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ABSTRACT

We proposea methodfor alteringpixel statisticsof oneim-
ageaccordingto another(source)image. Given an input
or obsenedimage(probablydegradedby one or moreun-
known processes)anda sourceimageexhibiting the gen-
eralpatch(groupof pixels)propertiessxpectedn theinput
image (before degradation),we seekto infer the original
image and the processthat affectedit to producethe ob-
senedimage. The foundationof our approachs to trans-
form known imagepatchewith desiredstatisticdo patches
foundin theinputimageusinga nite setof lters ortrans-
formations. Thesetransformationgre unknown; thusthey
also must be estimated. We castthis problemas an ap-
proximateprobabilisticinferenceproblemandshown how it
canbeapproachedsingbelief propagatiorandexpectation
maximization.Experimentatesultsfor joint imagerestora-
tion and Iter estimationarepresented.

1. INTRODUCTION AND RELATED WORK

We describeanapproacHor alteringimagepropertiegstatis-
tics) without modifying imagecontent The desiredprop-
ertiesare speci ed by example, using a given source im-
age, whosepatchesde ne an empirical patch probability
distribution. The goalis to develop a generalapproacHor
transformingan observedmageinto anotherwith prefer
ablepropertiesandat the sametime for estimatingthe one
or more transformationge.g.,linear Iters) that relatethe
obsenedandsourceimagepatches.

Many signal processingasksare specialcasesof the
above problem.Examplesn imageprocessingnclude:im-
agede-noising,wherewe seekto remove unwantednoise
from a givenimageto achieve a visually clearerone; and
image supefresolution,wheregiven a low-resolutionim-
age,thegoalis to estimatea high-resolutionversionof that
sameimage. More generally the problemis to discover
whatthe original latentimage(signal)lookedlik e beforeit
underwenthe effect of someunknown (or partially known)
process.In this paper we provide an approachfor recov-
ering the latentimageandthe unknavn processgiventhe

obsened image and example imagesthat roughly exhibit
thedesiredproperties.

A large variety of methodshave beenproposedo ap-
proachspeci c relatedproblemse.g.,[1, 2, 3,4, 5, 6]. The
approactpresentedhereis morecloselyconnectedo [3, 2,
1] in thesenseahatthejoint distribution of the latentimage
(i.e.,imageto beestimated)s representedsa Markov Ran-
dom Field (MRF) with pairwisepotentials. Our approach
is alsomotivatedby [4] from the computergraphicslitera-
ture. However, therearecritical differences.First, we use
anunsupervisedrameawvork. In somecasest is possibleto
have severalexamplepairsof degradedandoriginalimages.
Using theseexamples the unknovn processcould be esti-
matedmoreeasily(supervisedearning).However, in mary
casegheseexamplepairsdo not exist. Previouswork was
basedon supervisedearning,we focuson the latter (unsu-
pervised)problem. Second,it is sometimesassumedhat
thedegradingprocesss known (e.g.,ablurring process)In
this work, we do not assumewve know this processandin-
tendto uncoverit. Thesetwo differencesare up to some
pointrelated.Third, we derive new algorithmsfor estimat-
ing boththelatentimageandthetransformations.

2. IMA GE TRANSLATION MODEL

2.1. De nitions and Setup

We will represenanimageasa setof overlappingpatches.
Let Y betheinput or obsenedimage,formedby a setof
patchey,, withp2 P,P = f1;:;Pgandy, 2 <S. Here,
S is the numberof pixelsin eachpatch(this assume®ne
realvalueperpixel; however S couldalsoaccountfor rep-
resentationsisingmultiple channelr also lter responses
insteadof pixels). Consideralso a latentimage X, with
patchesxp, 2 <T; X will betheimageto be inferred or
estimated.Let denotea known image (or images)here
referredto asthe sourceor dictionaryimage. Assumethat
the setof patchesn area representatie samplewhich
possessethe patchstatisticsthatwe wish X to display
Considerasetof patchtransformationgi.e.,patchtrans-
lators) = f |Q=f1:m g, Where | 1 <51 <T . Inour



Fig. 1. Chaingraphrepresentinghe modeljoint probability dis-
tribution.

model,thetaskof asingle | is to transforma latentpatch
into an obsened patch. Thesetransformationareinitially
unknown, andwe will try to estimatethem. This loosely
accountdor discoveringthesetof processethatalteredthe
obsenedY (e.g.,blurring) from its original version. Here
we assumehatthis original imagesharethe patchproper
tiesfoundin . Theimagemay have beenalteredby mul-
tiple processesperhapspatchdependentWe will assume
a nite numberof processesThe randomvariablel, will
representheindex of the processethattransformedpatch
xp andl = (Iy; 5 1p).

