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Abstract

Until now all superresolutionalgorithms have pre-
sumedhattheimageswere takenunderthesamaellumina-
tion conditions. This paperintroducesa hew approach to
superresolution—basedn edge modelsand a local blur
estimate—whit circumventghesedifficulties. Thepaper
presentghe theoryand the experimentalresultsusingthe
new approad.

1 Introduction

We have recentlyproposedanew algorithmfor enhanc-
ing imageresolutionfrom an imagesequencdl] where
we comparedour supefresolutionresultswith earlierre-
searchon this subject[2, 3, 4, 5, 6, 7, 8]. We shavedthat
theintegratingresamplef9] canbeusedto enhancémage
resolution.We furthershavedthatwarpingtechniquegan
have a strongimpacton the quality of the supefresolution
imaging. However, left unaddresseih [1] areseveralim-
portantissues. Of particularinterestis lighting variation.
Theobjective of this paperis to addressechniquego deal
with theseissues. The exampleshereinusetext because
the high frequeny information highlights the difference
in supetresolutionalgorithmsandbecauset allows usto
ignore, for the time being, the issuesof 3D edgesunder
differentviews. Clearly, matchingis a critical component
if this is to be usedfor fusing 3D objectsunderdifferent
viewing/lighting conditions.This paper however, concen-
trateson how well we cancombinethempresuminggood
matchinginformation.

In what follows in this paper we first presentthe new
supetresolutioralgorithmwherewe compareheresulting
supetresolutionmageswith thosepresentedh [1] in Sec-
tion 2. We thenreview the integratingresampleran effi-
cientmethodfor warpingusingimaging-consistenestora-
tion/reconstructioralgorithms,in Section3. This algo-

rithmis well suitedfor today’s pipelinedmicro-processors.

In addition,the integratingresamplecanallow for modi-
ficationsof the intensity valuesto betterapproximatethe
warping characteristicof real sensors. The new algo-
rithms for edgelocalizationandlocal blur estimationare
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given, respectiely, in Sections4 and5. Thesetwo algo-
rithms are both basedon the imaging-consistentestora-
tion/reconstructioralgorithmsdescribedin [10]. Future
work is givenin Section6.

2 Edge-Based Super-Resolution

For almost all applicationsinvolving an image se-
guencethe problemof lighting variationarises.lIt is very
unlikely that lighting conditionsremainthe samefor the
entireimagesequencegven whenthey aretaken consec-
utively in a well controlled ervironment. If the images
are not from a shorttime span,we know that variations
areoften significant. Thereexist all kinds of possibilities
that may causelighting to vary, e.g.,viewpoint variation,
temperatureof light bulbs, cloudsor peoplepassingby,
andsoon. Thus,the problemis thathow do we eliminate
this undesirableeffect? Oneof the easiessolutionsto this
problemis, of coursejustto ignorelighting variationsand
assumehat the effect of lighting variationsis negligible.
However, thisis limiting. Theideawe proposehereinis a
simplesolution. Ratherthanobtaininga supetresolution
imageby fusing all the imagestogethey we may choose
one,andonly one,of theimagesfrom theimagesequence
andthenfusetogetherall theedgedrom the otherimages.
Thisdoesnotnecessarilgolve thelighting variationprob-
lem. But, this effectively mitigatesthe problemof light-
ing variationsincewe arenow dealingwith asingleimage
aswell asthe edgepositionsthat arelesssensitve to the
changeof lighting.

However, to fuseall the edgestogetherit requiresthat
theedgedefirst detectechndthenwarped.lt alsorequires
thatthereferencemagebereestimatedndscaledupbased
on the edgemodelsandlocal blur estimation. Therefore,
we generalizethe idea of the imaging-consistentestora-
tion/reconstructiormlgorithmsto dealwith discontinuities
in animage.Thenew algorithmfor edgedetectioris given
in Sectiond. The new algorithmfor local blur estimation
for eachedgepointis presentedn Section5. Theideaof
edge-basedupefresolutiondescribechereinis to fuseall
theedgemodelstogether

