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Abstract

Whenwe take apicturethroughawindow theimagewe ob-
tainis oftenalinearsuperpositiorof two images:theimage
of thescenebeyondthewindow plustheimageof thescene
re ectedby thewindow. Decomposinghesingleinputim-
ageinto two imagesis a massvely ill-posed problem: in
the absencef additionalknowledgeaboutthe scenebeing

viewedthereis anin nite numberof valid decompositions.

In this paperwe describean algorithmthat usesan ex-
tremelysimpleform of prior knowledgeto performthe de-
composition.Given a singleimageasinput, the algorithm
searchefor adecompositiorinto two imageghatminimize
the total amountof edgesand corners. The searchis per

formedusing belief propagatioron a patchrepresentation

of theimage.We show thatthis simpleprior is surprisingly
powerful: our algorithm obtains“correct” separationon
challenginge ection scenesisingonly asingleimage.

1 Intr oduction

Whenwe view ascenghroughtransparenglasstheresult-
ing imageis often similar to the one shawn in the top of
gure 1. Theimageis alinearsuperpositiorof two images:
thefaceandthere ection of abookshelf.Perceptuallythis
inputimageis decomposeithto two transparentayers.Can
we geta computervision algorithmto nd this decomposi-
tion?

Mathematically the problem can be posedas follows.
We aregivenanimage andwishto nd two layers

suchthat:

@)

This problemis obviously ill-posed: therearetwice as
mary variablesas thereare equations. In the absenceof
additionalprior knowledgethereareanin nite numberof
possibledecompositionsi-igurel shav a numberof possi-
ble decompositionsAll of themsatisfyequationl. In order
to choosethe “correct” decompositionye needadditional
assumptions.
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Figurel: (a) Originalinputimage(constructedby summing
the two imagesin b). (b) the correctdecomposition.(c)-
(g9) alternatve possibledecompositions.Why shouldthe
decompositionn (b) befavored?

Onesourceof additionalassumptionss the useof mul-
tiple inputimages In [3, 10] two photograph®f the same
sceneweretakenwith a differentpolarizing Iter. The I-
ter attenuateshere ection in differentamountsandby us-
ing ICA onthetwo inputimagesit possibleto decompose
theimages.In [12, 6, 15] a movie sequencés analyzedn
whichthere ection andthe non-re ectedimageshave dif-
ferentmotions. By analyzingthe movie sequencethe two
layerscanberecovered.

But humanscan decomposethis input from a single
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Figure2: An inputimageandsomedecompositions

frame On the relatedproblemof separatingshadingand
re ectanceimpressve resultshave beenobtainedusing a
singleimage[13, 4]. Theseapproachemalke useof thefact
thatedgesdueto shadingandedgesdueto re ectancehave

differentstatisticye.g. shadingedgegendto bemonochro-
matic). Unfortunately in the caseof re ections, the two

layershave the samestatistics,so the approachesisedfor

shadingandre ectancearenotdirectly applicable.

One might think that in orderto correctly decompose
suchimagesanalgorithmwould needto know aboutfaces
and bookcases.The “bad” decompositiongontainhalf a
faceandhalf abookcaseAn algorithmthatpossessesuch
high level knowledgewould know to preferthe good de-
composition.But canthe “right” decompositiorbe favored
without suchhigh-level knowledge?

In this paperwe presentan algorithmthat can decom-
posere ectionsimageausinga singleinputimage andwith-
out ary high level knowledge. The algorithmis basedon a
very simple costfunction: it favors decompositionsvhich
have a small numberof edgesand corners. Surprisingly
this simple costfunction givesthe “right” decompositions
for challengingrealimages:

2 Transparency, edgesand corners

To motivatethe useof edgesandcorners considerthe sim-

ple imagein gure 2(a). The inputimagecanbe decom-
posednto anin nite numberof possibletwo layerdecom-
positions. Figure 2(b-e) shav somepossibledecomposi-
tionsincludingthedecompositiorinto two squaregtheper

ceptually“correct” decomposition).

