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Abstract

This chapterfocuseson threeissues:supportingimagewarpingalgorithms
for superresulution,examplesof how imagewarpingalgorithmsimpactsuper
resolutionimage quality, and the developmentof quantitatve techniquesfor
supefresolutionalgorithmevaluation.

Thewarpingapproactproposedn this chaptelis basedntheintegratingre-
sampler(ChiangandBoult, 1996)which warpsthe imagewhile both enforcing
the underlyingimagereconstructiorand satisfingthe imaging consistenton-
straint (Boult andWolbeig, 1993). Theimagingconsistentonstraintrequires
thattheimagereconstructioryields a functionwhich, whenconvolved with the
imaging systems point-spreadunction (PSF),is consistenwith the inputim-
age. Mary popularreconstructiortechniguesjncluding bilinear and natural
cubic splines,do not satisfythe imaging consistentonstraint. In this chapter
we review imagingconsistentvarpingalgorithms how they form thecoreof the
integratingresamplerandtheirimplementation.

Althoughimagingconsistentvarpingtechniquesanbeusedin othersuper
resolutionmplementationssuchasthosediscusseih Chapter??, we presentts
usein a simplerdirectapproachwarpingfollowed by a straightfavard fusion.
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Examplesareprovided on grayscalemagesof simplepatternstext, andhuman
faces.Theuseof priorsin the fusion,suchasthoseusedin Chapter??, further
enhanceheresults but we analysizethe simplerapproactto isolatetheimpact
of thewarpingalgorithm.

The chapterthendiscusseshe importantproblemof quantitatve evaluation
andpresentsa summaryof two differentquantitatve experiments:usingOCR
andfacerecognitionas metrics. Theseexperimentsclearly shav the impor-
tanceof high-qualityreconstructiorandwarpingto supetresolution. Perhaps
more importantly theseexperimentsshav that even whenimagesare qualita-
tively similar, quantitatve differencesappearin machineprocessing. As the
superresolutionfield is pushedowardsits boundardiesthe ability to measure
progressevenif it is small,becomesncreasinglyimportant.

Keywords:  SupefrResolution,Imaging-ConsistenRestoration/Reconstructioimtegrating
Resampling,Integrating Resampler Quantitatve Evaluation, OCR, Bi-linear
Resamplingmage Reconstruction]mage RestorationJmage Warping, Bal-
ancedRepeatedReplicatesReplicateStatistics FaceRecognition.

1. BACKGROUND AND INTRODUCTION

Thefundamentapurposeof imagewarpingis to allow thereshapingf im-
agegeometryfor a variety of applications. Inherentin ary supefresolution
algorithmthat usesmultiple imagesis the alignment,or “matching; of data
amongthe images—thecomputationof a mappingfrom eachto a pixel in
thesuperresolutionimage.Exceptin specalizedlevicesthatintentially cause
precisesub-piel shifts,(?), alignmentis almostalwaysto a regular grid, and
hencecan be viewed as a generalwarp of the input image. Generalimage
warping, asis neededor supefresolution,requiresthe underlyingimageto
beresampleatnon-int@er, andgenerallyspatially-\arying locations.Hence,
superresolutionrequiressub-pixel imagereconstructionbut is not necessar
ily amenabléo efficientimagereconsturctiorvia corvolution. Whenthegoal
of warpingis to produceoutputfor humanviewing, only moderatelyaccurate
imageintensitiesare needed.In thesecasestechniqueausingbilinear inter
polationhave beenfound suficient. However, asa stepfor applicationssuch
assupefresolution,the precisionof the warpedintensity valuesis oftenim-
portant. As we shallshav in this chapter supefresolutionbasedon bilinear
imagereconstructioomaynot be suficient.

Oneof thefirst explicit usesof imagewarpingfor supefresolutionwasin
(Peley et al., 1987; Kerenet al., 1988). Pelgy and Kerenestimatedan ini-
tial guessof the high-resolutionimage, and simulatedthe imaging process
via warpingso that the differencebetweenthe obsered and simulatediow-
resolutionmagesvasminimized.lrani andPeley (Irani andPelay, 1991;Irani
andPelay, 1993)usedaback-projectiormethodsimilar to thatusedin tomog-
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raphyto minimize the samedifference.Bascleet al. (Bascleetal., 1996)ex-
tendedhis back-projectionmethodto includeasimplemotionblur model.We
note,however, thatall previouswork hasignoredtheimpactof imagewarping
techniques.

Not all prior image-basedvork hasusedimagewarping— for example
(Elad and Feuey 1999), usedconstraintsformulatedfrom both the multiple
input imagesandthe supefresolutionimage. Algebraicapproacheslo have
somesignificantadwantagese.g. (Elad and Feuey 1999; Bak, ); analysisof
the underlyinglinear systemsmay constrainthe blur kernel enoughto per
mit the computatiorof new information. Also, algebraicapproachearemore
naturallyextendedto allow for Baysianestimationandthe useof priors, e.qg.
(Schultz96, ?; Bak,). Note, however, thatalgebraicconstraintsstill require
sub-piel evaluationof the input for eachpixel in the supefresolutionimage,
which is tantamounto warping. One canview warpingasa pre-processing
that takes the spatialalignmentand matchinginformation and generatese-
constructedmagesthatwould make solutionof the algebraicequationsnore
efficient. Thelack of high-qualityreconstructiorfor warpingmay be the un-
statedreasorthatalgebraidechnique$iave notembracedvarping.

This chapteris structuredas follows. In Section2, the imageformation
processandthe relationshipshetweenrestorationreconstructionand super
resolutoirarebriefly reviewed. Theintegratingresampleranefficientmethod
for warpingusingimaging-consisteneconstructio& restoratioralgorithms—
is givenin Section3. In Section4, we introducethe supefresolutionalgo-
rithmsconsideredh ouranalysis. Quantitatve measuremerttf supefresolution
imagingusingthreedifferentapplicationds shavn in Section5.

2. IMAGE FORMATION, IMAGE
RESTORATION AND
SUPER-RESOLUTION

To addresghe problemof supefresolution,we needto first understandhe
processof imageformation, reconstructionandrestoration.Although previ-
ouschaptergrovide mostof the necessarpackgroundto betterdescribeour
warpingandsupetresolutiontechniqueswe briefly review the imageforma-
tion processandsensomodelasproposedn (Boult andWolbelg, 1993).

Generallyimageformationcanbedescribedisa cascadef filtering opera-
tions. Thereis anoverallblur appliedateachpixel, h(z, y), thatcanbedecom-
posedasthe sequencef operationsaasshavn figure Fig. 1.1. Let f(x,y) be
theintensitydistribution of ascenen front of alensaperture Thatdistribution
is acteduponby theblurring componenof thelens, ki (z,), yielding fi(z, y).
The applicationof a geometricdistortionfunction, ko (x,y), producesmage
fa(u,v). At thispoint, fo(u,v) strikestheimagesensowhereit undegoesad-
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Figure 1.1.  The image formation process and the relationship between restoration,
reconstruction, and super-resolution.

ditional blurring by a point spreadfunction, h3(u,v), which generategmage
f3(u,v). This blurring reflectsthe limitation of the sensorto accuratelyre-
solve eachpointwithouttheinfluenceof neighboringpoints.We chooseo use
asimplemodelwhereinthis blurring takes placewithin onepixel becausdor
CCDandCID camerasincethe physicalboundariebetweerphotositegen-
erally allow only insignificantchage transferbetweerpixels. Image f3(u, v)
undegoesspatialsamplingasit hitsthe discreteCCD or CID photositesThe
combinationof convolution with the photositeblur k3 andsamplingis knovn
asareasamplingandreflectsthe finite sizeof a discretephotosite.If h3 was
assumedo beanimpulse thenwe have pointsampling. While pointsampling
is oftenassumedor theoreticatonsiderationss nottruein practice.In either
case,jntensitiesn thesampledmagel, arenow definedonly for integerval-
uesof u andv. Thedigital imagel(u,v) is obtainedvia ananalog-to-digital
converterthatquantizeghe samplesf I;. Notethatpartsof this decomposi-
tion are more conceptuathan physicalsince,for instance he geometricand
bluring component®ccursimultaneously

Reconstructiomndrestoratiorstartwith 7 (andmodelsfor oneor moreblur
kernelsh;(x,y)), andseekto solve for oneor more f;(z,y). Recoeringan
approximatiorof f(z,y) is knowvn asimagerestoation andis of considerable
interestin imageprocessingThe mostcommonformulationof thatproblem,
however, is actuallyrecovering a descretizedratherthancontinuousform of
f. Recwrering fa(x,y) might be calledintra-pixel restorationthoughit is is
notcommonlydiscussedn theliterature.

Giventhis imageformationmodelwe might definesupefresolutionasthe
useof multiple imagesand/orprior modelinformationto recoser anapproxi-
mationto f(z,y) betterthanwhatwould be obtainedby imagereconstruction
followed by debluringusingknowledgeof & ;(z,y). This definitionincludes
approximatingthe imageat a larger sizewith reasonabl@pproximationdor
frequenciesigherthanthoserepresentablat the original size. While it may
seennon-traditionalt alsoincludesmproving the SNRwhile keepingtheim-
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agethesizefixed. Givensuchan SNRimprovedimage,onecouldsimply per
form afiner resamplinganddeblurto obtaina supefresolutionwith increased
spatialresolution.Notethatsincedebluringamplifiesnoise theincrease&NR
canhave amoresignificantresulton the supefresolutionimagethanmightbe
initially expected.In practice,however, onewould wantto improve the SNR
atthehigherspatialresolutionto reducetheimpactof reconstructiorartificats
whenincreasingheresolution.

