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Abstract
Until now, all super-resolutionalgorithms have pre-

sumedthattheimagesweretakenunderthesameillumina-
tion conditions.Thispaperintroducesa new approach to
super-resolution—basedon edge modelsand a local blur
estimate—which circumventsthesedifficulties. Thepaper
presentsthe theoryandtheexperimentalresultsusingthe
new approach.

1 Introduction
Wehaverecentlyproposedanew algorithmfor enhanc-

ing imageresolutionfrom an imagesequence[1] where
we comparedour super-resolutionresultswith earlierre-
searchon this subject[2, 3, 4, 5, 6, 7, 8]. We showedthat
theintegratingresampler[9] canbeusedto enhanceimage
resolution.Wefurthershowedthatwarpingtechniquescan
havea strongimpacton thequalityof thesuper-resolution
imaging. However, left unaddressedin [1] areseveral im-
portantissues.Of particularinterestis lighting variation.
Theobjectiveof thispaperis to addresstechniquesto deal
with theseissues. The exampleshereinusetext because
the high frequency information highlights the difference
in super-resolutionalgorithmsandbecauseit allows us to
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/lightingconditions.This paper, however, concen-
trateson how well we cancombinethempresuminggood
matchinginformation.

In what follows in this paper, we first presentthe new
super-resolutionalgorithmwherewecomparetheresulting
super-resolutionimageswith thosepresentedin [1] in Sec-
tion 2. We thenreview the integratingresampler, an effi-
cientmethodfor warpingusingimaging-consistentrestora-
tion/reconstructionalgorithms,in Section3. This algo-
rithm is well suitedfor today’spipelinedmicro-processors.
In addition,the integratingresamplercanallow for modi-
ficationsof the intensityvaluesto betterapproximatethe
warping characteristicsof real sensors. The new algo-
rithms for edgelocalizationandlocal blur estimationare
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given, respectively, in Sections4 and5. Thesetwo algo-
rithms are both basedon the imaging-consistentrestora-
tion/reconstructionalgorithmsdescribedin [10]. Future
work is givenin Section6.

2 Edge-Based Super-Resolution
For almost all applicationsinvolving an image se-

quence,theproblemof lighting variationarises.It is very
unlikely that lighting conditionsremainthe samefor the
entireimagesequence,evenwhenthey aretakenconsec-
utively in a well controlledenvironment. If the images
are not from a short time span,we know that variations
areoften significant. Thereexist all kindsof possibilities
that may causelighting to vary, e.g.,viewpoint variation,
temperatureof light bulbs, cloudsor peoplepassingby,
andsoon. Thus,theproblemis thathow do we eliminate
thisundesirableeffect?Oneof theeasiestsolutionsto this
problemis, of course,just to ignorelighting variationsand
assumethat the effect of lighting variationsis negligible.
However, this is limiting. Theideawe proposehereinis a
simplesolution. Ratherthanobtaininga super-resolution
imageby fusing all the imagestogether, we may choose
one,andonly one,of theimagesfrom theimagesequence
andthenfusetogetherall theedgesfrom theotherimages.
Thisdoesnotnecessarilysolve thelighting variationprob-
lem. But, this effectively mitigatesthe problemof light-
ing variationsincewearenow dealingwith asingleimage
aswell asthe edgepositionsthat arelesssensitive to the
changeof lighting.

However, to fuseall theedgestogether, it requiresthat
theedgesbefirst detectedandthenwarped.It alsorequires
thatthereferenceimagebereestimatedandscaledupbased
on the edgemodelsandlocal blur estimation.Therefore,
we generalizethe ideaof the imaging-consistentrestora-
tion/reconstructionalgorithmsto dealwith discontinuities
in animage.Thenew algorithmfor edgedetectionis given
in Section4. Thenew algorithmfor local blur estimation
for eachedgepoint is presentedin Section5. Theideaof
edge-basedsuper-resolutiondescribedhereinis to fuseall
theedgemodelstogether.

