pourla restauation deséquences’images.
Al'aide d'un estimateurobuste nousestimondes parametresd’un mockle de mouvemenaffinereprésentante mouvement
dominantdanslimage. Nousle compensonavantd’'appliquer un filtre spatio-tempagl adaptatif Nousavonscompag les
performancesleplusieus schéemasdefiltrage etévalie I'influencedela compensatiodemouvemersurleurs performances.
En particulier, nousavonscompagt I'efficacite d’'un mockle paranmétriqueaveccelled’'un champde déplacementiense

Nousappliquonsensuitesur la sequenced’images débruitesun schémade reconstructiond’images hauterésolution
a faible colt de calcul. Ce schémaest dérivé d'un algorithme de rétro-projection itérative Le mockle paramétrique de
mouvemengsta nouveawexploité afin degarder un boncompomisentre la précisiondesrésultatsetle tempsdecalcul.

Mots-clé: restauntion de sequences’images,mockle paramétriguede mouvemen2D, superrésolution

1 Intr oduction

Image sequencesre degradedby the resolutionloss due to the downsampling(not meetingthe Nyquist criterion) of the
imagesandto the integration over sensorarea. However, the knowledgeof subpixel motion canallow oneto reconstruct
high resolutionimagesfrom low resolutionimagesequencesAn overview of proposednethodsfor reconstructinga high
resolutionimagefrom alow resolutionimagesequenceanbefoundin [6]. Somemethoddor reconstructindnigh resolution
imagesequencebave appearednorerecently[3, 7]. Oneof the computationallysimplestalgorithmwasproposedy Irani
andPeley andis known asiterative backprojectior{12]. However, this methoddoesnot explicitly accountfor the presence
of noisein imagesequencesWhatever recordingmeansare, digital picturesremainnoisy. They canbe consideredo be
corruptedby a Gaussiamwhite noisewhich is anappropriatenodelfor quantizatiorandelectronicnoises.

To reducenoisein image sequencesseveral temporaland spatio-temporafiltering schemesave beenproposed. A
suney canbefoundin [4]. More recently methodsappearedisingwavelets[24] or PDES[15]. Whicherer schemds used,
it is alwayspreferableto first compensatéor apparentnotionin imagesequencesn orderto avoid the blurring of moving
objectsby temporalfiltering. It is alsopreferableto useadaptve techniqueghatwill inhibit filtering wheremotion hasnot
beencompensatetbr accuratelyenough.

Most motion estimatorsusedin thesenoise filtering schemesause either block matchingor denseoptic flow but not
parametricmotion models. Neverthelessthe latter are good approximationsof apparenimotion for a considerablylower



computatiortime [20]. Parametricmotion modelsarethusattractve for spatio-temporafiltering of imagesequencesThe
estimationof onesingleparametrianotionmodelenabledo accountonly for dominantmotion, but residualmotionscanbe
handledefficiently by adaptve filtering.

Blurring is anothertype of degradationfrequentlyencountered imagesequencestHowever, settingapartmotion blur,
it canbetreatedasa purelyspatialproblem.

The restorationschemewe proposein this paperconsistsfirst in reducingnoisein animage sequence/ia parametric
motion compensatiomnd spatio-temporaWienerfiltering. We thenusethis denoisedmagesequencéo constructa better
resohedimagestill exploiting the estimatednotionmodel. The deblurringis includedin the supetresolutionprocess.

In Section2, we presenthe motion estimationprocess.Section3 is devotedto the spatio-temporaWienerfilter, while
Section4 dealswith the supetresolutionalgorithm. Section5 containssomeexperimentaresultsandconcludingremarks.

2 Motion estimationusinga 2D parametric model

Thedisplacemenbetweertwo imagesis modeledasa polynomialof theimagepoint coordinates:
wWe(s) = P(s)6

whereparametewector is madeup with the coeficientsof the concernegolynomial,s = (x,%)” denotesixel location,
Wy (s) standsfor the displacemenvector at point s suppliedby the parametricmotion model, and P is a matrix whose
elementsare monomialsof z andy dependingon the chosenmotion model. The mostcommonlyusedmodelis the 6-
parameteaffine motionmodel. Its estimations statedasthe minimizationof thefollowing robustfunctionasintroducedand
describedn [20]:

H®) £ plgnsi(s + P(5)0) — gn(s)] )
seS

whereS is thepixel grid, g,,(s) andg,+1(s) standfor theintensityat pixel locations in imagesn andn + 1 respectiely, and
p is anon-quadraticobustpenaltyfunction.