Becauseof the multiple, anddifferentdegradationsn this imagingmodel,
we will definetwo differenttypesof supefresolutionthatwill be considered
in this chapter Recwering a discreteapproximationwith resolutionhigher
thanly, to f; is called(plain) supefresolutionandappoximatiorto f is called
superresolutionwith deblurring. Note that supefresolutionwith deblurring
requiresknowledgeof the primarybluring kernel— a reasonabl@ssumption
for simplelensblur but tenuoudor atomospherior depthof field effects. Be-
causesupefresolutionincreaseshe signal-to-noiseatio in the approximation
to f1, it significantlyameliorategheill-conditionednatureof deblurring.

3. IMAGING-CONSISTENCY AND THE
INTEGRATING RESAMPLER

Imagereconstructiorplays a key role in all supefresolutionalgorithms.
Giventhe finite setof samplesthereis an uncountablyinfinitely numberof
functionssatisfythatdata,andhencejmageinterpolationinvolvesaddingreg-
ularizationconstraintgo allow a uniquefunctionto be definedgiven the im-
agedata. Oftenthereis a needto balancecomputationatompleity against
the sophisticatedhatureof the assumptionsnd constraints. The mary con-
straintsbeendevelopedin the designof imagereconstructiotilters have been
extensvely discussedin books(Andrevs andHunt, 1977;Pratt,1978;Gon-
zalezandWintz, 1987; Pavlidis, 1982; Wolbeig, 1990; Pratt, 1990), articles
(Simon, 1975; Andrewns and Patterson, 1977;Hou and Andrens, 1987; Park
and Schavengerdt,1982; Reichenbacland Park, 1989; Jain, 1989; Oakley
andCunningham1990),andcomparisorpaperqParker andandD.E. Troxel,
1983;Mitchell andNetravali, 1988;Maeland,1988).Many of theseconstraints
arerelatedto how well the underlyingdfilter approximatesheideal sincfilter.
Eventhe“ideal” sincinterpolationis basedon the assumptiorthattheimage
is aninfinite signalsampledat or above its Nyquistrate. While it is true that
opticslimit imagebandwidthjt neednotresultinimageghatareNyquistsam-
pled. If theunderlyingfunction f wasNyquistsampledthenexceptfor noise
removal, thereis no needfor supesresolution.

In (Boult and Wolbelg, 1993),a new constraintwas addedto the mix of
potentialassumption$or imagereconstructionrequiringthe algorithmto be
image-consistent An algorithmis called imaging-consistenif it is the ex-
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actsolutionfor someinput function, which, accordingto theimagingmodel,
would have generatedhe measurednput. This constraintis particularlyim-
portantfor supefresolutionbecausdt meanseachresamplingwould, when
subjectedo theimagingmodel,actuallybe consistentvith the measuredm-
age.

Forimagereconstructionywe canachieze aimage-consistemeconstruction
by first restoringthe imageto yield an approximatiorto f,, thenperforming
an additionalblur by the pixel's PSE Althoughrestorationis ill-posed, blur-
ring producesanimagereconstructiorthatis totally consistentvith theinput
data,regardles®f theresamplingate. The useof imagerestoratiortechnique
permitsthe work presentedn this chapterto achieve imagereconstructiorin
afundamentallydifferentway thantraditionalapproachesOur approactis in
the spirit of thework of (Huck etal., 1991),whereit is aguedthat sampling
andimageformationshouldbe consideredogether Imaging-consisterdlgo-
rithmsdirectly combineknowvledgeof imageformationandsamplinginto the
reconstructior® restorationprocess.The way thatknowledgeis used,how-
ever, is quitedifferentfrom (Huck etal., 1991).

Imaging-consistenalgorithmsfollow quite naturally from a generalap-
proachto algorithmdevelopmenknown asinformation-basedompleity (IBC)
(see(Traub et al., 1988)). From IBC, it can be shavn that the imaging-
consistentlgorithmsenjoy very gooderror propertiefor mary definitionsof
error In particular imaging-consisteralgorithmshave, within the presribed
spaceof functions,an error at mosttwice that of ary algorithmfor any error
measureefinedasaweightednormonthespaceof solutions(e.g.,L?, oreven
a weightedleast-squaremeasure). Note that mostimage-qualitymeasures
yielding a scalarare error measure®f this type— e.g.,the QSFmeasuref
(DragoandGranger1985;Granger1974),QSFextensionghatincludecon-
trasteffects,ary weightedintegral of the modulationtransferfunction(MTF),
andthe measureof (Park and Schavengerdt,1982)whenweightedandinte-
gratedover frequenyg v. For the algorithmsdiscussecerewe presumethe
spaceof functionsarecontinuousandpieceavise analyticwith a boundedirst
derivative in eachpiece. More discussiorof theseerror propertiesandalter
native space®f functions,canbefoundin (Chiang,1998).

Of course analgorithmthatperformeda full restoratiorfollowed by blur-
ring could be computationallyexpensve. Fortunately with someeffort, the
imagingconsisteng constrainicanbe appliedin afunctionalway, andencor
poratedinto a very efficient algoirthm. In this chapter only an overview is
provided. For moredetails,andthederivation of four otherimagingconsistent
algoirthms,see(Boult and Wolbeig, 1993; Chiang,1998). One-dimensional
imagemodelsarepresentetherein but sincehigherdimensionsnaybetreated
separablythe processs easilyextended.
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Thesimplesimaging-consistennethodo consideiis basednapieceavise
quadratianodelfor theimage.If we assumeachphotositePSF(h3) is aRect
filter (1.0insidethe pixel, zerootherwise) animagingconsistenalgorithmis
easyto derive. To ensurethatthe functionis continuousandlocal, we define
thevalueof thereconstructiorat the pixel boundaries:; andk;; to beequal
to E; and E; 1. Any methodof approximatiorcould be usedto computeE;,
thoughour exampleswill only include cubic corvolution or linear interpola-
tion. See(Chiang,1998, Section2.3) for a moredetailsderivation andmore
examples.

Giventhe valuesE; atthe pixel edgesanimagingconsistentonstraintis
thatthe integral acrossthe pixel mustequalV;. This resultsin exactly three
constraints:

1/2
w12 =F; g0/ =i [ a@di=Vi @
FromEq. (1), onecanderive thefollowing quadratigpolynomial

gi(z) = 3(E; + Eiy1 — 2Vi)z* — (B; — Eiy1)z — (E; + Eiy1 — 6V;)A2)

where—1/2 < z < 1/2. Usingcubicconvolution with parameter to derive
E; andE; 4, yields

1
E; = g(GViﬁ +@d—-a)Vi 1+ (4—a)Vi+aVi), 3
1
Eiy1 = g(avifl + (4 —a)Vi+ (4 —a)Viy1 + aViya).

Sothatthecubicconvolutionkernelresembleshesincfuntion,theparametea

is generallyin therange[-3, 0], with thevalues—0.5, —0.75, and—1.0 having

specialsignificance(see(Simon,1975;Keys, 1981; Park and Schavengerdt,
1983)).Notethatwith a = 0, we have

Ei=Viai+Vy)/2 and Eijy = (Vi+ Vig1)/2. (4)

In otherwords,for ¢ = 0, cubic convolution interpolationof the edgevalues
(i.e. midpointsbetweemixels) is equalto the valuegiven by bilinearinterpo-
lation.

Whenappliedovertheentireimage Eq.(2) yields f,, anintra-pixel restora-
tion. If animaging-consistenteconstructioris desired,it may be obtained
from theintra-pixel restoratiorvia covolution with the pixel PSE Assuminga
RectPSFfor the pixel, onecanintegrateEq. (2) to derive afunctionalform for
reconstructionTheresultis the perpixel cubic polynomial

1/2 z—1/2
Gilz) = / giz)dz+ [ L, Gl (5)

—-1/2
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= (Bit2 — B — 2(Viga — V)2
+ (2E; — Eiy1 — Eiyo + 3(Vig1 — Vi))2? + (Bip1 — Ed)z + Vi,

where0 < z < 1 spandrom the centerof oneinput pixel to the next.

It is interestingo notethatif a = 0 asin Eq. (4) (i.e. linearinterpolation)is
usedto determineF;, theresultingimaging-consistereconstructioEqg. (5))
is tantamounto cubic corvolution with the “optimal” valueof ¢ = —0.5 —
proof canbefoundin (Chiang,1998,Section2.4). No othervalueof a yields
a reconstructiorthat satisfieghe imaging-consistentonstraintwith a simple
PSFE Thatis, if we usecubic convolution with a # 0 to estimateE;, there-
sultingimagingconsistenpolynomialis notis equialentto ary cubicconvo-
lution. We have found usingcubic convolution with ¢ = —0.5 to estimateFE;
is oneof thebestimagingconsistentlgorithmsandis thevalueusedfor most
of theexamplesn this chapter

This sectionpresented modelthatis globally continuousandanalyticex-
cepton the pixel boundarieswhich resultsin a per pixel modelwhichis qua-
tratic after restorition (cubic after reconstruction). In (Boult and Wolber,
1993; Chiang,1998), we also present/analysizelternatves that are globally
differentialor smootherandalso modelsthat have multiple polynomialsper
pixel.

