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Abstract

Theobjectiveof thisworkis thesuper-resolutionrestoration
of a setof images,andweinvestigatetheuseof learntimage
modelswithin a generativeBayesianframework.

It is demonstratedthat restoration of far higher quality
thanthat determinedby classicalmaximumlikelihoodesti-
mationcanbeachievedby eitherconstraining thesolution
to lie on a restrictedsub-space, or by usingthe sub-space
to definea spatially varying prior. This sub-spacecan be
learnt fromimageexamples.

Themethodsare appliedto both real and syntheticim-
agesof text andfaces,andresultsare comparedto Schultz
andStevenson’s MAP estimator[15]. We considerin par-
ticular imagesof scenesfor which the point-to-pointmap-
ping is a planeprojectivetransformationwhich has8 de-
greesof freedom.In the real image examples,registration
is obtainedfromtheimagesusingautomaticmethods.

1. Introduction
Super-resolution restorationaims to solve the following
problem:givenasetof observedimages,estimateanimage
atahigher-resolutionthanis presentin any of theindividual
images.Theobservedimagesareregardedasdegradedob-
servationsof a real,high-resolution‘texture’. Thesedegra-
dationstypically include geometricwarping, optical blur,
spatialsamplingand noise. Given several suchobserva-
tions, a maximumlikelihood (ML) estimateof the super-
resolutionimagemay be obtainedsuchthat, when repro-
jectedbackinto theimagesvia agenerativeimagingmodel,
it minimizes the differencebetweenthe actualand “pre-
dicted” observations.SuccessfulML algorithmshave been
engineeredfor geometrictransformationsbetweenthe ob-
servedimagesrangingfrom puretranslationto aneightpa-
rameterprojectivetransformation[10, 11, 12, 19].

Unfortunately, thisestimationprocedurebecomeshighly
ill-conditionedastheextentof thesuper-resolutionenlarge-
mentis increased.Consequentlythe estimateis extremely
sensitive to noisein the observed imagesanderrorsin the
parametersof thegenerativemodel,suchasin theregistra-
tion transformation.Attemptsto regularizethesolutionare

typically castasmaximuma posterior (MAP) estimation,
whichallow theuseof aBayesianprior modelof thesuper-
resolutionimage. The traditionalapproachis to modelthe
image as a first-order, stationaryMarkov RandomField
(MRF) [2, 4, 6, 7, 15, 16] andincludea spatialprior which
modelsthespatialcorrelationbetweenneighbouringpixels.
Suchpriorsaretypically very simple,chosento encourage
asmoothsolution(e.g.GaussianMRF),possiblywith some
edge-preservingcharacteristics(e.g.HuberMRF, General-
ized GaussianMRF). They arealsodeliberatelychosento
be convex functionsof the imagegradient/curvaturein or-
der to allow a deterministicoptimizationprocedureto be
used.

Although not properlyexplored in the super-resolution
literature, it is widely recognizedin the single-image
restorationliterature that placing hard constraints on the
individual pixel intensities,which restrict the solution to
somesub-spaceof the full imagespace,cangive excellent
resultswithout the needfor a spatialprior. Examplesof
suchconstraintsarenon-negativityandupper/lowerbound-
constraintson pixel values.

As a motivating example, figure 1 comparessuper-
resolutionestimatesusingboth unconstrainedandbound-
constrainedML estimators. The 20 syntheticimagesare
generatedby perspective warping, blurring with a Gaus-
sian ( ��������� pixels), anddown-samplingby a factorof
3. Threedifferentlevelsof Gaussiannoiseareaddedto the
syntheticimages. Even for thesetiny levels of noise,the
unconstrainedML estimateis completelycorruptedby re-
constructionerror. The bound-constrainedestimateon the
otherhandis unaffectedandof goodquality.

