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Abstract

Graphicalmodelsarepowerfultoolsfor processingimages.
However, thelargedimensionalityof evenlocal image data
posesa dif�culty: representingtherangeof possiblegraph-
ical modelnodevariableswith discretestatesleadsto an
overwhelminglylarge numberof statesfor themodel,often
makingbothexactandapproximateinferencecomputation-
ally intractable. We proposea representationthat allowsa
smallnumberof discretestatesto representthelarge num-
ber of possibleimage valuesat each pixel or local image
patch. Each nodein the graph representsthe bestregres-
sionfunction,chosenfroma setof candidatefunctions,for
estimatingthe unobservedimage pixelsfrom the observed
samples. This permitsa small numberof discrete states
to summarizethe range of possibleimage valuesat each
point in the image. Belief propagation is thenusedto �nd
thebestregressorto useat each point. To demonstrate the
usefulnessof this technique, we apply it to two problems:
super-resolutionandcolor demosaicing. In bothcases,we
�nd our methodcompareswell againstothertechniquesfor
theseproblems.

1. Intr oduction
Recentadvancesin methodsfor performingapproximatein-
ferencein graphicalmodels,suchasbeliefpropagation[17]
andgraphcuts[4], have enabledtheir modellingpower to
beappliedto many vision problems.A graphicalmodelis
especiallyuseful for problemswhich focus on estimating
imagesbecausea graphicalmodelmakes it convenientto
expressrelationshipsbetweenpixels in both the observed
imageandtheimageor scenebeingestimated.

Thechief barrierto usinggraphicalmodelsfor estimat-
ing imagesis thehugedimensionalityof images.Typically,
eachpixel or patchof pixels in the imagebeingestimated
is treatedas a separatevariableor nodein the graph. A
simplediscreterepresentationof imageswouldallocateone
discretestateof eachvariablefor eachpossiblegray-level
in theimage.For a typical gray-scaleimage,this would re-

quire 256 statesper nodein the graphicalmodel. If each
variable correspondsto a patch of N pixels, then 256N

stateswill berequired!For algorithmssuchasbelief prop-
agation, the amountof computationrequiredfor approxi-
mateinferencein a graphicalmodeltypically varieson the
orderof N 2 £ M whereM is thenumberof nodesin the
graphandN is thenumberof discretestatespernode.The
quadraticrelationshipbetweenthecomplexity of inference
and the numberof stateslimits the sort of problemsthat
discrete-valuedgraphicalmodelscanbeappliedto.

Theability to expressthis taskin agraphicalmodelwith
discretestatesis importantbecausemany of thestatisticsof
naturalimagesarenon-Gaussian[20]. Thispreventstheuse
of continuousGaussianmodels.A simplestrategy for keep-
ing inferencetractableis to reducethenumberof statesfor
eachnodein thegraph.In thispaper, weshow aconvenient
representationfor which allows a graphicalmodel with a
low numberof statesper nodeto infer high-dimensional
imagevalues. A signi�cant bene�t of this representation
is thattheprobabilisticmodeldoesnot have to bedesigned
with this representationin mind. The probabilisticmodel
for the taskcanbe �rst speci�ed as if a singlestatewere
assignedto eachgray-level in theimage.Themodelis then
easilyadaptedfor usewith this representation.

Section2 describesthe representation.To demonstrate
its usefulness,weapplyit to twoproblems:super-resolution
andcolor demosaicing.The applicationsaredescribedin
Sections3, 4, and5. For bothapplications,ourmodeltakes
advantageof the regular statisticsof natural images[20].
Our resultscomparewell with other techniquesfor these
problems.

2. Usinga Low Number of States
Thebasictaskis to estimatesomequantityhi , from N i (L ),
a neighborhoodof pixels in the observed imageL. For
example, hi could be pixels from an unobserved high-
resolutionimage,while L is thelow-resolutionobservation.
Simple linear regressionis unlikely to work generallybe-
causetherelationshipbetweenhi andL is likely not mod-
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elled well with a simple Gaussiandistribution. However,
considera setof linearregressors,eachtrainedover a sub-
setof the(hi ; N i (L )) pairs.If eachregressorin thesetwere
appliedto someparticularN i (L ), it is likely that at least
oneof themwould predictthecorrespondinghi accurately,
if thesetof linearregressorswaslargeenough.