3.1. IMAGING CONSISTENT WARPING:
THE INTEGRATING RESAMPLER

To define an imaging-consistentvarping, we generalizethe idea of the
imaging-consistereconstruction/restation. Whereasmaging-consistent-
constructiorassumeshat the deggradationmodelsareidenticalfor bothinput
and output; imaging-consistenivarping allows both the input and outputto
have their own degradationmodel,andthe degradationmodelto vary its size
for eachoutputpixel.

Theimaging-consisterdalgorithmsdescribedabore andin (Boult andWol-
beg, 1993)arelinearfilters. We designedhemfor usein whatwe call the
integrating resamplingapproach. For the supefresolutionresultsdescribed
herein,we consideronly the integratingresampleassuminga RectPSFfilter
asdescribedn (ChiangandBoult, 1996),which we referto asQRW.

As describedefore,our modelof imageformationrequiresheimageto be
spatiallysampledwith afinite areasampler Thisis tantamounto a weighted
integral beingcomputedon theinput function. Becauseve have a functional
form for therestorationywe cansimply integratethis functionwith the PSFfor
the outputareasampler In this section,althoughwe assumehat the output
samplethasa RectPSF it shouldbe notedthatthereis no limitation on other
potentialdeggradationmodels. However, Rectis usednot only to simplify the
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algorithms,but becauset is a good modelfor supefresolutionwhereeach
photositeis representedith a pixel.

Whenresamplingheimageandwarpingits geometrythisnew approactal-
lows for efficient pre-filteringandpost-filtering.Additionally, becausafunc-
tional form of the input hasalreadydeterminedno spatially-arying filtering
is neededunlike a caseusinga directinversemapping.

Computingthe exactvalueof theimaging-consistenvarpedvalue (thein-
tegratedrestoredunctionweightedby the PSF)canrepresentedup functional
form if the mappingfunction hasa functionalinverseandthe PSFis simple.
In general however, supefresolutionalgorithmsmay have complex mapsre-
quiring numericalintegration,sincesuchmapscannotberepresenteah closed
form. To reducethecomputationatompleity, we proposeaschemevherefor
within eachinput pixel, we usea linearapproximatiorto the spatialwarp, but
usethefull non-lineawarpto determindahelocationof pixel boundariesThis
integratingresamplerfirst usedin (BoultandWolbeig, 1992)andformally de-
scribedin (ChiangandBoult, 1996),alsohandlesantialiasingof partialpixels
in astraightforvard manner

Assumen input pixels are being mappedinto k£ output pixels according
to the mappingfunctionm(t). Let m; be the mappedocationof pixel 7, for
=0, ...,n. Compute;, =0, ..., k, asthelinearapproximatiorto thelocation
of m~1(j), asshavn in Fig. 1.2. To avoid fold-over problemswe assumehat
themappingfunctionis strictly increasing For anapproacto modelingfold-
over, see(Wolbeig andBoult, 1989).

for (i=j=0; j <k; j++){
while (1 <n — 1 && mi+1 < j) i++;
6j =i+ (J —mi)/(mit1 —ma); }

Figure 1.2.  Linearapproximatiorto thelocationof m=*(5).

For efficient computationof the integral aswell asthe ability to perform
properantialiasingtheintegratingresampler—givenaspseudaodein Fig. 1.3
— “runs” alongtheinputandoutputdeterminingn whichimagethenext pixel
boundarywill be crossed.To do this, therearetwo variables:insey € [0, 1],
whichrepresentthefractionof thecurrentinputpixel left to beconsumedand
outsg, which specifieghe amountof input pixels requiredto fill the current
outputpixel. In theintegratingresamplerthefunction R(t; g) is obtainedrom
thedefiniteintegral of animaging-consistenestoratiory(z) as

Rit:g) = [ PSRa) gla) d ©

—05
which, natrually changesccordingo pixel. An exampleshaving imageval-
uesV;, edgevaluesE;, imagingconsistenintra-pixel restoratiorny;, andimag-
ing consistenteconstuction® is presentedn table1.1. Note this is not the
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i Vi E; 9i R

0 O 0 0 0

1 0 0 0 0

2 0 0 —47.822 — 159z + 3.9 —47.8t3 — 15.9¢% + 3.9¢

3 0 -1594  334.622 — 1434z —27.8 334.6t> — 143.4¢2 — 27.8t — 91.6
4 255 12750 —334.6z> + 143.4x + 282.8 334.6t> — 143.4¢> — 27.8¢t — 219.1
5 255 270.94  47.8z% —15.9z + 251.0 47.8t3 — 15.9¢% + 251.0t — 135.4
6 255 255.0 255 255t-127.5

7 255 255.0 255 255t-127.5

Table 1.1 . A simply stepedge andtheresultingvaluesandpolynomialsthatsene asinput
to theintegratingresamplerin computingheedgevalues we presumepixel replicationoutside
theimage.

samecubicasEq. (5) — anintegral over a full pixel sizeby our prevousdef-
initions, implies a combinationof two differentquadratics.The table shavs
valuesonly within individual pixels.

Assumingproperupdateto the algorithms state when&erinsey < outse,
weknow thattheinput pixel will finishfirst, soit maybecanconsumedlf, on
theotherhand,it happenshatinsay > outsg, the outputpixel will finishfirst,
soanoutputis producedThus,in eachiterationof theloop we eitherconsume
oneinputpixel or produceoneoutputpixel. Thereforethealgorithmrequires
atmostk + n iterations.

The underlyingideaof this integratingresamplecanbefoundin thework
of Fant (Fant, 1986) who proposedan efficient bilinear warping algorithm.
With someeffort, onecanseethatby settingR(t) = v;t — 0.5, theintegrating
resampleimplementsabilinearwarp.

In summarythe contritution discussedh this sectionis twofold:

1 thegeneralizatiorof Fant’s orginal algorithminto theintegratingresam-
plerwhich supportgdhe useadvancedmaging-consisteneconstruction
algorithms,and

2 theprovision for a modelingreallenseffectsby usinga realwarpsthat
affecttheimageradianceIn Fant’s original work, the goalwasto warp
imagedor graphiceffects,andhenceo affectgeometrywithoutdisturb-
ing theintensities.To dothis, thealgorithmmaintaineknowledgeof the
input sizeand normalizeghe integral to accountfor this size,giving a
normalizedintensity Thus,if a constanimagewasstretchedo twice
its normalwidth, it would changeshapebut retainthe sameintensities.
If alenswasplacedinto animagingsystemsoasto doublethewidth of
theimageonthesensoplane thenthevaluemeasuredvould behalved.
Thealgorithmis flexible enoughto supportboth “graphics”and“lens”
modeling. If the supefresolutionis over imagesthat vary becausef,
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Pad the input; computek;, k., andi;, theindicesto the leftmostand rightmostoutputpixelsand the index to
the leftmostinput pixel that contributesto the output; and computethe linear appioximationto the location of
8 =m7'(4),forj=ki,... kr + 1.

normalizingbctor= 6z, +1 — 0x,; /I setupfor normalization

Ok, = MAX (0g,,0); Il ensurethatdy, is nonngative

inseg = 1.0 — FRACTION(dx, ); /I fractionof input pixel left to beconsumed
outs® = dx,+1 — 0k,; /I #inputpixelsmappedntooneoutputpixel
acc= 0.0; Il resetaccumulatofor next outputpixel

for ( =0; j < dk;; j++) oulj++] = 0; /I zerooutthegarbagetleft end

for(¢ =1, j=ki; j <=kr;) /I while thereis outputto produce

{
Usethecurrent pixel (in[4]) and neighbos to
updateR(), theintegral of therestoation g().

leftpos= 1.0 — insey; /I getleft endpointfor integration
if (insey < outs@) { /I if wewill consumanput pixel first
acc+= R(1) — R(leftpos; /I addintegral to endof outputpixel
i++; /I index into next input pixel
if (i==mn){ Il checkendcondition
if (normaliz§ acc/= normalizinghctor  // normalizethe output,if appropriate
oufj] = acg /I init output
break /I exit from theloop
}
outsg —= insey; /I inseg portionhasbeenfilled
insgg = 1.0; /I new inputpixel will beavailable
}
else{ /Il Elsewewill produceoutputpixel first
acc+= R(leftpos+ outs@) — R(leftpog; // addintegralto endof outputpixel
if (normalizg acc/= normalizinghctor, /I normalizetheoutput,if appropriate
outfj] = acg /I init output
J++; /I index into next outputpixel
acc=0.0; /I resetaccumulatofor next outputpixel
inseg —= outse; /I outse portionof inputhasbeenused
outs@ = d;4+1 — dj; /I new outputsize
normalizinghctor= outsey; /I needfor normalization
}

}
for (j =k-+1; j <k; j++)oufj++]=0; [/ zerooutthegarbageatrightend

Figure 1.3.  Theintegratingresamplemassuminga outputmodelof an RectPSFfilter. See
text for discussion.
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say atmosphericariations,or if we arecorrectingfor lensdistortions,
anunnormalizedvarpshouldused.

Thesecontrilutions are at the foundationsof our fusion of image-consistent
warpingandsuperresolution.

