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Abstract

The objective of this work is the superresolutionen-
hancemenbf image sequencesW\e considerin particular
imagesof scenedor which the point-to-pointimage trans-
formationis a planeprojectivetransformation.

We first describethe imaging model, and a maximum
likelihood (ML) estimatorof the superresolutionimage.
We demonstate the extremenoisesensitivityof the uncon-
strained ML estimator We showthat the Irani and Peley
[9, 10] superresolutionalgorithmdoesnot sufer fromthis
sensitivity and explain that this stability is dueto the error
badk-projectionmethodwhich effectivelyconstainsthe so-
lution. We thenproposetwo estimatos suitablefor the en-
hancemenof text images: a maximuma posterior(MAP)
estimatorbasedon a Huber prior, and an estimatorreg-
ularized using the Total Variation norm. We demonstate
theimprovednoiserobustnesof theseapproachesover the
Irani and Peleg estimator We also showthe effectsof a
poorly estimatecpoint spreadfunction(PSF)on the super
resolutionresultand explain conditionsnecessaryor this
parameterto beincludedin the optimization.

Resultsare evaluated on both real and synthetic se-
guencesof text images. In the caseof the real images,
the projectivetransformationselating the imagesare esti-
matedautomaticallyfrom theimage data, sothatthe entire
algorithmis automatic.

1. Introduction

Supefresolution enhancementinvolves generatinga
“still” imagefrom a sequenceat a higherresolutionthan
is presentin ary of the individual frames. The obsened
imagesare regardedas degradedobsenations of a real,
high-resolutiontexture. Thesedegradationstypically in-
cludegeometriowarping,optical blur, spatialsamplingand
noise. Given several suchobsenationsa maximumlikeli-
hood (ML) estimateof the high-resolutiontexture is ob-
tained such that when reprojectedback into the images
it minimizesthe differencebetweenthe actualand “pre-
dicted” obsenations.

If a modelof the high-resolutiontexture is availablein
the form of a Bayesianprior thenthis may be utilized in

computinga maximuma posterior (MAP) estimate. The
traditionalapproacthis to modelthe texture asa first-order
stationaryMarkov RandomField (MRF). We proposea
MAP estimatorwhich usesthe Huber edge-penaltyfunc-
tion, andcomparehiswith regularizationbasecn thetotal
variationnorm.

In this work our targetimagesareof text, andtheimage
to imagetransformations a planarprojective transforma-
tion. This is the most generaltransformationrequiredto
relateperspectie imagesof planarscenes.

1.1. Previous Work

Early supefresolutionwork by Irani and Peley consid-
eredimagesundegoingsimilarity [9] andaffine [10] trans-
formations. Mann and Picard [12] extendedthis work
to include projective transformations.Other authorshave
considerednon-parametricmotion models [16] and re-
gion/contourtracking[1].

Various imaging degradationmodels have beenused.
Irani and Peleg modelled image degradationsincluding
both optical blur and spatialquantization. The techniques
were extendedby Bascleet al. [1] to include motion blur.
Cheesemaet al. [6] obtaintheir imagingmodelfrom the
benchcalibrationof their Vidicon camera.

Approacheslsovary in their useof statisticalpriors or
regularizingterms. Cheesemaret al. [6] develop a MAP
estimatorbasedon a Gaussiansmoothnessrior for the
purposeof enhancingVviking Orbiterimages. Schultzand
Stevenson[16] furtheredthe Bayesianapproachby com-
paringrestoratiormethodson both singleandmultiple im-
agesusingan MRF prior with a Huberpenaltyfunctionon
edgeresponse.Capeland Zissermarn[3] alsoinvestigated
both ML and MAP estimatordor the supefresolutionen-
hancementf videomosaicsZometandPele [18] applied
the Irani and Pelg errorbackprojectiomalgorithmto mo-
saicsobtainedusingtheir pipe-projectiormethod.Rudinet
al. [15] proposeamethodin which registeredramesarere-
sampledandthendeblurringis appliedasafinal step.They
employ thetotal variationnormasaregularizerin their de-
blurring algorithm.



