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Abstract

Whenwetakeapicturethroughawindow theimageweob-
tainis oftenalinearsuperpositionof two images:theimage
of thescenebeyondthewindow plustheimageof thescene
re�ectedby thewindow. Decomposingthesingleinput im-
ageinto two imagesis a massively ill-posed problem: in
theabsenceof additionalknowledgeaboutthescenebeing
viewedthereis anin�nite numberof valid decompositions.

In this paperwe describean algorithmthat usesan ex-
tremelysimpleform of prior knowledgeto performthede-
composition.Givena singleimageasinput, thealgorithm
searchesfor adecompositioninto two imagesthatminimize
the total amountof edgesandcorners. The searchis per-
formedusingbelief propagationon a patchrepresentation
of theimage.We show thatthis simpleprior is surprisingly
powerful: our algorithm obtains“correct” separationson
challengingre�ection scenesusingonly a singleimage.

1 Intr oduction

Whenweview ascenethroughtransparentglass,theresult-
ing imageis often similar to the oneshown in the top of
�gure 1. Theimageis a linearsuperpositionof two images:
thefaceandthere�ection of abookshelf.Perceptually, this
input imageis decomposedinto two transparentlayers.Can
we geta computervisionalgorithmto �nd this decomposi-
tion?

Mathematically, the problemcan be posedas follows.
We aregivenan image �������
	�� andwish to �nd two layers

��
������ suchthat:

�������
	������



������	������
�

�����
	�� (1)

This problemis obviously ill-posed: therearetwice as
many variablesas thereare equations. In the absenceof
additionalprior knowledgetherearean in�nite numberof
possibledecompositions.Figure1 show anumberof possi-
bledecompositions.All of themsatisfyequation1. In order
to choosethe“correct” decomposition,we needadditional
assumptions.

(a)

(b) (c)

(d) (e)

(f) (g)

Figure1: (a)Original inputimage(constructedby summing
the two imagesin b). (b) the correctdecomposition.(c)-
(g) alternative possibledecompositions.Why shouldthe
decompositionin (b) befavored?

Onesourceof additionalassumptionsis theuseof mul-
tiple input images. In [3, 10] two photographsof thesame
sceneweretakenwith a differentpolarizing�lter . The �l-
ter attenuatesthere�ection in differentamountsandby us-
ing ICA on the two input imagesit possibleto decompose
the images.In [12, 6, 15] a movie sequenceis analyzedin
which there�ection andthenon-re�ectedimageshave dif-
ferentmotions.By analyzingthemovie sequence,the two
layerscanberecovered.

But humanscan decomposethis input from a single
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(a)

(b) (c)

(d) (e)

Figure2: An input imageandsomedecompositions

frame. On the relatedproblemof separatingshadingand
re�ectanceimpressive resultshave beenobtainedusing a
singleimage[13, 4]. Theseapproachesmakeuseof thefact
thatedgesdueto shadingandedgesdueto re�ectancehave
differentstatistics(e.g.shadingedgestendto bemonochro-
matic). Unfortunately, in the caseof re�ections, the two
layershave the samestatistics,so the approachesusedfor
shadingandre�ectancearenotdirectly applicable.

One might think that in order to correctly decompose
suchimages,analgorithmwould needto know aboutfaces
andbookcases.The “bad” decompositionscontainhalf a
faceandhalf abookcase.An algorithmthatpossessedsuch
high level knowledgewould know to prefer the goodde-
composition.But canthe“right” decompositionbefavored
withoutsuchhigh-level knowledge?

In this paperwe presentan algorithmthat candecom-
posere�ectionsimagesusinga singleinputimageandwith-
out any high level knowledge.Thealgorithmis basedon a
very simplecostfunction: it favors decompositionswhich
have a small numberof edgesand corners. Surprisingly,
this simplecost function givesthe “right” decompositions
for challengingrealimages.1

2 Transparency, edgesand corners

To motivatetheuseof edgesandcorners,considerthesim-
ple imagein �gure 2(a). The input imagecanbe decom-
posedinto anin�nite numberof possibletwo layerdecom-
positions. Figure 2(b-e) show somepossibledecomposi-
tionsincludingthedecompositioninto two squares(theper-
ceptually“correct” decomposition).

1An earlierversionof this work appearedin [7]

Why should the “correct” decompositionbe favored?
Onereasonis thatout of thedecompositionsshown in the
�gure, it minimizesthetotal numberof edgesandcorners.
Theoriginal imagehas ��� corners:� from eachsquareand
two “spurious” cornerscausedby the superpositionof the
two images.Whenwe separatetheimageinto two squares
wegetrid of thetwo spuriouscornersandareleft only with
eight corners. The decompositionshown in the third row
increasesthe numberof corners(it has ��� corners)while
the bottomdecompositionhas  cornersbut increasesthe
numberof edges.

How canwe translatethepreferencefor a smallnumber
of edgesandcornersinto costfunction? We needto make
two decisions(1) what operatorsto usefor edgeandcor-
ner detectorsand (2) what mathematicalform to give the
cost. Thereis obviously a tremendousamountof literature
in computervision on how to �nd edgesandcornersand
ourgoalin thiswork is notto devisesophisticateddetectors.
For syntheticimages,we found that very simpleoperators
work well: weusedthegradientmagnitude! "#�������
	���! asan
edgeoperatoranda Harris-like operator$%�����
	�� asa corner
operator:&('*)
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For the cost function, we simply use the negative log
probabilityof theseoperatorson naturalimages.Sincethe
histogramof theseoperatorscanbe �t with a generalized
Gaussiandistribution G�H��BI5�KJML8NPO QAO R%SDT this leadsto the
following costfunctionfor asinglelayer:

$�U%V�W�
3���X���

: Y3Z [

! "\�]������	���! ^#�`_�$%�����
	ba��A�.c (3)

with de�f��gihX��jk�f��gml3n��
_K�o�(n . Thevaluesareobtained
from thehistogramsof theoperatorsin naturalimagesand
wereshown to becritical for thesuccessfuldecomposition
[7].

