
��������� ���	��
��������
� �������������





��������� ���	��
��������
� �������������
���! #"$ #"&%'�)(
�+*-,.%/ 0%210(

35456 798:4.;=<>@?BADCE>GF@HICKJML	?.N
OQPR6 SK8RTVUW6 7X<IY�ZQ[]\^T_TV8=<
J`H'acb)ND>dH2>eC:fDb)F
[g8:hiY�PE4'j`kml 6 nE7W6 YgP

oqp rtsvu^wqxzy�{5|�u^}m~ y.�`r���p ~ �:�gu^w���]YRU079Y�P��g�`Y^T�4�T�8ih��E7#�g�KYgPK4^YgP



�c���9�.���M�������e�q���q�����]�����
�������q���������� ^¡¢��£

¤ �q�¥�$¦§�������B¨§©)���¢ª«��¬��
�t��������q��¡	�«£/�����«®��«�������

�����e����¯�����q��°



±³²µ´!¶�·I¸�¹�º»¶¼¸t´�½¿¾Àº»¶BÁ�²Â·ÄÃ

Terrance E. Boult is the WeismanChair professandchairmanof the newly
formedComputerScienceandEngineeringDepartmentat LehighUniversity.
From 1994to 2001he waswith the Ele. Eng. andComp. Sciencedepart-
mentat Lehigh. He served on the faculty of ComputerScienceat Columbia
Universityfacultyfrom 1986until 1994.andheearnedhisPh.D.in Computer
Sciencefrom ColumbiaUniversityin 1986,

RossJ. Micheals is a doctoralcanidateat Lehigh University in the newly
formedComputerScienceandEngineeringDepartment.

Ming Chao Chiang recievedhis doctoraldegreefrom theComputerScience
departmentof ColumbiaUniversityin 1998.

Å





ÆÈÇ)ÉÄÊeË«ÌzÍÏÎ

Ð-ÑÓÒÕÔ�Ö�×MÖ&ÔÕÐ¢ØÚÙÈÑÓÛÏÜÝØ�Þ ß�Üv¾ Üvà ¾&áÓÔãâ ¾äÖäÒ�ÜzÞåá
æ�ç.èMé/êqëÝì�íMî�ïµð:èvîÚèvñÂò�ó2ò^ôgé/ñõó/ñµö�÷Èø/óIðúù.ò�ó2ò^ô�é/ñ

fBû5üRü�ý]þMÿgûeH��������	��

1����������������������� !�"�$#% �&(') +*��, ��-�����, +*$./�0�1#��2#%�����$�� 3�

4 �"5�� *65879 !�;:6����<��;��=?>�@A���,5�BC�"5D����>FEHGJI�K+L+I+M?>N7��1G
O�P?QSR?T O�UHT V�WYX Z6WS[ V-\%R

L^]�þ	_a`:a�b§ý�� acb	]�ý]þ	_

F���d6dfeg��Lh]_ÿ+bMû�ýH��d
����������������������� !�"�$#% �&(') +*��, ��-�����, +*$./�0�1#��2#%�����$�� 3�
4 �"5�� *65879 !�;:6����<��;��=

Abstract
This chapterfocuseson threeissues:supportingimagewarpingalgorithms

for super-resulution,examplesof how imagewarpingalgorithmsimpactsuper-
resolutionimagequality, and the developmentof quantitative techniquesfor
super-resolutionalgorithmevaluation.

Thewarpingapproachproposedin thischapteris basedontheintegratingre-
sampler(ChiangandBoult, 1996)which warpstheimagewhile bothenforcing
the underlyingimagereconstructionandsatisfingthe imaging consistentcon-
straint (Boult andWolberg, 1993). The imagingconsistentconstraintrequires
thattheimagereconstructionyieldsa functionwhich,whenconvolvedwith the
imagingsystem’s point-spreadfunction (PSF),is consistentwith the input im-
age. Many popularreconstructiontechniques,including bilinear and natural
cubic splines,do not satisfythe imagingconsistentconstraint.In this chapter,
wereview imagingconsistentwarpingalgorithms,how they form thecoreof the
integratingresampler, andtheir implementation.

Althoughimagingconsistentwarpingtechniquescanbeusedin othersuper-
resolutionimplementations,suchasthosediscussedin Chapter??, wepresentits
usein a simplerdirectapproach:warpingfollowedby a straightfoward fusion.
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Examplesareprovidedon grayscaleimagesof simplepatterns,text, andhuman
faces.Theuseof priorsin thefusion,suchasthoseusedin Chapter??, further
enhancetheresults,but we analysizethesimplerapproachto isolatetheimpact
of thewarpingalgorithm.

Thechapterthendiscussesthe importantproblemof quantitative evaluation
andpresentsa summaryof two differentquantitative experiments:usingOCR
and facerecognitionas metrics. Theseexperimentsclearly show the impor-
tanceof high-qualityreconstructionandwarpingto super-resolution. Perhaps
moreimportantly, theseexperimentsshow that even whenimagesarequalita-
tively similar, quantitative differencesappearin machineprocessing.As the
super-resolutionfield is pushedtowardsits boundardies,theability to measure
progress,evenif it is small,becomesincreasinglyimportant.

Keywords: Super-Resolution,Imaging-ConsistentRestoration/Reconstruction,Integrating
Resampling,Integrating Resampler, Quantitative Evaluation, OCR, Bi-linear
Resampling,ImageReconstruction,ImageRestoration,ImageWarping, Bal-
ancedRepeatedReplicates,ReplicateStatistics,FaceRecognition.

�N� ������������������� ����� ���������y�������������
Thefundamentalpurposeof imagewarpingis to allow thereshapingof im-

agegeometryfor a variety of applications. Inherentin any super-resolution
algorithmthat usesmultiple imagesis the alignment,or “matching,” of data
amongthe images—thecomputationof a mappingfrom eachto a pixel in
thesuper-resolutionimage.Exceptin specalizeddevicesthatintentiallycause
precisesub-pixel shifts,(?), alignmentis almostalwaysto a regulargrid, and
hencecan be viewed asa generalwarp of the input image. Generalimage
warping,as is neededfor super-resolution,requiresthe underlyingimageto
beresampledatnon-integer, andgenerallyspatially-varying locations.Hence,
super-resolutionrequiressub-pixel imagereconstruction,but is not necessar-
ily amenableto efficient imagereconsturctionvia convolution. Whenthegoal
of warpingis to produceoutputfor humanviewing, only moderatelyaccurate
imageintensitiesareneeded.In thesecases,techniquesusingbilinear inter-
polationhave beenfoundsufficient. However, asa stepfor applicationssuch
assuper-resolution,the precisionof the warpedintensityvaluesis often im-
portant. As we shall show in this chapter, super-resolutionbasedon bilinear
imagereconstructionmaynotbesufficient.

Oneof thefirst explicit usesof imagewarpingfor super-resolutionwasin
(Peleg et al., 1987;Kerenet al., 1988). Peleg and Kerenestimatedan ini-
tial guessof the high-resolutionimage,and simulatedthe imaging process
via warpingso that the differencebetweenthe observed andsimulatedlow-
resolutionimageswasminimized.Irani andPeleg (Irani andPeleg, 1991;Irani
andPeleg, 1993)usedaback-projectionmethodsimilar to thatusedin tomog-
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raphyto minimizethesamedifference.Bascleet al. (Bascleet al., 1996)ex-
tendedthisback-projectionmethodto includeasimplemotionblur model.We
note,however, thatall previouswork hasignoredtheimpactof imagewarping
techniques.

Not all prior image-basedwork hasusedimagewarping — for example
(Elad and Feuer, 1999),usedconstraintsformulatedfrom both the multiple
input imagesandthe super-resolutionimage. Algebraicapproachesdo have
somesignificantadvantages,e.g. (Elad andFeuer, 1999;Bak, ); analysisof
the underlyinglinear systemsmay constrainthe blur kernel enoughto per-
mit thecomputationof new information.Also, algebraicapproachesaremore
naturallyextendedto allow for Baysianestimationandtheuseof priors,e.g.
(Schultz96,; ?; Bak, ). Note,however, thatalgebraicconstraintsstill require
sub-pixel evaluationof the input for eachpixel in thesuper-resolutionimage,
which is tantamountto warping. Onecanview warpingasa pre-processing
that takes the spatialalignmentand matchinginformationandgeneratesre-
constructedimagesthatwould make solutionof thealgebraicequationsmore
efficient. The lack of high-qualityreconstructionfor warpingmaybe theun-
statedreasonthatalgebraictechniqueshave notembracedwarping.

This chapteris structuredas follows. In Section2, the imageformation
processandthe relationshipsbetweenrestoration,reconstruction,andsuper-
resolutoinarebriefly reviewed.Theintegratingresampler—anefficientmethod
for warpingusingimaging-consistentreconstruction& restorationalgorithms—
is given in Section3. In Section4, we introducethe super-resolutionalgo-
rithmsconsideredin ouranalysis.Quantitativemeasurementof super-resolution
imagingusingthreedifferentapplicationsis shown in Section5.

°u� �9±²����³µ´¶����±·�¸�������º¹~�9±²����³
�»³�¼c�y�����¸���	�y� �����
¼c��½�³^�y¾a�»³�¼¿�yÀÁ���������

To addresstheproblemof super-resolution,we needto first understandthe
processof imageformation,reconstruction,andrestoration.Althoughprevi-
ouschaptersprovide mostof thenecessarybackground,to betterdescribeour
warpingandsuper-resolutiontechniques,we briefly review the imageforma-
tion processandsensormodelasproposedin (Boult andWolberg, 1993).

Generally, imageformationcanbedescribedasacascadeof filtering opera-
tions.Thereis anoverallblur appliedateachpixel, ÂmÃ®ÄmÅSÆ	Ç , thatcanbedecom-
posedasthesequenceof operationsasshown figureFig. 1.1. Let È/Ã®ÄmÅSÆ	Ç be
theintensitydistributionof ascenein front of alensaperture.Thatdistribution
is acteduponby theblurringcomponentof thelens, ÂÊÉ!Ã®Ä�ËaÇ , yielding È9ÉDÃ®ÄmÅSÆ	Ç .
The applicationof a geometricdistortionfunction, Â�Ì�Ã®ÄmÅSÆ	Ç , producesimage
È Ì Ã®ÍAÅSÎFÇ . At thispoint, È Ì Ã®ÍmÅSÎgÇ strikestheimagesensorwhereit undergoesad-
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The image formation process and the relationship between restoration,

reconstruction, and super-resolution.

ditional blurring by a point spreadfunction, Â ��Ã®ÍmÅSÎgÇ , which generatesimage
È � Ã®ÍAÅSÎFÇ . This blurring reflectsthe limitation of the sensorto accuratelyre-
solveeachpointwithouttheinfluenceof neighboringpoints.Wechooseto use
a simplemodelwhereinthis blurring takesplacewithin onepixel becausefor
CCDandCID camerassincethephysicalboundariesbetweenphotositesgen-
erally allow only insignificantcharge transferbetweenpixels. Image È!�aÃ®ÍAÅSÎFÇ
undergoesspatialsamplingasit hits thediscreteCCDor CID photosites.The
combinationof convolution with thephotositeblur Â"� andsamplingis known
asareasamplingandreflectsthefinite sizeof a discretephotosite.If Â"� was
assumedto beanimpulse,thenwehavepointsampling.While pointsampling
is oftenassumedfor theoreticalconsiderations,is not truein practice.In either
case,intensitiesin thesampledimage #%$ arenow definedonly for integerval-
uesof Í and Î . Thedigital image #�Ã®ÍAÅSÎFÇ is obtainedvia ananalog-to-digital
converterthatquantizesthesamplesof # $ . Notethatpartsof this decomposi-
tion aremoreconceptualthanphysicalsince,for instance,he geometricand
bluringcomponentsoccursimultaneously.