We turn now to the problemof super-resolutionfrom
an imagesequence.The ideaof super-resolutionis based
on thefactthateachimagein thesequenceprovidessmall
amountof additionalinformation. By warpingall the im-
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agesto the referenceimage(scalingat the sametime the
imagesarebeingwarped)andthenfusingtogetherall the
informationavailablefrom eachimage,a super-resolution
imagecanbeconstructed.Giventheimagesequence,our
super-resolutionalgorithmis now formulated,asfollows:

1. Estimatethemotionsinvolvedin theimagesequence.
2. Estimatethe edgesusing the procedurederived in

Section4.
3. Estimatethe blur modelsfor eachedgepoint in the

imageusingtheprocedurederivedin Section5.
4. Choosea “reference”imageto determinethelighting

for theoutputimage.
5. Warpall theedge/blurmodelsto thereferenceimage

andfusethem.
6. Usethefusededge/blurmodelsandthereferenceim-

ageto computethesuper-resolutionintensityimage.
7. Optionaldeblurringstage.

Thecentralideaof super-resolutionis to bring together
small amount of additional information available from
eachimagein the imagesequence.Evenif thefinal sam-
pling rateis exactlythesameastheoriginal,wecanstill do
super-resolution.In this case,it providesa sharperimage
of theoriginalsize.As anexample,wedemonstratethis in
[1, Figure1].

We presumethat “motion” is computed,which is easy
for rigid transformation,althoughinterlacingissuesmust
beproperlyaddressed.

When off-the-shelflensesand camerasare used,pre-
warpingcan be usedto remove the distortions(See[11,
12]). In [9], we showedthatthe integratingresamplercan
improvethequalityof thematching.

We tried several different approachesto fuse the
edge/blurmodelstogether, includingtheaveragingandthe
medianfilters. Ourexperimentsshow thatthemedianfilter
is better, thoughoftennot muchbetterthantheaveraging
filter.

ThetestdatawastakenusingSony XC-77, attachedto
a DatacubeMV200 System.Figures1 and2 show our ex-
perimentalresults. A 32 imagesequenceof size 77x43
was usedto computethe super-resolutionimageof size
308x172,i.e.,a scale-upby a factorof 4.

Figure1 showstwo of theoriginal imageswith two dif-
ferent illumination conditionsblown up by a factor of 4
using, respectively, pixel replicationandbi-linear resam-
pling. Figures1aandb showstheresultsusingpixel repli-
cation;Figures1c andd, theresultsusingbi-linearresam-
pling.

Figure2 shows thefinal resultsof ourexperiment.Fig-
ure2ashowstheresultingsuper-resolutionimageusingthe
algorithmpresentedin [1] without deblurringat the end;
Figure2bshowsFigure2awith deblurringat theend.Fig-
ure2cshowstheresultingsuper-resolutionimageusingthe
algorithmproposedhereinwithout deblurringat the end;
Figure2dshowsFigure2cwith deblurringat theend.

As can be easilyseen,the new super-resolutionalgo-
rithm proposedhereincircumventsthe difficultiescaused
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 threetimesfasterthanIrani’s back-projection
method.See[1] for thecomparisonbetweenouralgorithm
andIrani’sback-projectionmethod.

3 Imaging-Consistent Warping
Considerthe imaging model in Fig. 3. An algorithm

is called imaging-consistentif it is the exact solution for
someinputfunction,which,accordingto thesensormodel,
would have generatedthe measuredinput. For imagere-
construction,we achieve this by first computinga func-
tional restoration(i.e.,

���
), then blurring it againby the

pixel’s PSF. This actually definesa whole classof im-
age restoration/reconstructiontechniques,dependingon
themodelfor

� �
. Detailscanbefoundin [10]. Only onedi-

mensionalimagemodelsarepresented;higherdimensions
aretreatedseparably.

Once the idea of imaging-consistentreconstruction
from area samplesis accepted,probably the simplest
method to consider is basedon a piecewise quadratic
model for the image. If we assumea RectPSFfilter (1
insideand0 outsidethepixel), theimagingconsistentalgo-
rithm is easyto derive. To ensurethatthefunctionis con-
tinuous,andthat the methodis local, we definethevalue
of the reconstructionat the pixel boundaries��� and �����	� ,
to beequalto 
�� and 
����	� . Any methodof approximation
could be usedto compute
�� , thoughour exampleswill
only includelinearinterpolationandcubicconvolution.

Given the values 
�� at the pixel edges,an additional
constraint,thattheintegral acrossthepixel mustequal 
�� ,
resultsin exactly threeconstraints.Fromthis,onecande-
termine

���
, a quadraticpolynomial. This givesthe intra-

pixel restoration.Reconstructionalgorithmcanbederived
by simplyblurringtheresultingrestorationby aPSFof the
samescaleasinput. For super-resolution,weconsideronly
restoration.