The problemof estimatinghi canthenbe rephrasedas
choosingthe linear regressorthatbestpredictshi from the
observeddata.Assumethatasetof N regressionfunctions,
M 1(¢) : : : M N (¢) hasbeende�ned. Let M bM i

(N i (L )) bethe
regressorthat bestestimateshi . In our representation,the
bestestimateof hi is then

ĥi = M bM i
(N i (L )) (1)

wherecM i is theindex of theinterpolatorchosenat location
i thatpredictshi mostaccurately.

In the applicationsdemonstratedin this paper, we will
usea graphicalmodel to �nd cM at eachspatial location.
A convenientfeatureof this representationbasedon multi-
ple regressorsis thata compatibility functiondesignedfor
a representationwhich assignsonestateper possiblegray
level can be easily transformedto createa compatibility
functionrelatingtwo neighboringregressorindices.Given
a compatibility functionÃ0(hi ; hj ) betweentwo neighbor-
ing high-resolutionvalues,the compatibility betweenthe
regressorsassignedto thetwo variablescM i and cM j canbe
de�ned as

Ã( cM i ; cM j ) = Ã0(M bM i
(N i (L )) ; M bM j

(N i (L ))) (2)

Thecompatibilitybetweentwo neighboringregressorsis
foundby �rst usingtheobservedimageto calculatetheesti-
matesof hi andhj , usingM bM i

andM bM j
astheregression

functions. The original compatibility function is thenap-
plied to hi andhj to de�ne the compatibility betweencM i

and cM j .
The regressors,M 1 : : : M n , are found using training

data. For the two applicationsshown here,we trainedthe
regressorsusinganalgorithmsimilar to theEM algorithm,
but with hardassignments.

Eachregressionfunction M can be viewed as a scene
recipe[21], a simple function that translatesthe observed
imageto hi , thequantitybeingestimated.

Rosaleset al. [19] alsouseda lineartransformationin a
a graphicalmodel.Their work focusedon problemswhere
labelledtrainingexamplesarenotavailable,suchasrender-
ing aphotographin thestyleof aparticularartist,givenonly
a setof theartist's works. A new setof linear transforma-
tionsis learnedfor eachinput image.In thispaper, weshow
how alabelledtrainingsetcanbeusedto �nd asinglesetof
linearregressionfunctionsthatoperateon a many different
images.

2.1. Statistical Inter pretation
This representationcanbe describedstatisticallyby mod-
elling thejoint distributionof hi andN i (L ) asa mixtureof
Gaussians.In this interpretation,M j denotesonecompo-
nentof themixture:

P(hi ; N i (L )) =
P N

j =1 ¼j M j (hi ; N i (L ))

=
P N

j =1 ¼j N (f hi ; N i (L )g; ¹ j ; § j ) (3)
where¼1:::¼N are the mixing coef�cients. In this model
¹ 1 : : : ¹ N and§ 1 : : : § N areknown andidenticalfor every
hi . Only ¼1:::¼N vary from pixel to pixel.

Even if ¼1:::¼N are estimated�rst, maximizing Equa-
tion 3 will still requireaniterativesearchfor themaximum.
This will be infeasiblefor every pixel in an image,so we
approximatethevalueof hi thatmaximizesEquation3 by
choosingthemostlikely mixturecomponent,M ĵ , thencal-

culatingthe mostlikely valueof ĥi , usingM ĵ asthe joint
distribution:

ĥi = arg max
h i

M bM i
(hi ; N i (L )) (4)

wherecM i = arg maxj ¼j .
In the statisticalview, our goal is to pick the mixture

componentthatbestmodelsthejoint distribution of N i (L )
andhi . Standardestimationtechniquescanthenbeusedto
�nd the bestestimateof hi usingN i (L ) andthis distribu-
tion.