Reconstructionandrestorationstartwith # (andmodelsfor oneor moreblur
kernels Â'&6Ã®ÄmÅSÆ	Ç ), andseekto solve for oneor more È)(�Ã®ÄAÅSÆgÇ . Recovering an
approximationof È/Ã®ÄAÅSÆgÇ is known asimagerestorationandis of considerable
interestin imageprocessing.Themostcommonformulationof thatproblem,
however, is actuallyrecoveringa descretized,ratherthancontinuous,form of
È . Recovering ÈaÌaÃ®ÄAÅSÆgÇ might becalledintra-pixel restoration,thoughit is is
notcommonlydiscussedin theliterature.

Giventhis imageformationmodelwe might definesuper-resolutionasthe
useof multiple imagesand/orprior modelinformationto recover anapproxi-
mationto È/Ã®ÄAÅSÆgÇ betterthanwhatwouldbeobtainedby imagereconstruction
followed by debluringusingknowledgeof Â�(9Ã®ÄmÅSÆ	Ç . This definition includes
approximatingthe imageat a larger sizewith reasonableapproximationsfor
frequencieshigherthanthoserepresentableat theoriginal size. While it may
seemnon-traditionalit alsoincludesimproving theSNRwhile keepingtheim-
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agethesizefixed.GivensuchanSNRimprovedimage,onecouldsimplyper-
form afiner resamplinganddeblurto obtaina super-resolutionwith increased
spatialresolution.Notethatsincedebluringamplifiesnoise,theincreasedSNR
canhave amoresignificantresulton thesuper-resolutionimagethanmightbe
initially expected.In practice,however, onewould want to improve theSNR
at thehigherspatialresolutionto reducetheimpactof reconstructionartificats
whenincreasingtheresolution.

Becauseof themultiple, anddifferentdegradationsin this imagingmodel,
we will definetwo differenttypesof super-resolutionthat will beconsidered
in this chapter. Recovering a discreteapproximation,with resolutionhigher
than # $ , to È9É is called(plain)super-resolutionandappoximationto È is called
super-resolutionwith deblurring. Note that super-resolutionwith deblurring
requiresknowledgeof theprimarybluring kernel— a reasonableassumption
for simplelensblur but tenuousfor atomosphericor depthof field effects.Be-
causesuper-resolutionincreasesthesignal-to-noiseratio in theapproximation
to È É , it significantlyamelioratestheill-conditionednatureof deblurring.

+c� �9±²������� �»¾��y�y� ¼c�	¼ ��³^� �-, ����� �/.�³
�9����³����»�¸����� � �»³�¼c��±²½�ÀÁ³ �

Imagereconstructionplays a key role in all super-resolutionalgorithms.
Given the finite setof samples,thereis an uncountablyinfinitely numberof
functionssatisfythatdata,andhence,imageinterpolationinvolvesaddingreg-
ularizationconstraintsto allow a uniquefunction to bedefinedgiven the im-
agedata. Often thereis a needto balancecomputationalcomplexity against
the sophisticatednatureof the assumptionsandconstraints.The many con-
straintsbeendevelopedin thedesignof imagereconstructionfiltershave been
extensively discussed:in books(Andrews andHunt, 1977;Pratt,1978;Gon-
zalezandWintz, 1987;Pavlidis, 1982;Wolberg, 1990;Pratt,1990),articles
(Simon,1975;Andrews andPatterson,1977;Hou andAndrews, 1987;Park
and Schowengerdt,1982; Reichenbachand Park, 1989; Jain, 1989; Oakley
andCunningham,1990),andcomparisonpapers(Parker andandD.E.Troxel,
1983;Mitchell andNetravali, 1988;Maeland,1988).Many of theseconstraints
arerelatedto how well theunderlyingfilter approximatesthe idealsincfilter.
Eventhe“ideal” sinc interpolationis basedon theassumptionthat the image
is an infinite signalsampledat or above its Nyquist rate. While it is true that
opticslimit imagebandwidth,it neednotresultin imagesthatareNyquistsam-
pled. If theunderlyingfunction È wasNyquistsampled,thenexceptfor noise
removal, thereis noneedfor super-resolution.

In (Boult andWolberg, 1993),a new constraintwasaddedto the mix of
potentialassumptionsfor imagereconstruction:requiringthealgorithmto be
image-consistent. An algorithm is called imaging-consistentif it is the ex-
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actsolutionfor someinput function,which, accordingto the imagingmodel,
would have generatedthemeasuredinput. This constraintis particularlyim-
portantfor super-resolutionbecauseit meanseachresamplingwould, when
subjectedto the imagingmodel,actuallybeconsistentwith themeasuredim-
age.

For imagereconstruction,wecanachieveaimage-consistentreconstruction
by first restoringthe imageto yield anapproximationto ÈaÌ , thenperforming
an additionalblur by the pixel’s PSF. Althoughrestorationis ill-posed,blur-
ring producesanimagereconstructionthat is totally consistentwith the input
data,regardlessof theresamplingrate.Theuseof imagerestorationtechnique
permitsthework presentedin this chapterto achieve imagereconstructionin
a fundamentallydifferentway thantraditionalapproaches.Our approachis in
thespirit of thework of (Huck et al., 1991),whereit is arguedthatsampling
andimageformationshouldbeconsideredtogether. Imaging-consistentalgo-
rithmsdirectly combineknowledgeof imageformationandsamplinginto the
reconstruction& restorationprocess.The way that knowledgeis used,how-
ever, is quitedifferentfrom (Hucket al.,1991).

Imaging-consistentalgorithmsfollow quite naturally from a generalap-
proachtoalgorithmdevelopmentknownasinformation-basedcomplexity (IBC)
(see(Traub et al., 1988)). From IBC, it can be shown that the imaging-
consistentalgorithmsenjoy very gooderrorpropertiesfor many definitionsof
error. In particular, imaging-consistentalgorithmshave, within the presribed
spaceof functions,anerrorat mosttwice thatof any algorithmfor anyerror
measuredefinedasaweightednormonthespaceof solutions(e.g.,1 Ì , or even
a weightedleast-squaresmeasure).Note that most image-qualitymeasures
yielding a scalarareerrormeasuresof this type— e.g.,theQSFmeasureof
(DragoandGranger, 1985;Granger, 1974),QSFextensionsthat includecon-
trasteffects,any weightedintegral of themodulationtransferfunction(MTF),
andthe measureof (Park andSchowengerdt,1982)whenweightedandinte-
gratedover frequency Î . For the algorithmsdiscussedherewe presumethe
spaceof functionsarecontinuousandpiecewiseanalyticwith a boundedfirst
derivative in eachpiece.More discussionof theseerrorproperties,andalter-
native spacesof functions,canbefoundin (Chiang,1998).

Of course,analgorithmthatperformeda full restorationfollowedby blur-
ring could be computationallyexpensive. Fortunately, with someeffort, the
imagingconsistency constraintcanbeappliedin a functionalway, andencor-
poratedinto a very efficient algoirthm. In this chapter, only an overview is
provided.For moredetails,andthederivationof four otherimagingconsistent
algoirthms,see(Boult andWolberg, 1993;Chiang,1998). One-dimensional
imagemodelsarepresentedherein,but sincehigherdimensionsmaybetreated
separably, theprocessis easilyextended.
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Thesimplestimaging-consistentmethodto consideris basedonapiecewise

quadraticmodelfor theimage.If weassumeeachphotositePSF( Â"� ) is aRect
filter (1.0 insidethepixel, zerootherwise),animagingconsistentalgorithmis
easyto derive. To ensurethat the functionis continuousandlocal, we define
thevalueof thereconstructionat thepixel boundaries34& and 34&65AÉ to beequal
to 7�& and 78&65AÉ . Any methodof approximationcouldbeusedto compute7�& ,
thoughour exampleswill only includecubic convolution or linear interpola-
tion. See(Chiang,1998,Section2.3) for a moredetailsderivation andmore
examples.

Given thevalues7�& at thepixel edges,an imagingconsistentconstraintis
that the integral acrossthe pixel mustequal 9"& . This resultsin exactly three
constraints:

: &6Ã	;=<?>!@�ÇBAC7�&	D : &6ÃE<?>!@�ÇFAC78&�5AÉ%D G ÉIH?Ì
J ÉIH?Ì : &6Ã®ÄqÇLK�ÄMAN9'&	O (1)

FromEq.(1), onecanderive thefollowing quadraticpolynomial

: &SÃ®ÄÊÇPA QgÃR7�& ST7�&65AÉU;V@W9"&�Ç�Ä Ì ;»ÃR78&X;Y7�&65AÉ�Ç�ÄZ;»ÃR78&'S[7�&65AÉU;Y\W9"&"Ç�>^]gÅ(2)

where ;=<?>!@`_�Ä/_a<?>!@ . Usingcubicconvolution with parameterb to derive7�& and 7�&65AÉ yields

78&cA <d ÃRbe9"& J ÌFS�Ã�]f;VbgÇ�9'& J ÉgS�Ã�]=;VbFÇ�9"&"STbe9"&65AÉ+Ç�Å (3)

7�&65AÉhA <d ÃRbe9"& J ÉgS�Ã�]f;VbgÇ�9'& S�Ã�]i;/bFÇ�9"&65AÉgSTbe9"&65ÊÌ3ÇjO
Sothatthecubicconvolutionkernelresemblesthesincfuntion,theparameterb
is generallyin therange[-3, 0], with thevalues;8keOml , ;8keO�n!l , and ;=<!Ook having
specialsignificance(see(Simon,1975;Keys, 1981;Park andSchowengerdt,
1983)).Notethatwith bpAqk , wehave

7�&rA Ã�9"& J ÉgSs9'&"Ç�>!@ and 7�&65AÉtA Ã�9"&'Ss9'&65AÉ+Ç�>!@LO (4)

In otherwords,for buAak , cubicconvolution interpolationof theedgevalues
(i.e. midpointsbetweenpixels) is equalto thevaluegivenby bilinearinterpo-
lation.

