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Abstract

Graphicalmodelsare powerfultoolsfor processingmages.
However, thelarge dimensionalityof evenlocal image data
posesa dif culty: representingherange of possiblegraph-
ical modelnodevariableswith discrete statesleadsto an
overwhelminglyarge numberof statesfor the model,often
makingbothexactandapproximateinferencecomputation-
ally intractable We proposea representatiorthat allowsa
small numberof discretestatesto representhe large num-
ber of possibleimage valuesat eac pixel or local image
patch. Each nodein the graph representghe bestregres-
sionfunction,chosenfroma setof candidatefunctions for
estimatingthe unobservedmage pixelsfrom the observed
samples. This permitsa small numberof discrete states
to summarizethe range of possibleimage valuesat eath
pointin theimage. Beliefpropagationis thenusedto nd
the bestregressorto useat eac point. To demonstate the
usefulnes®f this technique we apply it to two problems:
superresolutionand color demosaicingIn bothcaseswe
nd our methodcompaeswell againstothertechniquesfor
theseproblems.

1. Intr oduction

Recentadvancesn methoddor performingapproximaten-
ferencen graphicaimodels suchasbelief propagtion[17]
andgraphcuts[4], have enabledtheir modelling power to
be appliedto mary vision problems.A graphicalmodelis
especiallyuseful for problemswhich focus on estimating
imagesbecause graphicalmodel malkesit corvenientto
expressrelationshipsbetweenpixels in both the obsened
imageandtheimageor scenebeingestimated.

The chief barrierto usinggraphicalmodelsfor estimat-
ing imagess the hugedimensionalityof images.Typically,
eachpixel or patchof pixelsin theimagebeingestimated
is treatedas a separatevariableor nodein the graph. A
simplediscreterepresentationf imageswvould allocateone
discretestateof eachvariablefor eachpossiblegray-level
in theimage.For atypical gray-scaléamage,this would re-

guire 256 statesper nodein the graphicalmodel. If each
variable corresponddo a patchof N pixels, then 256"
stateswill berequired! For algorithmssuchasbelief prop-
agation, the amountof computationrequiredfor approxi-
mateinferencein a graphicalmodeltypically varieson the
orderof N2 £ M whereM is the numberof nodesin the
graphandN is the numberof discretestategpernode.The
guadraticrelationshipbetweernthe compleity of inference
andthe numberof stateslimits the sort of problemsthat
discrete-aluedgraphicalmodelscanbe appliedto.

Theability to expresghistaskin agraphicalmodelwith
discretestateds importantbecausenary of the statisticsof
naturalimagesarenon-Gaussiaf20]. Thispreventstheuse
of continuousGaussiamodels.A simplestratay for keep-
ing inferencetractables to reducethe numberof statesor
eachnodein thegraph.In this paperwe shav a corvenient
representatiotior which allows a graphicalmodel with a
low numberof statesper nodeto infer high-dimensional
imagevalues. A signi cant bene t of this representation
is thatthe probabilisticmodeldoesnot have to be designed
with this representatioin mind. The probabilisticmodel
for the taskcanbe rst speci ed asif a single statewere
assignedo eachgray-level in theimage.Themodelis then
easilyadaptedor usewith this representation.

Section2 describeghe representation.To demonstrate
its usefulnessye applyit to two problems:supetresolution
and color demosaicing.The applicationsare describedn
Sections3, 4, and5. For bothapplicationspur modeltakes
adwantageof the regular statisticsof naturalimages[20].
Our resultscomparewell with othertechniquedor these
problems.

2. Usinga Low Number of States

Thebasictaskis to estimatesomequantityh;, from N; (L),
a neighborhoodof pixels in the obsened imagelL. For
example, h; could be pixels from an unobsered high-
resolutionimage while L is thelow-resolutionobsenation.
Simplelinear regressionis unlikely to work generallybe-
causetherelationshipbetweerh; andL is likely not mod-
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elled well with a simple Gaussiardistribution. However,
considera setof linearregressorsgachtrainedover a sub-
setof the(h;; N (L)) pairs.If eachregressoin thesetwere
appliedto someparticularN; (L), it is likely that at least
oneof themwould predictthe correspondindp; accurately
if thesetof linearregressorsvaslarge enough.