2.2. Err or Intr oducedby this Representation
If the set of regressionfunctionsis large enough,one of
the regressorswill typically producea valuevery closeto
the truevalue. In Figure1, we show theaveragemeanab-
soluteerror per pixel per color channelintroducedby us-
ing regressionfunctionsgeneratefull-color valuesfor the
demosaicingproblemdescribedin Section5. This error
is calculatedfrom a testing set by using the set to gen-
eratehigh-resolutionsamplesand the correspondinglow-
resolutionobservations. Eachregressorthenestimatesthe
high-resolutionsamplesusing the low-resolutionobserva-
tions. The vertical axis in Figure 1 shows the average
meanabsoluteerror 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 wasperfect,the systemwould still have the amount
of errorshown in Figure1 becauseof theapproximation.

Fortunately, the lower boundon the error is quite low.
Using16 regressors,themeanabsoluteerroraveragesless
thanonehalf of a gray level out of 256 possiblegray lev-
elspercolor channel.This low errorpermitsanalgorithm
designerto focuson perfectingthe model. The regression
baseddiscretizationdescribedin Section2 canthenbeap-
pliedwithout introducingsigni�cant error.
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Figure 1: The averagemeanabsoluteerror per pixel per
color channelbetweenthetruehigh-resolutiondataandthe
estimateproducedby the regressorsthat is closestto the
high-resolutiondata.

3. Utilizing a Regression-BasedRepre-
sentation

To show the usefulnessof this approximation,we show
how it can be used for two useful image applications:
super-resolutionandimagedemosaicing.In both applica-
tions, low-resolutionobservationsareusedto infer a high-
resolutionimage. Theseapplicationsalso demonstratea
generalstrategy for designingasystem:

1. Designcompatibilityfunctionsasif therewasasingle
stateallocatedfor eachpossiblepixel value.

2. Usetraining datato learna �x ed setof linear regres-
sionfunctionsM 1 : : : M N .

3. UseEquation2 to de�ne new compatibilityfunctions.

4. For all locationsi , usethe max-productbelief propa-
gation [17] algorithmto choosecM i , the index of the
bestlinearregressorfor estimatingthehigh resolution
informationat locationi from theobserved low reso-
lution image.

5. For all locationsi , let ĥi = M bM i
(N i (L )) .

Detailson thebeliefpropagationalgorithmcanbefound
[7, 17]

4. SuperResolution
The �rst applicationwe consideris the taskof superreso-
lution. Thegoalof a superresolutionresolutionalgorithm
is to producea high-resolutionimagefrom a single low-
resolutionimage.Thistaskis alsooftenreferredto asimage
interpolation.

Functionalinterpolationmethods,suchas bicubic and
cubic spline interpolation,approximatean unknown con-
tinuousfunctionby a setof local functions,which canthen

be discretelysampledto the desiredresolution[9]. While
thesemethodsareusually fastandeasyto implement,the
resulting imagesoften have blurred edges. Imagesharp-
eningtechniqueshave beenproposedto amelioratethe re-
sultsfrom functionalinterpolationmethods[8, 15]. These
methodsresultin sharperimages,but maycontainhaloing
artifacts. An alternatesolution involvesdeconvolving the
blurring �lter [3, 22]. While theresultsarequitegood,de-
convolutionmethods,aswell asimagesharpeningmethods,
only enhancefeaturesthatarepresentin thelow resolution
image. Learning-basedmethodsuseprior information to
enhancethe solution space[1, 7, 6]. Thesemethodsadd
realisticimagedetails,but canalsoaddartifacts.

4.1. Model
We approachthe problem by assuminga model for the
degradationof the high resolutionimage. Speci�cally, we
assumethat a low resolutionimageL is generatedfrom a
high resolutionimageH by �rst convolving H with a low-
pass�lter andthendown-sampling.

To take advantageof thelocal spatialregularitiesof im-
ages,H is modelledasacollectionof non-overlapping4£ 4
patches.Eachx i representsthevalueof the4 £ 4 patchat
locationi . By choosingthis patchsize,we areincreasing
theresolutionof theinput imageby a factorof 4.