Whenappliedovertheentireimage,Eq.(2) yields ÈaÌ , anintra-pixel restora-
tion. If an imaging-consistentreconstructionis desired,it may be obtained
from theintra-pixel restorationvia covolution with thepixel PSF. Assuminga
RectPSFfor thepixel, onecanintegrateEq.(2) to deriveafunctionalform for
reconstruction.Theresultis theper-pixel cubicpolynomial

v & Ã®ÄqÇPA G ÉIH?Ì
w J ÉIH?Ì : & ÃRx9ÇLK�xyS

G w J ÉIH?Ì
J ÉIH?Ì : &65AÉ ÃRx9ÇLKzx (5)
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A ÃR7 &65ÊÌ ;V7 & ;Y@gÃ�9 &�5AÉ ;|9 & ÇSÇ�Ä �
S Ã�@!7�&};V7�&65AÉU;V78&65ÊÌFSTQgÃ�9'&65AÉF;|9"&"ÇSÇ�Ä Ì S�ÃR78&�5AÉU;Y7�&"Ç�Ä~S�9"&YÅ

wherekp_rÄu_�< spansfrom thecenterof oneinputpixel to thenext.
It is interestingto notethatif b~ACk asin Eq.(4) (i.e. linearinterpolation)is

usedto determine78& , theresultingimaging-consistentreconstruction(Eq.(5))
is tantamountto cubicconvolution with the“optimal” valueof b�A�;�keOml —
proof canbefoundin (Chiang,1998,Section2.4). No othervalueof b yields
a reconstructionthatsatisfiesthe imaging-consistentconstraintwith a simple
PSF. That is, if we usecubic convolution with bC�A�k to estimate7�& , the re-
sultingimagingconsistentpolynomialis not is equivalentto any cubicconvo-
lution. We have foundusingcubicconvolution with b�A�;8keOml to estimate78&
is oneof thebestimagingconsistentalgorithmsandis thevalueusedfor most
of theexamplesin thischapter.

This sectionpresenteda modelthat is globally continuousandanalyticex-
cepton thepixel boundaries,which resultsin a perpixel modelwhich is qua-
tratic after restorition(cubic after reconstruction). In (Boult and Wolberg,
1993;Chiang,1998),we alsopresent/analysizealternatives that areglobally
differentialor smoother, andalsomodelsthat have multiple polynomialsper
pixel.

+c�S�N� �9±²�����9� � �y�y� ¼c�	¼ ��³^��� � ����½¸�9� ���
�/.�³ ������³������¸���9� � ��³�¼ ��±·½�ÀÁ³^�

To definean imaging-consistentwarping, we generalizethe idea of the
imaging-consistentreconstruction/restoration. Whereasimaging-consistentre-
constructionassumesthat thedegradationmodelsareidenticalfor both input
andoutput; imaging-consistentwarpingallows both the input andoutput to
have their own degradationmodel,andthedegradationmodelto vary its size
for eachoutputpixel.

Theimaging-consistentalgorithmsdescribedabove andin (Boult andWol-
berg, 1993)arelinear filters. We designedthemfor usein what we call the
integrating resamplingapproach. For the super-resolutionresultsdescribed
herein,we consideronly theintegratingresamplerassuminga RectPSFfilter
asdescribedin (ChiangandBoult, 1996),whichwereferto asQRW.

As describedbefore,ourmodelof imageformationrequirestheimageto be
spatiallysampledwith a finite areasampler. This is tantamountto a weighted
integral beingcomputedon theinput function. Becausewe have a functional
form for therestoration,wecansimply integratethis functionwith thePSFfor
the outputareasampler. In this section,althoughwe assumethat the output
samplerhasa RectPSF, it shouldbenotedthatthereis no limitation on other
potentialdegradationmodels.However, Rectis usednot only to simplify the
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algorithms,but becauseit is a good model for super-resolutionwhereeach
photositeis representedwith apixel.

Whenresamplingtheimageandwarpingits geometry, thisnew approachal-
lows for efficientpre-filteringandpost-filtering.Additionally, becausea func-
tional form of the input hasalreadydetermined,no spatially-varying filtering
is needed,unlike acaseusingadirectinversemapping.

Computingtheexactvalueof the imaging-consistentwarpedvalue(thein-
tegratedrestoredfunctionweightedby thePSF)canrepresentedqin functional
form if themappingfunctionhasa functionalinverseandthePSFis simple.
In general,however, super-resolutionalgorithmsmayhave complex mapsre-
quiringnumericalintegration,sincesuchmapscannotberepresentedin closed
form. To reducethecomputationalcomplexity, weproposeaschemewherefor
within eachinput pixel, weusea linearapproximationto thespatialwarp,but
usethefull non-linearwarpto determinethelocationof pixel boundaries.This
integratingresampler, first usedin (Boult andWolberg, 1992)andformally de-
scribedin (ChiangandBoult, 1996),alsohandlesantialiasingof partialpixels
in astraightforwardmanner.

Assume � input pixels are being mappedinto 3 output pixels according
to themappingfunction ��Ã��6Ç . Let ��& be themappedlocationof pixel � , for� = kFÅ)O)O)O3Å�� . Compute��( , � = kFÅ)O)O)O!Å�3 , asthelinearapproximationto thelocation
of � J É Ã��9Ç , asshown in Fig. 1.2.To avoid fold-over problems,weassumethat
themappingfunctionis strictly increasing.For anapproachto modelingfold-
over, see(Wolberg andBoult, 1989).

for ���L���B���?�4���Z�4�W�)���U e¡
while ���"¢Z£�¤Z¥X¦�¦Z§©¨«ªe¬¢®�) z�����B�¯�° ���4���m�U¤i§±¨� �²%��§±¨�ª'¬"¤i§±¨� I�j³

� � *����-�NIj�m´)�
Linearapproximationto thelocationof §iµ ¬ �m�)  .

For efficient computationof the integral aswell as the ability to perform
properantialiasing,theintegratingresampler—givenaspseudocodein Fig.1.3
— “runs” alongtheinputandoutputdeterminingin whichimagethenext pixel
boundarywill becrossed.To do this, therearetwo variables:inseg ¶�· kFÅ%<�¸ ,
whichrepresentsthefractionof thecurrentinputpixel left to beconsumed,and
outseg, which specifiesthe amountof input pixels requiredto fill the current
outputpixel. In theintegratingresampler, thefunction ¹8Ã��jD : Ç is obtainedfrom
thedefiniteintegral of animaging-consistentrestoration: Ã®ÄÊÇ as

¹8Ã���D : ÇUA GMº
J »�¼ ½ PSFÃ®ÄÊÇ : Ã®ÄqÇ�K�Ä (6)

which,natrually, changesaccordingto pixel. An exampleshowing imageval-
ues9 & , edgevalues7 & , imagingconsistentintra-pixel restoration: & , andimag-
ing consistentreconstuction¹ is presentedin table1.1. Note this is not the
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i ¿ ¨ ÀÁ¨ Â�¨ Ã
0 0 0 0 0
1 0 0 0 0
2 0 0 ¤rÄ)Å%Æ Ç�ÈWÉ¤Ê¥ÌË)Æ ÍjÈt�ÊÎ%Æ Í ¤rÄ)Å)Æ ÇÌÏ�Ð¤Z¥�Ë%Æ Í�Ï�ÉX��Î?Æ Í�Ï
3 0 -15.94 ÎjÎjÄ^Æ Ñ�È É ¤Ê¥EÄ�Î?Æ Ä�È8¤pÒjÅ%Æ Ç ÎjÎjÄ?Æ ÑÌÏ Ð ¤Z¥	Ä�Î?Æ Ä�Ï É ¤pÒ�Å)Æ Ç�Ï"¤pÍ%¥�Æ Ñ
4 255 127.50 ¤ÓÎ�Î�Ä^Æ ÑjÈ É ��¥EÄ�Î%Æ Ä�Èt�ZÒ�Ç�Ò%Æ Ç ÎjÎjÄ^Æ ÑÌÏ Ð ¤Ê¥EÄ�Î?Æ ÄjÏ É ¤pÒ�Å)Æ ÇÌÏ"¤~Ò)¥�Í?Æo¥
5 255 270.94 Ä�Å%Æ ÇjÈ4Ér¤Ê¥ÌË%Æ Í�ÈÔ�ÊÒ�Ë)¥�Æ � Ä�Å%Æ Ç�ÏRÐÓ¤Ê¥ÌË)Æ ÍÌÏ�É �ZÒjË%¥jÆ �ÌÏÕ¤Ê¥�Î�Ë%Æ Ä
6 255 255.0 255 255t-127.5
7 255 255.0 255 255t-127.5

Ö #�×�BC�NI��,It�
A simplystepedge,andtheresultingvaluesandpolynomialsthatserveasinput

to theintegratingresampler. In computingtheedgevalues,wepresumepixel replicationoutside
theimage.

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

Assumingproperupdateto thealgorithm’s state,whenever inseg Ø outseg,
weknow thattheinputpixel will finishfirst, soit maybecanconsumed.If, on
theotherhand,it happensthatinseg Ù outseg, theoutputpixel will finishfirst,
soanoutputis produced.Thus,in eachiterationof theloopweeitherconsume
oneinputpixel or produceoneoutputpixel. Therefore,thealgorithmrequires
atmost 3fS|� iterations.

Theunderlyingideaof this integratingresamplercanbefoundin thework
of Fant (Fant, 1986) who proposedan efficient bilinear warping algorithm.
With someeffort, onecanseethatby setting¹8Ã��SÇUA�ÎÚ&��g;VkeOml , theintegrating
resamplerimplementsabilinearwarp.