This minimizationis achieved within an incrementalGauss-Neton-type multiresolutionprocedure. At eachstep, a
linearizationof theargumentof p is performechroundthecurrentestimate?, yielding thefollowing functionto beminimized
with respecto motion parameteincrementAg:

H'(80;0) = 3" p [gnt1(s + P(5)8) = gu(s) + Vgnsa(s + P()8)7 P(s)A8) )
seS
whereV g denoteghe spatialintensitygradient.

Theuseof arobustestimatomallows usto correctlyestimatehedominantmotionwhichis oftendueto cameranovement,
evenin presencef secondarynotions(dueto moving objectsin the scene).The multiresolutionschemesolvesthe problem
of large motion magnitude.At eachinstantof the sequencea low-passpyramid of imagesis built from original imagesg,, .
At eachpyramidlevel, parameteestimate? is providedby the projectionof thetotal parameteestimateobtainedat previous
level, anda new incrementAd is iteratively obtainedusinganiteratedreweightedleastsquaretechnique.Thefinal estimate
obtainedat finestresolutionis denotecasf”+.

Fromthe estimatednotion model,we cancomputea warpedimagefrom time n + 1 ton denotedj”*(s) = g1 (s +
P s)ég“) usingbilinearinterpolation sinces + P(s)éﬁJr1 is likely notto haveintegercoordinatesinvertingthemodel,we
canalsocomputej” ' (s) = gn_1 (s + P(s)d"~') wheref™! standsfor the“inverseof §7_, .

To evaluatethe performancef the useof this parametrianotionmodelcomparedo the oneof anestimatedlensemotion
field, we alsoconsiderin thefollowing the denseoptic flow methoddescribedn [19].

3 Spatio-temporalfiltering

Amongthedifferentnoisereductionmethods spatio-temporaWienerfiltering providesa goodtrade-of betweerefficiency
andcomputatiortime. A first attemptbasedntheuseof local statisticavasproposedn [23]. In [21] aWienerfilter explicitly

computingthe correlationbetweenframeswas presented Kokaramproposeda simplification usinga 3D DiscreteFourier
Transform(DFT) [14]. Finally, in [2], Boo andBoseusean orthogonaltransformand canthenreducethe 3D problemin a
setof 2D problems.In the following, we alsoevaluatea methodbasedon an adaptve weightedaverage[22]. This method,
contraryto the otherswe have considereds notbasedn Wienerfiltering.



3.1 Problemmodeling

Theblurring is modeledby a shift-invariantlinearoperatorandthe noiseis supposedo be additive white GaussianFor each
degradedmage,we canwrite :

gn(iaj) = (hn*fn)(laj)+nn(zv.7) (3)
where:

. i, j) standdor theintensityof the pixel of spatialcoordinatesi, j) of thent" frameof the obsenedsequence;

gn(
e f.(i,7) standgfor theintensityof the pixel of spatialcoordinategi, j) of then'” frameof the original sequence;
Mn (i )

i, 7) standgor theadditive noisefor thent* frame;

hn(i,§) standgor the PointSpreadrunction(PSF)for then!” frame;

e x standdor convolution product.

This linearsystemcanbe rewritten usinga matrix formulation:
In :ann+77n (4)

whereg,,, f, andn,, arelexicographicallyorderedvectorg1]. Let usnotethatin ourmodel,the PSFcoulddependnframe.
In practice we assumat is constanin thewhole sequence.
For a N-framesequenceye canwrite:

g1 fi m H - 0
g= ||, f={:|.n=|:|,;adH =] - (6)
gN In N 0 - Hy

The modelcanthenbe rewritten with only oneequatior

g=Hf+n (6)

3.2 Wiener filtering

The Wienerfilter is a linear estimatorthat minimizesthe meansquareerror betweenthe filtered and original sequence,
assumingnowledgeof the covariancematricesof the noiseandthe original imagesequenceThe estimatef is givenby :

f=R;H"(HR;H" + R,)™'g 7)

whereR; et R, arerespectiely theimagesequenceovariancematrix andthe noisecovariancematrix. \WWe work on signals
whosemeanhasbeensubtractedCovariances thenequialentto correlation.For animagesequenceye computethe mean
of eachimageandnot of the groupof frames.Filtering will thusberobustto globalintensityvariations.

