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ABSTRACT

We proposea methodfor alteringpixel statisticsof oneim-
ageaccordingto another(source)image. Given an input
or observedimage(probablydegradedby oneor moreun-
known processes),anda sourceimageexhibiting the gen-
eralpatch(groupof pixels)propertiesexpectedin theinput
image(beforedegradation),we seekto infer the original
imageand the processthat affectedit to producethe ob-
served image. The foundationof our approachis to trans-
form known imagepatcheswith desiredstatisticsto patches
foundin theinput imageusinga �nite setof �lters or trans-
formations.Thesetransformationsareunknown; thusthey
also must be estimated. We cast this problemas an ap-
proximateprobabilisticinferenceproblemandshow how it
canbeapproachedusingbeliefpropagationandexpectation
maximization.Experimentalresultsfor joint imagerestora-
tion and�lter estimationarepresented.

1. INTRODUCTION AND RELATED WORK

Wedescribeanapproachfor alteringimageproperties(statis-
tics) without modifying imagecontent. The desiredprop-
ertiesare speci�ed by example,using a given source im-
age,whosepatchesde�ne an empirical patchprobability
distribution. Thegoal is to developa generalapproachfor
transformingan observedimageinto anotherwith prefer-
ablepropertiesandat thesametime for estimatingtheone
or more transformations(e.g.,linear �lters) that relatethe
observedandsourceimagepatches.

Many signal processingtasksare specialcasesof the
aboveproblem.Examplesin imageprocessinginclude:im-
agede-noising,wherewe seekto remove unwantednoise
from a given imageto achieve a visually clearerone; and
imagesuper-resolution,wheregiven a low-resolutionim-
age,thegoal is to estimatea high-resolutionversionof that
sameimage. More generally, the problemis to discover
whattheoriginal latentimage(signal)lookedlike beforeit
underwenttheeffectof someunknown (or partiallyknown)
process.In this paper, we provide an approachfor recov-
ering the latent imageandtheunknown process,given the

observed imageand example imagesthat roughly exhibit
thedesiredproperties.

A large variety of methodshave beenproposedto ap-
proachspeci�c relatedproblems,e.g.,[1, 2, 3, 4, 5, 6]. The
approachpresentedhereis morecloselyconnectedto [3, 2,
1] in thesensethatthejoint distribution of thelatentimage
(i.e.,imageto beestimated)is representedasaMarkov Ran-
dom Field (MRF) with pairwisepotentials. Our approach
is alsomotivatedby [4] from thecomputergraphicslitera-
ture. However, therearecritical differences.First, we use
anunsupervisedframework. In somecasesit is possibleto
haveseveralexamplepairsof degradedandoriginal images.
Using theseexamples,theunknown processcouldbe esti-
matedmoreeasily(supervisedlearning).However, in many
casestheseexamplepairsdo not exist. Previouswork was
basedon supervisedlearning,we focuson the latter (unsu-
pervised)problem. Second,it is sometimesassumedthat
thedegradingprocessis known (e.g.,ablurringprocess).In
this work, we do not assumewe know this processandin-
tend to uncover it. Thesetwo differencesare up to some
point related.Third, we derive new algorithmsfor estimat-
ing boththelatentimageandthetransformations.

2. IMA GE TRANSLATION MODEL

2.1. De�nitions and Setup

We will representanimageasa setof overlappingpatches.
Let Y be the input or observed image,formedby a setof
patchesyp, with p 2 P, P = f 1; ::; Pg andyp 2 < S . Here,
S is the numberof pixels in eachpatch(this assumesone
realvalueperpixel; howeverS couldalsoaccountfor rep-
resentationsusingmultiplechannelsor also�lter responses
insteadof pixels). Consideralso a latent imageX , with
patchesxp 2 < T ; X will be the imageto be inferredor
estimated.Let � denotea known image(or images)here
referredto asthesourceor dictionaryimage. Assumethat
the set of patchesin � are a representative samplewhich
possessesthepatchstatisticsthatwe wishX to display.

Considerasetof patchtransformations(i.e.,patchtrans-
lators)� = f � l gl = f 1;:::;L g, where� l : < S ! < T . In our
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Fig. 1. Chaingraphrepresentingthemodeljoint probabilitydis-
tribution.

model,thetaskof a single� l is to transforma latentpatch
into anobservedpatch. Thesetransformationsareinitially
unknown, andwe will try to estimatethem. This loosely
accountsfor discoveringthesetof processesthatalteredthe
observed Y (e.g.,blurring) from its original version. Here
we assumethat this original imagesharethepatchproper-
ties found in � . The imagemayhave beenalteredby mul-
tiple processes,perhapspatchdependent.We will assume
a �nite numberof processes.The randomvariablelp will
representthe index of theprocessesthat transformedpatch
xp andl = (l1; :::; lP ).