1An earlierversionof this work appearedh [7]

Why should the “correct” decompositionbe favored?
Onereasonis that out of the decompositionshawn in the
gure, it minimizesthetotal numberof edgesandcorners.
Theoriginalimagehas corners: from eachsquareand
two “spurious” cornerscausedy the superpositiorof the
two images.Whenwe separatehe imageinto two squares
we getrid of thetwo spuriouscornersandareleft only with
eight corners. The decompositiorshovn in the third row
increaseghe numberof corners(it has  corners)while
the bottom decompositiorhas cornersbut increaseghe
numberof edges.

How canwe translatethe preferencdor a smallnumber
of edgesandcornersinto costfunction? We needto make
two decisions(1) what operatorgo usefor edgeand cor-
ner detectorsand (2) what mathematicaform to give the
cost. Thereis obviously a tremendousmountof literature
in computervision on how to nd edgesand cornersand
ourgoalin thiswork is notto devisesophisticatedetectors.
For syntheticimages,we found that very simple operators
work well: we usedthegradientmagnitude asan
edgeoperatoranda Harris-like operator asacorner
operator:

@)

For the cost function, we simply use the negative log
probability of theseoperatoron naturalimages.Sincethe
histogramof theseoperatorscanbe t with a generalized
Gaussiardistribution this leadsto the
following costfunctionfor asinglelayer:

3)

with . Thevaluesare obtained
from the histogramsof the operatorsn naturalimagesand
wereshawn to be critical for the successfutlecomposition
[7].

The costof atwo layerdecompositioris simply thesum
of the costsfor eachlayerseparately:

Whenwe evaluatethis simple cost (equation3) on the
possibledecomposition®f the two squareq gure 2) we
indeed nd thatit favors the “correct” decompositiorout
of the onesshovn. Thesedecompositionsre, of course,
justa handfulout of anin nite humberof possibledecom-
positions. We can also considera one dimensionalfam-
ily of solutions. We de ned the image of a sin-
gle white squarein the samelocation asthe bottom right
squarein gure 2(a). We considereadlecompositionsf the
form , and evaluatedthe cost
for differentvaluesof . Figure3 shaws theresultingone



dimensionafunction. Indeedthe minimumin this onedi-
mensionakubspacef solutionis obtainedat the “correct”
solution.

In realimages.however, the storyis morecomplicated.
Detectingedgedy edgemagnitudeandcornerswith asim-
ple Harris detector givesresponse mary seemingly at
regionsof theimage.As aresult,whenwe applythesimple
costfunctionto realimagesjt doesnot favor the “correct”
decompositior{see gure 3). The minimum s obtainedat

indicatingthat a onelayer solutionis favored over
the“correct” decomposition.

We have found, however, thata small modi cation can
x this problem. Insteadof measuringgradientsand Har-
ris operatorson the two layers,we rst apply a nonlinear
smoothingseparateljto eachlayer and then apply equa-
tion 3 to the smoothedayers. Theintuition for this is that
we wantour edgeandcorneroperatordo returnzeroin re-
gionsthat are nearly uniform. Sinceanisotropicdiffusion
transformghe nearlyuniform regionsinto uniform ones,it
greatlyreduceshe numberof spurious‘edges”and “cor-
ners”foundby thegradientandHarris operators.

Thusour costfunctionfor asinglelayeris now:

(4)

where is the layer after applying anisotropicdiffu-
sion[9]. The cornernes®perator is alsoslightly
modi ed from equation3 andis givenin theappendix.

Figure3 shavsthatoncewe usethe modi ed costfunc-
tion (equatiord) the “correct” decompositions indeedfa-
voredin the onedimensionakubspaceNow, the minimum
is obtainedwith

3 Optimization

In gure 3 we sav that the minimum of the cost func-
tion (equatiord) in aonedimensionakubspacés obtained
at the “correct” decomposition. What we really want, of
coursejsto nd theminimumoutof all possibledecompo-
sitions How canwe searclthis hugespace?

Oneoptionis to useacontinuouoptimizationalgorithm
suchasgradientdescenbn equatiord. Note however, that
equationd is highly nonlinear: not only arethe edgeand
corneroperatorsionlinearbut they alsooperateonthenon-
linearly smoothedmage . We thereforeuseanalternatve
approachwherebythe problemis rst discretizedusing a
databasef naturalimagepatchesWethenuseloopy belief
propagatiorto optimizethe costfunction over the discrete
possiblevalues.
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Figure3: Testinga onedimensionakubspacef solutions.
Top: For the two squaresstimulusthe simple cost
givesa minimum at the preferreddecomposition Middle:
For therealimage,the simplecost givesa minimum
ataonelayersolution. Bottom: For therealimage,apply-
ing the costto nonlinearlysmoothedayers( ) givesa
minimumat the preferreddecomposition.

