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Abstract

Theobjectiveofthisworkis thesuperresolutionrestoation
of a setofimages,andweinvestigateheuseof learntimage
modelswithin a geneltive Bayesiarframavork.

It is demonstatedthat restomtion of far higher quality
thanthat determinedy classicalmaximumikelihoodesti-
mationcan be achievedby either constaining the solution
to lie on a restrictedsub-spacgor by usingthe sub-space
to definea spatially varying prior. This sub-spacecan be
learntfromimage examples.

The methodsare appliedto both real and syntheticim-
agesof text and faces,and resultsare compaedto Scultz
and Stevensons MAP estimator[15]. We considerin par-
ticular imagesof scenedor which the point-to-pointmap-
ping is a plane projectivetransformationwhich has8 de-
greesof freedom.In the real image examples registration
is obtainedfromtheimagesusingautomaticmethods.

1. Introduction

Superresolution restorationaims to solve the following
problem:givenasetof obsernedimagesgestimateanimage
atahigherresolutiorthanis presentn ary of theindividual
images.Theobsenedimagesareregardedasdegradedob-
senationsof areal, high-resolutioritexture’. Thesedegra-
dationstypically include geometricwarping, optical blur,
spatial samplingand noise. Given several suchobsena-
tions, a maximumlikelihood (ML) estimateof the super
resolutionimage may be obtainedsuchthat, whenrepro-
jectedbackinto theimagesvia ageneratieimagingmodel,
it minimizesthe differencebetweenthe actual and “pre-
dicted” obsenations.SuccessfuML algorithmshave been
engineeredor geometrictransformationdetweenthe ob-
senedimagesrangingfrom puretranslationto aneightpa-
rametemprojectivetransformatior10, 11, 12, 19].
Unfortunatelythis estimatiorprocedurdecomesighly
ill-conditionedasthe extentof the supefresolutionenlage-
mentis increased.Consequentlyhe estimateis extremely
sensitve to noisein the obseredimagesanderrorsin the
parametersf the generatre model,suchasin theregistra-
tion transformation Attemptsto regularizethe solutionare

typically castas maximuma posterior (MAP) estimation,
which allow theuseof a Bayesiarprior modelof the super
resolutionimage. The traditionalapproactis to modelthe
image as a first-order stationaryMarkov RandomField
(MRF) [2, 4, 6,7, 15, 16] andincludea spatial prior which
modelsthe spatialcorrelationbetweemeighbouringpixels.
Suchpriorsaretypically very simple,choseno encourage
asmoothsolution(e.g.GaussiaMRF), possiblywith some
edge-preservingharacteristic¢e.g. Huber MRF, General-
ized GaussiarMRF). They arealsodeliberatelychosento
be corvex functionsof theimagegradient/curaturein or-
der to allow a deterministicoptimizationprocedureto be
used.

Although not properly exploredin the supetfresolution
literature, it is widely recognizedin the single-image
restorationliterature that placing hard constaints on the
individual pixel intensities,which restrict the solution to
somesub-spacef the full imagespace cangive excellent
resultswithout the needfor a spatial prior. Examplesof
suchconstraintsarenon-neyativity andupper/laver bound-
constrainton pixel values.

As a motivating example, figure 1 comparessuper
resolutionestimatesusing both unconstrainecind bound-
constrainedML estimators. The 20 syntheticimagesare
generatedby perspectre warping, blurring with a Gaus-
sian(c = 0.7 pixels), and down-samplingby a factor of
3. Threedifferentlevelsof Gaussiamoiseareaddedto the
syntheticimages. Even for thesetiny levels of noise,the
unconstrainediL estimateis completelycorruptedby re-
constructionerror. The bound-constrainedstimateon the
otherhandis unafectedandof goodquality.

Figure 2 comparesthe performanceof the bound-
constrainedestimatorto resultsobtainedusing Schultzand
Stevensons edge-preservind/JAP estimatorwhich usesa
HuberMRF prior (HMRF) (definedin section2.3). In this
casethe noiseon the syntheticimagesis a muchmorere-
alistico = 5 grey-levels. The constrainedesultis clearly
superiorto bothMAP results.Thelack of ary imposedspa-
tial correlationmeanghatthe constrainedestimatoris able
to generatesharpemresultsthanthe MAP estimatorsusing
spatialMRF priors.
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Figure 1: (Top) 3 of 30 syntheticperspectie imagesgenerated
asdescribedn thetext. (Middle) ML reconstructionat3x zoom