Considertheoperatorset� , eachelement� k produces
a patchwhenappliedto an image. We will usethis setto
performtopologicaltransformationsof thepatchesin � . In
this paper� k is restrictedto performjust patchextraction
(i.e.,obtainasquarepatch� p 2 < T ). Thisde�nition is used
for generality, sincein practice� k couldachieveotherclass
of topologicaltransformationssuchasrotationandshearing
(not consideredhere).We usetherandomvariablet to de-
notethet � th elementof theset� , andt = (t1; :::; tP ) to
representthe topologicaltransformationsfor all patchesin
theimage.

2.2. Probabilistic Model

We de�ned our modelto have joint probabilitydistribution
representedby thechaingraphof Fig. 1, which canbefac-
torizedastheproductof local conditionalprobabilitiesas-
sociatedwith thedirectededgesandpositivepotentialfunc-
tionsassociatedwith theundirectededges[7, 8]:

p(Y; X ; l ; t j� ; � ; � ) =
Y

p2P

p(yp jlp; tp; � ; � ; � )

Y

p2P

P(tp jxp)
Y

p2P

P(lp)
1
Z

Y

c2C

 c(xp2 c); (1)

with f c 2 Cg denotingthesetof latentimagepatchesthat
belongto cliquec in theMRF at theupperlayerin Fig. 1, C
thesetof cliquesin theMRF sub-graph,and c theclique
potentialfunctions.

Fig. 2. Input (Y), inferred(X ), andsource(� ) images.

In thispaper, everyimagepatchy p followsaconditional
Gaussiandistribution giventhepatchtransformationindex
lp andthetopologicaltransformationtp:

p(yp jlp; tp; � ; � ; � ) = N (yp; � l p (� t p � ); 	 p); (2)

where� = f � ; 	 g denotesthedistributionparametersand
	 = f 	 pgp2 P . Weset� i to belinear�lters; howeversince
the inferredpatchesarenot the resultof a linear function
of theobservedimagepatches,this is differentthansimply
transformingtheimagepatcheslinearly. Instead,by thiswe
areimposinga constrainton the�exibility on eachof theL
transformations(it may be advantageousto alsoallow for
non-linear�lters).

We considerp(x) to bea pairwiseGaussianMRF, with
potentialsproportionalto the inversedistanced between
two patches;d is computedonly on overlappingareasin
theassociatedpatches,in a waysimilar to [3].

Finally, welink ourdiscretetransformationrandomvari-
ablewith thecontinuouslatentrandomvariableX by:

p(tp jxp) =
�

1 if xp = � t p �
0 otherwise:

(3)

A transformationtp will have non zeroconditionalproba-
bility if its patchxp is equalto the patchtaken from the
dictionary� usingtransformationtp (herewe assumethat
theset� is suchthatit producesuniquepatches).

3. ALGORITHMS FOR LEARNING / INFERENCE

Thechaingraphin Fig. 1 containsanundirectedsub-graph
with loops;evenif all the �lter parameters� wereknown,
inference(computingthe marginal conditionaldistribution
over patchesin X given Y) is computationallyintractable
in general,with complexity O(jK j jP j ), with jK j the num-
berof possiblestatesthateachpatchx p cantake. However,
thereexist approximationalgorithms;oneof them,basedon
alternatingoptimizations[9], is ExpectationMaximization
(EM). EM requirescomputingposteriordistributionsover l
andt , that in turn requirescomputingconditionalmarginal
distributionsfor eachnodeof theundirectedportionof our
chain graph; as we have seen,this is computationallyin-
tractable.We divide this sectioninto (1) inferring thelatent
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Fig. 3. Top: inputimageY, PassingCloudsby GeorgeInness(left), inferredimage(middle)andthecorresponding(thresholded)preferred
®lter labels(right), notehow the®lter locationmatcheswith thedifferentnoiseprocessesin the input image;bottom: oneof thesource
images,The ComingStorm(left) and sameimageafter two estimated®lters (1,3) were applied(middle and right), correspondingto
pixelationandcorrelatednoise.

image(usuallyreferredto asinference)and(2) estimating
themodelparameters(usuallyreferredto aslearning).

3.1. Infer enceand ApproximateE-step

Weassumethatthereaderhassomefamiliarity with theEM
algorithm(seee.g.,[10]). We view theE-stepasequivalent
to computingtheposterior:

P(lq; tqjY ) /
Z

X

X

l nl q t nt q

Y

p2P

p(yp jlp; tp)P(tp jxp)p(X )dX ;

but we cannotsolve this integral; thuswe areforcedto �nd
anapproximateway to performtheE-step.