In summary, thecontribution discussedin thissectionis twofold:

1 thegeneralizationof Fant’sorginalalgorithminto theintegratingresam-
plerwhichsupportstheuseadvancedimaging-consistentreconstruction
algorithms,and

2 theprovision for a modelingreal lenseffectsby usinga realwarpsthat
affect theimageradiance.In Fant’s original work, thegoalwasto warp
imagesfor graphiceffects,andhenceto affectgeometrywithoutdisturb-
ing theintensities.Todothis,thealgorithmmaintainesknowledgeof the
input sizeandnormalizesthe integral to accountfor this size,giving a
normalizedintensity. Thus,if a constantimagewasstretchedto twice
its normalwidth, it would changeshapebut retainthesameintensities.
If a lenswasplacedinto animagingsystemsoasto doublethewidth of
theimageonthesensorplane,thenthevaluemeasuredwouldbehalved.
Thealgorithmis flexible enoughto supportboth“graphics”and“lens”
modeling. If the super-resolutionis over imagesthat vary becauseof,
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Pad the input; compute�)Û , �)Ü , and ��Û , the indicesto the leftmostand rightmostoutputpixelsand the index to
the leftmostinput pixel that contributesto the output; andcomputethe linear approximationto the locationof¯�° ��§ µ ¬ �m�)  , for �F�M�)Û�Ý	ÆEÆEÆEÝ�� Ü ��¥ .
normalizingfactor � ¯ÌÞIß ª'¬ ¤ ¯ÌÞ	ß � // setup for normalization¯�Þ ß � MAX � ¯ÌÞ ß Ý��� I� // ensurethat

¯ÌÞ ß
is nonnegative

inseg ��¥�Æ �à¤ FRACTION � ¯ÌÞ ß  I� // fractionof inputpixel left to beconsumed
outseg � ¯ÌÞ ß ªe¬ ¤ ¯ÌÞ ß � // #inputpixelsmappedontooneoutputpixel
acc ���%Æ �%� // resetaccumulatorfor next outputpixel
for �m�F�M�%�W�Ô¢ ¯ÌÞ ß �W�)����  outá �)���gâ4���%� // zeroout thegarbageat left end
for ���L����Û�Ý4�B���)Û��4��¢Á���)Ü��' e¡ // while thereis outputto produce

Usethecurrentpixel (in[ � ]) andneighbors to
updateÃ ��  , theintegral of therestoration Â ��  .
leftpos �ã¥jÆ ��¤ inseg � // getleft endpointfor integration
if � inseg ¢ outseg '¡ // if wewill consumeinputpixel first

acc �r� Ã �R¥� '¤ Ã � leftpos I� // addintegral to endof outputpixel�����B� // index into next inputpixel
if �������Ê£z '¡ // checkendcondition

if (normalize) acc ²E� normalizingfactor� // normalizetheoutput,if appropriate
outá �jâW� acc� // init output
break� // exit from theloop³

outseg ¤X� inseg � // inseg portionhasbeenfilled
inseg ��¥�Æ �?� // new inputpixel will beavailable³

else ¡ // Elsewewill produceoutputpixel first
acc �r� Ã � leftpos � outseg e¤ Ã � leftpos I� // addintegral to endof outputpixel
if (normalize) acc ²E� normalizingfactor� // normalizetheoutput,if appropriate
outá �jâ4� acc� // init output�)���B� // index into next outputpixel
acc ���%Æ �%� // resetaccumulatorfor next outputpixel
inseg ¤}� outseg � // outseg portionof inputhasbeenused
outseg � ¯�° ªe¬Õ¤ ¯�° � // new outputsize
normalizingfactor � outseg � // needfor normalization³³

for �m�F�M� Ü ��¥��4��¢`�W�!�)���U  outá �)���ÁâW���?� // zeroout thegarbageat right end

� �C*����2��I��mä��
Theintegratingresamplerassuminga outputmodelof anRectPSFfilter. See

text for discussion.
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say, atmosphericvariations,or if we arecorrectingfor lensdistortions,
anunnormalizedwarpshouldused.

Thesecontributionsareat the foundationsof our fusion of image-consistent
warpingandsuper-resolution.

å�� � ����½¸�9� � ¾�� ��¼ ³ � ¼ ��½�³ �r¾���³�¼ �yÀÁ�����	�y�
We turn now to the useof warpingfor super-resolution. As describedin

earlier chapters,super-resolutionrefersto the processof constructinghigh-
resolutionimagesfrom low-resolutionimagesequences.Giventheimagese-
quenceæ�ç , our warping-basedsuper-resolutionalgorithm is formulated,as
follows:

DefineReferenceand Mapping Chooseoneof the images,say æfè , as the
referenceimage,andcomputethe motion field betweenall the images
andthereferenceimage.

Warp Scaleup the referenceimageusingQRW, andthenuseQRW to warp
all theimagesto thereferenceimagebasedonthemotionfield andscale
computedin thepreviousstep.

Fusion Obtainasuper-resolutionimageby fusingall theimagestogether.

Deblur (If desired)Deblurtheresultingsuper-resolutionimageusing Â É Ã®ÄAÅSÆgÇ
This methodpresumesthat lens blur, Â É , is approximatelythe samefor all
images. Otherwise,the debluringstepmustbe performedbeforethe fusion
stage. However, becauseof the noiseamplificationcausedby debluringin
eachimage,debluringbeforefusionis notaseffectiveandshouldbeusedonly
whennecessary.

We presumethata densemotion-fieldis computedbetweeneachimagein
the sequence— a straightfoward calculationfor motion that locally approx-
imatesa rigid transform. The motion field computationsfor the examples
presentedin this chapterare basedon a sum-of-squaredifferencematching
algorithm,with, 11x11and7x7 templatewindows for thefirst andsecondex-
perimentsrespectively. In eachcase,thematchingis adensedisparitysurface.
Sub-pixel estimatesareobtainedby fitting a quadraticto eachpoint at which
thematchis uniqueandits two neighbors.Whenoff-the-shelflensesandcam-
erasareused,pre-warpingcanbeusedto remove thedistortions.In (Chiang
andBoult, 1996),we showedthat thepre-warpingwith integratingresampler
canimprove thematchqualitygivensignificantlensdistortion.

In the face-basedexperiments,we did not have accessto a face image
databasewith a large numberof views of the samesubject. (We usedthe
FERETdatabase;moreon this later). Therefore,we useda setof synthetic
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downsamplingsfrom with asingleimageto generateasequenceof perspective
warps. Sincethe experimentcalledfor warpingso many imageswe directly
usedthematchinginformationdefinedby thesyntheticmappings.Themap-
pingsfor eachfacewererandomlygenerated,but thesamesetwereusedfor
boththebilinearandtheQRW super-resolutionwarpings.

The fusionstepis not the focusof this chapter, nor of our pastwork. We
have tried severaldifferentapproachesto fusethe imagestogether, including
simply averagingor a medianfilter. Our experimentsshow that the median
filter is better, thoughoftennot muchbetterthantheaveragingfilter. Median
filtering is usedfor theOCRexperimentsandsimpleaveragesfor theothers.
More advancedtechniquesusing priors, e.g. (Schultz96,; ?; Bak, ), could
probablyproducebetterresultsbut wouldstill beexpectedto benefitfrom the
increasedqualityin fusioninput. Again,theexperimentsin thischaptersought
to isolatetheeffectsof warping.

Thetestdatashown in thissectionwastakenusingtwo differentSony cam-
eras,modelsXC-77 and XC-999, capturedby a DatacubeMV200 System.
Fig.1.4show ouranexperimentalresultwith Fig.1.5showing thesameresults
exceptthatall theimagesarenormalizedsothatthedynamicrangesareidenti-
cal. All theresultingsuper-resolutionimagesare256x256,andwerescaled-up
by a factorof approximatelyfour (4). Wenotethatthepreviousworks(Gross,
1986;Peleg et al., 1987;Kerenet al., 1988;Irani andPeleg, 1991;Irani and
Peleg, 1993;Bascleet al., 1996)reportresultsonly scalingby a factorof two
(2).

Fig. 1.4 shows the super-resolutionresultsof our first example. Fig. 1.4a
shows aninput imageblown upby a factorof 4 usingpixel replicationsothat
the valueof eachpixel caneasilybe seen. Fig. 1.4bshows super-resolution
by our implementationof theback-projectionmethoddescribedin (Irani and
Peleg, 1991) (not the orginal authors,see(Chiang, 1998; ?) for details);
Fig. 1.4c shows super-resolutionusing bilinear resamplingfollowed by de-
blurring;Fig. 1.4d,super-resolutionusingQRW followedby deblurring.Also,
for the purposeof comparison,we areassumethat Figs.1.4cand1.4dhave
undergonethe samedegradationbeforesampling. Fig. 1.4eandf shows the
super-resolutionresultswithoutdeblurring.

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

#�é~A @4l4l
maxêy; minê ÃR# ê ; minê Ç

where # é and #�ê are,respectively, thenormalizedimageandthe imageto be
normalized,maxê and minê are, respectively, the minimum and maximum
intensityvaluesof theimageto benormalized.
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a b

c d

e f

� �C*����2�fIj� ë^�
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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a b

c d

� �C*����2� I��;M��
Resultsof Fig. 1.4 after beingnormalizedto have the samedynamicrange.

(a) An orginal imageblown up by a factorof 4 usingpixel replication;(b) super-resolutionby
back-projection(c) super-resolutionusingbilinearwarpingfollowedby deblurring;(d) super-
resolutionusingQRW followedby deblurring.

Fig. 1.6 shows an examplecapturedwith a Sony XC999,which is a one-
chip color camera. Note the target is similar to (yet different) from that in
the first example. Fig. 1.6ashows oneof the original imagesblown up by a
factorof 4; it canbe easily seenthat inter-frame motion is involved in this
case. Fig. 1.6b shows super-resolutionusingQRW followed by deblurring.
Obviously, oursuper-resolutionmethodremovesmostof theinterframemotion
andsignificantlyimprovesthesharpnesof theimage.

We implementedtheback-projectionmethodproposedin (Irani andPeleg,
1991) and found it somewhat difficult to work with since it is sensitive to
thechoiceof its parameterscallednormalizingfactors.For thecomparisons,
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a b

� �C*����2� I��«ìj�
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 many normalizingfactorsand choseone that resultedin the back-
projectedimages(Fig. 1.4d)with minmalsum-of-squaredifference(SSD)be-
tweentheobservedandsimulatedimages.It is worth pointingout that in this
particularcase,SSDis not necessarilya gooderrormeasurebecauseit is not
robust.Furthermore,thesamenormalizingfactordoesnotalwaysgivethebest
resultin termsof theerrormeasurewhendifferentresamplingalgorithmsare
usedor whentheinputsetis changed.

Resultsfromourexperimentsshow thatthedirectmethodweproposeherein
is not only computationallycheaper, but it alsogives resultscomparableto
or betterthan thoseusingback-projection.Moreover, it is easilyseenfrom
Fig. 1.4 that the integratingresampleroutperformstraditionalbilinearresam-
pling. Not surprisingly, our experimentsshow that mostof theadditionalin-
formationcarriedby eachimageis concentratedon thehigh frequency partof
the image. This observation alsoexplainswhy the integratingresamplerout-
performsbilinear resampling.As wasshown in (Boult andWolberg, 1993),
whenviewedasa reconstructionfilter, bilinearcausesmoreblurring thanthe
imaging-consistentreconstructionof equation5.

Table1.2givestherunningtimesof ourfirst example,asmeasuredin 1996,
usingaSun143MHzUltraSPARCrunningSolaris@LOml anda120MHzPentium
runningLinux @LOokeO6<%@ . Notethatfor boththemaintenanceof precisionandease
of implementation,all operationswereperformedin double-precisionfloating
point,andneitheralgorithmwasexplicitly optimized.Also, notethatthemo-
tion field computation,requiredby both methods,is includedin the timings.
Thisrequiredthewarpingandfusionof

d
imageswith thefinal size @4l4\�íi@4l4\ .
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QRW Back-Projection

Time in seconds SPARC Pentium SPARC 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

Ö #�×�BC�~I��m´Ê�
Running times for our first examples (8 images) assuming the same

degradation model. See text for details.