The problemof estimatingh; canthenbe rephraseds
choosingthe linear regressotthat bestpredictsh; from the
obsereddata.Assumethatasetof N regressiorfunctions,
M1(9::: My (9 hasbeende ned. LetM b, (N; (L)) bethe
regressorthat bestestimatedh;. In our representatiorthe
bestestimateof h; is then

fi = My (Ni(L) @

wherel; is theindex of theinterpolatorchoseratlocation
i thatpredictsh; mostaccurately
In the applicationsdemonstratedn this paper we will

usea graphicalmodelto nd K at eachspatiallocation.
A convenientfeatureof this representatiobvasedon multi-
ple regressorss thata compatibility function designedor
a representationvhich assignsone stateper possiblegray
level can be easily transformedto createa compatibility
functionrelatingtwo neighboringregressorindices. Given
a compatibility function A%h; ; h;) betweentwo neighbor
ing high-resolutionvalues,the compatibility betweenthe
regressorsssignedo the two variables®l; and®; canbe
de nedas

AR R = AM g (Ni(L)); Mg, (Ni(L))  (2)
Thecompatibilitybetweenwo neighboringegressorss
foundby rst usingtheobseredimageto calculateheesti-
matesof h; andh;, usingM D, andM o, astheregression
functions. The original compatibility function is then ap-
plied to h; andh; to de ne the compatibility between¥;
andMl; .

The regressors,M; ::: M, are found using training
data. For the two applicationsshavn here,we trainedthe
regressorsisinganalgorithmsimilar to the EM algorithm,
but with hardassignments.

Eachregressionfunction M canbe viewed asa scene
recipe[21], a simple function that translateshe obsered
imageto h;, the quantitybeingestimated.

Rosalestal. [19] alsouseda lineartransformatiorin a
agraphicalmodel. Their work focusedon problemswhere
labelledtrainingexamplesarenot available,suchasrender
ing aphotographn thestyleof aparticularartist,givenonly
a setof the artist's works. A new setof lineartransforma-
tionsis learnedor eachinputimage.In this paperwe shav
how alabelledtrainingsetcanbeusedto nd asinglesetof
linearregressiorfunctionsthatoperateon a mary different
images.

2.1. Statistical Inter pretation

This representatiortan be describedstatisticallyby mod-
elling thejoint distribution of h; andN; (L) asamixture of
Gaussians|n this interpretationM; denotesonecompo-
nentof the mixture:

P (hi;Ni(L))

PN M, (N (L
j=1 7% ](I: |( ))

= L %N(h;Ni(L)G:8)) (3)
whereV, Yy arethe mixing coefcients. In this model
11:::1y and8;:::8y areknown andidenticalfor every
hi. Only % :::¥ vary from pixel to pixel.

Evenif Y4:::% areestimatedrst, maximizing Equa-
tion 3 will still requireaniterative searchfor themaximum.
This will be infeasiblefor every pixel in animage,sowe
approximatehe valueof h; thatmaximizesEquation3 by
choosingthe mostlik ely mixture componentM, thencal-

culatingthe mostlikely value of fi, using M asthejoint
distribution:

i = ag maxM p (hi;Ni(L)) @

whereMl; = arg max ¥%.

In the statisticalview, our goal is to pick the mixture
componenthatbestmodelsthe joint distribution of N; (L)
andh;. Standardestimationtechniguesanthenbe usedto
nd the bestestimateof h; usingN;(L) andthis distribu-
tion.