2. Theimaging model

The imaging model specifieshow the high-resolution
textureis transformedo synthesize low-resolutionimage.
This typically involves a geometrictransformation,an il-
luminationmodel, blurring (optical and/ormotion), spatial
sampling(dueto the CCD array), and a noiseterm. The
synthesizedmagem is givenby

=S4 7+ T 1)

wheres is the superresolutionimage, I(z) is a function
specifyingtheillumination model,7 is thegeometridrans-
formationinto theimage,h is the PSE andS | is thedown-
samplingoperatorby afactorS.

The model usedhere allows for a projective transfor
mation, an affine illumination model (spatially invariant
shift/scalingof intensities),and blurring by a linear, spa-

tially invariant,symmetricPSE Hencethe modelbecomes

for then-thimage

M, (z,y) = / / h(u,v)(ans(Hn(z+u, y+v))+Br)dudv
o Jo @
where(z,y) is definedon the samplinglattice of the im-
age,(a, §) aretheaffineillumination parametersy(u, v) is
thePSFK andH,(z,y) is thehomographytransformingm-
agecoordinatego coordinatesn the supetresolutionim-
age.Themodelparameterdd,,, a,,, 35, vary from imageto
image.
Knowledgeof the PSFfor ary givenimagesequencés

usually unavailable, so hereit is modelledas a Gaussian.

Comparisonsvith themeasuredPSFof several CCD based
imaging systemsshaw this approximatiornto be quite rea-
sonableandthis s furtherverifiedby goodsupetresolution
resultsobtainedon realimages.A procedurdor estimating
the PSFis describedn [14].

3. The ML estimator

Assumingthe image noiseto be Gaussianwith mean
zero,varianceo?, the total probability of the obseredim-
agem,, given an estimateof the superresolutionimages
is

a) — 1 x I/ﬁn(xay)_mn(z,y)
Pr(m,[3) —anya wors p( 53 ) 3)

andhencetheassociatediegativelog-likelihoodfunctionis

L(m,) = - Z(rﬁn(a:,y) — my(z,y)) 4)

Vz,y

Themaximumlik elihoodestimates . is obtainedoy max-
imizing this functionover all obsenedimages.

SMI = argmax z L(my,) (5)
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Figure 1. The ground-truth images used to create
the synthetic sequences (100 x 100 pix els).
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Figure 2. Examples of the synthetic projective
images created with Gaussian smoothing o and
down-sampling ratio S (50 x 50 pix els).

3.1. Testson synthetic images

In orderto testvariousestimatorsundercontrolledcon-
ditions we usesyntheticimages. The ground-truthimage
(figure 1) is projectively warped (using bicubic interpo-
lation), smoothedwith an isotropic Gaussianand down-
sampled(figure 2). Variouslevels of additive Gaussian
noisearethenapplied.

The starting point for all minimizationsis the average
of theregisteredwarped)inputframes.Suchaninitial esti-
matehasthedesirableropertieof beingsmoothandbeing
closeto theoptimalsolution.

The ML formulationgivenaboveis simply avery large,
sparsesystemof linear equations. Analysis of the eigen-
valuesof this systemshows thatin generalit is extremely
poorly conditioned.Figure3 shavstheresultof theML es-
timatorappliedto 10 low-resolution synthetidmageswith
3 differentlevelsof additive noise.Notethehighfrequeng
error which appearsas noiseis increasedn the input im-
ages. This is to be expectedgiven the poor conditioning
of the system.The reprojectionerroris extremelyinsensi-
tive to thesehigh-frequeng componentsvhich arealmost
completelyattenuateéh thesimulationprocessy the (low-
pass)PSF(i.e. they arenearnull vectorsof the linear sys-
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Figure 3. Results of applying the ML estimator to
10 synthetic input images with 3 levels of additive ,
Gaussian noise .

tem). Clearly this estimatoris extremely sensitve to even
smallamountsof noisein theinputimages.Ilt doesnotper
form well unlessmary moreimagesare available (100 or
more).