Approximating observed patch conditional distribu-
tions. Let ussaythatwe have someestimatefor the �lters
� l and	 p (initially they mayberandom).For every p, we
canselectthesetKp of K mostlikely topologicaltransfor-
mationsgiventhedictionary� . This canbeeasilydonefor
eachpatchonceP(tp jY ) (seebelow) is computedfor every
topologicaltransformationtp. Thisapproximationis neces-
saryfor computationalreasonsandcanbemadeasexactas
desired.Thisapproximationwasusedin [3]; it accountsfor
cuttingoff thetails of thejoint distribution P(tp jY ). How-
ever, it is still dif�cult to computeP(tp jY )

Inferring the latent image. In computingP(tp; lp jY )
one key problemis that of inferring a posteriormarginal
distributionoverxp (i.e.,marginalizingall theotherpatches
xq). Oneway to approximatethis computationis by per-
forming loopybeliefpropagationin theMRF for X to com-

pute the posteriormarginals over eachx p. Loopy belief
propagationaccountsfor approximatingp(x p jY ) by using
the belief propagationmessagepassingupdatesm i ! j [8]
for severaliterations,in our modelwrittenasfollows:

mi ! j (x j ) =
X

x i = si

P(x i jt i ) ij (x i ; x j )
Y

k2N ( i )nj

mk ! i (x i )

bi (x i ) = P(x i jt i )
Y

k2N ( i )

mk ! i (x i );

with N (i ) theneighborsandsi thecandidatesfor x i .
Theseupdatesguaranteethatuponconvergencethemarginal

probabilitiesp(xp jY ), obtainedbysimplynormalizingbp(xp),
would beat leastat a local minimumof thecorresponding
Bethefree energy [11] of the (conditional)MRF. The do-
mainof xp is in practicediscretesincetheprobabilitydis-
tribution is concentratedonly at thecandidatepatchesgiven
by K lp . Thus,every full iterationhascomplexity O(K 2).
Usingthisapproximation,theE-stepis thengivenby:

P(tp; lp jY ) /
X

x p

p(xp jY )P(tp jxp)P(lp)p(yp jlp; tp): (4)

Eventhoughloopy belief propagationis not exact (clearly,
sincethis problemcannotbesolvedexactly) andnot guar-
anteedto converge,somerecentwork supportsthis approx-
imation[12, 13]. Otherapproximationsinclude[14, 15, 1].

3.2. Learning the Filter Parameters

TheM-stepconsistof optimizingtheexpectedvalueof the
modeljoint distribution underP(tp; lp jyp) with respectto



themodelparameters� l and	 p. Thiscanbedoneby com-
puting �rst derivatives,as in a MAP estimatesetting. For
linear �lters � k , we can obtain closedform solutionsfor
their update,likewise for the patchvariances	 p. The up-
date is similar to the weightedlinear regressionsolution.
For non-linear�lters, we would needto usenon-linearop-
timizationmethods.

4. EXPERIMENTS

We illustratethe inferenceandlearningcapabilitiesof our
algorithmonafew imagereconstructiontasks(dueto print-
ing resolutionlimitations,imagesarebettervieweddirectly
onthecomputerscreen).WeusePCAto encodethepatches
to accountfor numericalstability, speed,andstoragecon-
straints.In Fig. 2, a brick wall imagewasdegradedby dif-
ferentprocesses(blurring, pixelation,non-linearshift, cor-
relatedanduncorrelatednoise)usingGIMP (a known im-
agemanipulationtool). We usea small, similar brick im-
ageas our source� to obtain the restoredimageshown.
This task is perhapssimpli�ed by the repetitive brick pat-
tern; a few brick examplesare enoughfor a good image
restoration.Thus,in Fig. 3 we show the resultsof a more
challengingexperiment. The input imageY is a painting
corruptedby different typesof noisein someregionsand
severelyblurred/pixelatedin otherregions.We took advan-
tageof theon-lineavailability of otherpaintingsby thesame
painter(displayinga similar style); by using thesesource
images,we wereable to infer an imagethat is very close
to groundtruth. The differentestimated�lters learnedto
operatein localizedareas. The applicationof the learned
�lters areshown in the secondrow of Fig. 3. Our last ex-
perimentis in imagesuperresolution.Givenadownsampled
image,theobjectiveis to obtainahighresolutionequivalent
of it by accountingfor the missinghigh frequency details.
Our modelcanbe readily employed to provide a solution
for superresolution,withoutexplicitly specifyingthespecial
propertiesof this particulartask. In Fig. 4 givena severely
degradedimageY, we usedseveralhigh resolutionimages
of variousfemalemodelsas sourcesto improve the high
frequency detailsin Y. Theestimated�lters wereblurring-
type �lters. Otherusefulapplicationsincludeartistic tasks
suchasimagestyletranslationandtexturetransfer[16].

5. CONCLUSIONS

We presenteda generalmethodfor imageprocessingthat
usesexamplestatisticsfrom sourceimagesto reconstructor
transforman input (degraded)imageandthat at the same
time estimatesthesingleor multiple degradationprocesses
undergoneby this image. This approachhasmany uses
in imagerestoration,reconstruction,andcoding,andalso
in artisticapplicationssuchasnon-photorealisticrendering,
texturegeneration,andstyle transfer. Our methoddoesnot

Fig. 4. Input image(left) andinferredimage(MAP)(right).

requireto manuallyor explicitly specifythetypeof taskre-
quired,but it allows to employ examplesfor thispurpose.
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