Figure 2 comparesthe performanceof the bound-
constrainedestimatorto resultsobtainedusingSchultzand
Stevenson’s edge-preservingMAP estimatorwhich usesa
HuberMRF prior (HMRF) (definedin section2.3). In this
casethe noiseon the syntheticimagesis a muchmorere-
alistic �	��
 grey-levels. Theconstrainedresultis clearly
superiorto bothMAP results.Thelackof any imposedspa-
tial correlationmeansthat theconstrainedestimatoris able
to generatesharperresultsthanthe MAP estimatorsusing
spatialMRF priors.
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Figure1: (Top) 3 of 30 syntheticperspective imagesgenerated
asdescribedin thetext. (Middle) ML reconstructionsat ��� zoom
for threedifferentlevelsof Gaussiannoise(in grey-levels) added
to thelow-resolutionimages.(Bottom)ThesameML reconstruc-
tionswith a0/255lower/upperboundon thepixel intensities.The
reconstructionerrorhasbeenalmostentirelyeliminatedin thecon-
strainedcases.

(a) (b)

Figure2: Reconstructionscomputedfrom the same30 images
usedin figure 1, but with ����� grey-levels of Gaussiannoise
added. (a) HMRF prior with ������ �!�"�$#&%	���� (' . (b) Bound-
constrained.Theconstrainedestimatorout-performstheMAP es-
timatoron this problem.

Figure3 comparesML, HMRF andbound-constrained
reconstructionsof asequenceof 10realimages.Theimages
werecapturedusinga CCD camerawhich wastranslating
parallelto theplanarscene.Registrationwasobtainedauto-
maticallyusingthefeature-basedmethodof [4]. Therecon-
structionis performedat ) �(��
+* pixel zoom. TheML esti-
mateis badlycorrupted,whilst thebound-constrainedesti-
mateis comparablein qualityto theMAP estimateusingthe
HMRF spatialprior. Thebound-constrainedquadraticmin-
imizationis performedusingMore & Toraldo’s “Gradient-
ProjectionConjugateGradient”algorithm[13], whichis ef-
ficient for thesolutionof very large,sparsesystemswith a
largenumberof constraints,ashere.

(a)

(b)

(c)

(d)

Figure3: Super-resolutionreconstructionsfrom 10 real images
taken by a CCD camerawhich wastranslatedparallelto thepla-
narscene.Theimageswereacquiredby TomasPajdlaandDaniel
Martinecat CMP Prague.Thereconstructionareat 1.75� pixel-
zoom. (a) The region of interest in one of the low-resolution
image. (b) The ML estimate. (c) The HMRF estimatewith�,�-�.�/'0��1324#5%��-�.�6'7��198 (d) The bound-constrainedML
estimate.TheML estimateis badlycorrupted,whilst thebound-
constrainedestimatorproducesaclean,clearresultcloseto thatof
theHMRF estimator.

In this paperwe explorelearningsuchconstrainedmod-
elsandpriorsfrom trainingimages[18], andapplyingthese
to super-resolution restoration. We concentratehere on
classesof sceneswhereintensityneighbourhooddistribu-
tionsarenot spatiallyhomogeneous.Thetargetapplication
is faceswherethe intensitydistribution on the cheek,for
example,is very differentfrom thataroundtheeye, asop-
posedto brick texturewhereahomogeneousrepresentation
is moreappropriate.Here,theconstrainedmodelis a sub-
spacewhich is computedusingprincipal componentanal-
ysis of a setof registeredfaceimages. This sub-spaceis
alsousedto definea spatiallyvaryingprior within a MAP
estimator.

Themethodsof this paperaresimilar in spirit to theap-
proachof BakerandKanade[1] whoalsoexaminedtheuse
of spatiallyvaryingpriorsfor faceimages.Their inputcon-
sistsof imageswhich areall at the samescaleandarere-
latedby translations.Thenoveltyof ourmethodis two-fold:
first, thelow resolutionimagesneednot beat thesameres-
olutionandindeedtheresolutioncanvaryacrosstheimage.

2



Thisgeneralizationis essentialin thecasethatthelow reso-
lution imagesarerelatedby a transformationmoregeneral
than2D puretranslation.In thework of this paperthe im-
agesarerelatedby an8 degreesof freedomplaneprojective
transformation;second,agenerativemodelis usedthrough-
out – both in the ML casewith a likelihoodfunction con-
strainedto a sub-space,or in the MAP casewith the prior
measuringdistancefrom a sub-space.