If we denoteb = H f thevectorrepresenting non-noisyblurredsequencand Ry, its autocorrelatiomatrix, we have :

f=H'Ry(Ry + Ry "9 (8)

assumingH invertible.

This formulationemphasizethattherestoratiorprocessanbe viewedasa noisereductionstep,whosegainis Ry (R +
R,)™', followedby a deblurringstep(H ). Theinversionof H beingusuallyimpossiblewe shallusefor the deblurring
steparegularizationschemesuchastruncatedsingularvaluedecompositioror regularizationvia truncatedterations[16].

As alreadynoted,the Wienerfilter requiresthe knowledgeof the covariancematrix of the original imageor of the non-
noisy blurredimage sequence.This covariancematrix could be consideredasknown a priori andvalid for a wide range
of imageg[1]. But, in the caseof adaptve filtering, we canuseergodic propertyto computesuchaninformationfrom the
sequencdself. As a matterof fact,we canformulatethe expressiorof the Wienerfilter in termsof the covariancematrix of
the obsenedimagesequenceAssumingnoiseandsignaldecorrelatedywe canrewrite equation(8) asfollows:

f = H_I(Rg - Rn)Rg_lg 9)



whereR, andR,, arecovariancematricesof theobsenedsequencandnoiserespectiely. In practice matrix R, — R,, could
have negative values.They aresetto zerosinceimageintensityis alwayspositive.

Noisevariancecanbeestimatedy theintensityvariancein uniform areasof animage[1]. Anyway, acoarseapproxima-
tionis sufficientbecausét is notavery sensitve parametefor the quality of therestoratiorresults.

We have still to estimateandinvertcovariancematrix R,. This matrix hasthe following form:

-glgf 919%w te 91917\;_
9297 9297 :
— Ty .
Ry =El9g'] = | gsg7  gag¥ : (10)
lgngl - - gngRh]

For imagesof size M x M, this matrix hassize NM? x NM?. The estimationandthe inversionof this matrix are
computationallyheavy.

Neverthelessif theframesareassumedb bestationarythecovariancenatricesof eachframeE|g; ng] areblock-Toeplitz.
They canbe approximatedy circulantmatriceswhich canbediagonalizedy 2D DFT [9]. In this casethe matrixinversion
canbe determinedoby the inversionof M2 matricesof size N x N [21]. However, with this method,we have to calculate
the spectralpower densityof eachframe aswell asthe inter-frame power spectraldensity The resultsare sensitve to the
estimationof thesequantities.

Moreover, the structureof matrix R, shows thatthe useof a purely spatialfilter on eachframeis largely suboptimal An
independentestoratiorof eachframeimplicitly assumeghatnon-diagonablocksarenull; in otherwords,thatthe framesof
thesequencaredecorellatedThis hypothesiss obviously wrong.

Thereforewe have consideredhreeothermethodghatwe arenow describing All thesemethodsareadaptve,involving
local computationon limited spatialsupportsand shorttemporalwindows. We thusaccountfor spatialnon-stationarities
(edgespyndtemporalonesdueto moving objects.