3.1 Discretization using a natural images
database

Insteadof optimizingoverthein nite spaceof possiblede-
compositionswe discretizedthe problemby dividing the
imageinto small overlappingpatchesandrestrictthe
searchto  possibledecompositiongor eachpatch. The
use of a patchrepresentatiorwas motivated by the suc-
cessof this approachin a numberof recentvision applica-
tions[5, 2]. These decompositionarede nedby search-
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Figure4: Optimizationby discretizationinto patches.For

eachinput patchwe searcha databasef photographdor

pairsof similar patchesand usetheseto de ne a discrete
optimizationproblem.

ing a databasef naturalimagesfor pairs of patchesthat
approximatelysumto the input patch(see gure 4). The
databasef patchesaresimply all patchexontainedn two
family photographsThis givesroughly ~ patches.
Theuseof suchalargedatabasef patchesaisesserious
computationaissues. For every patchin theimage we
needto nd apairof patches suchthat
Actually, to reducethe effectsof patchcontrastwe search
for a pair of patches (thatis, we allow
eachpatchto changets contraseandignoretheoverall DC).
A naive way of performingthis searchis to searctall
possiblepairsof patchedut thiswill beincrediblyslow.
To speedup the searchwe make useof the spaisity of
derivative lters on naturalimages[11, 16]. We represent
eachpatchin thedatabaséy the outputof derivative lters
on thatpatch. Sincederivative lters tendto be sparsewe
would expecthigh Iter outputsin  to still be presentin
(becausenostlikely,  will nothavehigh lter
outputsin exactlythesamedocation).Usingthisinsight,we

can nd candidates by searchingonly patchesand
then by performinga secondsearchof patchedor
. Thusthesearchmow requires operations

ratherthan

We use this techniqueto nd the  bestcandidates
for andthisyieldsasetof possibledecompositions
for the input patch. , .
Where and is apatchin the database.
Figure5 shavs sometypical decompositions.
Theproblemwith thelistof ~ decompositionsbtained
aboveis thatit will veryrarelyinclude“one layer” decom-
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Figure5: Local patcheslecomposition(a) inputimagere-
gion. (b), (c) a possibletwo patcheslecomposition.

positions:i.e. decompositionsf theform . This
is dueto two reasonsFirst, a singlepatchsimilarto may
notbefoundin thedatabasd containscomplex structure
(e.g. the“T” junctionin the middle of gure 5). Second,
evenwhenasimilar patchis in thedatabasegnecanalways
obtainabetter t with two patchegatherthanone(e.g.the
edgein thebottomof gure 5).

Thereforefor eachof the10decompositions
obtainedfrom the databaseye alsoconsiderthedecompo-
sition suchthat and isa
zeropatch.Thisyields possibledecompositionfor each
inputpatch.Finally for eachdecomposition weadd
thesymmetricdecomposition toobtain  possible
decomposition$or eachinput patch.
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Figure 6: Testing different decompositionswithin the
patchesearchspace(a) Thepatchfrom thedatabasenost
similarto theoriginal layeris chosenn eachlayer. (b) The
patchfrom thedatamostsimilarto theinput (sum)imageis
chosenn layer1, anda zeropatchin layer2. (c) Themost
similar patchis chosenput alongtheshehesedge thelay-
erswhere ipped. (d) Themostsimilar patchis chosenput
alongtheverticalshehesedge thelayerswhere ipped.

3.2 Belief Propagationon Patches

By using the patch discretizationwe reducedthe space
of possibledecompositiondut we still have a hugenum-
ber () of possibledecompositions. Figure 6 shawvs
a numberof thesedecompositionglong with their costs.
While the“correct” decompositiorindeedhasminimal cost
amongthe onesshavn, we needan algorithmthatcan nd
it.

In orderto nd the most probabledecompositionwe
follow [5] and use max-productbelief propagationon the
patchrepresentationWe de ne a two dimensionalgrid in
which eachnodecorrespondso a patchin theimageandis
connectedo four othernodescorrespondindgo neighboring
patches.To useBP we maximizea “probability” which is
inverselyrelatedto the cost:

Where
cation .