To recover H from L, we model the joint probability
distribution of H and L as a graphicalmodel with two
typesof compatibility functions[7]. The �rst compatibil-
ity function, Á0(¢), constrainsH to matchL when H is
down-sampled.If yi is a low-resolutionpixel in L , let pi

be thepixel in H suchthatNpi (H ) ¤ w = yi , wherew is
the anti-aliasing�lter usedbeforedown-samplingthe im-
age,Npi (H ) is a neighborhoodof pixels in H surrounding
pi , and¤ is the convolution operatorevaluatedat pi . The
pixel pi canbethoughtof asthecenterof thegroupof high-
resolutionpixelsusedto generateyi . With thesede�nitions,
thecompatibility function for a low-resolutionobservation
yi andasetof patchesis

Á0(f xgpi ; yi ) = exp

Ã

¡
1
2

µ
Npi (H ) ¤ w ¡ yi

¾R

¶ 2
!

(5)

wheref xgpi denotesthe smallestsetof patchesnecessary
to cover Npi (H ), assumingNpi (H ) is thesamesizeasthe
�lter w. This compatibility function canbe interpretedas
forcingtheinferredhigh-resolutionimageto matchthelow-
resolutionobservationwhenit is scaleddown.

Thesecondcompatibility function in our systemrelates
thepatchesin H to eachother. Theconstraintis basedon
theobservationthatthedistribution of animagederivative,
¢ h, in anaturalimageis describedwell as

p(¢ h) / e¡ j ¢ h j ®

s (6)
where® typically rangesbetween0.5and1.2 [14]. We use
thisdistributionto produceÃ0(¢), whichis thecompatibility

3



x1 x3x2 x4

y2y1 3y y4

PSfragreplacements

Ã

Á

f x1
1; x2

1; x3
1; x4

1g

(a)
(b)
(c)
(d)
(e)
(f)
1
S

xa
i

xb
i

Figure 2: Factor graphfor 1D superresolutionexample.
The randomvariablesare representedby the transparent
nodeswherethe x i are the latentvariablesand the yi are
theobservedvariables,thesolid squaresrepresentÃ(¢), the
constraintbetweenneighboringpatches,andthe solid cir-
clesrepresentÁ(¢), thecompatibility functionbetweenthe
high-resolutionsignalandlow-resolutionobservations.The
nodeslabelledx i representpatches,so the upsamplingis
not visible from thisgraph.

betweenneighboringpatchesin thehigh-resolutionimage:

Ã0(x i ; x j ) =
Y

(pi ;p j )

e¡
j p i ¡ p j j ®

s (7)

where(pi ; pj ) areneighboringpixels with pi containedin
the patchx i andpj in x j . Effectively, the productis cal-
culatedalongtheborderof thepatchesx i andx j . For our
super-resolutionexperiments,weset® = 0:7 ands = 0:01.

GivenL , we estimateH by usingthestepsdescribedin
Section3. For eachpatchx i , we estimatecM i , which is
theindex of theregressionfunctionwhich bestpredictsthe
valueof x i from the low-resolutionimageL. Once cM i is
found,x i canbeestimatedusingM bM i

(¢). Thedistribution

of theindicescM is modelledasagraphicalmodel:

P(f cM gjL ) /
Y

i

Á(f cM gy i ; yi )
Y

(x j ;x k )

Ã(x j ; xk ) (8)

where f cM gy i denotesthe indices of the smallestset of
patcheswhich affect the low-resolutionpixel at the same
locationasyi whenH is down-sampled.The compatibil-
ity functionsÃ(¢) andÁ(¢) arefoundusingÃ0(¢) andÁ0(¢)
using the samemethodas in Equation2. Oncethe com-
patibility functionshave beende�ned, cM canbefoundfor
eachpatchby usingthemax-productBelief Propagational-
gorithm.

Figure2 shows a 1-D exampleof themodelde�ned by
Equation8, visualizedasa factorgraph[11]. Eachnodela-
belledx i representsfour high-resolutionvalues.Eachnode
labelled yi representsa low-resolutionobservation. The
solid squaresrepresentÃ(¢), theconstraintbetweenneigh-
boring patches.The solid circlesrepresentÁ(¢), the com-
patibility function betweenthe high-resolutionsignal and
low-resolutionobservations.