As shown in Table1.2,for thisexample,ourmethodis morethanfour times
fasterthanour implementationof Irani’s back-projectionmethod.In general,
Irani’s back-projectionmethodtakesanamountof time roughlyproportional
to boththenumberof iterationsandthedegradationmodel. Our experiments
show thatalthougheachiterationof Irani’s back-projectionmethodtakesap-
proximately65%of therunningtimeof ourmethod,thealgorithmperformsa
minimumof two iterations.Thus,evenin its bestcase,Irani’s back-projection
methodis about30% slower than our method. Our experimentsalso sug-
gestthat more thanthreeiterationsareoften requiredto minimize the sum-
of-squaredifference— implicating that the direct warpingapproachis often
morethan100%to 200%fasterthanIrani’s back-projectionmethod.

îu� ï����������9�8�¸���zð�³ ³Mð ��ÀÁ���¸�������
In this section,we turn our discussionto the quantitative measurementof

super-resolution. Historically, asnew super-resolutiontechniqueshave been
developed,the standardpracticehasbeento presenta few examplesof the
techniqueto allow thereaderto reachtheir own qualitative conclusions.It is
difficult to justify comparisonsbetweensuper-resolutionalgorithmsthatmake
differentfundamentalassumptions— for instanceregularsub-pixel shiftsvs.
aperturechangesvs. objectmotion. However, in orderto make progress,we
needto beableto quantatively measuretheimprovementsof algorithms.

Someseeminglynaturalmeasureswouldbeablind measureof imagequal-
ity — (?) somemeasureof differencebetweena high-resolutionimageand
the recoveredsuper-resolutionimageor sometype of spectralanalysissee-
ing how well high-requenciesarerecovered.Blind image-qualitymetricsare,
however, fraughtwith problemsasanoverall measureof super-resolutional-
gorithmsbecausethey areinherentlytaskindependentanddisregardthe un-
derlyingsignal. Imagedifferencesfrom groundtruth have beenusedin many
areasasa measureof quality for comparison,but it remainsdifficult to decide
how thedifferencesshouldbeweighted. In spectralanalysis,we canlook at
how well theresultingsuper-resolutionspectumcompareswith theorginal. In
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section5.1 we briefly review thequantitative andqualitative spectralanalysis
from (Chiang,1998,Chapter4).

While we have exploredimagedifferencencesandspectralmeasures,it is
difficult to reducethemto a simplequantitative measureto allow comparison
of two algorithms.Themajordifficulty with eitherdifferenceor spectralanal-
ysis is how to combinethe differentspatialor spectraldifferencesto a com-
parisonmetric. SimpleapproachessuchasRMS of thedifferenceis not very
meaningful,justasRMSerroris notaverygoodmeasureof imagequality for
compression.Also notethat for super-resolutionmagnificationsof morethan
double,theoriginal imagescontainfrequenciesso far above theNyquist rate
of thesmall imagesthatthereconstructiontechniqueshave no hopeof recov-
ering them. The intensityvariationsmeasuredin theseregionsarea mixture
of blurring andunmodeledaliasing. Neithersuper-resolutionnor any resam-
pling/reconstruction algorithmcanrecover all the lost information.While we
areawareof thesedifferences(theseexistencecannotbe avoided), their sig-
nificanceis unknown. Ratherthanattemptingto definewhat is importantin
somegenericimagesense,we believe that taskorientedmeasuresaremore
appropriate.

We presenttwo realisticproblemsfor which super-resolutionis a natural
augmentingtool. Sincethemetricsarecomputedusingcommercialproducts,
their implementationandeaseof which theevaluationmaybereproducedare
straightforward. The first problem,optical characterrecognition,or OCR, is
consideredin section5.2. The second,face-basedhumanidentification, is
presentedin section6. In bothdomains,imagedetailis critical to thesystems’
final performance.

In our OCRexperiment,input is obtainedfrom a hand-heldcamera,asop-
posedto the moretraditionallyusedflat-bedscanner. Limited by NTSCres-
olution,we will show not only thatsuper-resolutioncansignificantlyincrease
therecognitionrate,but alsotheimportanceof warpquality. Theexperiment,
describedin section5.2 and(?), is significant,however, hasdrawbacks.The
quantitative analysisusedonly asmallnumberof samples.In addition,binary
natureof the input mayallow over-enhancementsto causeincreasedrecogni-
tion rates.Becauseof theselimitations,wesoughtanadditionaldomain.

Anotherapproach,basedon appearancematchingandposeestimation,can
be found in (Chiang, 1998, Chapter7). That analysisusedgrayscaleim-
agescapturedat two differentresolutionsandcomparedtheresultsof running
SLAM (Neneetal.,1994),anappearance-basedrecognition& posealgorithm,
over varioussuper-resolutionimages.Theresultswere,in general,consistent
with the OCR problem,except that therewere instanceswhereblurring the
imageactually increasedaccuracy of the recognition& poseestimation. In
theseunexpectedcases,super-resolutiondid not help. Again, thesamplesize
wassmall,andthetargetswith significantnumbersof high-contrastedgesmay
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have dominatedthe results. Finally, in retrospect,the problemof posecom-
putationfrom low resolutionimageswasslightly artificial, andhenceis not
presentedhere.

In the caseof facerecognitionwe areaddressinga very real problem—
therecognitionor verificationof ahuman’s identity from low-resolutionfacial
images.In thehumanidentificationproblem,it is commonfor a wide-fieldof
view camerato beusedandfor subjectsto beat varyingdistances.Increasing
theworkingrangeof existingsystemsis anongoingresearchtopic,andsuper-
resolutionis onepotentialway of achieving this. We synthetically“project”
the imagesto producethe low resolutiondata. For true super-resolution,we
would needmultiple views of hundredsof headsanda robust facial match-
ing techniques(sincetheheadmayrotatebetweenframes).A experimentus-
ing multiple cameraresolutionsandfacialmatchingis beingplanned.In this
experiment,thereis a large enoughdataspaceto infer confidencein the re-
sults.This allows usto quantitatively comparesuper-resolutionusingbilinear
resamplingwith super-resolutionusingQRW andhave statisticalconfidence
in thehyphothesisthat improved imagewarping(QWR) may improve super-
resolutionresults.

îu�S�N� ¼ ½�³���������À ������Àt,�¼c��¼ ��´
¼ ��½�³ �r¾��»³�¼ ��ÀÁ��������� ´¶����±
¼Ô,����/.�³^���	����ÀÁÀt, ���/� ��¾�¼ ��±·½�ÀÁ³^�
�9±²����³�¼

For a spectralcomparison,a sequenceof five syntheticallydown-sampled
imageswereused.Theoriginal high-resolutionimageprovidesthenecessary
groundtruth for comparingthesuper-resolutionresults.

Fig. 1.7shows theexperimentalresults.Thetestimagesaregeneratedfrom
thehigh-resolutionimageshown in Fig. 1.7 by translationfollowedby down
sampling. Fig. 1.7ashows the original high-resolutionimage;Fig. 1.7b the
scale-upof the down-sampledversionof Fig. 1.7aby a factorof 4 usingbi-
linear resampling(no super-resolution);Fig. 1.7c the super-resolutionresult
from the syntheticallydown-sampledimagesequenceusing bilinear resam-
pling with deblurring;Fig. 1.7dthesuper-resolutionresultfrom thesyntheti-
cally down-sampledimagesequenceusingQRW with deblurring.

Table1.3showsthepowersof theFouriertransformof theimagesshown in
Fig. 1.7. For summaryanalysis,the imagesaredivided into regionsbasedon
their relationto thesamplingrateof thelow-resolution(64x64)image.There-
gionsareshown graphicallyin Table1.3a,with thepower within themshown
in Table1.3b. The columnmarked ñg� shows the power of the whole region
(i.e., the whole spectrum). The columnsmarked ñ Ì , ñ É , and ñ » show, re-
spectively, thepower of the central192x192region, thepower of the central
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a b

c d

� �C*����2�¿I��óò��
Resultsfrom a sequenceof five syntheticallydown-sampledimages. (a) the

original image;(b) the scale-upof the down-sampledversionof (a) by a factorof four using
bilinearresampling(nosuper-resolution);(c)–(d)super-resolutionfrom thesyntheticallydown-
sampledimagesequenceusing,respectively, bilinearresamplingwith deblurringandQRW with
deblurring.

128x128region,andthepower of thecentral64x64region of theimagespec-
trum. Thecolumnmarked ñfôÌ , ñyôÉ , and ñyô» show, respectively, thepower of the
wholeregionminusthepower of thecentral192x192region,thepowerof the
whole region minusthe power of the central128x128region, andthe power
of thewholeregion minusthepower of thecentral64x64region. As is to be
expected,mostof thepower concentratesin thecentral64x64regionwhich is
the frequenciesthatcanbedirectly representedin the low-resolutionimages.
Outsidethis region, thepower is relatively small. Obviously, super-resolution
usingQRW with deblurringdoesconsiderablybetter.
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õ Ð õ É õ ¬ õ4ö
õ}÷É õ}÷¬ õ}÷ö

a
Method ø Ð ø É øÕ¬ ø ö ø ÷É ø ÷¬ ø ÷ö

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
SRQRWD 11060.74 11059.61 11058.35 11030.00 1.13 2.39 30.74

b
Ö #�×�BC��I��mä8�

Power of theFouriertransformof theimagesshown in Fig. 1.7. (a) Regionsin
thecomputationof thepowersof the2D Fouriertransform.(b) thepower within thoseregions
with ø Ð beingthe whole region (i.e., the whole spectrum);ø É , øÕ¬ and ø ö beingthe regions
insidetheinnersquares(192x192,128x128,and64x64,respectively); Primedlabelsindicated
thecomplementaryareaof a region. Recalltheoriginal imageswere64x64,so ø ö is associated
with thepower representablein thoseimages,and ø ÷ö whatwasgainedby processing.Bi-linear
is simplewarpingwith bi-linearwithout super-resolutionor debluring(i.e reconstructionof a
singleinput image).SRBDis super-resolutionusingbi-linearwarpingfollowedby debluring,
andSRQRWD is super-resolutionusingQRW followedby debluring.

Figs.1.8 shows the differencebetweenthe a sliceof the2D Fourierspec-
tra (scanline<%@ d i.e. DC componentin y) of thesuper-resolutionreconstruc-
tionsandthegroundtruth high-resolutionimageshown in Fig. 1.7a. Clearly
this spectralanalysisexampleshows the superiority, both quantitatively and
qualitatively, of QRW warpingover simplebilinearwarpingor bilinearsuper-
resolution.However, thequantitative analysiswasvery crudeasit wasbased
only on the power in the variousregions. The next two sectionsshows the
superiorityof QRW usingtask-basedquantitative metrics.