Sincethecostcanbesimpli ed into asumof local costs,
the “probability” is a productof local “probabilities”. We
usethis to rewrite the probabilityas:

denoteghetwo patcheshoseratlo-

()

Thelocal potential is de ned by:

(6)
with givenby equatiord.

Similar to previous usesof BP using a patchrepresen-
tation [5] we usepairwisepotentialsbetweenpatcheghat
require neighboringpatchesto agreeon the pixelsin the
overlapregion.

Sinceequation6 is completelysymmetricin and

we breakthe symmetryby choosinga singlelocation
andrequiringthat  in thatlocationbethe zeropatch.We
choosehis locationautomaticallyby nding a patchin the
inputimagethatis similar to a straightedge.

We found that max product BP when appliedto the
full image often failed to corverge. In orderto nd an
updateorder for which the algorithm corverged, we ran-
domly dividedtheinputimageinto alist of orderedsubim-
agesandranBP for a x ed numberof iterationswithin the

rst subimage.We then x edthe messagewithin the rst

subimageand proceededo run BP on the secondsubim-
age.We continueghis procesauntil BP hadbeenrunonall

subimagesWe repeatedhis procesgor differentdivi-

sionsof theimageinto subimagesndchoseasthe output
of thealgorithm,theresultthathadthelowestcost.

4 Results

The belief propagationalgorithm outputs two patches
for every patchin theinputimagethatis most
“probable”givenequatiorb. In orderto piecethesepatches
togetherinto two outputimageswe needto take into ac-
countthe fact that eachpatchis only de ned up to an ar
bitrary DC level. To reconstructayer we take from each
patch its gradientsandbuild a gradienteld for layer
. We thensearchfor animage whosegradientsmin-
imizethe  norm from the gradient eld. We repeatthe
procesdor layer . Foralocation for which BPindicated
that we setthe gradientsof layer to be zero
andthe gradientsof layer to bethe gradientof theinput
image.As we discusshelow, by copying gradientsof layer
from the original image,we are able to outputtextured
layerseventhoughthe costis calculatecon anisotropically
smoothedayers.

Figure7 shavs the outputof our algorithmon a number
of inputimages.For the purposeof testingour model, the
topimagewasgeneratedyntheticallyby summingtwo real
images.Thebottomthreeimagesarephotographsf scenes
with transpareng The sameparametersvere usedfor all
the images. The algorithmreceied asinput a single im-
age. Eventhoughthe algorithmknows nothingaboutfaces,
bookcasegjollsor computersit nds the“correct” decom-
positionsby minimizing thenumberof edgesandcorners.
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Figure7: Resultsof ouralgorithm. Thealgorithmrecevesa singleimageasinput andoutputstwo layersasoutputby mini-
mizing thetotal numberof edgesandcorners.Eventhoughit hasno high level knowledgeandis searchinganexponentially
large numberof possibledecompositionsgt nds a“perceptuallycorrect”decomposition.
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Figure8: Imageswithouttransparengarenot separatetyy
thealgorithm,eventhoughall the parameterarethe same.
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Figure 9: Importanceof minimizing edgesand cornersto
obtainthecorrectresults.Decompositiomesultswhenlocal
potentialsareignored.

Sincethe costis calculatedon anisotropicallysmoothed
layersit ignoressmall gradientsthataredueto texture. In
otherwords,smalltexture gradientscanbe assignedo ary
layer without ary changein the cost. Our reconstruction
process,however, prefersto put all small gradientsin a
patchin a singlelayer Thusin the picture of the man's
backseenthrougha window, boththe backandthere ec-
tion containedsmallgradientsout in the outputof our algo-
rithm all the smallgradientsvereassignedo there ection
layerandthe man's backappearsrti cially smooth.

Figure 8 shavs the outputon animagewithout re ec-
tions. Therearestill mary possibledecompositionsf this
image,andeventhoughthe sameparametersre used,the
algorithmdecidednot to breakthe imageinto two layers,
sincealower costis obtainedwith aonelayersolution.