We turn now to the problemof supetresolutionfrom
animagesequenceTheideaof supetresolutionis based
onthefactthateachimagein the sequenc@rovidessmall
amountof additionalinformation. By warpingall the im-
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agesto the referencamage(scalingat the sametime the
imagesarebeingwarped)andthenfusingtogetherall the
informationavailablefrom eachimage,a supefresolution
imagecanbe constructed Giventhe imagesequencegur
supetresolutionalgorithmis now formulatedasfollows:

1. Estimatehemotionsinvolvedin theimagesequence.

2. Estimatethe edgesusing the procedurederived in
Sectiord.

3. Estimatethe blur modelsfor eachedgepoint in the
imageusingthe procedurelerivedin Section5.

4. Choosea “reference”imageto determinethelighting
for theoutputimage.

5. Warpall the edge/blumodelsto thereferencéamage
andfusethem.

6. Usethefusededge/blumodelsandthereferencam-
ageto computethe supefresolutionintensityimage.

7. Optionaldeblurringstage.

Thecentralideaof supefresolutionis to bring together
small amount of additional information available from
eachimagein theimagesequenceEvenif the final sam-
pling rateis exactlythesameastheoriginal,we canstill do
supetresolution. In this case,it providesa sharpelimage
of theoriginal size. As anexample we demonstrat¢hisin
[1, Figurel].

We presumehat “motion” is computedwhich is easy
for rigid transformationalthoughinterlacingissuesmust
be properlyaddressed.

When off-the-shelflensesand camerasare used, pre-
warping can be usedto remove the distortions(See[11,
12)). In [9], we shavedthattheintegratingresamplecan
improvethequality of the matching.

We tried several different approachesto fuse the
edge/blumodelstogetherincludingthe averagingandthe
medianfilters. Our experimentshav thatthe mediarfilter
is better thoughoften not muchbetterthanthe averaging
filter.

ThetestdatawastakenusingSory XC-77, attachedo
a DatacubeMVV200 System.Figuresl and2 shawv our ex-
perimentalresults. A 32 image sequencef size 77x43
was usedto computethe supetresolutionimage of size
308x172j.e.,ascale-upby afactorof 4.

Figurel shavstwo of theoriginalimageswith two dif-
ferentillumination conditionsblown up by a factor of 4
using, respectiely, pixel replicationand bi-linear resam-
pling. Figureslaandb shavstheresultsusingpixel repli-
cation;Figureslcandd, theresultsusingbi-linearresam-
pling.

Figure2 shavs thefinal resultsof our experiment.Fig-
ure2ashawvstheresultingsupetrresolutionmageusingthe
algorithm presentedn [1] without deblurringat the end;
Figure2b shavs Figure2awith deblurringattheend. Fig-
ure2cshawvstheresultingsupetrresolutionmageusingthe
algorithm proposedhereinwithout deblurringat the end;
Figure2d shavs Figure2c with deblurringatthe end.

As can be easily seen,the new supetresolutionalgo-
rithm proposecdhereincircumwentsthe difficulties caused
by the illumination conditionswhile all previous algo-
rithms simply ignore the changesin illumination. Fur
thermore,the running time of our methodis often more
thantwo or threetimesfasterthanlrani’'s back-projection
method.Seg[1] for thecomparisorbetweerouralgorithm
andlrani’'s back-projectiormethod.

3 Imaging-Consistent Warping

Considerthe imaging modelin Fig. 3. An algorithm
is calledimaging-consistentf it is the exact solutionfor
someinputfunction,which,accordingo thesensomaodel,
would have generatedhe measurednput. For imagere-
construction,we achieve this by first computinga func-
tional restoration(i.e., f2), thenblurring it againby the
pixel's PSE This actually definesa whole classof im-
age restoration/reconstructiotechniques,dependingon
themodelfor f5. Detailscanbefoundin [10]. Only onedi-
mensionalmagemodelsarepresentedhigherdimensions
aretreatedseparably

Once the idea of imaging-consistenteconstruction
from area samplesis accepted,probably the simplest
method to consideris basedon a piecavise quadratic
modelfor the image. If we assumea RectPSFfilter (1
insideandO outsidethepixel), theimagingconsistenalgo-
rithm is easyto derive. To ensurethatthe functionis con-
tinuous,andthatthe methodis local, we definethe value
of the reconstructiorat the pixel boundariess; andk;1,
to beequalto E; andE;, 1. Any methodof approximation
could be usedto computeFE;, thoughour exampleswill
only includelinearinterpolationandcubiccorvolution.