Thefirst approachs ageneralizatiorof Leefilter to threedimensiong17]. It consistdn usinglocal statisticsaroundeach
pixel. Themeanandvariancearecomputedisinga cubeof size(2p + 1) x (2¢ + 1) x (2r + 1). Thelocal meanis defined
as:

i+p Jj+aq n+r

1
Mii = Gpr D@ @ T 2 2 2 om(kD 1D

k=i—p l=j—q m=n—r

Thevarianceis similarly definedas:

itp  jtg n+4r

1 2
YT Cp+ )R+ D)2+ 1) 2 2 2 (gmlkD = Miy) (12)

k=i—p l=j—q m=n—r

And for eachpixel, thefilter gainis givenby :

2
Vij—0
wi,; = Tﬂ (13)

Wherea,2, is thenoisevariance.
Thesecondapproacttomputeghefilter in the Fourierdomain[14]. If we assumeR, to be Toeplitz, thatis if:
Elgjgk] = Elgj+19k+1] (14)

the matrix can be diagonalizedoy a 3D DFT technique. Then, the inversionsimply consistsin computing N M2 scalar
divisionsin thefrequeng domain.The exploitationof Hermitiansymmetriesallows usto divide this numberby two.
Thevarianceof theimagesequencés estimatedrom the power spectraldensity Thefilter gainis givenby :

G2(w1,w2,w3) _0'3, (15)

W (w1, ws,ws3) = G?(w1,ws,ws)



whereG(w;, w2, ws) is the 3D DFT of thegroupof obsenedframes.
Theestimatds givenby :

Faliyg) = FH(W (w1, ws, ws)G(w1, w2, ws)) (16)

whereF~! denotegheinverse3D DFT.

Thepower spectradensityis anappropriateestimateof thevarianceonly if thesignalis stationary Thisis nottrueonthe
wholeimage. However, this canbe verified on smallblocks. Therefore we procesghe signalon small overlappingblocks.
The blocksoverlapfrom half their horizontaland vertical dimensions A Hammingwindow is thenappliedsothatthe final
weightat eachpixel is unitary. Furthermorethe Hammingwindow permitsa betterestimationof the power spectraldensity
Thisfilter canbeviewedasa 3D extensionof the Lim filter [18].

Analyzingtheformulaof thegainfor thetwo describednethodswe canpointoutthatthey arerobustto motioncompen-
sationerrors.If motionis notaccuratelycompensatedhe varianceof theimagesequencéecomegreatetthanthevariance
of thenoiseandthe gaingetscloseto one.

The third approachwasfirst usedby Boo andBose[2]. It assumeghat spatialandtemporalcomponentsare separa-
ble, which is a reasonabldypothesig5]. From this hypothesisBoo and Bosedemonstratedhe following theorem: For
a tempoally stationarygroup of frameswhich is corruptedby interframeuncorrelatednoise there exists an orthogonal
transformsud that the 3D Wienerfilter canbe decorelatedinto a setof 2D Wenerfilters. Thisorthogonaltransformis the
Karhunen-Logetransform.

In practice,we usethe DiscreteCosineTransform(DCT) asan approximationto the Karhunen-Loge transform. We
thenapplya 2D Leefilter on eachtransformedmage. This approactis a generalizatiorio imagesequencesf the Huntand
Kiblermethodfor multispectraimageq11].

The 3D DCT suppliesatransformedmagewhich is the meanof the groupof framesandotheroneswhich aredifference
images. The latter are uniform exceptin somelocationswherethe motion hasnot beencompensatedccuratelyenough.
Temporalnonstationaritieshusbecomespatialnonstationaritiesf the transformedmagesandcanbe handledefficiently by
the adaptive 2D filter.

It appearghatthereexistsalink betweerthelasttwo approachesAs a matterof fact,the 3D DFT canbe considereds
anorthogonatransformapproachinghe Karhunen-Logetransform.

3.3 Adaptive weightedaveraging

For comparisompurpose we alsousedan Adaptive WeightedAveraging(AWA) method,which wasfirst describedn [22].
Theintensityestimateatimagelocation(i, j) for thent® imageis givenby :

fnGd)= Y wpg,Dgni(i—p.j—q) (17)
(pg1)eS
whereS is thefilter supportandwhere
K
1+ amaX(ez, (9005 5) = gn—a(i —p,j — Q))2)

w(p,q,l) = (18)

a ande areparametersf thefilter. K is anormalizingconstant.

The contribution of a pixel in the averageis reducedasa function of the mismatchbetweerits valueandthe oneof the
consideregixel (i, 7). This avoidsthe blurring of edgesandof moving areas.The a parametetunesthis decreaseThe €2
parameternccountdor thenoise:its valueis typically setto twice the noisevariance.