Considerthe operatorset , eachelement , produces
a patchwhenappliedto animage. We will usethis setto
performtopologicaltransformation®f the patchesn . In
this paper  is restrictedto performjust patchextraction
(i.e.,obtainasquarepatch , 2 <T). Thisde nition is used
for generalitysincein practice  couldachiere otherclass
of topologicaltransformationsuchasrotationandshearing
(not consideredhere). We usethe randomvariablet to de-
notethet th elementof theset , andt = (ti;:::;tp) to
representhe topologicaltransformationgor all patchesn
theimage.

2.2. Probabilistic Model

We de ned our modelto have joint probability distribution
representetdy the chaingraphof Fig. 1, which canbefac-
torizedasthe productof local conditionalprobabilitiesas-
sociatedvith thedirectededgesandpositive potentialfunc-
tionsassociatedvith theundirectededgeqd7, 8]:

Y
p(Y;X5hty 5 5 )= p(Yeilpites 3 5 )
p2P
) Y 1Y
P (tpixp) P('p)z c(Xp2¢); (1)
p2P p2P c2C

with f ¢ 2 Cg denotingthe setof latentimagepatcheghat
belongto cliquecin the MRF attheupperlayerin Fig. 1,C
the setof cliquesin the MRF sub-graphand . theclique
potentialfunctions.

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

In this papereveryimagepatchy , followsaconditional
Gaussiardistribution giventhe patchtransformatiornindex
I, andthetopologicaltransformatiort,:

P(Ypilpstps 5 5 ) = N@p 1,(Ct, )i p) (@

where =f ; gdenoteghedistributionparameterand

=f ,0p2p. Weset ; tobelinear lters; howeversince
the inferred patchesare not the resultof a linear function
of the obsenedimagepatchesthisis differentthansimply
transformingheimagepatchesinearly. Instead py thiswe
areimposinga constrainton the e xibility on eachof theL
transformationgit may be advantageouso alsoallow for
non-linear lters).

We considem(x) to be a pairwiseGaussiarMRF, with
potentialsproportionalto the inversedistanced between
two patches;d is computedonly on overlappingareasin
theassociateghatchesin away similarto [3].

Finally, welink ourdiscreteransformatiomandomvari-
ablewith the continuoudatentrandomvariableX by:

1 |f Xp = tp
0 otherwise

P(tpjxp) = 3)
A transformatiort, will have nonzeroconditionalproba-
bility if its patchx, is equalto the patchtaken from the
dictionary usingtransformatiort, (herewe assumehat
theset issuchthatit producesuniquepatches).

3. ALGORITHMS FOR LEARNING /INFERENCE

Thechaingraphin Fig. 1 containsanundirectedsub-graph
with loops;evenif all the Iter parameters wereknown,
inference(computingthe mamginal conditionaldistribution
over patchesn X givenY) is computationallyintractable
in general,with compleity O(jKjF 1), with jKj the num-
berof possiblestateghateachpatchx, cantake. However,
thereexist approximatioralgorithms;oneof them,basedn
alternatingoptimizations[9], is ExpectationMaximization
(EM). EM requirescomputingposteriordistributionsover|
andt, thatin turn requirescomputingconditionalmamginal
distributionsfor eachnodeof the undirectedoortion of our
chaingraph; aswe have seen,this is computationallyin-
tractable We divide this sectioninto (1) inferring the latent
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Fig. 3. Top: inputimageY , PassingCloudsby Geoge Innesqleft), inferredimage(middle)andthecorrespondingdthresholdedprefered
®lter labels(right), notehow the ®lter locationmatcheswith the differentnoiseprocessei the inputimage;bottom: oneof the source
images, The Coming Storm (left) and sameimage after two estimated®lters (1,3) were applied (middle and right), correspondingo

pixelationandcorrelatechoise.

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

3.1. Inferenceand Approximate E-step

We assumehatthereadethassomefamiliarity with theEM
algorithm(seee.g.,[10]). We view the E-stepasequialent
to computingthe posterior:

Z
P(lg;taiY) / P(Ypilp; tp) P (tpiXp)p(X)dX ;
X Inlgtntq p2P

but we cannotsolwe this integral; thuswe areforcedto nd
anapproximatevay to performthe E-step.