for threedifferentlevels of Gaussiamoise(in grey-levels) added
to thelow-resolutionimages.(Bottom) The sameML reconstruc-
tionswith a0/255lower/uppemboundon thepixel intensities.The

reconstructiorrrorhasbeenalmostentirelyeliminatedn thecon-

strainedcases.
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Figure 2: Reconstructiongomputedfrom the same30 images
usedin figure 1, but with ¢ = 5 grey-levels of Gaussiamoise
added. (a) HMRF prior with A = 0.005,« = 0.1. (b) Bound-
constrainedThe constraineastimatorout-performghe MAP es-
timatoronthis problem.

Figure 3 comparesML, HMRF and bound-constrained
reconstructionsf asequencef 10realimages.Theimages
were capturedusinga CCD camerawhich wastranslating
parallelto theplanarscene Registrationwasobtainedauto-
maticallyusingthefeature-basethethodof [4]. Therecon-
structionis performedat 1.75x pixel zoom. The ML esti-
mateis badly corrupted whilst the bound-constrainedsti-
mateis comparablén qualityto the MAP estimatausingthe
HMREF spatialprior. The bound-constraineduadratianin-
imizationis performedusingMore & Toraldo's “Gradient-
ProjectionConjugateGradient"algorithm[13], whichis ef-
ficient for the solutionof very large, sparsesystemswith a
large numberof constraintsashere.
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Figure 3: Supefresolutionreconstructiongrom 10 realimages
taken by a CCD camerawhich wastranslatedbarallelto the pla-
narscene Theimageswereacquiredby TomasPajdlaandDaniel
Martinecat CMP Prague.Thereconstructiorareat 1.75x pixel-

zoom. (a) The region of interestin one of the low-resolution
image. (b) The ML estimate. (c) The HMRF estimatewith

A =5x10"% a = 5 x 1072 (d) The bound-constrainet/IL

estimate.The ML estimates badly corrupted whilst the bound-
constrainegstimatomproduces clean clearresultcloseto thatof

the HMRF estimator

In this papemwe explorelearningsuchconstrainednod-
elsandpriorsfrom trainingimageg 18], andapplyingthese
to supetresolutionrestoration. We concentratehere on
classef sceneswhereintensity neighbourhoodlistribu-
tionsarenot spatiallyhomogeneousThetargetapplication
is faceswherethe intensity distribution on the cheek, for
example,is very differentfrom that aroundthe eye, asop-
posedo brick texturewhereahomogeneoursepresentation
is moreappropriate Here,the constrainednodelis a sub-
spacewhich is computedusing principal componengnal-
ysis of a setof registeredfaceimages. This sub-spacés
alsousedto definea spatiallyvarying prior within a MAP
estimator

The methodsof this paperaresimilar in spirit to the ap-
proachof Baker andKanad€g[1] who alsoexaminedtheuse
of spatiallyvaryingpriorsfor faceimages.Theirinput con-
sistsof imageswhich areall at the samescaleandarere-
latedby translationsThenovelty of our methods two-fold:
first, thelow resolutionimagesneednotbeatthe sameres-
olutionandindeedtheresolutioncanvary acrosgheimage.



Thisgeneralizations essentiain the casethatthelow reso-
lution imagesarerelatedby a transformatiormoregeneral
than2D puretranslation.In thework of this papertheim-
agesarerelatedby an8 degreesof freedomplaneprojective
transformationsecondageneratie modelis usedthrough-
out— bothin the ML casewith a likelihoodfunction con-
strainedto a sub-spaceor in the MAP casewith the prior
measuringlistancerom a sub-space.

Theuseof PCA sub-spaceriors providesaninteresting
middle groundbetweenthe genericlocal priors previously
used,andthe type of priors basedon samplingexemplars
from trainingimages(e.g.for homogeneoutexture gener
ation [8]) which have beenappliedto supetresolutionby
CandociaandPrincipe[3], andFreemarandPasztor9]

2. Super-resolution background

This section summarizesthe standard supefresolution
methodsand definesthe notationusedthroughoutthe pa-
per.