2.2. Error Intr oducedby this Representation

If the setof regressionfunctionsis large enough,one of
the regressorswill typically producea value very closeto
thetruevalue. In Figurel, we shav the averagemeanab-
soluteerror per pixel per color channelintroducedby us-
ing regressionfunctionsgenerateull-color valuesfor the
demosaicingproblem describedin Section5. This error
is calculatedfrom a testing set by using the setto gen-
eratehigh-resolutionsamplesand the correspondingow-
resolutionobsenations. Eachregressorthen estimateghe
high-resolutionsamplesusing the low-resolutionobsenra-
tions. The vertical axis in Figure 1 shavs the average
mean absoluteerror per color channelbetweenthe true
high-resolutiondataand the estimateclosestto the high-
resolutiondata. This is a lower-boundon the error. If the
model for choosingthe right regressionfunction at each
point was perfect,the systemwould still have the amount
of errorshown in Figurel becaus®f the approximation.

Fortunately the lower boundon the erroris quite low.
Using 16 regressorsthe meanabsoluteerror averagedess
thanonehalf of a gray level out of 256 possiblegray lev-
els percolor channel. This low error permitsan algorithm
designerto focuson perfectingthe model. The regression
baseddiscretizationdescribedn Section2 canthenbe ap-
plied withoutintroducingsigni cant error.
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Figure 1: The averagemeanabsoluteerror per pixel per
color channebetweerthetrue high-resolutiordataandthe
estimateproducedby the regressorghat is closestto the
high-resolutiordata.

3. Utilizing a Regression-BasedRepre-
sentation

To showv the usefulnessof this approximation,we show
how it can be usedfor two useful image applications:
supetresolutionandimagedemosaicing.In both applica-
tions, low-resolutionobsenationsare usedto infer a high-
resolutionimage. Theseapplicationsalso demonstratea
generaktratgy for designinga system:

1. Designcompatibilityfunctionsasif therewasa single
stateallocatedfor eachpossiblepixel value.

2. Usetraining datato learna x ed setof linearregres-
sionfunctionsMq::: My .
3. UseEquation2 to de ne new compatibility functions.

4. For all locationsi, usethe max-productbelief propa-
gation[17] algorithmto chooseMl;, the index of the
bestlinearregressoifor estimatingthe high resolution
informationat locationi from the obseredlow reso-
lutionimage.

5. For all locationsi, let fi; = M p, (Ni (L))

Detailsonthebelief propagtionalgorithmcanbefound

[7,17]

4. SuperResolution

The rst applicationwe consideris the taskof superreso-
lution. The goal of a superresolutionresolutionalgorithm
is to producea high-resolutionimage from a single low-
resolutionmage.Thistaskis alsooftenreferrecto asimage
interpolation.

Functionalinterpolationmethods,such as bicubic and
cubic spline interpolation,approximatean unknovn con-
tinuousfunctionby a setof local functions,which canthen

be discretelysampledto the desiredresolution[9]. While
thesemethodsare usually fastand easyto implement,the
resultingimagesoften have blurred edges. Image sharp-
eningtechnigquesave beenproposedo amelioratethe re-
sultsfrom functionalinterpolationmethodd8, 15]. These
methodsesultin sharpelimages but may containhaloing
artifacts. An alternatesolutioninvolves decowolving the
blurring Iter [3, 22]. While theresultsarequite good,de-
convolution methodsaswell asimagesharpeningnethods,
only enhancdeatureghatarepresenin thelow resolution
image. Learning-baseanethodsuse prior informationto
enhancethe solution space[l, 7, 6]. Thesemethodsadd
realisticimagedetails,but canalsoaddartifacts.

4.1. Model

We approachthe problem by assuminga model for the
degradationof the high resolutionimage. Speci cally, we
assumehat a low resolutionimagelL is generatedrom a
high resolutionimageH by rst convolving H with alow-
passlter andthendown-sampling.

To take advantageof the local spatialregularitiesof im-
agesH is modelledasacollectionof non-overlappingd£ 4
patches Eachx; representshevalueof the4 £ 4 patchat
locationi. By choosingthis patchsize,we areincreasing
theresolutionof theinputimageby afactorof 4.