Theimaging-consistentalgorithmsdescribedaboveand
in [10] arelinearfilters. We designedthemfor usein what
wecall the integratingresamplingapproach.

As describedbefore,our modelof imageformationre-
quiresthe imageto bespatiallysampledwith a finite area
sampler. This is tantamountto a weightedintegral being
computedon theinput function. Becausewe have a func-
tionalform for therestoration,wecansimply integratethis
functionwith thePSFfor theoutputareasampler. In this
section,weassumethattheoutputsamplerhasaRectPSF,
thoughthereisnolimitationonthedegradationmodelsthat
onecanuse.

To definethe integratingresamplers,we generalizethe
ideaof theimaging-consistentalgorithmsdescribedabove.
Whereasimaging-consistentalgorithmssimplyassumethe
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a b
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Figure1: Two of theoriginal imagesshowing two differentillumination conditionsblown up by a factorof 4. (a) and(b)
usingpixel replication;(c) and(d) usingbi-linearresampling.

a b

c d

Figure2: Final resultsfrom a3277x43imagesequencetakenby XC-77. (a)super-resolutionusingthealgorithmproposed
in [1] without deblurringat theend;(b) (a) with deblurringat theend;(c) super-resolutionusingthealgorithmproposed
hereinwithoutdeblurringat theend;(d) (c) with deblurringat theend.
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Figure3: Theimageformationprocessandtherelationshipbetweenrestoration,reconstruction,andsuper-resolution.

degradationmodelsareidenticalfor bothinputandoutput;
theintegratingresamplersgoonestepfurther, allowing (1)
bothinputandoutputto havetheirown degradationmodel,
and(2) thedegradationmodelto vary its sizefor eachout-
putpixel.

Whenweareresamplingtheimageandwarpingits ge-
ometryin anonlinearmanner, thisnew approachallowsus
to efficiently do both pre-filteringandpost-filtering. Be-
causewe have alreadydetermineda functional form for
theinput,nospatially-varyingfiltering is needed,aswould
bethecaseif directinversemappingweredone.

Computing the exact value of the restoredfunction
weightedby the PSFcould be donein functionalform if
themappingfunctionhasa functionalinverseandthePSF
is simple(asin this example).In general,however, it can-
not be donein closedform, andnumericalintegration is
required.To reducethecomputationalcomplexity, wepro-
posea schemewherefor eachinput pixel, we usea linear
approximationto thespatialwarpingwithin thatpixel, but
usethe full non-linearwarp to determinethe locationof
pixel boundaries.This integratingresampler, proposedin
[9], alsohandlesantialiasingof partialpixelsin a straight-
forwardmanner.

The underlyingidea of this integrating resamplercan
befoundin thework of Fant[13] whoproposedawarping
algorithmfor thespecialcaseof piecewiseconstantrecon-
struction. Our contribution is twofold: the generalization
to dealwith moreadvancedreconstructionalgorithms,and
providing for a modelingof real lens effects by using a
modelingof realwarpsthataffectstheimageradiance.

4 Edge Localization
Typically, edgedetectioninvolvestheestimationof first

andsecondderivativesof theluminancefunction,followed
by selectionof zerocrossingandextrema. The edgede-
tectionalgorithmwe proposehereinusesprettymuchthe
sameidea except that it is basedon the functional form
for theimaging-consistentrestoration/reconstructionalgo-
rithms. Thus,its sub-pixel accuracy andotherparameters
areeasilycombinedwith the imaging-consistentrestora-
tion/reconstructionalgorithmsto provide for a reconstruc-
tion algorithmthatsupportsintensitydiscontinuities.

In what follows in this section,we presentonly one
dimensionalcase;higher dimensionsare treatedsepara-
bly. Also, we consideronly theimaging-consistentrecon-
structionalgorithm QRR derived in [10]. The imaging-
consistentreconstructionalgorithmQRR is a cubic poly-
nomialthatspansfrom thecenterof oneinput pixel to the
next andis givenby. �0/�13254 / 
 �-� ��6 
 � 687 / 
 ���	� 6 
 �92:2�13;< / 7 
 � 6 
 �-�	� 6 
 �-� � <>= / 
 �-�	� 6 
 �92:2%1 �< / 
 ���?� 6 
 ��2�1 < 
 �
where@BA 1 ADC .