(a) Input image (b) Sampled
input image

Figure5: An exampleof poly-chromaticsampling.(a) The
original input image. (b) The polychromaticallysampled
versionof theinput image.

4.2. Results
The linear interpolatorsare trainedusing a set of natural
images. We usea 7 £ 7 Gaussiankernel and subsample
to get a low/high resolutionpair. For eachlow resolution
pixel, thecorresponding3£ 3 low resolutionlocalevidence
patchis extractedalongwith the4£ 4 highresolutionpatch.
For the experimentsin this paper, we set® = 0:7, s = 1,
and¾R = 0:01andranBPfor 10iterations.Thetrainingset
consistedof nine432£ 576pixel gray-scalenaturalimages,
whichgeneratedroughly500,000low/highresolutionpatch
pairsthatwereusedto train64 linearinterpolators.

To evaluateour superresolutionalgorithm,we �rst dec-
imateda test imageby �ltering it with a 7 £ 7 Gaussian
kernel thensub-sampledit. Next we superresolved back
to the original dimensions.For comparison,we show our
resultsagainst two othersuper-resolutionalgorithms. We
comparedthe our algorithm against bicubic interpolation
anda nonlinearimagesharpeningalgorithm [8]. For the
sharpeningalgorithm,we usedband-pass�ltering with the
algorithm-speci�cparameterssetto c = 0:2, ands = 7.

A comparisonof the outputs for the different super
resolutionalgorithmsare shown in Figures3 and 4. In
both cases,using bicubic interpolation results in overly
smoothresults. In Figure3, our methodproducesnotice-
ablysharperimageswithoutsigni�cant artifacts,suchasthe
halosaroundthespecularitiesin Figure3. Our methodin-
troducessomeartifactsin Figure4(d),but still producesthe
sharpestresults.

Our methodalsooutperformstheothersin termsof the
meanabsoluteerror betweeneachalgorithm's resultsand
the truehigh-resolutionimage.Themeanabsoluteerror is
listedin thecaptionsof Figures4 and3.

5. DemosaicingCCD Output
A similarproblemto super-resolutionis thatof estimatinga
full-color imagefrom samplesof only onecolorband.Typ-
ical CCD's areonly ableto sampleonecolor bandat each
pixel in thesensor. This is known aspoly-chromaticsam-
pling becausethe samplesat neighboringpixels represent
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(a)OriginalHigh ResolutionInput (b) Pixel Replication (c) Bicubic Interpolation

(d) Nonlinearenhancement (e)Multiple Regressors

Figure3: Resultson interpolatinga 64 £ 64 imageof peppers.The meanabsoluteerror betweeneachresultandthe true
high-resolutionvaluesin shown in brackets. (a) Theoriginal high-resolutionimage(b) Interpolatedusingpixel replication.
This representsthe low-resolutioninput. (c) Using bicubic interpolation[12.5] (d) Using the Greenspanet al. nonlinear
enhancementalgorithm[34.8] (e) Usingmultiple regressors[7.9]. Ourmethodproducesa noticeablysharperimagewithout
the“haloing” artifactsseenin (d).

(a)Pixel Replication (b) Bicubic Interpolation (c) Nonlinearenhancement (d) Multiple Regressors

Figure4: Resultson interpolatinga 64£ 64 imageof a cat. Themeanabsoluteerrorbetweentheresultandthetruehigh-
resolutionimageis shown in brackets.(a) Interpolatedusingpixel replication(b) Usingbicubicinterpolation[19.5] (c) Using
theGreenspanet al. nonlinearenhancementalgorithm[37.2] (d) Usingmultiple regressors[16.7]. In this case,our method
producessomeartifacts,but still producesthesharpestresults.
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(a)TrueImage (b)Multiple Regressionfunctions (c) SingleInterpolator

Figure6: A comparisonof theresultsproducedby usingmultiple interpolatorsversusa singleinterpolator. Noticethat the
imageproducedwith multiple interpolators,shown in (c), doesnothave thecolor fringesalongthecoatandtie.

the intensity of different color bands. Figure 5(b) shows
thepoly-chromaticallysampledversionof Figure5(a),us-
ing theBayerMosaicasthesamplingpattern[2]. To obtain
the full-color image,with the value of threecolor bands
per pixel, the value of the other two color bandsat each
pixel mustbeinterpolatedfrom theobservedsamples.This
problem, known as demosaicing,is similar to the super-
resolutionproblemin that we are trying to estimatehid-
deninformationateverypixel locationin theimage,except
now we aretrying to estimatecolor valuesinsteadof high-
resolutioninformation.