Theuseof PCAsub-spacepriorsprovidesaninteresting
middlegroundbetweenthe genericlocal priorspreviously
used,andthe type of priors basedon samplingexemplars
from training images(e.g.for homogeneoustexturegener-
ation [8]) which have beenappliedto super-resolutionby
CandociaandPrincipe[3], andFreemanandPasztor[9]

2. Super-resolution background
This section summarizesthe standard super-resolution
methodsanddefinesthe notationusedthroughoutthe pa-
per.

2.1. Generative imaging model
It is assumedthatthesetof observedlow-resolutionimages
wereproducedby a singlehigh-resolutionimageunderthe
following generativemodel: � �<;�=?>A@CBED �GFHJILK,M (1)FH - groundtruth,high-resolutionimage: � - NPORQ observedlow-resolutionimageD9� - geometrictransformationof NPORQ image@ - point spreadfunction; = - down-samplingoperatorby a factorSM

- noiseterm

More explicitly: � >RSUT&V I �W;�=?>X@U>RYLT&Z I B[FH >AD � >\SLT]V I]I&IUK,M >RSUT]V I (2)

TransformationD is assumedto beprojective. Thepoint
spreadfunction @ is assumedto be linear andspatiallyin-
variant. Thenoise

M
is assumedto beGaussianwith mean

zero.
After discretization,the modelcanbe expressedin ma-

trix form as ^ �_��`a��Fb K,c (3)

in which the operatorsD9� , @ and ; = have beencombined
into a singlematrix `3� .

Finally, the generative models of all d images are
stackedvertically to form anover-determinedlinearsystemefffg

^�h^Pi
...^kjml i

npoooq �
efffg

` h` i
...` jml i

npoooq Fb K,c (4)

^ ��` Fb Krc (5)

Knowledgeof thePSFfor any given imagesequenceis
usuallyunavailable,so hereit is modelledasa Gaussian.
Comparisonswith themeasuredPSFof severalCCDbased
imagingsystemsshow this approximationto be quite rea-
sonableandthis is furtherverifiedby goodsuper-resolution
resultsobtainedon realimages.A procedurefor estimating
thePSFis describedin [14].

2.2. Maximum likelihood estimation
Assumingthe imagenoiseto beGaussianwith meanzero,
variance�Ps , the total probabilityof theobservedimage t �
givenanestimateof thesuper-resolutionimage uv isw+xzy|{4}�~ ��&� ����z�4� � '�P� ���_������� �{ } y|� #5� �k� { } y|� #�� ���� 8 � (6)

andhencetheassociatednegativelog-likelihoodfunctionis� > t � I ������$��� � > ut � >\SLT]V I � t � >RSUT]V I&I s (7)

Themaximumlikelihoodestimate
vA�G�

is obtainedby max-
imizing this functionoverall observedimages.vR ¢¡ � arg max£ � � � > t�¤ I (8)

The ML formulation given above is simply a very large,
sparsesystemof linear equations.Analysis of the eigen-
valuesof this systemshows that in generalit is extremely
poorly conditioned. However, in principle the solutionof
equation(8) in thematrix notationof equation(5) is given
by ub �¥>R`3¦§` I l i `�¦ ^ �¨`3© ^ (9)

where ` © is the pseudo-inverseof ` . In practicethe ma-
tricesaretoo large to computethepseudo-inversedirectly,
anda solutionis obtainedby iterativemethods.

2.3. Maximum a posterior estimation
As noted above the basic ML estimator is highly ill-
conditioned.However, if a prior probabilitydistribution on
the super-resolutionimageis available then this informa-
tion maybeusedto “regularize”theestimation.TheMAP
estimatorhastheform:vR ¢ªk« � arg max£ >�� � � > t¬¤ IUK®­�� > v�I&I (10)

where
� > v�I providesameasureof thelikelihoodof apartic-

ular estimate
v
.
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For example,SchultzandStevenson[15] proposeaprior
which appliesa penaltyto the imagecurvature. TheMAP
estimatorhastheformv  ¢ªJ« � arg max£ > � � � > t ¤ IUK®­ ��$��� ��¯ >A°�> v T]SLT]V I]I&I (11)