4. WARPING-BASED SUPER-RESOLUTION

We turn now to the useof warpingfor supefresolution. As describedn
earlier chapters supetresolutionrefersto the processof constructinghigh-
resolutionimagesfrom low-resolutionimagesequencesGiventheimagese-
guenceXy,, our warping-baseduperresolutionalgorithmis formulated,as
follows:

DefineReferenceand Mapping Chooseone of the images,say X,,, asthe
referencémage,and computethe motion field betweenall the images
andthereferencemage.

Warp Scaleup the referenceémageusing QRW, andthenuseQRW to warp
all theimagedo thereferencémagebasednthemotionfield andscale
computedn thepreviousstep.

Fusion Obtainasupetresolutionimageby fusingall theimagegogether

Deblur (If desiredDeblurtheresultingsupesresolutionmageusinghi (z,y)

This methodpresumeghat lensblur, h, is approximatelythe samefor all
images. Otherwise the debluringstepmust be performedbeforethe fusion
stage. However, becausef the noiseamplificationcausedby debluringin
eachimage,debluringbeforefusionis notaseffective andshouldbeusedonly
whennecessary

We presumehat a densemotion-fieldis computedbetweeneachimagein
the sequence— a straightfavard calculationfor motion thatlocally approx-
imatesa rigid transform. The motion field computationdor the examples
presentedn this chapterare basedon a sum-of-squaraifferencematching
algorithm,with, 11x11and7x7 templatewindows for thefirst andsecondex-
perimentgespectiely. In eachcasethematchingis a densalisparitysurface.
Sub-piel estimatesare obtainedby fitting a quadraticto eachpoint at which
thematchis uniqueandits two neighbors Whenoff-the-shelflensesandcam-
erasareused,pre-warpingcanbe usedto remaove the distortions.In (Chiang
andBoult, 1996),we shaved thatthe pre-warpingwith integratingresampler
canimprove the matchquality givensignificantlensdistortion.

In the face-basedxperiments,we did not have accesso a face image
databasewith a large numberof views of the samesubject. (We usedthe
FERET databasemore on this later). Therefore,we useda setof synthetic
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downsamplinggrom with asingleimageto generat@ sequencef perspectie
warps. Sincethe experimentcalledfor warpingso mary imageswe directly
usedthe matchinginformationdefinedby the syntheticmappings.The map-
pingsfor eachfacewererandomlygeneratedbut the samesetwere usedfor
boththebilinearandthe QRW supefresolutionwarpings.

The fusion stepis not the focusof this chapter nor of our pastwork. We
have tried several differentapproache$o fusethe imagestogetherincluding
simply averagingor a medianfilter. Our experimentsshaw that the median
filter is better thoughoften not muchbetterthanthe averagingfilter. Median
filtering is usedfor the OCR experimentsandsimple averagedor the others.
More adwancedtechniqueausing priors, e.g. (Schultz96,; ?; Bak, ), could
probablyproducebetterresultsbut would still be expectedo benefitfrom the
increasedjualityin fusioninput. Again, theexperimentsn this chaptersought
to isolatethe effectsof warping.

Thetestdatashavn in this sectionwastakenusingtwo differentSory cam-
eras,modelsXC-77 and XC-999, capturedby a DatacubeMV200 System.
Fig. 1.4shav ouranexperimentatesultwith Fig. 1.5shaving thesameresults
exceptthatall theimagesarenormalizedsothatthe dynamicrangesareidenti-
cal. All theresultingsupefresolutionimagesare256x256 andwerescaled-up
by afactorof approximatelyfour (4). We notethatthe previousworks(Gross,
1986;Pelg et al., 1987;Kerenet al., 1988;Irani andPelay, 1991;Irani and
Peley, 1993;Bascleetal., 1996)reportresultsonly scalingby afactorof two
(2).

Fig. 1.4 shavs the supefresolutionresultsof our first example. Fig. 1.4a
shawvs aninputimageblown up by afactorof 4 usingpixel replicationsothat
the value of eachpixel caneasilybe seen. Fig. 1.4b shavs supetresolution
by our implementatiorof the back-projectiormethoddescribedn (Irani and
Pelgy, 1991) (not the orginal authors,see(Chiang, 1998;?) for details);
Fig. 1.4c shaws superfresolutionusing bilinear resamplingfollowed by de-
blurring; Fig. 1.4d,supefresolutionusingQRW followed by deblurring.Also,
for the purposeof comparisonwe are assumehat Figs. 1.4cand1.4d have
undegonethe samedegradationbeforesampling. Fig. 1.4eandf shaws the
superresolutionresultswithout deblurring.

Fig. 1.5 shaws the resultsafter all the imagesare normalizedso that the
dynamicrangesareidentical,asfollows:

255

= Tax, — min, (e~ Min)

I,

wherel,, andI, are,respectiely, the normalizedimageandtheimageto be
normalized,max, and min,, are, respectiely, the minimum and maximum
intensityvaluesof theimageto be normalized.
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Figure 1.4. Final results from an 8 image sequence (64x64) taken by XC-77. (a)
An orginal image blown up by a factor of 4 using pixel replication; (b) super-resolution
by back-projection using bilinear resampling to simulate the image formation process
and (e) as the initial guess; (c) super-resolution using bilinear warping followed by
deblurring; (d) super-resolution using QRW followed by deblurring. Image (e) shows
(c) (bilinear warping) without deblurring and (f) shows (d) (QRW) without deblurring.
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Figure 1.5. Resultsof Fig. 1.4 after beingnormalizedto have the samedynamicrange.
(a) An orginalimageblown up by a factorof 4 usingpixel replication;(b) supefresolutionby
back-projection(c) supefresolutionusingbilinearwarpingfollowed by deblurring;(d) supefr
resolutionusingQRW followedby deblurring.
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Fig. 1.6 shavs an examplecapturedwith a Sory XC999, which is a one-
chip color camera. Note the tamget is similar to (yet different) from thatin
the first example. Fig. 1.6ashavs oneof the original imagesblown up by a
factorof 4; it canbe easily seenthat inter-frame motion is involved in this
case. Fig. 1.6b shavs supesresolutionusing QRW followed by deblurring.
Obviously, oursupefresolutionrmethodremoresmostof theinterframemotion
andsignificantlyimprovesthesharpnesf theimage.

We implementedhe back-projectiormethodproposedn (Irani andPeley,
1991) and found it somevhat difficult to work with sinceit is sensitve to
the choiceof its parametergallednormalizingfactors. For the comparisons,
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a b

Figure 1. . Super-resolution results from a very noisy image sequence of 32 images
(64x64) taken by XC-999. (a) one of the original images blown up by a factor of 4; (b)
super-resolution with QRW followed by deblurring.

we tried mary normalizingfactorsand choseone that resultedin the back-
projectedmageqFig. 1.4d)with minmalsum-of-squaréifference(SSD)be-
tweenthe obsered andsimulatedmages.lIt is worth pointing out thatin this
particularcase,SSDis not necessarilya gooderror measuréecausét is not
robust. Furthermorethesamenormalizingfactordoesnotalwaysgive thebest
resultin termsof the errormeasuravhendifferentresamplingalgorithmsare
usedor whentheinput setis changed.

Resultsfrom ourexperimentshav thatthedirectmethodwe proposeherein
is not only computationallycheaperhbut it also gives resultscomparableto
or betterthanthoseusingback-projection. Moreover, it is easily seenfrom
Fig. 1.4 thattheintegratingresampleoutperformgraditionalbilinearresam-
pling. Not surprisingly our experimentsshav that mostof the additionalin-
formationcarriedby eachimageis concentratedn the high frequeng partof
theimage. This obseration alsoexplainswhy the integratingresampleout-
performsbilinear resampling. As wasshavn in (Boult and Wolbeig, 1993),
whenviewed asareconstructiorfilter, bilinear causesnoreblurring thanthe
imaging-consisteneconstructiorof equationb.

Tablel.2 givestherunningtimesof ourfirst example,asmeasured 1996,
usingaSunl143MHzUItra SFARC runningSolaris2.5 anda120MHzPentium
runningLinux 2.0.12. Notethatfor boththemaintenancef precisionandease
of implementationall operationsvereperformedn double-precisioffloating
point, andneitheralgorithmwasexplicitly optimized.Also, notethatthe mo-
tion field computationrequiredby both methodsjs includedin the timings.
Thisrequiredthewarpingandfusionof 8 imageswith thefinal size256  256.
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QRW Back-Projection |
Timein seconds| SFARC | Pentium| SFARC Pentium|
Warping 1.94 3.52 NA NA |
Fusion 0.04 0.25 NA NA |
Deblurring 0.81 1.31 NA NA |
Total 2.79 5.08 12.33 24.80
Table 1.2 . Running times for our first examples (8 images) assuming the same

degradation model. See text for details.

As shavn in Tablel.2,for this example,our methodis morethanfour times
fasterthanour implementatiorof Irani’s back-projectiormethod.In general,
Irani’s back-projectiormethodtakesan amountof time roughly proportional
to boththe numberof iterationsandthe degradationmodel. Our experiments
shav thatalthougheachiterationof Irani’s back-projectiormethodtakes ap-
proximately65% of therunningtime of our method the algorithmperformsa
minimumof two iterations.Thus,evenin its bestcase Jrani's back-projection
methodis about30% slowver than our method. Our experimentsalso sug-
gestthat more thanthreeiterationsare often requiredto minimize the sum-
of-squaredifference— implicating that the direct warpingapproachs often
morethan100%to 200%fasterthanlrani’s back-projectiormethod.