2.1. Generative imaging model

It is assumedhatthe setof obsenedlow-resolutionimages
wereproducedoy a singlehigh-resolutioimageunderthe
following generatie model

gn= sb(h*Tnf) +n (1)

f - groundtruth, high-resolutiorimage

gn - nt" obsenedlow-resolutionimage

T. - geometridransformatiorof nt* image
h - pointspreadunction

s} - down-samplingoperatoby afactorS
7 - noiseterm

More explicitly

gn(z,y) = sb(h(u,v) * f(Ta(2,9))) +n(z,y) (2)

Transformatiory is assumedo beprojective. Thepoint
spreadfunction h is assumedo be linear andspatiallyin-
variant. The noisen is assumedo be Gaussiarwith mean
zero.

After discretizationthe modelcanbe expressedn ma-
trix form as

in which the operatorsT,, h and g have beencombined
into asinglematrix ,,.

Finally, the generatite models of all N imagesare
stacledvertically to form anover-determinedinearsystem

go Mo
g1 M _
=1 . |f+n (4)
gN-1 My—1

g=M+79 (5)

Knowledgeof the PSFfor any givenimagesequencés
usually unavailable, so hereit is modelledas a Gaussian.
Comparisonsvith themeasuredPSFof several CCD based
imaging systemsshaw this approximationto be quite rea-
sonableandthisis furtherverifiedby goodsuperfresolution
resultsobtainedon realimages.A procedurdor estimating
the PSFis describedn [14].

2.2. Maximum likelihood estimation

Assumingtheimagenoiseto be Gaussiarwith meanzero,
variances?, the total probability of the obsenedimageg,,
givenanestimateof the superresolutionimagef is

Pr(gn|f) = H g\;ﬂ exp (gn(:ta y) — gn(x,y)> ©)
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Vz,y

andhencetheassociatethegative log-likelihoodfunctionis

L(gn) =— Z(gn(%y) — ga(,9))? (7

Vz,y

Themaximumlikelihoodestimatef,,;, is obtainedoy max-
imizing this functionoverall obsenedimages.

fyr, = arg max > L(gn) (8)

The ML formulation given above is simply a very large,
sparsesystemof linear equations. Analysis of the eigen-
valuesof this systemshows thatin generalit is extremely
poorly conditioned. However, in principle the solution of
equation(8) in the matrix notationof equation(5) is given
by

f=mm 'Mg=ng 9)

whereMt is the pseudo-inerseof M. In practicethe ma-
tricesaretoo large to computethe pseudo-inersedirectly,
anda solutionis obtainedby iterative methods.

2.3. Maximum a posterior estimation

As noted above the basic ML estimatoris highly ill-
conditioned.However, if aprior probability distribution on
the superresolutionimageis available then this informa-
tion may be usedto “regularize”the estimation.The MAP
estimatorthastheform:

fvap = arg Enax(z L(gn) + AL(F)) (10)

whereL(f) providesameasuref thelikelihoodof a partic-
ularestimatef.



For example,SchultzandStevensor[15] proposeaprior
which appliesa penaltyto theimagecurvature. The MAP
estimatothastheform

fuap = agmax(y_ L(ga) + A > p(K(F,z,9)) (11)
n Vz,y

wherethe prior is definedby the spatial-actiity function
K(f,z,y)), definedasa sumof second-ordefinite differ-
encesn thehorizontal verticalanddiagonaldirections and
the penaltyfunction p(x) whichis the Huberfunction,

p(z) = z? Jifzr<a

= 2alz|—a® otherwise
This prior encouragetocal smoothnessyhilst beingmore
lenienttoward stepedgeshanp(z) = z2.

3 Super-resolution using a sub-space

In this sectionthe image is modelled using a PCA ba-
siscomputedrom training imagesat the targetresolution.
Given a set of imagesthe variation in the signalsis op-
timally modelledfor a given numberof principal compo-
nents. This representatiofis applicableto signalsof a par
ticularclasswheretheaimis to modelthewithin-classvari-
ation.

_ Theimagewill be modelledby its PCA componentss
f = Vy + u, wherevV representshe setof PCbasisvectors
andy is theaverageof thetrainingimages.Theaimis alow
dimensionarepresentatiowherethe dimensionof the pa-
rametenvectory is farlessthanthe numberof pixelsin the
image(the dimensionof £). This representatioms applied
hereto registeredfaceimages.lt is known from extensive
useof PCAsinceatleast[17] thatacompactrepresentation
canbeachievedin this case.

Ratherthanlearnthe PCfor the entireimage,thefaceis
dividedinto four key facialregions: the eyes,nose,mouth
andcheekareasandaseparat@®CAbasisis learntfor each
feature. The intuition is that theseregions are relatively
uncorrelatedandthat by consideringsmall regions, better
modelscanbelearntthanwould be by performingPCA on
the whole face. The resultingmodelis analogougo the
“IdentiKit” systemoftenusedto composdémagesof police
suspects.