wherethe prior is definedby the spatial-activity function°�> v T]SUT&V I]I , definedasa sumof second-orderfinite differ-
encesin thehorizontal,verticalanddiagonaldirections,and
thepenaltyfunction ¯ >\S I which is theHuberfunction,¯ >\S I � SJs T&± v S³²	´� ��´,µ S§µ$�[´Ls¶T&·�¸�¹�ºz»�¼½±¿¾&º
This prior encourageslocal smoothness,whilst beingmore
lenienttowardstepedgesthan ¯ >\S I �	SJs .
3 Super-resolution using a sub-space

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

The imagewill be modelledby its PCA componentsasub ��À¬Á K�Â , whereÀ representsthesetof PCbasisvectors
and

Â
is theaverageof thetrainingimages.Theaimis alow

dimensionalrepresentationwherethedimensionof thepa-
rametervector Á is far lessthanthenumberof pixelsin the
image(thedimensionof

b
). This representationis applied

hereto registeredfaceimages.It is known from extensive
useof PCAsinceat least[17] thatacompactrepresentation
canbeachievedin this case.

RatherthanlearnthePCfor theentireimage,thefaceis
divided into four key facial regions: theeyes,nose,mouth
andcheekareas;andaseparatePCAbasisis learntfor each
feature. The intuition is that theseregions are relatively
uncorrelated,andthatby consideringsmall regions,better
modelscanbelearntthanwould beby performingPCA on
the whole face. The resultingmodel is analogousto the
“IdentiKit” systemoftenusedto composeimagesof police
suspects.

The region segmentationis shown in figure4. To learn
the model, PCA analysisis applied to 160 face images
which have beengeometricallyregisteredusinga similar-
ity transformation.Both maleandfemalefacesareusedin
the training set. To increasethe numberof training sam-
ples,eachfaceis flippedsymmetricallyaroundthe y-axis,
providing a totalof 320faces.Theaveragefeaturesandthe
first few “eigen-features”areshown in figure5. Thecom-
posedaverageregionsareshown in figure4(b).

(a) (b)

Figure 4: (a) The regions of the faceover which independent
PCA basesarecomputed.(b) Theaverageimagecomputedover
eachof the regions independentlyusingthe 320 training images
(160 �L� usingsymmetry.)

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

A faceimageis thusrepresentedhereby 6 setsof prin-
cipal componentcoefficients(one for eachof the left and
right eyes,nose,mouth,left andright cheeks),b ��Ã À¬ÄÆÅ]Ç O Å � Å0À9È�ÉpÊ Q!O Å � ÅË�!�z�]À3È�ÉpÊ Q!ORÌ5Q ÅÍÅÍÎ"ÏÐÁ K�Â��ÀaÁ KrÂ (12)

where the matrices À are the projection matriceswhose
columns form the PCA basis for eachfeature, Á is the
stacked vector of coefficients associatedwith eachbasis,
and

Â
is a vectorcontainingtheaverageimagefeaturesfor

eachregion. Using thePCA model,thenumberof param-
etersrequiredto representa faceimageis reducedfrom (in
thiscase)) ���E* ) ��� pixels,down to atmost Ñ *mÒ )!Ó � )4Ó�)zÔ
PCcoefficients.

Whenusingthe model,we oftendo not want to useall
319basisvectorsper feature.For instance,we would intu-
itively expectthat thecheek,which is a smooth,low-detail
feature,will requiredfewer principal componentsto accu-
ratelyrepresentit than(say)theeye. Also, by reducingthe
numberof componentsusedto representeachfeatureto the
lowestacceptablenumber, we arereducingthedimension-
ality of the model still further, and we would expect this
to improvetheconditionof thesuper-resolutionestimators.
The criterion we will useto choosean appropriatedimen-
sionalityfor eachfeatureis to keeptheminimumnumberof

4



Õ 0.95 0.98 0.99 0.995 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: Thenumberof principalcomponentsrequiredto repre-
sentaparticularfraction Ö of thetotalvariancewithin eachfeature.