UANTITATI EE ALUATION

In this section,we turn our discussiorto the quantitatve measuremerf
supetresolution. Historically, asnew supefresolutiontechniqueshave been
developed,the standardpracticehasbeento presenta few examplesof the
techniqueto allow thereaderto reachtheir own qualitative conclusions.lt is
difficult to justify comparisondetweersupesresolutionalgorithmsthatmake
differentfundamentahssumptions— for instanceregular sub-pixel shiftsvs.
aperturechangews. objectmotion. However, in orderto make progresswe
needto beableto quantatiely measureéheimprovementsof algorithms.

Someseeminglynaturalmeasuresvould beablind measuref imagequal-
ity — (?) somemeasureof differencebetweena high-resolutionmageand
the recorered superresolutionimage or sometype of spectralanalysissee-
ing how well high-requenciearerecorered. Blind image-qualitymetricsare,
however, fraughtwith problemsasan overall measureof supefresolutional-
gorithmsbecausehey areinherentlytaskindependenand disregardthe un-
derlyingsignal. Imagedifferencedrom groundtruth have beenusedin mary
areasasa measuref quality for comparisonbut it remaingdifficult to decide
how the differencesshouldbe weighted. In spectralanalysiswe canlook at
how well theresultingsupefresolutionspectuncomparesvith theorginal. In
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section5.1 we briefly review the quantitatve andqualitative spectralanalysis
from (Chiang,1998,Chapter).

While we have exploredimagedifferencencesndspectralmeasuresit is
difficult to reducethemto a simplequantitatve measureo allow comparison
of two algorithms.The majordifficulty with eitherdifferenceor spectralnal-
ysisis how to combinethe differentspatialor spectraldifferencego a com-
parisonmetric. SimpleapproachesuchasRMS of the differenceis not very
meaningful justasRMS erroris notavery goodmeasuref imagequality for
compressionAlso notethatfor supefresolutionmagnificationsf morethan
double,the original imagescontainfrequencieso far abose the Nyquistrate
of the smallimagesthatthe reconstructioriechniquesave no hopeof recor-
eringthem. Theintensityvariationsmeasuredn theseregionsarea mixture
of blurring andunmodeledaliasing. Neithersupesresolutionnor ary resam-
pling/reconstructio algorithmcanrecover all thelostinformation. While we
are aware of thesedifferenceqtheseexistencecannotbe avoided), their sig-
nificanceis unknavn. Ratherthanattemptingto definewhatis importantin
somegenericimagesensewe believe that task orientedmeasuresre more
appropriate.

We presenttwo realistic problemsfor which supefresolutionis a natural
augmentingool. Sincethe metricsarecomputedusingcommercialproducts,
theirimplementatiorandeaseof which the evaluationmaybereproducedire
straightforvard. The first problem,optical characterecognition,or OCR, is
consideredn section5.2. The second,face-basedwumanidentification, is
presentedh section6. In bothdomainsjmagedetailis critical to the systems’
final performance.

In our OCR experiment,inputis obtainedfrom a hand-heldcameraasop-
posedto the moretraditionally usedflat-bedscanner Limited by NTSC res-
olution, we will shawv not only thatsuperresolutioncansignificantlyincrease
therecognitionrate,but alsotheimportanceof warpquality The experiment,
describedn section5.2 and (?), is significant,hovever, hasdravbacks. The
guantitatve analysisusedonly a smallnumberof samplesln addition,binary
natureof the input may allow over-enhancement® causeincreasedecogni-
tion rates.Becaus®f thesdimitations,we soughtanadditionaldomain.

Anotherapproachbasedn appearancenatchingandposeestimationcan
be found in (Chiang, 1998, Chapter7). That analysisusedgrayscaleim-
agescapturedat two differentresolutionsaandcomparedhe resultsof running
SLAM (Neneetal.,1994),anappearance-baseecognition& posealgorithm,
over varioussupesresolutionimages.Theresultswere,in general consistent
with the OCR problem, exceptthat therewere instancesvhereblurring the
imageactuallyincreasedaccurag of the recognition& poseestimation. In
theseunexpectedcasessuperresolutiondid not help. Again, the samplesize
wassmall,andthetamgetswith significanimnumbersf high-contrasedgesnay
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have dominatedhe results. Finally, in retrospectthe problemof posecom-
putationfrom low resolutionimageswas slightly artificial, and henceis not
presentedhere.

In the caseof facerecognitionwe are addressing very real problem—
therecognitionor verificationof ahumans identity from low-resolutionfacial
images.In thehumanidentificationproblem.it is commonfor a wide-field of
view camerao beusedandfor subjectdo be at varyingdistancesincreasing
theworking rangeof existing systemss anongoingresearchopic, andsuper
resolutionis one potentialway of achieing this. We synthetically“project”
the imagesto producethe low resolutiondata. For true supesfresolution,we
would needmultiple views of hundredsof headsand a robust facial match-
ing techniguegsincethe headmayrotatebetweernframes).A experimentus-
ing multiple cameraresolutionsandfacial matchingis beingplanned.In this
experiment,thereis a large enoughdataspaceto infer confidencen the re-
sults. This allows usto quantitatvely comparesupefresolutionusingbilinear
resamplingwith supefresolutionusing QRW and have statisticalconfidence
in the hyphothesighatimprovedimagewarping (QWR) may improve super
resolutionresults.

1. SPECTRAL ANALYSIS OF
SUPER-RESOLUTION FROM
SYNTHETICALLY DOWN-SAMPLED
IMAGES

For a spectralcomparisona sequencef five syntheticallydovn-sampled
imageswereused. The original high-resolutionimageprovidesthe necessary
groundtruth for comparingthe supesresolutionresults.

Fig. 1.7 shavs theexperimentatesults. Thetestimagesaregeneratedrom
the high-resolutionimageshawvn in Fig. 1.7 by translationfollowed by down
sampling. Fig. 1.7ashaws the original high-resolutionimage; Fig. 1.7bthe
scale-upof the down-sampledversionof Fig. 1.7aby a factorof 4 usingbi-
linear resampling(no supefresolution);Fig. 1.7c the supefresolutionresult
from the syntheticallydown-sampledmage sequencaising bilinear resam-
pling with deblurring;Fig. 1.7dthe supefresolutionresultfrom the syntheti-
cally dovn-sampledmagesequenceisingQRW with deblurring.

Tablel.3shavsthepowersof theFouriertransformof theimagesshavnin
Fig. 1.7. For summaryanalysistheimagesaredividedinto regionsbasedon
theirrelationto thesamplingrateof thelow-resolution(64x64)image.There-
gionsareshavn graphicallyin Table1.3a,with the power within themshavn
in Table1.3h The columnmarked 3 shawvs the power of the whole region
(i.e., the whole spectrum). The columnsmarked -, 1, and ¢ shaw, re-
spectively, the power of the central192x192region, the power of the central
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a b
c d
Figure 1. . Resultsfrom a sequenc®f five syntheticallydovn-sampledmages. (a) the

original image; (b) the scale-upof the downn-sampledversionof (a) by a factorof four using
bilinearresamplingno supefresolution);(c)—(d)supetresolutionfrom the syntheticallydovn-
sampledmagesequencesing,respectiely, bilinearresamplingvith deblurringandQRW with
deblurring.

128x128region, andthe power of the central64x64region of theimagespec-
trum. Thecolumnmarked ,, ;,and , shaw, respecirely, thepower of the
wholeregion minusthe power of the central192x192region, the power of the
whole region minusthe power of the central128x128region, andthe power
of thewhole region minusthe power of the central64x64region. As is to be
expectedmostof the powver concentratem the central64x64region whichis
the frequencieghat canbe directly representeih the low-resolutionimages.
Outsidethis region, the power is relatively small. Obviously, supefresolution
usingQRW with deblurringdoesconsiderablybetter
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a

Method 3 2 1 2 1 |
Original 11058.09| 11052.15| 11036.98| 10928.85| 5.93 | 21.11 | 129.24 |
Bi-linear 10722.40| 10722.14| 10721.59| 10714.03| 0.25 0.80 8.37 |

SRBD 10712.98| 10712.14| 10711.22| 10698.52| 0.83 | 1.76 | 14.46 |
SRQRND || 11060.74| 11059.61| 11058.35| 11030.00| 1.13 | 2.39| 30.74 |
b

Table 1.3 .  Pawer of the Fouriertransformof theimagesshavn in Fig. 1.7. (a) Regionsin
the computatiorof the paowersof the 2D Fouriertransform.(b) the power within thoseregions
with 3 beingthe whole region (i.e., the whole spectrum); », 1 and beingtheregions
insidetheinnersquareg192x192,128x128,and64x64,respectiely); Primedlabelsindicated
thecomplementarareaof aregion. Recalltheoriginalimageswere64x64,s0  is associated
with thepower representablian thoseimagesand  whatwasgainedby processingBi-linear
is simplewarpingwith bi-linearwithout supefresolutionor debluring(i.e reconstructiorof a
singleinputimage). SRBD is supefresolutionusingbi-linearwarpingfollowed by debluring,
andSRQRND is supetresolutionusingQRW followedby debluring.