Given the valuesE; at the pixel edges,an additional
constraintthattheintegral acrosshe pixel mustequalV;,
resultsin exactly threeconstraints Fromthis, onecande-
termine f,, a quadraticpolynomial. This givesthe intra-
pixel restoration Reconstructiomlgorithmcanbederived
by simply blurring theresultingrestoratiorby a PSFof the
samescaleasinput. For supefresolutionwe considewonly
restoration.

Theimaging-consisteralgorithmsdescribediboreand
in [10Q] arelinearfilters. We designedhemfor usein what
we call theintegrating resamplingapproach.

As describedefore,our modelof imageformationre-
quiresthe imageto be spatiallysampledwith afinite area
sampler This is tantamounto a weightedintegral being
computedon theinput function. Becauseve have afunc-
tionalform for therestorationyve cansimply integratethis
functionwith the PSFfor the outputareasampler In this
sectionwe assumehatthe outputsamplethasa RectPSE
thoughthereis nolimitation onthedegradatiormodelghat
onecanuse.

To definetheintegratingresamplersye generalizehe
ideaof theimaging-consisterdlgorithmsdescribedibove.
Whereasmaging-consisterdlgorithmssimply assumehe
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Figurel: Two of the original imagesshaving two differentillumination conditionsblown up by a factorof 4. (a) and(b)
usingpixel replication;(c) and(d) usingbi-linearresampling.
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Figure2: Finalresultsfrom a 32 77x43imagesequencéakenby XC-77. (a) supefresolutionusingthealgorithmproposed
in [1] without deblurringat the end; (b) (a) with deblurringat the end; (c) supefresolutionusingthe algorithmproposed
hereinwithout deblurringat theend;(d) (c) with deblurringattheend.

This paper appeared in the 1997 IEEE CVPR Proceedings and is copyrighted.



hi(z,y) fi(z,y ha(z,y) Ja(u,v

hs(u, 'U) f3(ua v

Is(u,v I(u,v)

A/ID
Sampler corverter

blurring warping

degradation

spatialsampling guantization

Reconstruction

Intra-Pixel Restoration

SuperResolutiondeblurred)

Figure3: Theimageformationprocessandtherelationshipbetweerrestorationreconstructionandsuperresolution.

degradatiormodelsareidenticalfor bothinputandoutput;
theintegratingresamplergjo onestepfurther, allowing (1)
bothinputandoutputto have theirown degradatiormodel,
and(2) thedeggradatiormodelto vary its sizefor eachout-
putpixel.

Whenwe areresamplingheimageandwarpingits ge-
ometryin anonlineamanneythis new approactallows us
to efficiently do both pre-filteringand post-filtering. Be-
causewe have alreadydetermineda functional form for
theinput, no spatially-\aryingfiltering is neededaswould
bethecaseif directinversemappingweredone.

Computing the exact value of the restoredfunction
weightedby the PSFcould be donein functionalform if
themappingfunctionhasafunctionalinverseandthe PSF
is simple(asin this example).In generalhowever, it can-
not be donein closedform, and numericalintegrationis
required.To reducethecomputationatompleity, we pro-
posea schemavherefor eachinput pixel, we usea linear
approximatiorto the spatialwarpingwithin thatpixel, but
usethe full non-linearwarp to determinethe location of
pixel boundaries.This integratingresamplerproposedn
[9], alsohandlesantialiasingof partial pixelsin a straight-
forwardmanner

The underlyingidea of this integrating resamplercan
befoundin thework of Fant[13] who proposedawarping
algorithmfor the specialcaseof piecaviseconstantecon-
struction. Our contritution is twofold: the generalization
to dealwith moreadwancedeconstructioralgorithms and
providing for a modelingof real lens effects by using a
modelingof realwarpsthataffectstheimageradiance.