original image Õ �¨��� Ó � Õ ����� Ó 
 Õ ����� Ó�×
Õ ����� Ó�Ó � Õ ����� Ó�Ó 
 Õ ����� Ó¬Ó�Ó Õ � ) � ���¬�

Figure6: A faceimagenot in the training set is projectedonto
thePCAfacemodel.Thenumberof componentsusedto represent
eachfeatureis chosento spansomefraction (shown underneath)
of thetotal variance.

componentsthatspansomefraction Õ of thetotal variance.
This calculationis extremelysimple,sincethevariancesof
theprincipalcomponentareobtainedasaby-productof the
PCA. Table 1 shows the requireddimensionalityof each
featurein order to spanvariousfractionsof the total vari-
ance.

To demonstratethe ability of the model to representa
new facefigure6 showsafacewhichwasnot in thetraining
setprojectedontothePCAmodel,usingfeaturedimensions
chosento preserveincreasingfractionsof thetotalvariance.
Reconstructionsfor which Õ¨Ø ��� Ó¬Ó arevery closeto the
ground-truth.

3.1 An ML estimator

Thesimplestway to usethePCA modelis to constrainthe
super-resolutionreconstructionto lie on the sub-spacede-
fined by the column spanof À . The ML solution using
thesub-spaceparameterizationfollows directly from equa-
tion (8): b4Ù Ä¿Å � arg minÚ Û `k>\À3Á³� Â½I � ^ Û s (13)

for which theminimizeris givenbyÀ�¦§`3¦Ü`aÀ3Á/��À9¦Ü`3¦½> ^ ��` ÂEI (14)

3.2 MAP estimators

Therearetwo straightforwardwaysto developpriorsbased
on thefacemodel,andthesearenow described.

A prior over face-space (FS-MAP) A by-productof the
PCAis anestimateof thevarianceof eachprincipalcompo-
nent.This immediatelygivesusaverysimpleprior defined
onthecoefficientsof theprincipalcomponents.Weusethis
to augmenttheML estimatorabove,producinga MAP es-
timator:b!Ù½Ý&Þ � arg minÚ Û `J>RÀ3Á³� Â½I � ^ Û s K®­ Á ¦?ß l i Á
for which theminimizeris givenby>\À ¦ ` ¦ `aÀ K®­ ß l i I Á6�	À ¦ ` ¦ > ^ ��` Â½I (15)

whereß is thediagonalmatrixof componentvariancesob-
tainedfrom thePCA. We refer to this asa prior over face-
spacesince,aswith the ML estimator, thesolutionis con-
strainedto lie on thesub-spacedefinedby thePCA model,
andtheprior is definedin thesub-space.Thisestimatorim-
posesapenaltyproportionalto theMahalanobisdistanceof
thefeaturesin Á to theaveragefeaturesin

Â
.

A prior over image-space (IS-MAP) A differentway to
usethe learntmodelis aspartof a prior which encourages
theestimatedimageto lie near to thePCA sub-space.We
assumethat the probabilityof obtaininga super-resolution
image ub is Gaussianin thedistanceof ub from À . Theresult-
ing MAP estimatorhastheformvR ¢ªk« � arg min£ Û ` b � ^ Û s K�­ Û >]àm��ÀaÀ9¦ I > b � Â½I Û s
Theminimizeris givenby>\`�¦§` K�­ >Íàá�6ÀaÀ�¦ I]I b ��`3¦ ^ K®­ >]àm��ÀaÀ9¦ IÍÂ (16)

Wereferto thisasaprior overimage-space,sincetheGaus-
siandistribution attachedto the face-spacedefinesa prior
over all images

b
. Thesolutionis not constrainedto lie on

theface-space.
For all three proposedestimators,the optimization is

efficiently performedusingthe conjugategradientdescent
algorithm. Note however that the ML and FS-MAP esti-
matorsrequireoptimizationover the compactface-model
parametersÁ , andcan thereforebe computedmuchmore
rapidly thanthe IS-MAP, which is parameterizedin terms
of theactualsuper-resolutionpixels

b
.