Figs. 1.8 shaws the differencebetweerthe a slice of the 2D Fourier spec-
tra (scanlinel28 i.e. DC componenin y) of the supefresolutionreconstruc-
tions andthe groundtruth high-resolutionmageshavn in Fig. 1.7a. Clearly
this spectralanalysisexampleshavs the superiority both quantitatvely and
gualitatvely, of QRW warpingover simplebilinearwarpingor bilinearsuper
resolution.However, the quantitatve analysiswasvery crudeasit wasbased
only on the pawer in the variousregions. The next two sectionsshaws the
superiorityof QRW usingtask-basedjuantitatve metrics.

2. OCR-BASED E ALUATION

In this section,we discussour evaluationusing OCR, which we refer to
asOCR-basedneasuement Thefundamentaldeaof this approachs to use
OCR asour fundamentametric (asthe namesuggests) The evaluationcon-
sistsof threebasicsteps:

1 Obtainthesupesresolutionimagesusingthe supefresolutionalgorithm
describedn Sectiord.
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Figure 1.8.  Displayof 15 () — 12 () where 5, ( ) and 5, ( ) aretheFourier
spectran z, sampledat thethe DC componen{row 128)in ) for thevarioussupermresolution
approximationgndthe originalimageFig. 1.7. (a) shavs the differenceusingbilinearresam-
pling (no supefresolution)andthe original; (b) shavs the differencebetweensupesresolution
usingbilinear resamplingwith deblurringandthe original and(c) shawving the differencebe-
tweensuperresolutionusingQRW with deblurringandtheoriginal.

2 Passthesupetresolutionresultsobtainedn the previous stepthrougha
“characteroriental” OCRsystem.

3 Determinghenumberof charactersecognizedi.e.,therateof recogni-
tion.

Thegoalsof this evaluationis to quantifythe effectivenesof supefresolution.
Evaluationshereinare madeby comparingthe supefresolutionresultsand
thoseusingbilinearwarping.

While most“state-of-the-art"OCR programscanusedictionarylookup to
aid in their recognition,we choseto usea purecharactebasedsystem.This
ensureghatthe systems behaior is driven only by theimageinput andnot
significantlyimpactedby the grammaticatontet of examples.We have also
choserto useafont-independergystemj.e.,onethatis nottrainedonthefont
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andresolutionbeing used. Training the OCR systemmight allow the train-
ing to compensatéor poor, but consistentpehaior in resamplingor super
resolution.

Sincethe OCR programis not trainedon the particularfont, we breakour
analysisof errorsup into two categories. The first error measurecompares
the OCR outputto the ground-truthinput charactersWe use * to indicate
the numberof charactergorrectlyrecognized We considemultiple typesof
errors,including , , ,and ; whichgive, respectiely, the numberof
incorrectlyrecognizedharactersthe numberof missingcharactersthe num-
berof extra charactersandthe numberof charactershataresplit into two or
morecharacterswith ;.  ;beingthe sumof these.%Correctindicates
the percentagef charactergorrectlyrecognized * dividedby ;, 4 ).
For mary fonts,somecharactersaresovisually similar thatwithout the useof
training or contet, distinguishingpairsof characterss quite difficult, e.g.,0
vsO 1vsl vs! vs|,andin somefonts,/ vsl vst andhvsb (seeFig. 1.13).In
the context of our experimentsFig. 1.9 containsthreeambiguousharacters;
Fig. 1.11four ambiguouscharactersFig. 1.13 seventeenambiguouscharac-
ters.

For brevity, we alsousethe abbreiationsasshavn in Tablel.4to describe
thealgorithmsdiscussed.

Abbreviation Meaning

BRX bilinearresamplingwvithout distortioncorrectionanddeblurring

BRDCD bilinearwarpingwith distortioncorrectionanddeblurring

BR bilinearresamplingvithoutdeblurring

BRD bilinearresamplingwith deblurring

SR supefresolutionusingQRW withoutdeblurring

SRD supefresolutionusingQRW with deblurring

SRDCD supefresolutionusingQRW with distortioncorrectionanddeblurring
Table 1.4 .  Abbreviations of algorithms considered. Distortion correction is needed

to remove radial lens distortions common in inexpensive lenses.

The OCR programusedfor the experimentdescribedereinis “Direct for
Logitech, Version1.3” Theimagesusedare normalizedwith respecto the
superresolutionimagewith deblurring,asfollows:

I
I, = I_ZI“
where I, is the normalizedimage, I is the averageof the intensity values
of the supetresolutionimagewith deblurring,and I,, is the averageof the
intensityvaluesof theimageto be normalized.Within eachdatasetthe same
thresholds usedto binarizeall theimages.
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Thetestdatashavn in this sectionwastakenusinglaboratoryqualityimag-
ing systemsa Sory XC-77 cameraattachedo eitheraDatacubéviV200 Sys-
tem or a Matrox Meteor CaptureCard. As is to be expected betterimaging
reduceghe needfor supetresolution;lower quality camerasncreasehe sig-
nificanceof supefresolutionimaging.

All exampleshereinare scale-upby a factorof four, with the distancebe-
tweencameraandsamplebeingchangedothatthescaledmageswouldyield
animagewith charactesizeswithin the rangeacceptedy the OCR system.
We qualitatively evaluatedheapproachonawider rangeof fontsandimaging
conditions. Note thatfonts with thinnedletters,suchasthe*v” in Fig. 1.11,
tendto be brokeninto multiple letters. Charactersn slantedserif fontstend
to connectandthus,fail to be recognized.Interword spacingis not handled
well (andmultiple spacesreignoredin our measures)The easeof finding a
goodthresholddepend®n the uniformity of thelighting, imagecontrastand
lensquality. BetterOCR algorithmsmay remaove mostor all of thesedifficul-
ties. The quantitatve examplesshav a few of thesefeaturesput in general,
we choosexampleshatarenot dominatedoy theseartifacts.

c

Figure 1. .  Super-resolution results from a sequence of 32 391x19 images taken by
a Sony XC-77 Camera. (a) one of the original images scaled up using bilinear resam-
pling and without distortion correction; (b) and (c) the results after distortion correction,
with (b) showing bilinear warping with deblurring and (c) showing super-resolution us-
ing QRW with deblurring.

Fig. 1.9 shaws the supefresolutionresultsfrom a sequencef 32 391x19
imagedakenby a Sory XC-77 cameraattachedo a DatacubevV200 System
beforethey arepassedhroughOCR for recognition. Fig. 1.9ashavs one of
theoriginalimagesscaledup usingbilinearresamplingandwithout distortion
correction. Fig. 1.9b and Fig. 1.9c shaw the resultsafter distortion correc-
tion, with Figs. 1.9bshaving bilinearwarpingwith deblurringandFigs.1.9c
shaving supefresolutionusingQRW with deblurring.

Figs. 1.10 summarizeghe resultsof passingthe supefresolutionresults
shavn in Fig. 1.9throughOCRfor recognition.This exampledid not contain
ary font-relatedambiguities. The original text (seeFig. 1.9) consistsof total
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Method Outputof OCR

BRX 1234561990te gu<clc bowv dogjumpedover te sazs
BRDCD | :23*;56?990X:e quick brown dogjt:Wedover the Lazf for
SRDCD | 2234567890Thequick bronn dogjumpedoverthelazes'ox.

Method || %Correct| i i+ 4+ +

BRX 67 32| 7| 8 0 1 16

BRDCD 71 35|11 1 0 1 14

SRDCD 94 45 2|0 0 1 3]

Figure 1.10.  Output of OCR for the first example, the text shown in Fig. 1.9. The
smaller size of text and more significant distortions make the impact of super-resolution
using QRW very dramatic.

48 charactersincluding the two periodsbut excluding whitespace .Columns
marked ;, , ,and ;give,respectiely, thenumberfincorrectlyrecog-
nizedcharactersthe numberof missingcharactersthe numberof extra char
actersandthe numberof charactershataresplitinto two or morecharacters.

Becauseof the nonuniformity of the lighting in this example,eachimage
hadits own thresholdwhich waschoserto maximizeits recognitionrate. Us-
ing bilinearresamplingwithout distortion, correction,anddeblurring(BRX),
32 outof the48 character$67%)arerecognizedUsingbilinearwarpingwith
distortioncorrectionanddeblurring(BRDCD), 35 out of the 49 characterst
found (71%) are recognized. Using the supefresolutionalgorithm given in
Sectiord with deblurring(SRDCD),45 out of the48 characterg94%)arerec-
ognized.Comparedo bilinearresamplingvithoutdistortioncorrection super
resolutionusingQRW recognize27% morecharactersComparedo bilinear
with distortioncorrectionanddeblurring,supefresolutionusingQRW recog-
nizes21%moreof characterswith text consistingof thousandef characters,
thisis definitelya significantimprovement.

Qualitatively, onemight notethe errorsareconcentratedn the outeredges
of the examplewheretherewasthe mostsignificantdistortionsandthe worst
lighting.

Fig. 1.11shavsthesuperresolutionresultsfor anexamplewith largerchar
actergalmosttwice thesize)takenwith a betterlens(muchlessdistortionand
lessblur). Theinputwasa sequencef 8 430x75imagegakenby a Sory XC-
77 cameraattachedo a Matrox Meteor CaptureCardbeforethey arepassed
throughOCRfor recognition. The original text consistof total 66 characters
includingthreeperiodsandoneexclamationmark.