4 Superresolution

Oncethe sequencéasbeenfilteredfrom noise,we canapplythe superresolutionprocess.
We now assumehatthe sequenceriginatesfrom a single high resolutionimage F'. Eachobsernedimageg, is viewed
astheresultof ageometricalvarpingW,, (relatedto theimagemotion)of theimageF'. Thewarpedimageis thencornvolved



by a shift-invariantPoint Spread~unction(PSF)h andfinally downsampled We denoteD the downsamplingoperator We
canthenwrite :

gn =D ohoW,(F) (29)

Theblock diagramof the algorithmwe have designedor supefresolutionis outlinedin Figurel.

|
I
Nl Spatial | | TR Motion
Yn @ Interpolation Deblurring Compensation
Estimate Backprojectiorstep X
0 Gain
Simulationstep F, i + F,
Down- || Blurring Image
Sampling Warping
)

Figure 1 — Block diagram of the super -resolution algorithm

In the following, we denoteF}, the estimateof the supefrresohedimageat iterationk. A first estimateF; of the high
resolutionimageis givenby spatialinterpolationof g, thefirstimageof the sequenceWe usecubiccorvolutioninterpolation
at this early step[13]. Before startingthe iterations, the forward (#7+!) and backward (67 1) motion modelsbetween
successie frameshave beenestimatedor the N framesof thesequencél < n < N — 1). ThePSFof theimagingsystem
is supposedo be known.

In the “simulation step” (seeFigure 1), we warp, blur and downsamplethe high-resolutionestimateto get an estimate
fk = D o h o Wi (Fy) of the currentimageg;. of thelow resolutionsequenceThe warpingis performedaccordingto the
estimatedmotion model. For corveniencethe supefresohedimageis supposedo be reconstructedn the sameframeas
the first imageof the sequence Thereforewe have to estimatethe displacementsy: betweenthe first and currentframe
of the sequenceThis displacements updatedat eachiterationy: (s) = g (s) + u79:_1 (s + Wy (s)). Thewarped
imageat eachpositions is givenby ﬁ’kc(s) = Fy(s + wp1 (s)) usingbilinearinterpolation.This warpedimageis blurredand
downsampledo getfk.

Theerrorgy, — f, betweerthis low-resolutionestimateandthe currentimageis then“backprojected’(seeFigure1) and
addedo the high-resolutiorestimaten orderto improveit. We performthe sameprocesdor eachimageof thesequenceln
the backprojectiorstep thedisplacementield usedfor motioncompensatiois wyx (s) = U_;B;c—l (s)+ e (s+ u?ef_l (s)).

Thewholeprocessanbeiteratedseveraltimesover the consideredequence.

This algorithmis similar to theiterative backprojectiormethodproposedy Irani andPeley[12]. However, in the process
of backprojectionywe backwarpa spatiallyinterpolatecerrorimageinsteadof computingthe so-calledreceptivefield (in F)
of thelow resolutionpixel. Anotherdifferences thatthe high resolutionestimatds updatedor eachframeandnot afterone
passof thesequence.

A highresolutionimagesequenceanbe obtainedby repeatinghis processwith successie referencamages.

5 Experimental results

Our goalwasto validatethe useof 2D parametriomotion modelwith simple noisereductionmethods.Therefore we first
usedit in combinationwith atemporalaveragingfilter [10].



We considerimagetriplets {97!, g, g2*1} obtainedby warpingonto the centralimagen its two neighboringimages
n — 1 andn + 1. We thenperformfiltering over this three-framaemporalwindow.

We reporton Figure 2 resultsobtainedon an imagesequencevhich involvesmoving objectsin the foregroundand a
panningmotion of the camera. We artificially addedGaussiamoiseof variance200. Without motion compensationthe
whole filteredimageis blurred. After parametrianotion compensationywe obsenre thatthe backgrounds well filtered but
moving objectsin the foregroundarestill blurred. We canthuspoint out that motion compensatiorcanreducethe blurring
inducedby thefiltering, but thatwe have to introducerobustnes$o motioncompensatioerror. Thisis donewith theadaptie
filters describedn Section3. We have reportectheresultsfor the spatio-temporalVienerfilter computedwvith a3D DFT. In
this casethetemporalpartof thefiltering is inhibitedwhenthetrue motionis not accuratelyestimated.The noisereduction
is still ensuredy spatialcomponentsf thefilter.