Approximating obsewed patch conditional distrib u-
tions. Let ussaythatwe have someestimatefor the lters

i and  (initially they mayberandom).For every p, we
canselectthesetK, of K mostlikely topologicaltransfor
mationsgiventhedictionary . Thiscanbe easilydonefor
eachpatchonceP (tpjY) (seebelow) is computedor every
topologicaltransformatiort,. This approximatioris neces-
saryfor computationateasonsandcanbe madeasexactas
desired.This approximatiorwasusedin [3]; it accountgor
cutting off thetails of the joint distribution P (t,jY). How-
ever, it is still dif cult to computeP (tpjY)

Inferring the latent image. In computingP (tp; [pjY)
one key problemis that of inferring a posteriormarginal
distribution over x, (i.e.,mamginalizingall the otherpatches
Xg). Oneway to approximatethis computationis by per
formingloopybelief propagationn the MRF for X to com-

pute the posteriormamginals over eachx,. Loopy belief
propagatioraccountsfor approximatingp(xjY) by using
the belief propagatiormessaggassingupdatesm;; j [8]
for several iteratio)rgs,in our modelwritten asf(\){llows:
P(xijti) i (Xi3%) Mir i (Xi)
Xi=Si k2N (i)nj
P (xijt;) Mir i (Xi);
k2N (i)

with N (i) theneighborsands; the candidategor x; .

Thesaupdateguarante¢hatuponcorvergencehemarginal
probabilitiegp(x,jY ), obtainedby simply normalizingb, (),
would be at leastat a local minimum of the corresponding
Bethefree enegy [11] of the (conditional) MRF. The do-
main of x, is in practicediscretesincethe probability dis-
tributionis concentratednly atthe candidatgpatchegjiven
by Kip. Thus,every full iterationhascompleity O(K 2).
Usingthis approximationthe E-stepis thengivenby:

P(tp; 1pjY) / P(Xp]Y)P (tpixp) P (Ip)p(Ypilpi tp): (4)
Xp

Eventhoughloopy belief propagatioris not exact (clearly,

sincethis problemcannotbe solved exactly) andnot guar

anteedo converge,somerecentwork supportghis approx-

imation[12, 13]. Otherapproximationsnclude[14, 15, 1].

mir j(x;) =

bi(xi)

3.2. Learning the Filter Parameters

The M-stepconsistof optimizingthe expectedvalueof the
modeljoint distribution underP (ty; l,jyp) with respecto



themodelparameters | and . Thiscanbedoneby com-
puting rst derivatives,asin a MAP estimatesetting. For
linear lters , we canobtain closedform solutionsfor
their update lik ewise for the patchvariances . Theup-
dateis similar to the weightedlinear regressionsolution.
For non-linear Iters, we would needto usenon-linearop-
timizationmethods.

4. EXPERIMENTS

We illustratethe inferenceandlearningcapabilitiesof our
algorithmon afew imagereconstructionasks(dueto print-
ing resolutionlimitations,imagesarebettervieweddirectly
onthecomputerscreen) We usePCAto encoddhepatches
to accountfor numericalstability, speed,and storagecon-
straints.In Fig. 2, a brick wall imagewasdegradedby dif-
ferentprocessegblurring, pixelation,non-linearshift, cor-
relatedand uncorrelatechoise)using GIMP (a known im-
agemanipulationtool). We usea small, similar brick im-
ageasour source to obtain the restoredimage shown.
This taskis 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 inputimageY is a painting
corruptedby differenttypesof noisein someregionsand
severelyblurred/pixelatedin otherregions. We took advan-
tageof theon-lineavailability of otherpaintingsby thesame
painter (displayinga similar style); by usingthesesource
images,we were ableto infer animagethatis very close
to groundtruth. The differentestimatedlters learnedto
operatein localizedareas. The applicationof the learned
Iters areshawn in the secondrow of Fig. 3. Our lastex-
periments in imagesuperresolutionGivenadownsampled
image theobjectiveis to obtainahigh resolutionequivalent
of it by accountingfor the missinghigh frequeny details.
Our model can be readily employed to provide a solution
for superresolutionyithoutexplicitly specifyingthespecial
propertiesof this particulartask. In Fig. 4 givena severely
degradedmageY, we usedseveral high resolutionimages
of variousfemale modelsas sourcesto improve the high
frequeng detailsin Y. Theestimatedlters wereblurring-
type lters. Otherusefulapplicationsncludeartistic tasks
suchasimagestyletranslationandtexturetransferf16].

5. CONCLUSIONS

We presentedh generalmethodfor image processinghat
usesexamplestatisticfrom sourcamagesto reconstrucor
transforman input (degraded)image andthat at the same
time estimateghe singleor multiple degradationprocesses
undegone by this image. This approachhas mary uses
in imagerestoration reconstructionand coding, and also
in artisticapplicationssuchasnon-photorealisticendering,
texture generationandstyle transfer Our methoddoesnot

Fig. 4. Inputimage(left) andinferredimage(MAP)(right).

requireto manuallyor explicitly specifythetype of taskre-
quired,but it allows to employ examplesfor this purpose.
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