Fig. 1.12shavs the experimentakesultsof passinghe supefresolutionre-
sultsshavn in Fig. 1.11 throughOCR. While the bilinear and QRW super
resolution(SRD) imageslook nearlyidentical,the quantitatve OCRanalysis
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Figure 1.11.  Super-resolution results from a sequence of 8 430x75 images taken
by XC-77. (a) one of the original images scaled up using bilinear warping; (b) (a)
deblurred; (c) super-resolution using QRW with deblurring.

Method Outputof OCR

BR Let ustake you assayromit all...

Sendfior Tl avelerandyour bonusgtudetodyl
BRD Let ustake you assayromit all...

Sendfor Tl avelerandyour bonusguidetoday!
SR Let ustake you away fromit all...

Sendfior TI alrelerandyour bonusguidetoday
SRD Let ustake you away fromit all...

Sendfor Tra@&elerandyour bonusguidetoday!
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Method || %Correct| ; i+ 4+ +
BR 89.7 61
BRD 97.0 64
SR 94.0 63
SRD 98.5 65
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Figure 1.12.  Results of the OCR test for the second example, shown in Fig. 1.11.
Again debluring helped in both cases and super-resolution using QRW with debluring
was the best algorithm.

shavs adifference Comparedo bilinearresamplingvithoutdeblurring(BR),
7% more of the characterarerecognizedwith QRW. Comparedo bilinear
warpingwith deblurring(BRD), 2% moreof thecharacterarerecognized2%
may meana lot dependingon applications.Comparedo bilinearresampling
without deblurring(BR), supefresolutionwith deblurring(SRD) reduceghe
numberof incorrectlyrecognizedmissing,extra, andsplit characterseduces
from7to 1.
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Figure 1.13. The third example sequence of 8 490x140 images taken by XC-77.
The top (a)shows the results using bilinear warping with debluring and the bottom (b)
shows the results of super-resolution using QRW with deblurring. While the images
look nearly identical, the quantitative OCRanalysis shows a difference.

Fig. 1.14shaws the analysisfor a third quantitatve experiment. The orig-
inal text, Fig. 1.13 consistsof total 142 charactersvith mixed fonts and a
large numberof ambiguousharactersComparedo bilinearresamplingwith-
out deblurring(BR), 5% more of the charactersare recognized. Compared
to bilinearresamplingwith deblurring(BRD), 3% moreof the characterare
recognized Again, 3% could meana lot dependingon applications- if there
were2000character®n a page,it is differenceof 60 charactersDiscounting
the ambiguouscharacterswill increasethe rate of recognitionby 2% for all
methodsexceptbilinear (BR) whichincrease®nly 1%. Comparedo bilinear
resamplingwith or withoutdeblurring(BR or BRD), supefresolutionwith de-
blurring (SRD) reduceghe numberof incorrectlyrecognizedmissing,extra,
andsplit characterseducedrom 18to 12. Looking at the detailsonecansee
thatthetalics washandledpoorly While a multi-font OCRsystenmight do
muchbetteroverall, theexampledoesshawv thatsupefresolutionimprovesthe
results.

3. OCRE PERIMENTS SUMMARY

The qualitatve aspectof our experimentalresultscanbe summarizedhs
follows:

= Naturally the betterthe quality of the originalimagesandthelargerthe
inputcharacterghesmallertheimpactof supefresolutionon OCR.But
evenfor large cleartext, it did have ameasurablémpact.
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Method Outputof OCR

BR Experlencehethrill of belagin the
exactspotwherehistory happened

St. Augustfne...Bostoilahbor..gWslstand
...Cbharleston@..SbSlobplusmaayothersl|
BRD Experiencehethrill of beingin the
exactspotwherehistory happened:

St. Augustfne.. .BostonHahbor..EslIsland
... CbarZeston...Shilob plusExpeothersl
SR Experiencehethrill of belagin the
exactspotwherehistoryhappened
StgAugustine...Bostorahbor..SWslsland
...Cbharlesto@t...Sbf/olplusmary othersl
SRD Experiencehethrill of beingin the
exactspotwherehistory happened:

Sf. Augustxne...Bostohiarbor..SisIstand
...Cbar/eston...Sbi/oplusmary othersl|
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Method || %Correct| . i i+ 4+ +
BR 87.3 124 8| 10 18
BRD 87.7 128 | 12 18
SR 88.1 126 | 12 17
SRD 91.5 130 | 9 12
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[l lielle]

Figure 1.14.  Performance of OCR testing for the third experiment. As you can see by
looking at the recovery detail, the italics was poorly handled. Overall super-resolution
using QRW and deburing performed the best.

» If thereisnomotion,minimalwarpingandgoodlargetext, supefresolution
will not help muchmorethansimpletemporalaveragingwith bilinear
warping.

m  Typestylehasastrongimpacton therateof recognition.

Thissectiorhasshavn how OCRcarbeusedusedfor supetresolutioneval-
uation.Theadwantage®f thisapproachs thatit is very straightforward; there
area large numberof both commercialandfree OCRpackagesanddatacol-
lectionis alsostraightforvard. The useof OCRiswell suitedfor evaluation
of superresolutiontaskswhich will be similarin natureto OCR, e.qg. license
plates 2D patternmatching handwrittingrecongition.

In generalthedifficultiesof usingOCRasameasuremerfbr supefresolution
canbesummarizedsfollows:

m Therateof recognitiondependsto a large extent, on the quality of the
OCR programs.Better OCRprogramsespeciallythosethat usedictio-



nary lookup, would reducethe impactof low level processing.But in
generalpetterlow level processingvould provide betterresults.

» If binaryimagesarerequiredfor recognition,asmostof the OCR pro-
gramsdo evenif implicitly corvertedinternally thentherateof recogni-
tionis sensitve to thethresholdingprocessisedto corvert gray-scaler
colorimagesto binaryimages.This evaluationusedexternalthreshold-
ing anddifferentthresholdsnay give differentresults. While localized
thresholdingwould help increasethe rate of recognition,we have not
usedthemhere.

s Many OCRprogramgreattheirinputsas“binary”, thusasanevaluation
for supefresolutiontechniquesijt may seemto dowvn-play the impor
tanceof accurategrayscaleproduction,especiallyat middle intensity
levels. Ontheotherhand,theseintermediatdevelsdo occuron charac-
ter boundariesandmay; in fact, be the driving factorin the superiority
of superresolutions.However the nearlybinary natureof the datamay
suggesthatover enhancemenhightdo better

S

In this sectionwe evaluatehow SRcanbeusedto improve theperformance
of afacerecognition(FR) system.A formal descriptionof the FR problemis
givenfirst, followed by anevaluationof a simulatedSR-enhance#R sytem.

S

Oneview of anFR systemis afacility thatprovidesa mappingfrom facial
imagesto labelsthat uniquelyidentify the subjectof the image. We assume
thatgivenan FR system thereexists someimagesetof known subjectsalso
known asagallery, whichwedenoteas . In addition,thereexistssomeprobe
set whereeachimage, € and € ,isanimage
of somesubjectthe FR systemto recognize.In the systemconsiderechere,
assumehatthegallery andtheprobeset arenon-identicalbut have been
createdrom the samepopulation.

Most FR systems presentedvith a galleryimage and probeimage
have the capability of computingsomeboundedsimilarity measure
representinghe “strength” of the matchbetweerntheimages.Without lossof
generality assumehat a score of indicatesthe highestpossible
systemconfidencehatthe subjectin image is the samesubjectin image
andthata score of  indicateshelowestpossiblesystemconfidence
thatthe subjectsaarethe same(or highestconfidenceahatthey aredifferent).

Letid representhetrueidentity of thesubjectin image ,and repre-
sentthegalleryimageof subject . Givenaprobe , avectorsimilarity scores



Algorithm  Description
Faceltimage to ScanTemplate
Faceltimage to Full Tempalte(Normalmode)

Comparison operators. The precisecomparison operators usedin our
evaluation and their namesasdescribedby the Facelt documentation.

canbecalculatedrom all images € . Sortingthe similarity vector

andfindingthesubjects relative positionalongit, determineshe probes rank
Specificallyaprobehasarankof overgalleryset if in thesimilarly vector
thereexistexactly scoregreateithanor equalto g

Thealgorithmusedin theevaluationwasVisionics’ Facelt.Faceltis acom-
mercial, high-quality face detectionand recognitionsystembasedon Local
FeatureAnalysis. Faceltrequiresno explicit “training” stage;i.e. no inter
nal componenbf the systemencorporeinformationacrosshe entiregallery
This is differentfrom mary linear subspacelassifierqsuchasEigenficeap-
proachesyvhich mustbetrainedwith respecto theentiregallery With Facelt,
addinganimageto the gallery doesnot requirea retraining,and hasno side
effectson the probeto galleryimagecomparisonln otherwords,givena par
ticulargalleryandprobeimage and , theadditionof anew galleryimage
hasno effectontheFaceltsimilarity measure . Naturally therankcould
be effected.For our evaluation,we selectedwo differentsimilarity measures,
describedn Figurel.15.

The context of the evaluationconsistedof a subsetof the Essex database

packagedwith Facelt. Due to constraintdn the available data, we selected
imagepairs. Eachpair consistsof two imagesof the samesubjectwith

approximatelthe samepose but slightly differentexpression Theseimages,
in FERET nomenclaturearereferredto as and images. All subjects
selectedverefront facing,imagedin front of simple (essentiallynonochro-
matic) backgroundsanddiffuselyilluminated. Sincewe weremoreinterested
in the effectsof the imagepreprocessingtageswe presentedavorabledata

to thesystem.