The region segmentationis shovn in figure4. To learn
the model, PCA analysisis appliedto 160 face images
which have beengeometricallyregisteredusing a similar
ity transformation Both maleandfemalefacesareusedin
the training set. To increasethe numberof training sam-
ples,eachfaceis flipped symmetricallyaroundthe y-axis,
providing atotal of 320faces.Theaveragefeaturesandthe
first few “eigen-features’areshown in figure5. The com-
posedaverageregionsareshown in figure4(b).
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Figure 4: (a) The regions of the face over which independent
PCA basesare computed.(b) The averageimagecomputedover
eachof the regionsindependentlyusing the 320 training images
(160 x 2 usingsymmetry)

Figure5: Thefirst 10 eigenimagesf eachof thefour facial fea-
tures.

A faceimageis thusrepresentethereby 6 setsof prin-
cipal componentcoeficients (one for eachof the left and
right eyes,nose mouth,left andright cheeks),

f= [Vlefteyevm'ghteye cee Vrightcheek]y +p

12
—Vytp (12)

where the matricesv are the projection matriceswhose
columnsform the PCA basisfor eachfeature,y is the
stacled vector of coeficients associatedvith eachbasis,
andp is avectorcontainingthe averageimagefeaturesor

eachregion. Usingthe PCA model,the numberof param-
etersrequiredto represeng faceimageis reducedrom (in

thiscase)120 x 120 pixels,downto atmost6 x 319 = 1914

PCcoeficients.

Whenusingthe model,we often do not wantto useall
319basisvectorsperfeature.For instancewe would intu-
itively expectthatthe cheek,which is a smooth,low-detail
feature,will requiredfewer principal componentg$o accu-
ratelyrepresenit than(say)theeye. Also, by reducingthe
numberof componentsisedto represeneachfeatureto the
lowestacceptablewumber we arereducingthe dimension-
ality of the model still further, and we would expectthis
to improve the conditionof the supefresolutionestimators.
The criterionwe will useto choosean appropriatedimen-
sionalityfor eachfeatureis to keeptheminimumnumberof



[v  [095[098[0099]00995] 1.0]

Eye 27 64 | 103 | 149] 319
Nose 39 92 | 142 190 | 319
Mouth 22 59| 105| 157 319
Cheek 8 29 69 126 | 319

Table1: The numberof principal componentsequiredto repre-
sentaparticularfractiony of thetotal variancewithin eachfeature.

s o

originalimage  y = (.90 v=10.95

v =0.98

v = 1.000

v = 0.999

v =10.995

v =10.990

Figure6: A faceimagenot in the training setis projectedonto
thePCAfacemodel. Thenumberof componentsisedto represent
eachfeatureis chosento spansomefraction (shavn underneath)
of thetotal variance.

componentshatspansomefractionv of thetotal variance.
This calculationis extremelysimple,sincethe varianceof

theprincipalcomponenareobtainedasa by-productof the

PCA. Table 1 shaws the requireddimensionalityof each
featurein orderto spanvariousfractionsof the total vari-

ance.

To demonstratehe ability of the modelto represent
new facefigure6 shovsafacewhichwasnotin thetraining
setprojectedontothe PCAmodel,usingfeaturedimensions
choserto presereincreasingractionsof thetotal variance.
Reconstructiongor which v > 0.99 arevery closeto the
ground-truth.

3.1 An ML estimator

The simplestway to usethe PCA modelis to constrainthe
supetresolutionreconstructiorto lie on the sub-spacele-
fined by the column spanof V. The ML solution using
the sub-spac@arameterizatiofollows directly from equa-
tion (8):

fnie = argmin M(Vy — p) — g||? (13)
y
for which theminimizeris givenby

VIM MYy = VM (g — Mu) (14)

3.2 MAPestimators

Therearetwo straightforvardwaysto developpriorsbased
onthefacemodel,andthesearenow described.