To recover H from L, we modelthe joint probability
distribution of H and L as a graphicalmodel with two
typesof compatibility functions[7]. The rst compatibil-
ity function, A(¢, constrainsH to matchL whenH is
down-sampled.If y; is a low-resolutionpixel in L, let p;
bethe pixel in H suchthatN, (H) aw = y;, wherew is
the anti-aliasing Iter usedbeforedown-samplingthe im-
age,Ny, (H) is aneighborhooaf pixelsin H surrounding
pi, andxa is the corvolution operatorevaluatedat p;. The
pixel p; canbethoughtof asthecenterof thegroupof high-
resolutionpixelsusedto generatgy; . With thesede nitions,
the compatibility function for a low-resolutionobsenation
yi andasetof patches'lg |
1PN () 2
''2 A
wheref xgp, denoteshe smallestsetof patchesnecessary
to cover Ny, (H), assumingNy, (H) is thesamesizeasthe

Iter w. This compatibility function canbe interpretedas
forcingtheinferredhigh-resolutiorimageto matchthelow-
resolutionobsenationwhenit is scaleddown.

The secondcompatibility functionin our systemrelates
the patchesn H to eachother The constraintis basedon
the obsenationthatthe distribution of animagederiative,

¢ h, in anaturalimageis describedvell as
i¢hi®

p(¢h)/ & = (6)
where® typically rangesetweer0.5and1.2[14]. We use
this distributionto produceA%¢), whichis the compatibility

Afxgp, ;i) = exp (5)
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Figure 2: Factor graphfor 1D superresolutlonexample.
The randomvariablesare representedy the transparent
nodeswherethe x; arethe latentvariablesandthey; are
the obsenedvariablesthesolid squaresepresenf\(¢), the
constraintbetweenneighboringpatchesandthe solid cir-
clesrepresenf\(9, the compatibility function betweenthe
high-resolutiorsignalandlow-resolutionobsenations.The
nodeslabelledx; represenpatchesso the upsamplingis
notvisible from this graph.

betweemeighboringpatchesn the high-resolutiorimage:

~0re. . : Y Cipiiopyi®

AT(Xi;%j) = el s @)
(piipj)

where(pi; pj) areneighboringpixelswith p; containedn
the patchx; andp; in x;. Effectively, the productis cal-
culatedalongthe borderof the patchesc; andx;. For our
supetresolutionexperimentswe set® = 0:7 ands = 0:01.
GivenL, we estimateH by usingthe stepsdescribedn
Section3. For eachpatchx;, we estimateM!;, which is
theindex of theregressiorfunctionwhich bestpredictsthe
valueof x; from the low-resolutionimageL. OnceM; is
found,x; canbeestimatedisingM o, (9. Thedistribution

of theindices®! is modelledasa graphicalmodel:

Y

P(f®gjL)/ A(f & gy, 5 vi)

i (Xj X )
wheref M gy, denotesthe indices of the smallestset of
patcheswhich affect the low-resolutionpixel at the same
locationasy; whenH is down-sampled.The compatibil-
ity functionsA(® andA(¢ arefoundusingA%¢ and A%(¢
using the samemethodasin Equation2. Oncethe com-
patibility functionshave beende ned, ¥ canbe found for
eachpatchby usingthe max-producBelief Propagtional-
gorithm.

Figure2 shawvs a 1-D exampleof the modelde ned by
Equation8, visualizedasa factorgraph[11]. Eachnodela-
belledx; representfour high-resolutiornvalues.Eachnode
labelledy; represents low-resolutionobsenation. The
solid squaresepresenf\(9), the constraintbetweemeigh-
boring patches. The solid circlesrepreseni\(¢), the com-
patibility function betweenthe high-resolutionsignal and
low-resolutionobsenations.

A(xjixk)  (8)

(a)Inputimage (b) Sampled
inputimage
Figure5: An exampleof poly-chromaticsampling.(a) The
original input image. (b) The polychromaticallysampled
versionof theinputimage.