4 EdgeLocalization

Typically, edgedetectiorinvolvesthe estimatiorof first
andsecondlerivativesof theluminanceunction,followed
by selectionof zerocrossingand extrema. The edgede-
tectionalgorithmwe proposehereinusespretty muchthe
sameidea exceptthatit is basedon the functional form
for theimaging-consistemnestoration/reconstructicago-

rithms. Thus, its sub-pixel accurag andotherparameters

are easily combinedwith the imaging-consistentestora-
tion/reconstructiomlgorithmsto provide for areconstruc-
tion algorithmthatsupportantensitydiscontinuities.

In what follows in this section,we presentonly one
dimensionalcase;higher dimensionsare treatedsepara-
bly. Also, we consideronly theimaging-consistentecon-
structionalgorithm QRR derived in [10]. The imaging-
consistenteconstructioralgorithmQRR is a cubic poly-
nomialthat spansrom the centerof oneinput pixel to the
next andis givenby
Qi(z) = (Biyz — E; —2(Viyy — Vi) 2°

+ (2E; — Biy1 — Eipa + 3(Viga — Vi) 2°
+ (B — Bz +V;
where0 < z < 1.

To simplify ourdiscussionghroughouthis sectionwe

use

Q(z) = az® + b2® +cx +d
to representthe imaging-consistenteconstructionalgo-
rithm QRR. For cornveniencewe alsodrop the subscripts
for Q, E, andV'.

Given Q(z), our edgedetectionalgorithmis outlined
below.

1. Find the functionthat givesall the slopesof Q(z).
Sincewe have a functional form for Q(z), this is
nothingmorethantakingthefirst derivative of Q(z).
Clearly,

Q'(z) = 3az® + 2bx + c.
For corvenience et us call this quadraticthe slope
functionS(x).

2. Find edge positionwith sub-pixelaccuracy This is
exactly the sameasfinding eitherzerocrossingor the
extremumof the slopefunction S(z). Again, thisis
easyto derive. Clearly, thefirstandsecondierivatives
of theslopefunctionS(z) are

S'(z) =6ax+2b and S"(z) = 6a.
If @ # 0, the extremum(i.e., the stepedge)canbe
foundlocatedat zo = —b/3a, andits valueis given
by S(zo) = —b*/3a + c. If zo is turnedout to be
locatedoutsidetherange(0, 1), it is simply assumed
to beundefinedlf a = 0, thentherearetwo cases:

(a) If b # 0, thenthe extremummustoccurat one
end or the other of that pixel, i.e., zo = 0 or
xzo = 1, Its valueis givenby eitherS(0) = c or
S(1)=3a+2b+c.
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(b) If b = 0, thenthe extremummustoccurevery-
wherewithin thatpixel. Thisis exactlythesame
assayingthatthereis no extremum.

Thesetwo casesrealsoassumedo be undefined.

3. Find edge directionand magnitude This is easyto
determinggiventhatwe know the edgesn the z and
y directions. Let s, ands, denoterespectiely, the
slopesof anedgein thez andy directions. Then,the
directionandmagnitudeof anedgearegiven,respec-
tively, by

S
E; = z] and E,, =,/s2+ s2.
d [sy m y

In the casethatz, is locatedoutsidetherange(0, 1) or
a = 0, it cansimply beassumedo be undefined.

Oneof the problemswith edgedetectionis thathow do
we distinguishsignificantedgesfrom insignificantones?
Our experimentsusea predefineahresholdto getrid of
insignificantedges.Bettertechniquesreunderinvestiga-
tion.

5 Local Blur Estimation

In [1], we shavedthatdeblurringafterimagefusionis
mosteffective for supefrresolutionimaging. However, this
presumeshatthe blur is known. In this section,we pro-
poseanew algorithmfor local blur estimation.Theideaof
this algorithmis to modela blurrededgewith two compo-
nents:astepedgeanda blur kernel. The blurrededgecan
be obtainedby applyingthe blur kernelto the stepedge.

GivenQ(z) andthelocationof theblurrededgezx,, our
local blur estimationalgorithmis outlinedbelow.

v+06

(o T To (o
Figure4: Edgemodel.Seetext for details.