To simplify ourdiscussions,throughoutthissection,we
use . /E132F4HGI1J; <LK 1 � <NM 1 <NO
to representthe imaging-consistentreconstructionalgo-
rithm QRR.For convenience,we alsodrop thesubscripts
for

.
, 
 , and 
 .

Given
. /�132 , our edgedetectionalgorithm is outlined

below.

1. Find the function that givesall the slopesof
. /E1P2 .

Since we have a functional form for
. /�132 , this is

nothingmorethantakingthefirst derivativeof
. /E1P2 .

Clearly, .RQ /E1P2S4 = G�1 � < 7 K 1 <>M�T
For convenience,let us call this quadraticthe slope
function U /E1P2 .

2. Find edge positionwith sub-pixelaccuracy. This is
exactly thesameasfindingeitherzerocrossingor the
extremumof the slopefunction U /E132 . Again, this is
easytoderive.Clearly, thefirst andsecondderivatives
of theslopefunction U /E132 areU Q /E132V4XW�G�1 < 7 K

and U Q Q /E132V4YW G T
If G�Z4 @ , the extremum(i.e., the stepedge)canbe
found locatedat 1J[\4 6 K!]�= G , andits valueis given
by U /E1J[�2^4 6 K � ]�= G <_M

. If 1�[ is turnedout to be
locatedoutsidetherange / @%`'C 2 , it is simply assumed
to beundefined.If GB4 @ , thentherearetwo cases:

(a) If
K Z4 @ , thentheextremummustoccurat one

end or the other of that pixel, i.e., 1J[L4 @ or1�[a4 C , Its valueis givenby either U / @ 2b4 M
orU / C 2F4 = G < 7 Kc<NM

.
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(b) If
K 4 @ , thentheextremummustoccurevery-

wherewithin thatpixel. This is exactlythesame
assayingthatthereis noextremum.

Thesetwo casesarealsoassumedto beundefined.
3. Find edge directionand magnitude. This is easyto

determinegiventhatwe know theedgesin the 1 andd directions. Let e'f and e�g denote,respectively, the
slopesof anedgein the 1 and d directions. Then,the
directionandmagnitudeof anedgearegiven,respec-
tively, by
�h 4 i e�fe'g>j and 
�k 4#l e �f < e �g T

In thecasethat 1 [ is locatedoutsidetherange / @%`!C 2 orGB4 @ , it cansimplybeassumedto beundefined.
Oneof theproblemswith edgedetectionis thathow do

we distinguishsignificantedgesfrom insignificantones?
Our experimentsusea predefinedthresholdto get rid of
insignificantedges.Bettertechniquesareunderinvestiga-
tion.

5 Local Blur Estimation
In [1], we showedthatdeblurringafter imagefusion is

mosteffective for super-resolutionimaging.However, this
presumesthat the blur is known. In this section,we pro-
poseanew algorithmfor localblur estimation.Theideaof
thisalgorithmis to modela blurrededgewith two compo-
nents:a stepedgeanda blur kernel.Theblurrededgecan
beobtainedby applyingtheblur kernelto thestepedge.

Given
. /E1P2 andthelocationof theblurrededge1J[ , our

localblur estimationalgorithmis outlinedbelow.

m
m <>nn

1J[ o1o p
Figure4: Edgemodel.Seetext for details.

1. Determinetheedgemodel.Beforewecandiscussthe
local blur estimationalgorithm,we mustspecifythe
edgemodel. Figure 4 shows our edgemodel. We
modelanedgeasa stepfunction m <qn�r /E1P2 where m
is theunknown intensityvalueand

n
is theunknown

amplitudeof theedge.The focal blur of this edgeis
modeledby a“truncated”Gaussianblur kernels /E1P2V4 Ct 7�u

p
vxw)y{z 6 1 �7

p
��|

wherep is theunknownstandarddeviation. Thecom-
pleteedgemodelis thusgivenby Eq. (1); expanding
andsimplifying givesEq.(2) whereo is a predefined
nonnegative constant,and 1�[~}�� @%`'Cx� is the location
of thestepedge.Sincetherearethreeunknowns,m ,

n
,

and p , we needthreeconstraintsto solve it. In what
follows,we consideronly theedgemodeldefinedon
theinterval � 1 [ 6 o ` 1 [ < o � becauseoutsidetherange,
they areconstant.