While themissingcolor valuesin eachbandcouldsim-
ply be interpolatedfrom the observed valuesin that band,
that ignoresthe correlationbetweencolor bandvalues. A
changein onecolorbandis usuallycorrelatedwith achange
in the otherbandsalso. In orderto take advantageof this
correlation,researchershaveproposedusingall of thesam-
plesin a neighborhoodaroundthepixel beingestimatedto
interpolatethe unobserved color bands. The interpolated
color values,h, arecalculatedasthe linearcombinationof
theobservedcolor samples,l .

In [13], Brainardshows how to �nd thelinearinterpola-
tion coef�cients usingBayesianmethods.Researchershave
usedlearningmethodsto �nd thecoef�cients from bothtest
patterns[23] andreal images[10, 16]. In [16], thesystem
alsoperformsnon-linearinterpolationby expandingl to in-
cludeits squaredterms.

In termsof the model presentedin Section2, eachof
thesealgorithmsassumesthata singlelinear regressorcan
modelevery pixel in the image. However, the correlation
betweencolorbandsvariesaccordingto thestructureof the
image.Thecorrelationbetweenredandgreenbandswill be
very differentfor a cyanedgethanfor a white edge.If the
interpolatorbestsuitedto a cyanedgeis appliedto a white
edge,thentheresultswill be incorrect.On theotherhand,
if theinterpolatorbestmatchedto awhiteedgeis usedthen
theresultswill beexcellent.Intuitively, allowing thecorre-
lation betweencolor bandsto vary from pixel to pixel will

greatlyimprove performance.Usingour modeleffectively
allows the systemto choosefrom a setof interpolatorsat
eachpoint. Eachinterpolator, or regressor, is trainedfor a
differentcorrelationbetweencolor channels.

5.1. Model
As with thesuper-resolutionsystemdescribedin Section4,
our systemfor demosaicingis de�ned by two compatibil-
ity functions. The �rst type, Á0(¢), expressesthe compati-
bility betweena neighborhoodof observed color samples,
NL (yi ), anda candidatevalueof M̂ i , the index of the re-
gressorproducesthe bestestimateof the two unobserved
color samplesat pixel i . In our system,this is modelledas
amultivariateGaussian:

Á0(NL (yi ); cM i ) = N (NL (yi ); ¹ bM i
; § bM i

) (9)

Thesecondcompatibility function,Ã0(¢), relatesneigh-
boringpixels. If x i andx j aretheunobservedcolorsamples
for two neighboringpixels, let pi andpj be RGB triplets
createdfrom combiningx i andx j with theobservedsam-
plesyi andyj . Notethatyi andyj areobservationsof dif-
ferentcolor bands.Thecompatibilitybetweenx i andx j is
de�ned as

Ã(x i ; x j ) = exp

Ã
¡j pr

i ¡ pr
j j® ¡ jpg

i ¡ pg
j j® ¡ jpb

i ¡ pb
j j®

s

!

(10)
wherepr

i is thevalueof theredcolorbandatpi andtherest
of thecolor bandsarelabelledaccordingly. For theresults
shown here,weuse® = 0:7 ands = 0:1.

With Á(¢) andÃ(¢) de�ned, the full-color imagecanbe
recoveredusingthestepsdescribedin Section3 andSection
5.