More formally, let representhe setof four images
of subject and representhesetof all images—in
ourcase, € . Let represensomeimageprocessindgunc-
tiononimage (thiswill soonbereplacedvith a supefresolutionalgorithm),

represent similarly measureandrank representhe rank of probe

over gallery  via similarity measure . Then,using , , ,and , an

evaluationthatobtainsa setof ranks(onesetperprobeimage)canbe denoted



as
eval rank (7

Sothatconfidencentenalscouldbeobtainedtheevaluationframework of (?)

wasfollowed. This frameawvork is basedon populationstratificationandmeth-
odsof replicatestatistics(balancedrepeatedeplicatesor BRR, specifically).
Letting eachsubjectcorrespondo a stratum,threesamplesper stratum(or
PSUs)areobtainedby fixing onesetof imagesasthe galleryandprobingthe
gallerywith theremainingdatasets.Thatis, onesetof samplesvasobtained
with eval , anothemwith eval andsoon.

In this sectionwe describethe probeand gallery
setsusedn ourevaluation.Thenotationusedherewill alsobeusedto describe
theresultsof the evaluation.

A seriesof low-resolutionimagesto sene asinput to the SR algorithmis
generatedirst. Basedon previous results(Chiang,1998),it wasdecidedthat
four low-resolutioninputimageswould be used.To simluatea low-resoultion
facefrom slightly differentviews, a perspectie projectionwasused. Let
represenarandom put known, perspectie andscalapixel-to-pixel mapping,
wherethe imagewidth andheightarereducedo  percentof their original
size. In this evaluation,the perspeaie projectionwaslimited so thatonly a
pixelshorizontalcoordinatevould bedisplacedy atmost of theoriginal
imagewidth. Let  representheinverseoperation— a timesdilationand
perspectie “correction’ Sincefour low-resolutionimageswere generated,
four such  mappingsneeded.A setof four (distinct) mappingsgenerated
from arandomseed is denotedas . It fol-
lows thatthe setof complimentarymappingds denotedas :

Givenamap , image , andwarpingalgorithm , a new low-resolution
image canbedenotedasa functionof and , or . Let
and represenQRR andbilinearwarpingalgorithmsrespectiely. Then,for
eachprobeimage € , asetof four low-resolutionimagesgeneratedrom
warpingalgorithm is

(8)
If we denotea SR asa SR algorithmusingwarp , thenwe may now we
modify Equation(7), our previous definitionof eval, to reflect

eval rank SR 9)

In thisideal case the SR algorithmgenerateshe correctve mapsby directly
inverting eachdistortion . Naturally thisis only possiblewhen is known



file=low-res-images.eps,width=&heght=1.2in

Low-resolutionimagesof Subject202 Exampleof a setof four, perspectie
projectiondistored Jow resolutionimageswhich sene asSRalgorithminput. All imageswvere
generatedrom the higherresolution imageof subject . Closerinspectionrevealssubtle
differencebetweenheimagesthefirstfaceappearsarraverandslighly elongatedvith respect
to the otherthreefacesthefourth appearslighly smaller lower, andwide thanthe otherthree,
etc. The black stripeson the left andright side of the imagesare artifactsresultingfrom the
projection.Becauseachsubjecthastheir own setof uniquemaps,somelow-resolutionimage
setswill shav moreor lessvariationbetweerimages

a priory. Notethatotherphenomenonsuchassensomoise,deformationsn
expressionandchangesn illumination, are not encorporatednto the evalu-
ation. By usingideal conditionsthe evaluation,suchas nearlyideal inverse
mappingsour evaluationis not only significantlysimplied,but betterreflects
amore“upperbound”-like measuref the effectsof SR.

As reflectedin Equation(9) changinga SR algorithmhasno effect on the
particularmaps( and ) used.This critical constang ensureghat differ-
encesn theresultingrankingcanbe attributed only to the changen warping
algorithm.

S S

To establisha peformancegain (or loss)for SR, theraw low-resolutionim-
ageswill beusedasthebaselineevaluation.In asystemwithout SR, theseraw
imagesarewhatwould beusedasprobeimages.Theideal SRimagesgive an
indicationof the“best” possibleperformanceaindueto SR.

Unfortunately rank as definedpreviously, canbe a non-rolust measure.
Thepenaltyincurredby amisdetectior{definedasarankgreatetthan , where

is somepredefinedhreshold)is linearly related. For example, supposea
probehasaveryhigh (poor)rank— , for instance Thepenaltyincurredin
themeanrankduetothis  -rankmisdetects muchgreatethana probewith
arankof, say . Inbothcaseshowever, if ourthreshold , thenthey are
both clearly misdetects.Therefore for our evaluation,we performthe BRR
meanand varianceover the following statistic,where represents probes
rankand is somethresholdrank

if otherwise (20)

Anotherview of  is the expectedvalue of the fraction of probeswithin the
top matchcandidatesFor this particularevaluation,we used
In otherwords,aprobescoreda if it subjectwaswithin thetop of candldate
imagegjustthetopimagein our case).

Thegeneratiorof multiple low-resolutionmagesrovidesabroadbaseline.
Let representhe setof all th low-resolutionimagesgeneratedrom



Essa& databaseset  usingwarpingalgorithm . In otherwords, the set
, or

(11)

is the setof all low-resolutionimagesfrom set  generatedrom a map of
index . Notethatthis partitioningis somevhatarbitrary andonly dependent
on particularindexes. This notationwill be usedagainshortly Similarly, we
let

SR SR SR SR (12)

denotethe supefresolutionimage setsgeneratedrom their respectie low-
resolutionmages Finally, therethe BRR meanestimategeneratedrom each
( . ) set(see(?) for moreinformationaboutthis construction).
Thesearedenotedy replacingthe setindex with thesymbol . For example
(13)

SR SR

TheseBRR estimatordncorporaterankinformationacrossall , , sets
(appropriately).

Theraw resultsof the evaluationareshavn in Figure1.17. For eachrow,
thetableshavs the expectedvalueof thefractionof probeghatproduceranks
of . The BRR estimatedstandarderror of thesemeansis shavn in paren-
thesis.As shavn in thefigure,both QRW andbilinearbasedsupesresolution
improvesthe fraction of recognizedaceswith a statisticalsignificance. For
all experimentsQRW supefresolutionproducedoetterfractionsthenbilineat
Thisis not alwaysthe casefor the componenfractions. This indicatesthatin
certaincasesit is possiblethata particularlow-resolutionimagemay be bet-
terthana supefresolutionimage. In arealfacerecognitionsystem however,
groundtruthis notavailable. Thereforejt would beimpossibleto know which
low-resolutionproduceghe correctresult. Neverthelessthis phenomenoiis
moreof aface-recognitiosystemssuethanasupefresolutionissue.lt should
be notedthatincreasing (for ) doesnotdramaticallychangethe fact
thatQRW producestatisticallysignificanthigherfractions.

Thefigure shavs theresultsfrom bothof the Faceltalgorithms.In thefirst,
the overall peformancds much betterandwe seethat supesresoltionhelps
for both bilnear warping and for QRW. It also shavs that QRW is statsiti-
cally supperior being at leastthree standarddeviations abore bilnearbased
superresolution. The secondalgorithm,overall, did not performaswell. The
behavor of QRW is consistent— againshaving a statistically significant
improvementfor supefresolutionover the individual low-resolutioninputs.
However, this algorithmhad casesvherebilinear outperformedQRW on the

1Thisis a statisticallysoundstatementvhich is dependentn theuniquepropertieof BRR.



probesets alg alg
0.8277(0.0083) 0.6591(0.0114)
0.8390(0.0087) 0.6382(0.0119)

0.8438(0.0085) 0.6591(0.0112)
0.8570(0.0086) 0.6705(0.0125)

0.8219(0.0082) 0.6609(0.0113)
0.8589(0.0081) 0.6430(0.0115)

0.8286(0.0088) 0.6866(0.0112)
0.8589(0.0081) 0.6335(0.0120)

0.8494(0.0079) 0.6647(0.0115)
0.8731(0.0078) 0.6875(0.0109)

SR

SR

Mean Fraction of Succes$stimates The resultsof the evaluation,show-
ing the expectedvalue of the fraction of the probesthat have rank (mostlikely candidate).
Standardlevationsareshavn in parenthesis.

indivisual examples. However, this examplesshavs that unlike QRW, with
bi-linearwarping,supesresolutionwasnot betterthantheindividual inputs.

S

This chapterdiscussedechniquedor imageconsistenteconstructiorand
warpingusingthe integratingresampler By couplingthe degradationmodel
of the imaging systemdirectly into the integrating resamplerwe can better
approximataeconstructheimageandthewarpingcharacteristicsf real sys-
tems. This, in turn, significantlyimprovesthe quality of supefresolutionim-
ages Exampleof supefresolutiondor gray-scalémagesshav theusefulness
of theintegratingresamplein applicationsscalingby a factorof upto4 using
8-32images We disussedhreequantittve evaluationsapproacheandin each
casesaw thatsuperfresolutionusingQRW wassuperioito bilinearapproaches.
Evenin the caseaherethe supefresolutionimageswerevisually similar, we
hadmeasurablguantitatve improvements.
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