2. Find solutionsfor the three unknownsm ,
n
, and p .

Sincewehaveexactly threeconstraints,. /�13254 �^/E1P2. Q /�13254 � Q /E1P2. Q Q Q /�13254 � Q Q Q /�132
the systemof equationscan be easilysolved. Note
thatwe usethe third derivative insteadof thesecond
derivativefor solvingthesystemof equations.This is
toensurethatthegeneraledgemodelgivesexactlythe
sameedgemodellocatedat 1 [ . Solvingthesystemof
equationsfor the unknowns m ,

n
, and p , andnoting

thatthevalueof p mustbepositive,wehave

p 4 <�� � < t e7n 4�� t 7�u
p
.RQ /�132:� ] vxw)y z 6 /E1 6 1�[�2 �7

p
� |m 4 z . /E1P2 6 n7 v!�0��z 1 6 1 [t 7

p
|�| ] v!�0��z ot 7

p
| 6 n7

where� 4 6�. Q /E1P2 ] . Q Q Q /�132 and e 4 � � 6�� � /E1 6 1�[�2 � .
Sincethevalueof p mustbepositive,it followsthat phasasolutionif andonly if eR�q@ andeither� < t eR�@ or � 6 t eR��@ ; p hastwo solutionsif eR�q@ andboth� < t eR�q@ and � 6 t e���@ . However, to ensurethat
the generaledgemodelderived hereingivesexactly
thesameedgemodellocatedat 1 [ , only � < t e��X@
yieldsa valid solution.Therefore,thesolutionof p is
uniqueandis givenby

p 4�� � <X� � � 6�� � /E1 6 1J[�2 �7
Thevalueof

n
maybepositiveor negativedepending

on the valueof
. Q /E1P2 . Letting 1>4�1 [ , we have the

edgemodellocatedat 1�[ .
The ideaof super-resolutionis to usethe edgemodels

derivedabove to reestimatetheunderlyingimages.Given
the edgelocation 1 [ as well as its correspondingedge
model( m ,

n
, and p ), the underlyingimagecanbe reesti-

matedasfollows:
1. Replacetheintensityvaluesto theleft of 1J[ by m and

the intensityvaluesto the right of 1 [ by m <Yn
. The

replacementis no more than threepixels to the left
andright sothatthealgorithmremainslocal.

2. Recompute
�� and 
����?� basedontheintensityvalues
given in the previous step. Let us call them �
�� and�
����	� .
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�^/�132�4
�������� �������

� f'�	�f �P� m s /�1 68� 2 O � ` 1~ >1 [ 6 o� f'¡f �P� m s /E1 6�� 2 O � < � f��¢�f ¡ / m <>n 2 s /E1 6�� 2 O � ` 1J[ 6 o A 1 A 1J[ < o� f'�	�f �P� / m <>n 2 s /E1 68� 2 O � ` 1 � 1�[ < o (1)

�^/E1P2V4
�������� �������

m v'�:��z ot 7
p
| ` 1£ >1J[ 6 o/ m < n 7 2 v!�0��z ot 7

p
| < n7 v!�0��z 1 6 1�[t 7

p
| ` 1�[ 6 o A 1 A 1J[ < o/ m <Nn 2 v'�:��z ot 7

p
| ` 1 � 1J[ < o (2)

3. Recompute�. � /E1P2 basedon �
�� and �
��-�	� while at the
sametime theimageis beingscaledup.

6 Future Work
Furtherwork is neededbeforethe super-resolutional-

gorithm is robust enoughfor generalusein applications.
We are currently investigatingtechniquesto addressthe
following issues:(1) How do we quantitatively measure
theerrorof theresultingsuper-resolutionimage?(2) How
do wepreciselyestimatethemotioninvolvedin theimage
sequence?(3) How do we preciselymatch3D edgesun-
derdifferentviewing/lighting conditions?(4) How do we
usethe edge/blurmodelsderivedhereinto reestimatethe
underlyingimagein a betterway?

7 CONCLUSION
This paperintroducesa new algorithm for enhancing

imageresolutionfrom an imagesequence.The new al-
gorithm is basedon local blur estimation.Again, the ap-
proachwe proposehereinusesthe integratingresampler
astheunderlyingresamplingalgorithm.We addresstech-
niquesto deal with lighting variation, edgelocalization,
andlocal blur estimation.For thepurposeof comparison,
evaluationsare madeby comparingthe resultingimages
with thosein ourpreviouswork.
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