Implementation details All large scaleoptimizationsin
this paper(exceptin the caseof the Irani and Pelay algo-
rithm) arecarriedoutusingLiu andNocedals Netlib imple-
mentationof the limited memoryBFGSmethod[11, 13].

4. Thelrani and Peleg algorithm

Irani andPele proposedinalgorithm[9, 10] whichmin-
imizesthe samecostfunction asthe ML estimatorabove
(althoughtheillumination parametergareomitted), but the
iterative updateof the superresolutionestimateproceeds
by an error back-projectiorschemenspiredby computer
aided tomography When all the low-resolutionimages
have beensimulated,the residualimages(simulatedmi-
nus obsened) are corvolved with a back-projectionfunc-
tion (BPF)andwarpedbackinto thesuperresolutionframe.
Theback-projectearrorsfrom all the obsenedimagesare
averagedandusedto directly updatethe estimateasfollows

. - 1
stl =gl o+ 5 gﬂ:n_l[hbpf * ST(ﬁln - mn)]; (6)

whereC' is a constantand by, is the back-projectiorker-
nel. Irani and Peley suggesthat hy,; = (hps)* where
k > 1isagoodchoiceof BPF ensuringcornvergencewhilst
suppressingpuriousnoisecomponentén thesolution.

Throughoutthis paperwe have usedhy,; = (hysr)?.
Figure4 showsresultsof this algorithmappliedto thesame
imagesas the ML estimatorin figure 3. The increased
noise-rolustnesss clear

Thereasorfor this robustnesdies in the choiceof BPE
Sinceeachupdateto the supefresolutionestimateis sim-
ply alinearcombinationof BPF kernelsthen,if the BPFis
smooth theresultingestimateendsto be smoothalso. The
algorithmis unableto introducethe high-frequeng noise
componentshattendto dominateheunconstraine®IL es-
timates.It is similarto aconstrainedninimizationin which
thesmallesandmosttroublesomegigervectorsof thelin-
ear systemmentionedabove are constrainedo zero. The

Figure 4. Results of applying the Irani-P eleg esti-
mator to the same images used in figure 3.
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Figure 5. Results of applying the Irani-P eleg esti-
mator to 5images with noise ¢ = 5.0 grey-levels,
using 2 diff erent forms of back-projection kernel.

effect of the BPF on the estimateis illustratedin figure 5
in which estimatesare obtainedfrom 5 imageswith addi-
tive Gaussiamoises = 5.0 grey-levelsusingtwo different
BPFE The narrover BPF (left) producesa noisyresult. The
wider BPF (right) reducesioisebut increasesmoothing.

5. A MAP estimator

If aprior probability distribution on the supefresolution
imageis available then this information may be usedto
“regularize” the estimation. The maximum a posterior
(MAP) estimatothastheform:

SMAP = argimax (Z L(my) + A2 L(s)) @)

whereL(s) providesameasuref thelikelihoodof apartic-
ular estimates.

The prior usedhereappliesa penaltyto theimagegradi-
entVs. The MAP estimatoiis then

smap = argmax (Y L(ma) = X ) f(Vs(z,9))) (8)

Vz,y

wherethe penaltyfunction f(z) is definedby the Huber
function,

2%if 2 < o

fle) =

= 2a|z| — o?,otherwise



This penaltyfunction encouragetocal smoothnessyhilst
being more lenienttoward stepedges thus encouraginga
piecavise constansolution.

6. The Total Variation estimator

Thetotal variationnormis commonlyusedasa regular
izer in the literatureon denoising/deblurringf singleim-
ages(see[l17, 4, 15]). It appliesthe samepenaltyto a step
edgeasit doesto a smoothtransitionof the sameheight.