A prior over face-space (FSMAP) A by-productof the
PCAIis anestimateof thevarianceof eachprincipalcompo-
nent. Thisimmediatelygivesusavery simpleprior defined
onthecoeficientsof theprincipalcomponentsWe usethis
to augmenthe ML estimatorabove, producinga MAP es-
timator:

fmap = argmin [M(Vy — p) —gl|> + Ay ' =7y
Yy

for which theminimizeris givenby
VMMV 4+ Ay =V M (g — M) (15)

whereX is thediagonalmatrix of componentariancesb-
tainedfrom the PCA. We referto this asa prior over face-
spacesince,aswith the ML estimatoy the solutionis con-
strainedto lie on the sub-spacelefinedby the PCA model,
andtheprior is definedin the sub-spaceT his estimatoim-
posesapenaltyproportionalto the Mahalanobiglistanceof
thefeaturedn y to theaveragefeaturesn p.

A prior over image-space (ISMAP) A differentway to
usethe learntmodelis aspartof a prior which encourages
the estimatedmageto lie nearto the PCA sub-spaceWe
assumehatthe probability of obtaininga supefresolution
imagef is Gaussiann thedistanceof f from V. Theresult-
ing MAP estimatothastheform

fuap = arg |f~nin |1 — glI* + AT = vV )(E — ) I

Theminimizeris givenby
M M+XNI=—VWI)NF=Mg+ATI-V)u (16)

We referto thisasa prior overimage-spacesincethe Gaus-
siandistribution attachedo the face-spacelefinesa prior
overall imagesf. The solutionis not constrainedo lie on
theface-space.

For all three proposedestimators,the optimization is
efficiently performedusingthe conjugategradientdescent
algorithm. Note however that the ML and FS-MAP esti-
matorsrequire optimizationover the compactface-model
parameters, and canthereforebe computedmuch more
rapidly thanthe IS-MAP, which is parameterizedh terms
of theactualsupefresolutionpixelsf.

4 Examplesusingreal images

The behaviour of the estimatorsis examinedin detail on
syntheticdatain [5]. Herewe only includeresultson real
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Figure7: Five framesfrom a sequencef 25 shaving a moving
face.ThefaceoccupiestO x 40 pixelsin theseimages.
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Figure 8: For the sequenceshavn in figure 7 (a) the region
of interestin one of the input images, (b) the averageimage,
(c) the superresolutionHMRF-MAP estimateat 3x zoomwith
A =0.025, & = 0.05.

imagesequenceslwo casesreconsidered amoving face
andfixedcameraandvice versa.ln bothcasesregistration
is obtainedautomaticallyusing the feature-basednethod
of [4]. The only manualinputis the requiremento select
the eyesand mouthin one of the input imagesin orderto
registerthefacesin the sequencevith the PCA model.

Fixed camera, moving face Figure 7 shavs 5 frames
from a sequenceof 25 of a moving face capturedusing
a monochromeCohu CCD camera. The face occupiesa
40 x 40 pixel region. The supetresolutionreconstructions
are120 x 120 pixels,i.e. 3x pixel zoom.All 25imagesare
usedin forming thereconstructions.

For the purposeof later comparisonfigure 8 shavs the
region of interestin one of the input images;the average
image; and the supefresolutionreconstructionusing the
HMRF-MAP estimatorwith A = 0.025,a = 0.05 (tuned
by trial-and-error).

Figure9 shavsreconstructionsisingtheface-spaceon-
strainedML estimatoras the numberof componentper
featuresvaries. The constrainedMLE performsquite well
on this dataset. As v increasesthe reconstructionim-
proves, moving away from the averageface u. But for
v > 0.995, thereconstructiorquality decreasesapidly as
themorespuriousandunstructuredomponentsllow noise
to be introducedinto the solution. The reconstructiorfor
which v = 0.995 shavs good detail with relatively little
noise.

Figure 10 shavs reconstructionsisingthe FS-MAP es-
timator as \ varies. The quality of reconstructioris con-
sistentlyquite high, eventhough\ variesover largerange.
Thisis probablydueto thefactthatthevarianceof the prin-
cipal componentdalls off very rapidly. For instance,in

v =0.990 v =0.995 v =0.999

Figure9: Face-spaceonstrainedML estimatesat 3x zoomas
the numberof componentper featureincreases As v increases
the estimatemovesaway from the averagefacep.

A =0.001 A =0.005

A=0.01

A=0.1

A=10 A =10.0

Figure 10: FS-MAP reconstructionsis \ varies. The quality of
thereconstructions consistentlyhigh over alarge rangeof values
of A. As X increasesthesolutiontendstowardthe averageface.

the caseof the mouthcomponentsthe varianceof the 40"
components 1000timessmallerthanthatof the 15* com-
ponent. Consequentlyeven a small contribution from this
prior is enoughto severely dampenrall the but the first few
tensof principal components.As X increasesy is forced
towardsO, and hencethe solutiontendstoward p. When
A is zero,the solutionis equialentto the face-spaceon-
strainedVIL.