îu��°u� �»���r¾�� ��¼c³^� ³ùð ��ÀÁ���¸�������
In this section,we discussour evaluationusing OCR, which we refer to

asOCR-basedmeasurement. Thefundamentalideaof this approachis to use
OCRasour fundamentalmetric (asthenamesuggests).Theevaluationcon-
sistsof threebasicsteps:

1 Obtainthesuper-resolutionimagesusingthesuper-resolutionalgorithm
describedin Section4.
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� �C*����2�AIj�;K��
Displayof ú ûUü¬ ÉRý ��þW Eú�¤yú ûUÿ¬ ÉRý ��þ4 Eú where ú ûUü¬ ÉRý ��þW Eú and ú ûUÿ¬ ÉRý ��þW Eú aretheFourier

spectrain È , sampledat thetheDC component(row 128)in � ) for thevarioussuperresolution
approximationsandtheoriginal imageFig. 1.7. (a) shows thedifferenceusingbilinearresam-
pling (no super-resolution)andtheoriginal; (b) shows thedifferencebetweensuper-resolution
usingbilinear resamplingwith deblurringandthe original and(c) showing the differencebe-
tweensuper-resolutionusingQRW with deblurringandtheoriginal.

2 Passthesuper-resolutionresultsobtainedin thepreviousstepthrougha
“character-oriented” OCRsystem.

3 Determinethenumberof charactersrecognized,i.e.,therateof recogni-
tion.

Thegoalsof thisevaluationis to quantifytheeffectivenessof super-resolution.
Evaluationshereinare madeby comparingthe super-resolutionresultsand
thoseusingbilinearwarping.

While most“state-of-the-art”OCRprogramscanusedictionarylookup to
aid in their recognition,we choseto usea purecharacterbasedsystem.This
ensuresthat the system’s behavior is driven only by the imageinput andnot
significantlyimpactedby thegrammaticalcontext of examples.We have also
chosento useafont-independentsystem,i.e.,onethatis nottrainedonthefont
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andresolutionbeingused. Training the OCR systemmight allow the train-
ing to compensatefor poor, but consistent,behavior in resamplingor super-
resolution.

SincetheOCRprogramis not trainedon theparticularfont, we breakour
analysisof errorsup into two categories. The first error measurecompares
theOCR outputto the ground-truthinput characters.We use

� &� to indicate
thenumberof characterscorrectlyrecognized.We considermultiple typesof
errors,including

� & , ��� ,
���

, and
� $ which give, respectively, thenumberof

incorrectlyrecognizedcharacters,thenumberof missingcharacters,thenum-
berof extra characters,andthenumberof charactersthataresplit into two or
morecharacters,with

� &65 � 5 � 5 $ beingthe sumof these.%Correctindicates
thepercentageof characterscorrectlyrecognized(

� &� dividedby
� &65 � 5 � 5 $ ).

For many fonts,somecharactersaresovisuallysimilar thatwithout theuseof
trainingor context, distinguishingpairsof charactersis quitedifficult, e.g.,0
vsO,1 vsl vs! vs|, andin somefonts,/ vs l vst andhvsb (seeFig.1.13).In
thecontext of our experiments,Fig. 1.9 containsthreeambiguouscharacters;
Fig. 1.11 four ambiguouscharacters;Fig. 1.13seventeenambiguouscharac-
ters.

For brevity, wealsousetheabbreviationsasshown in Table1.4to describe
thealgorithmsdiscussed.

Abbreviation Meaning
BRX bilinearresamplingwithoutdistortioncorrectionanddeblurring
BRDCD bilinearwarpingwith distortioncorrectionanddeblurring
BR bilinearresamplingwithoutdeblurring
BRD bilinearresamplingwith deblurring
SR super-resolutionusingQRW withoutdeblurring
SRD super-resolutionusingQRW with deblurring
SRDCD super-resolutionusingQRW with distortioncorrectionanddeblurring

Ö #�×�BC�cI�� ë=�
Abbreviations of algorithms considered. Distortion correction is needed

to remove radial lens distortions common in inexpensive lenses.

TheOCRprogramusedfor theexperimentsdescribedhereinis “Direct for
Logitech,Version1.3.” The imagesusedarenormalizedwith respectto the
super-resolutionimagewith deblurring,asfollows:

# é A
�# $�#�ê #�ê

where # é is the normalizedimage,
�# $ is the averageof the intensityvalues

of the super-resolutionimagewith deblurring,and
�#�ê is the averageof the

intensityvaluesof theimageto benormalized.Within eachdataset,thesame
thresholdis usedto binarizeall theimages.
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Thetestdatashown in thissectionwastakenusinglaboratoryquality imag-

ing systems,aSony XC-77camera,attachedto eitheraDatacubeMV200 Sys-
tem or a Matrox MeteorCaptureCard. As is to be expected,betterimaging
reducestheneedfor super-resolution;lower quality camerasincreasethesig-
nificanceof super-resolutionimaging.

All exampleshereinarescale-upby a factorof four, with thedistancebe-
tweencameraandsamplebeingchangedsothatthescaledimageswouldyield
an imagewith charactersizeswithin the rangeacceptedby theOCRsystem.
Wequalitatively evaluatedtheapproachonawiderrangeof fontsandimaging
conditions.Note that fontswith thinnedletters,suchasthe “v” in Fig. 1.11,
tendto be broken into multiple letters. Charactersin slantedserif fonts tend
to connectandthus,fail to be recognized.Inter-word spacingis not handled
well (andmultiple spacesareignoredin our measures).Theeaseof finding a
goodthresholddependson theuniformity of thelighting, imagecontrast,and
lensquality. BetterOCRalgorithmsmayremove mostor all of thesedifficul-
ties. The quantitative examplesshow a few of thesefeatures,but in general,
wechooseexamplesthatarenotdominatedby theseartifacts.

a

b

c

� �C*����2�/I��	���
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 shows the super-resolutionresultsfrom a sequenceof 32 391x19
imagestakenby aSony XC-77cameraattachedto aDatacubeMV200 System
beforethey arepassedthroughOCRfor recognition.Fig. 1.9ashows oneof
theoriginal imagesscaledupusingbilinearresamplingandwithoutdistortion
correction. Fig. 1.9b and Fig. 1.9c show the resultsafter distortion correc-
tion, with Figs.1.9bshowing bilinearwarpingwith deblurringandFigs.1.9c
showing super-resolutionusingQRW with deblurring.

Figs. 1.10 summarizesthe resultsof passingthe super-resolutionresults
shown in Fig. 1.9throughOCRfor recognition.This exampledid not contain
any font-relatedambiguities.Theoriginal text (seeFig. 1.9) consistsof total
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Method Outputof OCR
BRX 1234561990.te gu¢ clc bow dogjumpedover tesazs
BRDCD :23*;56?990.X:e quickbrown dogjt:Wedover theLazf for
SRDCD 2234567890.Thequickbrown dogjumpedover thelazes’ox.

Method %Correct 
 ¨Ü 
}¨ 
�� 
� 
�� 
}¨«ª��ª��ª��
BRX 67 32 7 8 0 1 16
BRDCD 71 35 11 1 0 1 14
SRDCD 94 45 2 0 0 1 3

� �C*����2�fIj�,I+Lj�
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 characters,including the two periodsbut excludingwhitespace.Columns
marked

� & , ��� ,
���

, and
� $ give,respectively, thenumberof incorrectlyrecog-

nizedcharacters,thenumberof missingcharacters,thenumberof extra char-
acters,andthenumberof charactersthataresplit into two or morecharacters.

Becauseof the nonuniformityof the lighting in this example,eachimage
hadits own thresholdwhich waschosento maximizeits recognitionrate.Us-
ing bilinear resamplingwithout distortion,correction,anddeblurring(BRX),
32outof the48characters(67%)arerecognized.Usingbilinearwarpingwith
distortioncorrectionanddeblurring(BRDCD), 35 out of the49 charactersit
found (71%) are recognized.Using the super-resolutionalgorithmgiven in
Section4 with deblurring(SRDCD),45outof the48characters(94%)arerec-
ognized.Comparedto bilinearresamplingwithoutdistortioncorrection,super-
resolutionusingQRW recognizes27%morecharacters.Comparedto bilinear
with distortioncorrectionanddeblurring,super-resolutionusingQRW recog-
nizes21%moreof characters.With text consistingof thousandsof characters,
this is definitelyasignificantimprovement.

Qualitatively, onemightnotetheerrorsareconcentratedon theouteredges
of theexamplewheretherewasthemostsignificantdistortionsandtheworst
lighting.

Fig.1.11showsthesuper-resolutionresultsfor anexamplewith largerchar-
acters(almosttwicethesize)takenwith abetterlens(muchlessdistortionand
lessblur). Theinputwasasequenceof 8 430x75imagestakenby aSony XC-
77 cameraattachedto a Matrox MeteorCaptureCardbeforethey arepassed
throughOCRfor recognition.Theoriginal text consistsof total 66 characters
includingthreeperiodsandoneexclamationmark.

Fig. 1.12shows theexperimentalresultsof passingthesuper-resolutionre-
sultsshown in Fig. 1.11 throughOCR. While the bilinear and QRW super-
resolution(SRD) imageslook nearlyidentical,the quantitative OCRanalysis
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a

b

c

� �C*����2�¿I��;I+Ij�
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 youassayfrom it all... 0 0 0 1

Sendfior TI avelerandyourbonusgtudetodyl 1 2 2 1
BRD Let ustake youassayfrom it all... 0 0 0 1

Sendfor Tl avelerandyourbonusguidetoday! 0 0 0 1
SR Let ustake youaway from it all... 0 0 0 0

Sendfior Tl alrelerandyourbonusguidetoday 0 1 1 2
SRD Let ustake youaway from it all... 0 0 0 0

Sendfor Tra@&elerandyourbonusguidetoday! 0 0 0 1

Method %Correct 
 ¨Ü 
 ¨ 
 � 
  
 � 
 ¨«ª��ª��ª��
BR 89.7 61 1 2 2 2 7
BRD 97.0 64 0 0 0 2 2
SR 94.0 63 0 1 1 2 4
SRD 98.5 65 0 0 0 1 1

� �C*����2��Ij�,IÌ´)�
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.

showsadifference.Comparedto bilinearresamplingwithoutdeblurring(BR),
7% moreof the charactersarerecognizedwith QRW. Comparedto bilinear
warpingwith deblurring(BRD),2%moreof thecharactersarerecognized.2%
maymeana lot dependingon applications.Comparedto bilinear resampling
without deblurring(BR), super-resolutionwith deblurring(SRD) reducesthe
numberof incorrectlyrecognized,missing,extra,andsplit charactersreduces
from 7 to 1.
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a

b

� �C*����2� I��;Ijä��
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. 1.14shows theanalysisfor a third quantitative experiment.Theorig-
inal text, Fig. 1.13 consistsof total 142 characterswith mixed fonts and a
largenumberof ambiguouscharacters.Comparedto bilinearresamplingwith-
out deblurring(BR), 5% moreof the charactersare recognized.Compared
to bilinear resamplingwith deblurring(BRD), 3% moreof thecharactersare
recognized.Again, 3% couldmeana lot dependingon applications– if there
were2000characterson a page,it is differenceof 60 characters.Discounting
the ambiguouscharacterswill increasethe rateof recognitionby 2% for all
methodsexceptbilinear(BR) which increasesonly 1%. Comparedto bilinear
resamplingwith or withoutdeblurring(BR or BRD), super-resolutionwith de-
blurring (SRD) reducesthenumberof incorrectlyrecognized,missing,extra,
andsplit charactersreducesfrom 18 to 12. Looking at thedetailsonecansee
that the italics washandledpoorly. While a multi-font OCRsystemmight do
muchbetteroverall, theexampledoesshow thatsuper-resolutionimprovesthe
results.