4 Examples using real images

The behaviour of the estimatorsis examinedin detail on
syntheticdatain [5]. Herewe only includeresultson real
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Figure7: Five framesfrom a sequenceof 25 showing a moving
face.Thefaceoccupiesâ"�ã�Gâ"� pixels in theseimages.

(a) (b) (c)

Figure 8: For the sequenceshown in figure 7 (a) the region
of interest in one of the input images,(b) the averageimage,
(c) the super-resolutionHMRF-MAP estimateat ��� zoomwith�ä�,�� �4�4��#]%å�,�� �4� .
imagesequences.Two casesareconsidered: amoving face
andfixedcamera,andviceversa.In bothcases,registration
is obtainedautomaticallyusing the feature-basedmethod
of [4]. The only manualinput is the requirementto select
the eyesandmouthin oneof the input imagesin orderto
registerthefacesin thesequencewith thePCAmodel.

Fixed camera, moving face Figure 7 shows 5 frames
from a sequenceof 25 of a moving facecapturedusing
a monochromeCohu CCD camera. The faceoccupiesaÔ ��* Ô � pixel region. Thesuper-resolutionreconstructions
are ) ���ã* ) ��� pixels,i.e. ÒU* pixel zoom.All 25 imagesare
usedin forming thereconstructions.

For thepurposeof latercomparison,figure8 shows the
region of interestin oneof the input images;the average
image; and the super-resolutionreconstructionusing the
HMRF-MAP estimatorwith

­ �æ��� �¬�¬
9T&´��æ��� �¬
 (tuned
by trial-and-error).

Figure9 showsreconstructionsusingtheface-spacecon-
strainedML estimatoras the numberof componentsper
featuresvaries. TheconstrainedMLE performsquitewell
on this data set. As Õ increases,the reconstructionim-
proves, moving away from the averageface

Â
. But forÕrç ��� Ó¬Ó 
 , the reconstructionquality decreasesrapidly as

themorespuriousandunstructuredcomponentsallow noise
to be introducedinto the solution. The reconstructionfor
which Õ �è��� Ó¬Ó 
 shows good detail with relatively little
noise.

Figure10 shows reconstructionsusingthe FS-MAPes-
timator as

­
varies. The quality of reconstructionis con-

sistentlyquitehigh, eventhough
­

variesover largerange.
This is probablydueto thefactthatthevarianceof theprin-
cipal componentsfalls off very rapidly. For instance,in

Õ ����� Ó � Õ ����� Ó 
 Õ ����� Ó�×

Õ ����� Ó¬Ó � Õ ����� Ó¬Ó 
 Õ ����� Ó�Ó�Ó
Figure9: Face-spaceconstrainedML estimatesat ��� zoomas
the numberof componentsper featureincreases.As Ö increases
theestimatemovesaway from theaveragefaceé .

­ ����� �¬� ) ­ ����� ���¬
 ­ �¨��� � )

­ ����� ) ­ � ) � � ­ � ) ��� �
Figure10: FS-MAP reconstructionsas � varies. Thequality of
thereconstructionis consistentlyhighover a largerangeof values
of � . As � increases,thesolutiontendstowardtheaveragefaceé .

thecaseof themouthcomponents,thevarianceof the Ô � ORQ
componentis 1000timessmallerthanthatof the )4ê5O com-
ponent.Consequently, evena small contribution from this
prior is enoughto severelydampenall thebut thefirst few
tensof principal components.As

­
increases,Á is forced

towards0, andhencethe solution tendstoward
Â

. When­
is zero,the solutionis equivalentto the face-spacecon-

strainedML.

Figure11 shows the reconstructionsusingthe IS-MAP
estimatoras

­
varies, Õ being fixed as ��� Ó�Ó . When

­ ���� ���a
 , theestimatetendstowardtheunconstrainedMLE of
equation8, andreconstructionerror is evident. But when­ ����� �¬
 , thereconstructionis verygood.
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­ ����� �¬�¬
 ­ ����� �¬
 ­ ����� )
Figure 11: IS-MAP reconstructionsas � varies, Ö being fixed
as �� ë!ë . As � tendsto zerothe reconstructiontendstowardsthe
constrainedMLE of figure9

Low-resinput HMRF-MAP IS-MAP

Figure12: A comparisonof thequalityof theinput imagerywith
theHMRF-MAP estimate,andtheface-modelIS-MAP.