Figure 11 shaws the reconstructionsisingthe IS-MAP
estimatoras A varies,v beingfixed as0.99. When\ =
0.005, the estimateendstowardthe unconstrainetLE of
equation8, andreconstructiorerror is evident. But when
A = 0.05, thereconstructions very good.



A = 0.005 A=0.05

Figure 11: IS-MAP reconstructiongs A varies, v being fixed
as0.99. As )\ tendsto zerothe reconstructiortendstowardsthe
constrainedLE of figure9

Low-resinput HMRF-MAP

IS-MAP

Figurel12: A comparisorof the quality of theinputimagerywith
theHMRF-MAP estimateandtheface-modelS-MAP.

Finally, figure 12 compareshe quality of theinputim-
ages,the HMRF-MAP estimateandthe IS-MAP estimate
with A = 0.05, v = 0.99.

Fixed face, moving camera Figure 13 shavs a mosaic
featuringa face. The mosaicwas createdrom a sequence
of 30 PAL size,JPEGcompresseimagescapturedisinga
CohuCCD camerawhich wasrotatedon a tripod. Nine of
the original framesarealsoshavn. Thefaceoccupiesonly
30 x 30 pixelsin the low-resolutionimages. The mosaic
wascreatedusingthe methoddescribedn [4].

Figure14 shows reconstructionsisingthe FS-MAP and
IS-MAP face-spacestimatoravith variousparameterset-
tings. For comparison,one of input images,the average
image,and an reconstructiorusingthe HMRF-MAP esti-
matorarealsoshovn. Thesizeof thereconstructedmage
is 120 x 120 pixels,16timesasmary pixelsasin the30x 30
pixel low-resolutionregion of interest. The4x zoomratio
andthefairly poorquality of the inputimagerymeanghat
theface-spacdIL estimatordoesnot producegoodresults
andis omittedhere. In this example,the quality of the IS-
MAP estimatess arguablyequalor superiorto the HMRF
estimate althoughsomeatrtifactsarevisible on the bound-
arieshbetweerthe differentfacialfeatures.

5 Summary and future work

A new methodof performing supefresolutionrestoration
of low-resolutionmagesequenchasbeendescribedvhich
usedearntimagemodelseitherto directly constrairthe ML

Figure13: (Top) 9 of the 30 PAL size,JPEGcompresseimages
capturedusingarotatingCCD camera(Bottom)A mosaiccreated
from theimagessequenceThemosaideaturesafaceto whichwe
applysupefresolutionrestoration.

estimateor asa prior on the ML estimate.In both casest
hasbeendemonstratethatthe instability presenin ‘pure’
ML estimationis removed,andthatthe learntmodelgives
superiomesultsto traditional MAP estimators.

The quality of theresultsbasedn theface-spacenodel
may be improved by usinga larger setof trainingimages,
or by employing amoresophisticateanethodof registering
the faceimages,suchasonebasedon a deformablemesh.
The artifactswhich are sometimesvisible on the bound-
ariesbetweernthe differentfeaturesamay be amelioratedy
including a prior termwhich penalizesspatialincoherence
acrosgheboundaries.

We are currently looking at a more sophisticatedech-
niquefor learningconstrainedmagemodelswhichis based
on learninga lexicon of exemplarswhich accuratelyand
compactlyrepresenthe high-frequeng characteristicof
the particularimageclass. This methodwill be applicable
to awide rangeof imageclasses.
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Figure14: Superfresolutionestimationfrom 30 images. (Top)

The region of interestin one of the low-resolutioninput im-

ages; the averageimage; and the HMRF-MAP estimatewith

A = 0.025,a = 0.075. (Bottom) Superresolutionreconstruc-
tions using (a) FS-MAP with A = 0.1, (b) IS-MAP with A =

0.1,v = 0.90, and(c) IS-MAP with A = 0.1, v = 0.95. Thesize
of thereconstructedmageis 120 x 120 pixels, 16 timesasmary

pixels asin the 30 x 30 pixel low-resolutionregion of interest.
Thequality of the|S-MAP estimatess arguablyequalor superior
to the HMRF estimate althoughsomeartifactsarevisible on the
boundariebetweerthe differentfacialfeatures.
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