5.2. Results
For the �rst evaluationof our demosaicingalgorithm,we
comparedit againstusingasinglelinearinterpolatorto �nd
the two unobservedcolor valuesat eachpoint. While [16]
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(a)Original Image (b) Usingasingleinterpolator

(c) MedianFilter Method[5] (d) Usingmultiple regressors

Figure7: A comparisonof our resultsagainstusinga singleinterpolatorandthemedian�lter method[5]. Usinga mixture
representationincreasesthequalityof thereconstruction,especiallyalongtheroof of thecar. Figure7(a)camefrom [12].

suggestsperformingnon-linearinterpolationby augment-
ing the observationswith quadraticfunctionsof the data,
we found that did not improve the resultson our training
set.Both thesingleglobalinterpolatorusedfor comparison
andthesetof regressorsusedby ouralgorithmweretrained
on a setof 18 naturalimages.Theimageswerea combina-
tion of scannedphotographsandhigh-resolutiondigital pic-
tures.Eachof theimageswasdown-sampledto reducethe
effectsof any demosaicingthat occurredwhenthe images
werecaptured.Our modeluseda setof twenty regressors.
In thispatternthereareactuallyfour differenttypesof local
neighborhoods.Therefore,we learn four differentsetsof
twentyregressors.Thechoiceof which setof regressorsis
usedat a pixel dependsentirelyon the type of pixel being
interpolated.

To evaluatethe performanceof the two algorithms,we
useL 2 norm of the differencebetweeneachpixel of the
demosaicedimageandeachpixel of the true image. Over
the whole training set,we found that averageL 2 error of
thepixels producedby our methodwas86%of thosepro-
ducedby usinga singlelinear interpolator. Note that [16]
showed that usinga singleinterpolatorproduceda signi�-
cantimprovementoversimplyinterpolatingeachcolorband
separately.

However, the meansquarederror doesnot capturethe
importantperceptualdifferences.Theimportantdifference
in performancelies along the edgesin the image,where
color fringing can occur. Examiningthe imagesqualita-
tively shows a greatimprovementby using the regressor-
basedrepresentation,especiallyalongedgesin the image.
Themostnoticeableartifactsof demosaicingalgorithmsare
coloredfringesalongedges.Figure6 shows thedifference
in fringing causedby usingoneinterpolatorversususinga
setof regressionfunctions. Using oneinterpolatorcauses
thefringesalongthesuit coatshown in Figure6(c). These
are causedwhen the correlationbetweencolor bandsim-

plied in the interpolatoris incorrect. For example, if the
interpolatorbelievesthatredandgreenarecorrelated,a red
edgewill have a greenishfringe whenit is demosaiced.By
usingmultiple regressorsandbelief propagation,our algo-
rithm signi�cantly reducestheamountof color fringing in
Figure6(b).

In Figure7 we comparethe resultsof our algorithm,in
Figure 7(d), to a secondmethodthat utilizes the median
�lter [5]. The median�lter algorithm hasbeenfound to
performwell experimentallyin [13, 18], so we useit asa
representative of competingapproaches.Again the output
usingmultiple regressionfunctionshastheleastamountof
artifacts.

Theimportanceof settingtheexponent® to belessthan
one,is illustratedin Figure8. Setting® greaterthan1 leads
to multiple small derivatives being favored over a single
large derivative. This leadsto the artifactsin Figure8(b).
When® is lessthanone,sharpedgesarepreferred,result-
ing in Figure8(a).

6. Conclusion
In this paper, we have designedgraphicalmodelsfor two
imageprocessingtasks:super-resolutionandimagedemo-
saicing.For bothapplications,the�e xibility of thegraphi-
cal modelallowedusto incorporatethestatisticsof natural
imagesto de�ne compatibility functionsbetweenthehigh-
resolutionpixelsbeingestimated.

Performinginferencein the graphsis tractablebecause
of an ef�cient discretizationintroducedin this paper. The
stateof eachvariablecorrespondsto a singlelinearregres-
sor thatestimatesthehigh-resolutionpixel valuesfrom the
low-resolutionobservations. This permitsa small number
of discretestatesto modeltherangeof possibleimageval-
uesat eachpoint in the image. This computationalef�-
ciency allows effective useof graphicalmodelsin image
processingproblems.
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(a)Sampleresultsfor ® = 0:7 (b) Sampleresultsfor ® = 2:0
Figure8: Theeffectof theexponent®ontheresults.Theresultsaresharperwhen® = 0:7 becausethestatisticalprior favors
fewer, largederivatives.
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