4.2. Results

The linear interpolatorsare trained using a set of natural
images. We usea 7 £ 7 Gaussiarkernel and subsample
to geta low/high resolutionpair. For eachlow resolution
pixel, thecorrespondin@£ 3 low resolutionlocal evidence
patchis extractedalongwith the4£ 4 highresolutionpatch.
For the experimentsn this paper we set® = 0:7,s = 1,
and¥g = 0:0landranBPfor 10iterations.Thetrainingset
consistedf nine432£ 576pixel gray-scalsaturalimages,
whichgeneratedoughly500,000ow/high resolutionpatch
pairsthatwereusedto train 64 linearinterpolators.

To evaluateour superresolutionalgorithm,we rst dec-
imateda testimageby ltering it with a7 £ 7 Gaussian
kernelthen sub-sampledt. Next we superresohed back
to the original dimensions.Br comparison,we shav our
resultsagpinsttwo other supefresolutionalgorithms. We
comparedthe our algorithm against bicubic interpolation
and a nonlinearimagesharpeningalgorithm [8]. For the
sharpeninglgorithm,we usedband-pasdtering with the
algorithm-speci cparametersettoc = 0:2, ands = 7

A comparisonof the outputs for the different super
resolutionalgorithmsare shavn in Figures3 and 4. In
both cases,using bicubic interpolationresultsin overly
smoothresults. In Figure 3, our methodproducesotice-
ably sharpeimageswithoutsigni cant artifacts,suchasthe
halosaroundthe specularitiesn Figure3. Our methodin-
troducessomeartifactsin Figure4(d), but still produceghe
sharpestesults.

Our methodalsooutperformsthe othersin termsof the
meanabsoluteerror betweeneachalgorithm's resultsand
thetrue high-resolutionmage. The meanabsoluteerroris
listedin the captionsof Figures4 and3.

5. DemosaicingCCD Output

A similar problemto supetresolutionis thatof estimatinga
full-color imagefrom samplesf only onecolor band.Typ-
ical CCD's areonly ableto sampleonecolor bandat each
pixel in the sensaor This is knowvn aspoly-chromaticsam-
pling becausdghe samplesat neighboringpixels represent



(b) Pixel Replication (c) Bicubic Interpolation

" l

(d) Nonlinearenhancement (e) Multiple Regressors
Figure3: Resultson interpolatinga 64 £ 64 imageof peppers.The meanabsoluteerror betweeneachresultandthe true
high-resolutionvaluesin shavn in braclets. (a) The original high-resolutionimage(b) Interpolatedusingpixel replication.
This representshe low-resolutioninput. (c) Using bicubic interpolation[12.5] (d) Using the Greensparet al. nonlinear
enhancemerdlgorithm[34.8] (e) Using multiple regressorg7.9]. Our methodproducesa noticeablysharpeimagewithout
the“haloing” artifactsseenin (d).

(a) Pixel Replication (b) Bicubic Interpolation (c) Nonlinearenhancement (d) Multiple Regressors
Figure4: Resultson interpolatinga 64 £ 64 imageof a cat. The meanabsoluteerror betweerthe resultandthe true high-
resolutionimageis shavn in braclets. (a) Interpolatedusingpixel replication(b) Usingbicubicinterpolation[19.5] (c) Using
the Greenspart al. nonlinearenhancemeralgorithm[37.2] (d) Using multiple regressorg16.7]. In this case,our method
producesomeartifacts,but still produceghe sharpestesults.



(a) Truelmage

(b) Multiple Regressiorfunctions

(c) Singlelnterpolator

Figure6: A comparisorof theresultsproducedoy usingmultiple interpolatorsversusa singleinterpolator Notice thatthe
imageproducedwith multiple interpolatorsshavn in (c), doesnot have the color fringesalongthe coatandtie.

the intensity of different color bands. Figure 5(b) shavs
the poly-chromaticallysampledversionof Figure5(a), us-
ing the BayerMosaicasthe samplingpattern[3. To obtain
the full-color image, with the value of three color bands
per pixel, the value of the othertwo color bandsat each
pixel mustbeinterpolatedrom the obsened samplesThis
problem, known as demosaicing,s similar to the super
resolutionproblemin that we are trying to estimatehid-
deninformationat every pixel locationin theimage,except
now we aretrying to estimatecolor valuesinsteadof high-
resolutioninformation.