1. Determingheedg model.Beforewe candiscusghe
local blur estimationalgorithm,we mustspecifythe
edgemodel. Figure 4 shavs our edgemodel. We
modelanedgeasa stepfunctionv + du(x) wherev
is the unknawn intensityvalueandé is the unknavn
amplitudeof the edge. The focal blur of this edgeis
modeledby a“truncated”Gaussiarblur kernel

Glz) = ﬁ exp G%)

whereo istheunknavn standardaieviation. Thecom-
pleteedgemodelis thusgivenby Eq. (1); expanding
andsimplifying givesEg. (2) whereq is a predefined
nonngative constantandz, € [0, 1] is the location
of thestepedge.Sincetherearethreeunknavns,v, §,
ando, we needthreeconstraintdo solwe it. In what
follows, we consideronly the edgemodeldefinedon
theintenal [z — «, 2o + o] becauseutsidetherange,
they areconstant.

2. Find solutionsfor the three unknownsv, 4, and o.
Sincewe have exactly threeconstraints,

Q@) = B(z)
Q'(z) = B'(z)
QI”(.’E) B" (.Z‘)

the systemof equationscan be easily solved. Note
thatwe usethe third derivative insteadof the second
derivative for solvingthe systenof equationsThisis

to ensurdhatthegenerakdgemodelgivesexactlythe
sameedgemodellocatedatz,. Solvingthesystenof

equationdor the unknavns v, §, ando, andnoting
thatthevalueof & mustbe positive, we have

_ r+4/s
2
d = (\/%UQl(IE)) / exp (—%)

) T — To «a
o= (00~ () o)
wherer = —Q'(z)/Q"" (x) ands = r2 —4r(z—x¢)?
Sincethevalueof o mustbepositive, it followsthato
hasasolutionif andonlyif s > 0 andeitherr +./s >
0 orr—+/s > 0; o hastwo solutionsif s > 0 andboth
r+ /s > 0andr — /s > 0. However, to ensurehat
the generaledgemodelderived hereingives exactly
the sameedgemodellocatedat g, only r + /s > 0
yieldsavalid solution. Thereforethesolutionof ¢ is
unigueandis givenby
_r A r? = Ar(z — x0)?
2
Thevalueof § maybe positive or negative depending
onthevalueof Q'(x). Lettingz = zo, we have the
edgemodellocatedat z.

The ideaof supefresolutionis to usethe edgemodels
derivedabove to reestimatehe underlyingimages.Given
the edgelocation z, as well as its correspondingedge
model (v, §, andg), the underlyingimagecan be reesti-
matedasfollows:

1. Replacaheintensityvaluesto theleft of 29 by v and
the intensityvaluesto theright of 2o by v + 4. The
replacements no more thanthreepixels to the left
andright sothatthealgorithmremaindocal.

2. Recomputer; andE;+; basedntheintensityvalues
givenin the previous step. Let us call them E; and
Ei—‘,—l .

J
2
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zt+a
/ vG(z — 2) dz,

r<x)—
w—oa rt+o
Bw)={ [" -t [ wrace-2dz w-asr<mnta @
rT—Q o
zt+a
/ (v+90)G(z — 2) dz, T >x0+a
verf (L) T<To—Q
N 5 0
B(z) = (v+§)erf(%>+§erf<w\/_§jo>, To—a<T <2+ @)
(v+6)erf(ﬁ), T >xo+a

3. Recomputd);(z) basedn E; andE;; while atthe
sametime theimageis beingscaledup.

6 Future Work

Furtherwork is neededeforethe superresolutional-
gorithmis robust enoughfor generalusein applications.
We are currently investigatingtechniquego addresshe
following issues: (1) How do we quantitatvely measure
theerror of theresultingsupefresolutionimage?(2) How
do we preciselyestimatehe motioninvolvedin theimage
sequence?3) How do we preciselymatch3D edgesun-
der differentviewing/lighting conditions?(4) How do we
usethe edge/blumodelsderived hereinto reestimatehe
underlyingimagein abetterway?

7 CONCLUSION

This paperintroducesa new algorithmfor enhancing
imageresolutionfrom an imagesequence.The new al-
gorithmis basedon local blur estimation. Again, the ap-
proachwe proposehereinusesthe integratingresampler
asthe underlyingresamplingalgorithm. We addresgech-
niguesto deal with lighting variation, edgelocalization,
andlocal blur estimation.For the purposeof comparison,
evaluationsare madeby comparingthe resultingimages
with thosein our previouswork.
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