îu��+c� �»����³���½�³^� ��±·³^����¼ ¼ ��±·±²���M,
The qualitative aspectsof our experimentalresultscanbe summarizedas

follows:

Naturally, thebetterthequalityof theoriginal imagesandthelargerthe
inputcharacters,thesmallertheimpactof super-resolutiononOCR.But
evenfor largecleartext, it did have a measurableimpact.
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Method Outputof OCR 
 ¨ 
 � 
  
 �
BR Experlencethethrill of belagin the 3 0 0 0

exactspotwherehistoryhappened 0 1 0 0
St. Augustfne...BostonHahbor...gWsIstand 5 2 0 0
...Cbarleston@..SbSlob... plusmaayothersl 0 7 0 0

BRD Experiencethethrill of beingin the 0 0 0 0
exactspotwherehistoryhappened: 0 0 0 0
St. Augustfne.. .BostonHahbor...Es Island 3 2 2 0
... CbarZeston...Sbilob... plusExpeothersl 9 1 1 0

SR Experiencethethrill of belagin the 2 0 0 0
exactspotwherehistoryhappened 0 1 0 0
StgAugustine...BostonHahbor...SWsIsland 4 2 0 0
...Cbarlesto@t...Sbf/ob.. plusmany othersl 6 1 0 1

SRD Experiencethethrill of beingin the 0 0 0 0
exactspotwherehistoryhappened: 0 0 0 0
Sf. Augustxne...BostonHarbor...SisIstand 4 2 0 0
...Cbar/eston...Sbi/oh..plusmany othersl 5 1 0 0

Method %Correct 
 ¨Ü 
}¨ 
�� 
� 
�� 
}¨�ª��}ª��ª��
BR 87.3 124 8 10 0 0 18
BRD 87.7 128 12 3 3 0 18
SR 88.1 126 12 4 0 1 17
SRD 91.5 130 9 3 0 0 12

� �C*����2�mIj�,I	ë^�
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, super-resolution
will not help muchmorethansimpletemporalaveragingwith bilinear
warping.

Typestylehasastrongimpacton therateof recognition.

Thissectionhasshown how OCRcanbeusedusedfor super-resolutioneval-
uation.Theadvantagesof thisapproachis thatit is verystraightforward;there
area largenumberof bothcommercialandfreeOCRpackages,anddatacol-
lection is alsostraightforward. The useof OCRiswell suitedfor evaluation
of super-resolutiontaskswhich will besimilar in natureto OCR,e.g. license
plates,2D patternmatching,handwrittingrecongition.

In general,thedifficultiesof usingOCRasameasurementfor super-resolution
canbesummarizedasfollows:

Therateof recognitiondepends,to a largeextent,on thequality of the
OCRprograms.BetterOCRprograms,especiallythosethatusedictio-
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nary lookup, would reducethe impactof low level processing.But in
general,betterlow level processingwouldprovidebetterresults.

If binary imagesarerequiredfor recognition,asmostof theOCRpro-
gramsdoevenif implicitly convertedinternally, thentherateof recogni-
tion is sensitive to thethresholdingprocessusedto convert gray-scaleor
color imagesto binaryimages.This evaluationusedexternalthreshold-
ing anddifferentthresholdsmaygive differentresults.While localized
thresholdingwould help increasethe rateof recognition,we have not
usedthemhere.

Many OCRprogramstreattheir inputsas“binary”, thusasanevaluation
for super-resolutiontechniques,it may seemto down-play the impor-
tanceof accurategrayscaleproduction,especiallyat middle intensity
levels. On theotherhand,theseintermediatelevelsdo occuron charac-
ter boundariesandmay, in fact,be the driving factorin thesuperiority
of super-resolutions.However thenearlybinarynatureof thedatamay
suggestthatoverenhancementmightdobetter.

=?> @�ACBEDGF4HIA�¼?DKJ DMLMAONQPCASRUTWVYX
In thissection,weevaluatehow SRcanbeusedto improve theperformance

of a facerecognition(FR) system.A formal descriptionof theFR problemis
givenfirst, followedby anevaluationof asimulatedSR-enhancedFRsytem.

@[Z]\�^`_a^b\�cedgfihkjWhlc�f ¼gm0n�jo^bpqn
Oneview of anFR systemis a facility thatprovidesa mappingfrom facial

imagesto labelsthat uniquelyidentify the subjectof the image. We assume
thatgivenanFR system,thereexistssomeimagesetof known subjects,also
known asagallery, whichwedenoteas r . In addition,thereexistssomeprobe
set sutwv�xzy*{|x~}�{#�#�#�*{|xb� ����� whereeachimage,x~�Á¶�s andx��[�¶�r , is animage
of somesubjectthe FR systemto recognize.In the systemconsideredhere,
assumethatthegallery r andtheprobeset s arenon-identical,but havebeen
createdfrom thesamepopulation.

Most FR systems,presentedwith a gallery image � and probeimage x�� ,
have the capabilityof computingsomeboundedsimilarity measure���(��{|x~���
representingthe“strength”of thematchbetweentheimages.Without lossof
generality, assumethat a score �9�(��{|x�� of �#�o��� indicatesthe highestpossible
systemconfidencethat thesubjectin image � is thesamesubjectin imagex ,
andthata score���(�~{|x�� of �o��� indicatesthelowestpossiblesystemconfidence
thatthesubjectsarethesame(or highestconfidencethatthey aredifferent).

Let id �8��� representthetrueidentityof thesubjectin image� , and �&� repre-
sentthegalleryimageof subject� . Givenaprobex , avectorsimilarity scores
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Algorithm Description¨�© FaceItImage to ScanTemplate¨�ª FaceItImage to Full Tempalte(Normalmode)

«W¬®-¯#°|±³²�´	²�µ�´
Comparison operators. The precisecomparison operators used in our

evaluation and their namesasdescribedby the FaceIt documentation.

���(��{|x�� canbecalculatedfrom all images�M¶Er . Sortingthesimilarity vector
andfindingthesubject’s relativepositionalongit, determinestheprobe’s rank.
Specifically, aprobehasarankof ¶ overgalleryset r if in thesimilarly vector,
thereexist exactly ¶ scoresgreaterthanor equalto �9�(� id · ¸º¹ {|x�� .

Thealgorithmusedin theevaluationwasVisionics’FaceIt.FaceItis acom-
mercial,high-quality, facedetectionandrecognitionsystembasedon Local
FeatureAnalysis. FaceIt requiresno explicit “training” stage;i.e. no inter-
nal componentof thesystemencorporesinformationacrosstheentiregallery.
This is differentfrom many linearsubspaceclassifiers(suchasEigenfaceap-
proaches)whichmustbetrainedwith respectto theentiregallery. With FaceIt,
addingan imageto the gallerydoesnot requirea retraining,andhasno side
effectson theprobeto galleryimagecomparison.In otherwords,givena par-
ticulargalleryandprobeimage� andx , theadditionof anew galleryimage��»
hasnoeffectontheFaceItsimilarity measure���(��{|x�� . Naturally, therankcould
beeffected.For ourevaluation,we selectedtwo differentsimilarity measures,
describedin Figure1.15.

D½¼0¾¿^�À�h�pÁ^bfgj9ZÂjWhlc�f
The context of the evaluationconsistedof a subsetof the Essex database

packagedwith FaceIt. Due to constraintsin the availabledata,we selectedÃ&Ä&Å
imagepairs. Eachpair consistsof two imagesof the samesubjectwith

approximatelythesamepose,but slightly differentexpression.Theseimages,
in FERET nomenclature,are referredto as Æ and Ç images. All subjects
selectedwerefront facing,imagedin front of simple(essentiallymonochro-
matic)backgrounds,anddiffuselyilluminated.Sinceweweremoreinterested
in the effectsof the imagepreprocessingstages,we presentedfavorabledata
to thesystem.

More formally, let È � tuvÉÈ · �8Ê Ë ¹ {#�#�#�É{�È · �8Ê Ì ¹ � representthesetof four images
of subjectÍ and Î§ÏetwvÉÈ · y�Ê Ï ¹ {#�#�#�É{�È ·ÑÐ Ê Ï ¹ � representthesetof all Ò images— in
our case,Ò®¶YvÉÆ¤{�Ç6{-Ó³{�ÔM� . Let Õ��|È�� representsomeimageprocessingfunc-
tion on imageÈ (thiswill soonbereplacedwith asuper-resolutionalgorithm),� representa similarly measure,andrankÖÉ��rQ{|x�� representthe rank of probex over gallery r via similarity measure� . Then,using r , s , � , and Õ , an
evaluationthatobtainsasetof ranks(onesetperprobeimage)canbedenoted
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as

eval ��r7{�sÙ{!��{!Õz��tÛÚ¸&Ü � rankÖÉ��rQ{!Õ��	x����-� (7)

Sothatconfidenceintervalscouldbeobtained,theevaluationframework of (?)
wasfollowed. This framework is basedon populationstratificationandmeth-
odsof replicatestatistics(balancedrepeatedreplicatesor BRR,specifically).
Letting eachsubjectcorrespondto a stratum,threesamplesper stratum(or
PSUs)areobtainedby fixing onesetof imagesasthegalleryandprobingthe
gallerywith theremainingdatasets.That is, onesetof sampleswasobtained
with eval ��Î Ë {-Î¿Ýg{!��{!Õz� , anotherwith eval ��Î Ë {-Î¿Þ�{!��{!Õz� andsoon.

ß½àØáÉàWâÉã�áåäGãoæ�ã�ç4àØáºè8é�æ
In this sectionwe describethe probeandgallery

setsusedin ourevaluation.Thenotationusedherewill alsobeusedto describe
theresultsof theevaluation.