While the missingcolor valuesin eachbandcould sim-
ply be interpolatedfrom the obsered valuesin that band,
thatignoresthe correlationbetweencolor bandvalues. A
changean onecolorbandis usuallycorrelatedvith achange
in the otherbandsalso. In orderto take advantageof this
correlation researcherbave proposedisingall of thesam-
plesin a neighborhoodroundthe pixel beingestimatedo
interpolatethe unobsered color bands. The interpolated
color values,h, arecalculatedasthe linear combinationof
the obsenedcolorsamples|.

In [13], Brainardshavs how to nd thelinearinterpola-
tion coefcients usingBayesiarmethods Researchersave
usedearningmethodgo nd thecoefcients from bothtest
patterng23] andrealimages[10, 16]. In [16], the system
alsoperformsnon-linearinterpolationby expanding! to in-
cludeits squarederms.

In termsof the model presentedn Section2, eachof
thesealgorithmsassumeshata singlelinear regressorcan
model every pixel in the image. However, the correlation
betweercolor bandsvariesaccordingo the structureof the
image.Thecorrelationbetweerredandgreenbandswill be
very differentfor a cyan edgethanfor a white edge.If the
interpolatorbestsuitedto a cyanedgeis appliedto a white
edge thentheresultswill beincorrect. On the otherhand,
if theinterpolatorbestmatchedo awhite edgeis usedthen
theresultswill beexcellent. Intuitively, allowing the corre-
lation betweencolor bandsto vary from pixel to pixel will

greatlyimprove performance Using our modeleffectively
allows the systemto choosefrom a setof interpolatorsat
eachpoint. Eachinterpolator or regressoris trainedfor a
differentcorrelationbetweercolor channels.

5.1. Model

As with the superresolutionsystemdescribedn Sectior4,

our systemfor demosaicings de ned by two compatibil-
ity functions. The rst type, A9, expresseshe compati-
bility betweena neighborhoodf obsened color samples,
N (vi), anda candidatevalue of M, theindex of there-

gressormproduceshe bestestimateof the two unobsered
color samplesat pixel i. In our system this is modelledas
amultivariateGaussian:

AYNL(Y1)i M) = N(NL(Yi)i* gy i 8 p.) ©)

The secondcompatibility function, AY9), relatesneigh-
boringpixels. If x; andx; aretheunobseredcolorsamples
for two neighboringpixels, let p; andp; be RGB triplets
createdrom combiningx; andx; with the obsered sam-
plesy; andy;. Notethaty; andy; areobserationsof dif-
ferentcolor bands.The compatibility betweerx; andx; is
de nedas A I
iopioe®i et el el i

s

A(xi;xj)) = exp

(10)
wherep] is thevalueof theredcolorbandatp; andtherest
of the color bandsarelabelledaccordingly For theresults
shavn here,weuse® = 0:7 ands = 0:1.

With A(§ andA(9 de ned, the full-color imagecanbe
recoveredusingthestepsdescribedn Section3 andSection
5.