How importantis thecostfunction in gettingthese
results?Whenwe setthe local potentialsto be uniformin
the graphicalmodel(i.e. we completelyignore the mini-
mization of edgesand corners)andrun BP as before,the
resultis determinedby the pairwise agreementbetween
patchesWithouttheminimizationof edgesandcornersBP
always nds onelayersolutions:apparentlythesehave the
highestagreementn the overlap betweenpatches.When
we arti cially remove the onelayer decompositiongrom
therangeof possibledecompositiongby removing the
candidatepatcheghat correspondo onelayer decomposi-
tions from the discretization)we still obtainsolutionsthat
are quite wrong (see gure 9). Thusit really is the min-
imization of edgesand cornersthat allow usto obtainthe
“correct” decompositionasshovnin gure 7.
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Figure 10: Failure of our decompositioralgorithm. (a,b)

two imagesfor which our algorithmprefersaonelayerde-

composition.(c) asynthetiamageformedby summingtwo

realimages.Our algorithmoutputsthe wrong decomposi-
tionin (d,e)eventhoughthe costpreferstheright decompo-
sition. (f) Zoominginto ax-junctionontheforeheadandits

expecteddecompositior(g). (h) The 10 candidatedecom-
positionfound by databaseearch.None of themseemto

be“good”.

5 Discussion

The problemof separatinge ections from a singleimage
is massvely ill-posed: we aregivenoneimageasinputand
needto generatewo imagesas output. One might think
that very high level prior knowledgeis neededo perform
thistask.In this papemwe have shovn thatvery simplelow-
level knowledge: thatedgesandcornersarerare,cangive
surprisinglygooddecompositionsn mary realimages.

Our currentapproachs only a rst steptowardssepa-
rating arbitraryre ection imagesfrom a singleimage. Our
algorithmoftenfails to separatee ections correctly even
whenthecorrectdecompositiolis perceptuallyobvious(e.g
for theinputimagesn gures 10(a-b),ouralgorithmprefers
aonelayerdecomposition).

To gainunderstandingnto the sourcesof thesefailures
we constructedhe syntheticimagein gure 10(c) by sum-
ming two real images. We examineda one dimensional
family of solutionsandfound that the correctdecomposi-



tion is indeedfavoredby our cost. Neverthelesswhenwe
run our algorithm on this input image, we obtain the de-
compositionshavn in gure 10(d-e). This decomposition
hasworsecostcomparedo the correctone.

Why doesour optimizationalgorithmfail? In this case,
the discretizationseemgo be at fault. Figure10showvs an
“X” junctionontheforeheadandthedesireddecomposition.
Thecandidatesoundby our databassearchdo notinclude
thedecompositionin futurework we will experimentwith
otherwaysto nd candidatedlecompositiongperhapssimi-
lar to the approachusedin [14]. Evenwhencorrectcandi-
datesexist, the discreteoptimizationis so dif cult thatBP
mayfail to nd thebestone.In futurework we will explore
alternatve optimizationtechniquesuchasgraphcuts[1].

We were surprisedwith the power of the simple low-
level prior we are using. We are optimistic that more so-
phisticatedocal featuresmay enableseparatinge ections
from arbitraryimages.

6 Appendix: implementation details

For the anisotropicdiffusion we usedMalik and Peronas
algorithmwith (imagegraylevelswerein ).
We measureaornernes$y dividing thedeterminanf the
Harris matrix (equation3) by its trace. The gradientsused
in the Harris matrix had magnitudebasedon the gradients
of theanisotropicallysmoothedayersbut their orientations
weredeterminedy anisotropicallysmoothingthe orienta-
tions of the original image and not the orientationof the
gradientdn thediffusedlayers.

To nd candidatepatches
databaséor the patches minimizing

where is a collection of directional Iters
at differentlocations orientationsandphaseg8]2. For ary
candidatgpatch theoptimalcontrast wasfoundby min-
imizing this expression.

The pairwisepotentialgn thegraphicaimodelto enforce
consisteng wassetto zeroif theaverage distancgafter
accountingor DC differenceshetweerthetwo patchesn
the overlapregion wasgreaterthan  gray valuesandit
wassetto if thetwo patchesagreeccompletely For inter-
mediatdevels of agreementhe potentialsvariedsmoothly
We increasedhethresholdsothatfor ary two neighboring
locations atleast of the pairshave nonzergpotentials.

we searchedhe
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