TV (s) = /Q IVs| d0 ©)

and is employed herein a Tikhonov style regularization
scheme

sty = argmax () | L(my) =3 D |Vs(z,y)])  (10)

Vz,y
Thegradientof the TV termis
dTVv V.Vs
—_— == 11
ds |Vs| (1)

andhencethereis a singularityat Vs = 0. This is prob-
lematicfor gradientdescenminimization,sotheterm|Vs|

is often replacedby ,/s3 + s2 + 3, wherebetais a tiny

perturbation An alternatve schemewith betterglobal con-

vergencepropertiess proposedy Chanetal. [5]. Figure

6 comparesesultsfrom the Irani-Pelg algorithmto those
obtainedusingthe MAP andTV estimatorggivenincreas-
ingly noisyinputimages.Thelrani-Peley estimatdoecomes
ratherblotchy at high noiselevels. The MAP and TV esti-

matorsmaintaina morepiece-wiseconstansolution.

7. The point-spread function

Thepoint-spreadunctionusedn theimagingmodelcan
have a pronouncedeffect on the supefresolutionestimate.
This is demonstratedn figure 7. The reasonfor this be-
haviour is easiesto imaginein thecasewheretheinputim-
agesarerelatedby only Euclideantransformationgtransla-
tion/rotation)andthe PSFis isotropic. In this casethe op-
erationsof warpingthe superresolutionestimateand con-
volving with the PSFcommute. This meanghatthereis a
family of PSF/superesolutionpairsthatcangiveriseto the
samesetof obsenedimages.If the PSFis too “low-pass”
then the supefresolutionimage develops high-frequeny,
“ringing” artifactsto compensate Similarly, if the PSFis
too “high-pass”the estimatebecomesmoother So under
Euclideantransformationghe reprojectionerror is insen-
sitive to the size of the PSF only the costof the prior or
regularizingtermvaries.This canconfoundmethodswvhich
attemptto optimizethe PSFalongwith the supetresolution
estimate.

The sameeffectis obsernedwhendealingwith affine or
projective transformationsalthoughin thesecaseshe re-
projectionerroris sensitve to PSFvariations,asillustrated
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Figure 6. Estimates obtained at 2x zoom using 10
images, with increasing levels of additive Gaus-
sian noise applied to the input images.

in figure 7. Thegraphin figure 8 shows the corresponding
variation of reprojectionerror asthe PSF¢ varies. Note
that the minimum lies at the correctvalue of ¢ = 0.75.
This wasthevalueusedto make the original simulatedm-
ages. Hence,in the caseof affine or projective sequences
the value of the PSFo may be optimizedby gradientde-
scent.
7.1. A note on PSF implementation

When implementingthe image synthesisprocessthe
supetresolution estimate must first be geometrically
warped, then blurred with the PSF and finally down-
sampled.This givesriseto two alternatve schemesvhich
werenot madeexplicit in Irani andPeley’s original paper

e Either performthewarpontoaregularlatticeusingan
interpolationoperator(e.g. bicubic),followedby con-
volutionwith a discretizedorm of the PSFanddown-
sampling.

e Or warpthe supefresolutionimageaspoint samples,
andconvolvewith a continuoudorm of the PSFatthe
requiredsamplingpositions.

The former is generallymuch easierto implement. The
warpingandconvolutionareeasilyoptimzedfor speedvith
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Figure 7. The MAP estimator is applied to 10 syn-
thetic images (figure 2 top), A = 0.1, a = 5.0.
When the PSF is too narrow (high-pass) the super -

resolution estimate is too smooth. When the PSF
is too wide (low-pass) the estimate develops “ring-

ing” artifacts to compensate .

little needfor cachingof intermediatestepsor look-up ta-
bles. However, linear interpolationschemesuchasbilin-

earor bicubic have an unavoidablelow-passeffect. If the
projective transformatiorof the imagesis severe(e.g. pro-
nouncedforeshorteningthentheseinterpolantsoften per

form poorly and this in turn adwersely affects the super
resolutionresult. Also, whenusinga gradientdescentnin-
imizer, the Jacobiammustinclude both the interpolantand
the PSE This leadsto a ratherinelegantformulationwhich
is furthercomplicatedby any boundaryconditions.For this
reasorwe have choserthe latterimplementatiorpath. The
PSFis a continuous,isotropic Gaussiantruncatedat 3.5

standarddeviations. This continuousform allows fairly
simple evaluation of simulatedpixels and Jacobians. It

alsoallows for straightforward propagatiorof registration
parameteicovarianceto provide confidenceweightingson
the simulatedpixels. Suchcovarianceinformationis a by-
productof unconstrainedML registrationalgorithmssuch
asfeature-basetundle-adjustmer8].