5.2. Results

For the rst evaluationof our demosaicingalgorithm, we
comparedt agpinstusingasinglelinearinterpolatorto nd
the two unobsered color valuesat eachpoint. While [16]



(a) OriginalImage

(c) MedianFilter Method[5]

(b) Usingassingleinterpolator

(d) Usingmultiple regressors

Figure7: A comparisorof our resultsagainstusinga singleinterpolatorandthe median Iter method[5]. Usinga mixture
representatiomcreaseshe quality of thereconstructionespeciallyalongtheroof of the car Figure7(a) camefrom [12].

suggestperformingnon-linearinterpolationby augment-
ing the obserationswith quadraticfunctionsof the data,
we found that did not improve the resultson our training
set.Both the singleglobalinterpolatorusedfor comparison
andthesetof regressoraisedby our algorithmweretrained
onasetof 18 naturalimages.Theimageswerea combina-
tion of scannegbhotographandhigh-resolutiordigital pic-
tures.Eachof theimageswasdowvn-sampledo reducethe
effectsof any demosaicinghat occurredwhentheimages
were captured.Our modeluseda setof twenty regressors.
In this patternthereareactuallyfour differenttypesof local
neighborhoods.Therefore,we learnfour different setsof
twenty regressorsThe choiceof which setof regressorss
usedat a pixel dependsntirely on the type of pixel being
interpolated.

To evaluatethe performanceof the two algorithms,we
usel, norm of the differencebetweeneachpixel of the
demosaicedmageandeachpixel of thetrueimage. Over
the whole training set, we found that averageL , error of
the pixels producedby our methodwas 86% of thosepro-
ducedby usinga singlelinearinterpolator Note that[16]
shaved that usinga singleinterpolatorproduceda signi -
cantimprovementversimplyinterpolatingeachcolorband
separately

However, the meansquarederror doesnot capturethe
importantperceptuatlifferences.The importantdifference
in performancdies along the edgesin the image, where
color fringing can occur Examiningthe imagesqualita-
tively shaws a greatimprovementby using the regressor
basedrepresentationespeciallyalongedgesin the image.
Themostnoticeablartifactsof demosaicinglgorithmsare
coloredfringesalongedges.Figure6 shaws the difference
in fringing causeddy usingoneinterpolatorversususinga
setof regressionfunctions. Using oneinterpolatorcauses
the fringesalongthe suit coatshavn in Figure6(c). These
are causedwhenthe correlationbetweencolor bandsim-

plied in the interpolatoris incorrect. For example,if the
interpolatorbelievesthatredandgreenarecorrelatedared
edgewill have agreenisHringe whenit is demosaicedBy
usingmultiple regressorsaandbelief propagtion, our algo-
rithm signi cantly reduceghe amountof color fringing in
Figure6(b).

In Figure7 we comparethe resultsof our algorithm,in

Figure 7(d), to a secondmethodthat utilizes the median
Iter [5]. The median lter algorithm hasbeenfound to
performwell experimentallyin [13, 18], sowe useit asa
representadie of competingapproachesAgain the output
usingmultiple regressiorfunctionshasthe leastamountof
artifacts.

Theimportanceof settingthe exponent® to belessthan
one,is illustratedin Figure8. Setting® greatetthanl leads
to multiple small derivatives being favored over a single
large derivative. This leadsto the artifactsin Figure 8(b).
When® is lessthanone,sharpedgesarepreferred result-
ing in Figure8(a).

6. Conclusion

In this paper we have designedgraphicalmodelsfor two
imageprocessindgasks: supetrresolutionandimagedemo-
saicing. For bothapplicationsthe e xibility of the graphi-
cal modelallowed usto incorporatethe statisticsof natural
imagesto de ne compatibility functionsbetweerthe high-
resolutionpixelsbeingestimated.

Performinginferencein the graphsis tractablebecause
of anefcient discretizationintroducedin this paper The
stateof eachvariablecorrespond$o a singlelinearregres-
sorthatestimateghe high-resolutiorpixel valuesfrom the
low-resolutionobsenrations. This permitsa small number
of discretestatego modelthe rangeof possibleimageval-
uesat eachpoint in the image. This computationalef -
cieng allows effective use of graphicalmodelsin image
processingroblems.



(a) Sampleresultsfor ® = 0:7

(b) Sampleresultsfor ® = 2:0

Figure8: Theeffectof theexponeni® ontheresults.Theresultsaresharpewhen® = 0:7 becaus¢hestatisticalprior favors
fewer, largederivatives.
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