Finally, figure 12 comparesthe quality of the input im-
ages,the HMRF-MAP estimateandthe IS-MAP estimate
with

­ ����� �¬
�T Õ �¨��� Ó¬Ó .
Fixed face, moving camera Figure 13 shows a mosaic
featuringa face. Themosaicwascreatedfrom a sequence
of 30 PAL size,JPEGcompressedimagescapturedusinga
CohuCCD camerawhich wasrotatedon a tripod. Nine of
theoriginal framesarealsoshown. ThefaceoccupiesonlyÒ��ì*,Ò�� pixels in the low-resolutionimages. The mosaic
wascreatedusingthemethoddescribedin [4].

Figure14 shows reconstructionsusingtheFS-MAPand
IS-MAP face-spaceestimatorswith variousparametersset-
tings. For comparison,one of input images,the average
image,andan reconstructionusing the HMRF-MAP esti-
matorarealsoshown. Thesizeof thereconstructedimage
is ) ���Ü* ) ��� pixels,16timesasmany pixelsasin the Ò¬�Ü*½Ò��
pixel low-resolutionregion of interest.The Ô * zoomratio
andthefairly poorquality of the input imagerymeansthat
theface-spaceML estimatordoesnot producegoodresults
andis omittedhere. In this example,thequality of the IS-
MAP estimatesis arguablyequalor superiorto theHMRF
estimate,althoughsomeartifactsarevisible on thebound-
ariesbetweenthedifferentfacialfeatures.

5 Summary and future work

A new methodof performingsuper-resolutionrestoration
of low-resolutionimagesequencehasbeendescribedwhich
useslearntimagemodelseitherto directlyconstraintheML

Figure13: (Top)9 of the30PAL size,JPEGcompressedimages
capturedusingarotatingCCDcamera.(Bottom)A mosaiccreated
from theimagessequence.Themosaicfeaturesafaceto whichwe
applysuper-resolutionrestoration.

estimateor asa prior on theML estimate.In bothcasesit
hasbeendemonstratedthat the instability presentin ‘pure’
ML estimationis removed,andthat the learntmodelgives
superiorresultsto traditionalMAP estimators.

Thequality of theresultsbasedon theface-spacemodel
may be improvedby usinga larger setof training images,
or by employing amoresophisticatedmethodof registering
the faceimages,suchasonebasedon a deformablemesh.
The artifactswhich are sometimesvisible on the bound-
ariesbetweenthedifferentfeaturesmaybeamelioratedby
includinga prior termwhich penalizesspatialincoherence
acrosstheboundaries.

We arecurrently looking at a moresophisticatedtech-
niquefor learningconstrainedimagemodelswhichis based
on learninga lexicon of exemplarswhich accuratelyand
compactlyrepresentthe high-frequency characteristicsof
the particularimageclass.This methodwill be applicable
to a wide rangeof imageclasses.
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Low-resROI Averageimage HMRF-MAP)

(a) (b) (c)

Figure14: Super-resolutionestimationfrom 30 images.(Top)
The region of interest in one of the low-resolution input im-
ages; the averageimage; and the HMRF-MAP estimatewith�r�-�� �4�4��#]%í�-�� �"î!� . (Bottom) Super-resolutionreconstruc-
tions using (a) FS-MAP with �¨�æ�� (' , (b) IS-MAP with �¨��� ('4#]Öä�r�� ë4� , and(c) IS-MAP with �G�r�� ('!#]Öä�®�� ë4� . Thesize
of thereconstructedimageis '0�!�ï�ð'0�!� pixels,16 timesasmany
pixels as in the �4���ñ�4� pixel low-resolutionregion of interest.
Thequalityof theIS-MAP estimatesis arguablyequalor superior
to theHMRF estimate,althoughsomeartifactsarevisible on the
boundariesbetweenthedifferentfacialfeatures.
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