A seriesof low-resolutionimagesto serve asinput to the SR algorithmis
generatedfirst. Basedon previousresults(Chiang,1998),it wasdecidedthat
four low-resolutioninput imageswouldbeused.To simluatea low-resoultion
facefrom slightly differentviews, a perspective projectionwasused. Let ê
representa random,but known, perspective andscalarpixel-to-pixel mapping,
wherethe imagewidth andheightarereducedto

Å&Ä
percentof their original

size. In this evaluation,the perspecive projectionwaslimited so that only a
pixelshorizontalcoordinatewouldbedisplacedby atmost �#��ë of theoriginal
imagewidth. Let ì representtheinverseoperation— a í timesdilation and
perspective “correction.” Sincefour low-resolutionimageswere generated,
four such ê mappingsneeded.A setof four (distinct) mappingsgenerated
from a randomseedî is denotedas ï�ð9ñÉÒ��8êK�lò½tóv*ê yò {�ê }ò {�êMôò {�ê½õò � . It fol-
lows thatthesetof complimentarymappingsis denotedas ï�ðoñ*Ò&�|ì`�lò .

Given a map ê , imagex , andwarpingalgorithm ö , a new low-resolution
image x~» canbe denotedasa function of ê and x , or x�»0t÷öø�8êU{|x�� . Let ï
and ù representQRRandbilinearwarpingalgorithmsrespectively. Then,for
eachprobeimagex � ¶Us , a setof four low-resolutionimagesgeneratedfrom
warpingalgorithm ö is

s§ú� t Úû�üý Üºþ¢ÿ�� Ï · û ¹ ý
öø�8ê ò� {|x����]twvÉö��8ê yò {|x����-{#�#�#�É{�ö��8ê õ� {|x����!��� (8)

If we denotea SRú asa SR algorithmusingwarp ö , thenwe may now we
modify Equation(7), ourpreviousdefinitionof eval, to reflect

��� ú
eval ��r7{�sÙ{!��{�öØ�et Ú¸�Ü � rankÖÉ��rQ{ SRú �|s ú� ���-� (9)

In this idealcase,theSRalgorithmgeneratesthecorrective mapsby directly
invertingeachdistortion ê . Naturally, this is only possiblewhen ê is known
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file=low-res-images.eps,width=3.5in,height=1.2in«W¬®-¯#°|±e²-´Ñ²��-´
Low-resolutionimagesof Subject202. Exampleof asetof four, perspective

projectiondistored,low resolutionimageswhichserveasSRalgorithminput. All imageswere
generatedfrom thehigher-resolution� imageof subject�
	�� . Closerinspectionrevealssubtle
differencebetweentheimages:thefirst faceappearsnarrowerandslighlyelongatedwith respect
to theotherthreefaces,thefourthappearsslighly smaller, lower, andwidethantheotherthree,
etc. The black stripeson the left andright sideof the imagesareartifactsresultingfrom the
projection.Becauseeachsubjecthastheir own setof uniquemaps,somelow-resolutionimage
setswill show moreor lessvariationbetweenimages

a priory. Note thatotherphenomenon,suchassensornoise,deformationsin
expression,andchangesin illumination, arenot encorporatedinto the evalu-
ation. By usingideal conditionsthe evaluation,suchasnearly ideal inverse
mappings,our evaluationis not only significantlysimplied,but betterreflects
amore“upperbound”-like measureof theeffectsof SR.

As reflectedin Equation(9) changinga SRalgorithmhasno effect on the
particularmaps( ê and ì ) used.This critical constancy ensuresthatdiffer-
encesin theresultingrankingcanbeattributedonly to thechangein warping
algorithm.

=?>��]> D���UD�_åT�� D�XwR,ASRUTWVYX AOXwJ _ D�¼ÙPCN?R�¼
To establisha peformancegain(or loss)for SR,theraw low-resolutionim-

ageswill beusedasthebaselineevaluation.In asystemwithoutSR,theseraw
imagesarewhatwouldbeusedasprobeimages.TheidealSRimagesgivean
indicationof the“best” possibleperformancegaindueto SR.

Unfortunately, rank, asdefinedpreviously, can be a non-robust measure.
Thepenaltyincurredby amisdetection(definedasarankgreaterthan � , where
� is somepredefinedthreshold)is linearly related. For example,supposea
probehasaveryhigh(poor)rank— í��&� , for instance.Thepenaltyincurredin
themeanrankdueto this í��&� -rankmisdetectis muchgreaterthanaprobewith
arankof, say

Ä � . In bothcases,however, if our threshold��t �#� , thenthey are
both clearly misdetects.Therefore,for our evaluation,we performthe BRR
meanandvarianceover the following statistic,where ï representsa probe’s
rankand � is somethresholdrank

��� t`� if ï ¡ ��{ ��� tO� otherwise (10)

Anotherview of
� �

is theexpectedvalueof the fractionof probeswithin the
top � matchcandidates.For this particularevaluation,weusedö��	xø��öQtC�o���Ø� .
In otherwords,aprobescoreda � if it subjectwaswithin thetop � of candidate
images(just thetop imagein ourcase).

Thegenerationof multiplelow-resolutionimagesprovidesabroadbaseline.
Let Î2Ï · ú Ê � ¹ representthe set of all Í th low-resolutionimagesgeneratedfrom
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Essex databasetset Î Ï using warpingalgorithm ö . In other words, the setÎ Ì ·�� Ê ô ¹ , or

vºù��8ê ô y {�È · y�Ê Ì ¹ �-{!ù4�8ê ô y {�È · }�Ê Ì ¹ �-{#�#�#�º{!ù��8ê ô y {�È ·ÑÐ Ê Ì ¹ �!� (11)

is the setof all low-resolutionimagesfrom set Î Þ generatedfrom a mapof
index

Ã
. Notethatthis partitioningis somewhatarbitrary, andonly dependent

on particularindexes. This notationwill beusedagainshortly. Similarly, we
let Î Ë ·Ñþ Ê SR¹ {#�#�#�º{-Î Ì ·	þ Ê SR¹ {-Î Ë ·�� Ê SR¹ {#�#�#�º{-Î Ì ·�� Ê SR¹ � (12)

denotethe super-resolutionimagesetsgeneratedfrom their respective low-
resolutionimages.Finally, theretheBRRmeanestimatesgeneratedfrom each
( Î Ë · ú Ê � ¹ , �#�#� , Î Ì · ú Ê � ¹ ) set(see(?) for moreinformationaboutthis construction).
Thesearedenotedby replacingthesetindex with thesymbol � . For example

Î�� ·�� Ê®y ¹ {-Î�� ·Ñþ Ê®y ¹ {#�#�#�*{-Î � ·�� Ê õ ¹ {-Î�� ·	þ Ê õ ¹ {-Î�� ·�� Ê SR¹ {-Î � ·	þ Ê SR¹ (13)

TheseBRR estimatorsincorporaterank informationacrossall Æ , �#�#� , Ô sets
(appropriately).

The raw resultsof theevaluationareshown in Figure1.17. For eachrow,
thetableshows theexpectedvalueof thefractionof probesthatproduceranks
of � . The BRR estimatedstandarderror of thesemeansis shown in paren-
thesis.As shown in thefigure,bothQRW andbilinearbasedsuper-resolution
improvesthe fractionof recognizedfaceswith a statisticalsignificance.1 For
all experiments,QRW super-resolutionproducedbetterfractionsthenbilinear.
This is not alwaysthecasefor thecomponentfractions.This indicatesthat in
certaincases,it is possiblethata particularlow-resolutionimagemaybebet-
ter thana super-resolutionimage.In a real facerecognitionsystem,however,
groundtruth is notavailable.Therefore,it wouldbeimpossibleto know which
low-resolutionproducesthecorrectresult. Nevertheless,this phenomenonis
moreof aface-recognitionsystemissuethanasuper-resolutionissue.It should
benotedthat increasing� (for �"! �#� ) doesnot dramaticallychangethefact
thatQRW producesstatisticallysignificanthigherfractions.

Thefigureshows theresultsfrom bothof theFaceItalgorithms.In thefirst,
the overall peformanceis muchbetterandwe seethat super-resoltionhelps
for both bilnear warping and for QRW. It also shows that QRW is statsiti-
cally supperior, being at leastthreestandarddeviationsabove bilnear-based
super-resolution.Thesecondalgorithm,overall,did not performaswell. The
behaivor of QRW is consistent— againshowing a statisticallysignificant
improvementfor super-resolutionover the individual low-resolutioninputs.
However, this algorithmhadcaseswherebilinearoutperformedQRW on the

1This is a statisticallysoundstatementwhich is dependenton theuniquepropertiesof BRR.
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probesets alg ¨�© alg ¨ ª%'& (*),+ ª.- 0.8277(0.0083) 0.6591(0.0114)%'& (*/,+ ª.- 0.8390(0.0087) 0.6382(0.0119)

%'& (*),+ 0 - 0.8438(0.0085) 0.6591(0.0112)% & (*/,+ 0 - 0.8570(0.0086) 0.6705(0.0125)

% & (*),+ 1 - 0.8219(0.0082) 0.6609(0.0113)%'& (*/,+ 1 - 0.8589(0.0081) 0.6430(0.0115)

%'& (*),+ 2 - 0.8286(0.0088) 0.6866(0.0112)% & (*/,+ 2 - 0.8589(0.0081) 0.6335(0.0120)

% & (*),+
SR
- 0.8494(0.0079) 0.6647(0.0115)%'& (*/,+

SR
- 0.8731(0.0078) 0.6875(0.0109)

«W¬®-¯#°|±[²-´Ñ²43!´
Mean Fraction of SuccessEstimates. The resultsof theevaluation,show-

ing the expectedvalueof the fraction of the probesthat have rank 	 (most likely candidate).
Standarddevationsareshown in parenthesis.

indivisual examples. However, this examplesshows that unlike QRW, with
bi-linearwarping,super-resolutionwasnotbetterthantheindividual inputs.

5 > BYV X BENQP�¼gT�V X
This chapterdiscussedtechniquesfor imageconsistentreconstructionand

warpingusingthe integratingresampler. By couplingthe degradationmodel
of the imagingsystemdirectly into the integrating resampler, we canbetter
approximatereconstructtheimageandthewarpingcharacteristicsof realsys-
tems.This, in turn, significantlyimprovesthequality of super-resolutionim-
ages.Examplesof super-resolutionsfor gray-scaleimagesshow theusefulness
of theintegratingresamplerin applicationsscalingby a factorof upto4 using
8-32images.Wedisussedthreequantittive evaluationsapproachesandin each
casesaw thatsuper-resolutionusingQRW wassuperiorto bilinearapproaches.
Evenin thecaseswherethesuper-resolutionimageswerevisuallysimilar, we
hadmeasurablequantitative improvements.
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