8. Resultsusing real data

In the syntheticexamplegheregistrationwasknown ex-
actly. In theserealexamplesinitial registrationis obtained
usingthefeaturebasedVL algorithmdescribedn [3].

Theillumination parameters,, andg,, areestimatedis-
ing arobustline-fit to theintensitiesof correspondingixels
in the simulatedand obsened images. This estimationis
carriedout at the start,usingtheinitial supetresolutiones-
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Figure 8. The variation of reprojection error with
opsy Of the Gaussian point-spread function. Each
data point is the end-point of an estimation using
the MAP estimator applied to 10 synthetic, projec-
tivel y warped images. The minim um corresponds
to the correct PSF.

timate,andthenagainatintervalsthroughouthe minimiza-

tion. Figure 9 shaws resultsof the Irani-Peley, MAP and
TV estimatorsvhenappliedto 20 CCD cameraimagesof

a sampleof text undegoing planarprojectve motion. The
supetresolutionzoomratio is 2.0. The MAP andTV esti-
matesarebothslightly sharpetthanthe Irani-Pelay version
because¢hey encouragehe solutionto be morepiece-wise
constant. Thereis little differencebetweenthe MAP and
TV estimatesHowever, the TV estimatoronly requiresone
globalparameteto be set()\), asopposedo thetwo (A and
a) requiredby the Huberfunction,hencethe TV schemas

rathereasierto usein practice.

9. Summary and future development

We have demonstratedhe superiority of the Irani and
Peley algorithmto the ML estimatorandexplainedtherea-
sonsfor its robustness.

Furthermorejt hasbeenshavn thatresultscomparable
to or betterthanthoseobtainablewith Irani andPelay’s al-
gorithmcanbeachiezedusingasimpleMAP estimatoror a
traditionaltotal variationregularizer We have shovn these
estimatorgo have improvednoiserobustness.

We have also demonstratedhe effect of a poorly esti-
matedpoint-spreadunction on the supefresolutionresult,
and explainedthe conditionsunderwhich this parameter
may be successfullyoptimized.

The estimatorgproposechereareparticularlyapplicable
to enhancementf text sincethey encouragea piece-wise
constantsolution. For othertypesof image,suchsimplis-
tic priors areinappropriate.We arethereforeinvestigating
methodsof learningstatisticalimagemodelsdirectly from
imagessuchasproposedy Freemarand Pasztor[7], and
alsoBormanetal. [2].

The basicML supefresolutionestimatoris too poorly
conditionedto be useful. However, the Irani andPeley al-
gorithm demonstrateshat with a restrictedsolution basis



Figure 9. Super-resolution at 2x zoom from 20 im-
ages captured using a Pulnix CCD camera. (a) one
of the original low-res images, (b) the initial esti-
mate (average of registered frames), (c) the result

of the Irani-Peleg algorithm, (d) the result of the
MAP algorithm, A = 0.01,a = 5.0,PSF ¢ = 0.7
pixels, (e) the TV result, A = 0.001, PSF ¢ = 0.7
pixels, (f) the TV estimate with A = 0.005. The
MAP and TV estimates are both slightl y sharper
than the Irani-P eleg estimate , although there is lit-
tle diff erence in quality between MAP and TV. Both
are clearly far superior to the original image reso-
lution.

usefulresultscanstill be obtained. With this in mind we
are also investigatingrestrictedimage basesin which the
supetresolutionproblemis betterconditioned therebyal-
lowing anML estimatorto be used.
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