We havethendeterminedheinfluenceof thequality of motionestimatioronthefiltering performanceWe have evaluated
the quality of thefilteredimageshy measuringhe Signal-to-NoiseRatioimprovementdefinedasfollows :

Y (90i,5) — £, )’
R =10log; 22— : dB (20)
B Fan)faqy

2]

Resultsfor two sequencearereportedon Figure3. We canpoint outthatthe motioncompensatiosteplargely improves
the performanceof the spatio-temporafiltering andthatthe useof a parametrianotion modelgivesvery similar resultsto
thosecorrespondingo a densemotionfield while leadingto a quitelower CPU load. In the particularcaseof the calendar
sequencethe dominantmotion beingdueto the global panningmotion of the cameraa parametrianotion modelcaneven
give betterresults.Furthermorethe resultson the interview sequencshav thatthe 3D DFT filter is lesssensitve to motion
estimatiorerrorsthantheBoo andBosefilter, sincethe SNRI decreasesapidly for the non-compensategersionof this latter
filter asthe motiongoesmoreimportant.

Figure 4 shows the resultsof the differentfilters usedin combinationwith a 6-parametemotion model estimator We
obsene that Lee 3D filter hasa ratherpoor behaior on edges. We have finally adoptedthe 3D DFT Wienerfilter which
suppliesthe bestresultsin termsof restoratiomuality andcomputationatost.Let us stresghatthis 3D DFT filter preseres
thefine detailsof thetreetrunk in the background.Theseresultsare confirmedby resultson anothersequenceeportedon
Figureb, andby otherexperimentscarriedout on realnoisyinfraredaerialimagesequences.

Resultof thedenoisingandsuperresolutionschemearereportedon Figure7. Thesequencavasdegradedoy anadditive
Gaussiamoiseof varianceequalto 100. We considereda 6-parametemotion model. Resultsof the denoising(Figure 6)
demonstratéhatthe noiseis well reducedby Wienerfiltering without introducingblur. Moreover, we canpoint out thatthe
supetresolutionalgorithmproducesetterquality images(Figure 7.b, 7.d), i.e. moreaccuratewith moredetailsandmore
contraststhanspatialinterpolationof the restoredow resolutionsequencé€Figure7.a,7.c). Note for examplethatthe path
in the bottomright corner which wasindistinguishableon the noisyimagesbecomewisible after processing Furthermore,
the computatiortime is verylow. A 512 x 512 imagecanbe obtainedfrom anoisy sequencef tennoisy256 x 256 images
in abouttensecond®n a SunUltra 60 at 360 Mhz.

6 Conclusion

We madea comparatie studyof severaladaptve spatio-tempordiilters for noisereductionin imagesequenceslhesefilters
have beenappliedto imagesequencewhich are compensatefbr the apparenmotion beforehand.The useof parametric
motion modelsprovedto be efficient comparedo a densemotion field estimator It suppliesquite satishctory restoration
quality for low computatiortime.

Thefilters thatwe comparedverebasedn anadaptve weightedaveragingor on the minimizationof meansquareerror.
Thesetechniquesirecomputationallyefficient andeasilytunable.Our preferredmethodis the spatio-temporalVienerfilter
computedvia 3D DFT becausef its ability to presere fine details.

The noisereductionfilter wasthenconsideredasa preprocessingtepfor a superresolutionalgorithmderived from the
iterative backprojectiormethod.In the supefresolutionstep,the parametrianotion modelis exploited againto keepa good
trade-of betweeraccurag andcomputatiortime.
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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”.



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, (€) 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, (€) Boo and Bose

filter , (f) the 3D DFT spatio-temporal filter .



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 5 x 5,
(d) image 6.c filtered with the 3D DFT Wiener filter



Figure 7 — (a) image 6.b interpolated using cubic interpolation, (b) super-resolved image estimated us-
ing the denoised ten-frame sequence whose first 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