Thecostof a two layerdecompositionis simply thesum
of thecostsfor eachlayerseparately:

$�U%V�W�
%����
%����������$�U%V�W�
p���(
����q$�U%V�W�
p�;�����

Whenwe evaluatethis simplecost (equation3) on the
possibledecompositionsof the two squares(�gure 2) we
indeed�nd that it favors the “correct” decompositionout
of the onesshown. Thesedecompositionsare,of course,
just a handfulout of anin�nite numberof possibledecom-
positions. We can also considera one dimensionalfam-
ily of solutions. We de�ned VA�����
	�� the imageof a sin-
gle white squarein the samelocationas the bottom right
squarein �gure 2(a). We considereddecompositionsof the
form �(
`�srtV8������	�� , ���u�v�xw���
 and evaluatedthe cost
for differentvaluesof r . Figure3 shows the resultingone
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dimensionalfunction. Indeedtheminimumin this onedi-
mensionalsubspaceof solutionis obtainedat the“correct”
solution.

In real images,however, thestory is morecomplicated.
Detectingedgesby edgemagnitudeandcornerswith asim-
ple Harrisdetector, givesresponsesin many seemingly�at
regionsof theimage.As aresult,whenweapplythesimple
costfunctionto real images,it doesnot favor the“correct”
decomposition(see�gure 3). Theminimumis obtainedat

re�y� indicatingthat a onelayer solutionis favoredover
the“correct” decomposition.

We have found, however, that a small modi�cation can
�x this problem. Insteadof measuringgradientsandHar-
ris operatorson the two layers,we �rst apply a nonlinear
smoothingseparatelyto eachlayer and then apply equa-
tion 3 to thesmoothedlayers. The intuition for this is that
we wantour edgeandcorneroperatorsto returnzeroin re-
gionsthat arenearlyuniform. Sinceanisotropicdiffusion
transformsthenearlyuniform regionsinto uniform ones,it
greatlyreducesthe numberof spurious“edges”and“cor-
ners”foundby thegradientandHarrisoperators.

Thusourcostfunctionfor asinglelayeris now:

$�U%V�W
�

���X���

: Y3Z [

! "{z �]������	���!
^

�`_�$
�

�����
	ba�z �X�
c (4)

where z� is the layer after applying anisotropicdiffu-
sion [9]. The cornernessoperator$��3�����
	�� is alsoslightly
modi�ed from equation3 andis givenin theappendix.

Figure3 showsthatoncewe usethemodi�ed costfunc-
tion (equation4) the “correct” decompositionis indeedfa-
voredin theonedimensionalsubspace.Now, theminimum
is obtainedwith rx�|� .

3 Optimization

In �gure 3 we saw that the minimum of the cost func-
tion (equation4) in a onedimensionalsubspaceis obtained
at the “correct” decomposition.What we really want, of
course,is to �nd theminimumoutof all possibledecompo-
sitions. How canwesearchthis hugespace?

Oneoptionis to useacontinuousoptimizationalgorithm
suchasgradientdescenton equation4. Notehowever, that
equation4 is highly nonlinear: not only are the edgeand
corneroperatorsnonlinearbut they alsooperateonthenon-
linearly smoothedimage z

� . We thereforeuseanalternative
approachwherebythe problemis �rst discretizedusinga
databaseof naturalimagepatches.Wethenuseloopy belief
propagationto optimizethecostfunctionover thediscrete
possiblevalues.
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Figure3: Testinga onedimensionalsubspaceof solutions.
Top: For the two squaresstimulusthe simple cost $�U%V�WD


givesa minimumat thepreferreddecomposition.Middle:
For thereal image,thesimplecost $�U%V�WD
 givesa minimum
at a onelayersolution.Bottom: For thereal image,apply-
ing thecostto nonlinearlysmoothedlayers( $�U%V�W�� ) givesa
minimumat thepreferreddecomposition.

3.1 Discretization using a natural images
database

Insteadof optimizingover thein�nite spaceof possiblede-
compositionswe discretizedthe problemby dividing the
imageinto small h#}~h overlappingpatchesandrestrictthe
searchto l%� possibledecompositionsfor eachpatch. The
use of a patch representationwas motivatedby the suc-
cessof this approachin a numberof recentvision applica-
tions[5, 2]. Thesel3� decompositionsarede�nedby search-
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Figure4: Optimizationby discretizationinto patches.For
eachinput patchwe searcha databaseof photographsfor
pairsof similar patchesandusetheseto de�ne a discrete
optimizationproblem.

ing a databaseof naturalimagesfor pairs of patchesthat
approximatelysumto the input patch(see�gure 4). The
databaseof patchesaresimply all patchescontainedin two
family photographs.This givesroughly �(�A• patches.

Theuseof suchalargedatabaseof patchesraisesserious
computationalissues. For every patchin the image € we
needto �nd apairof patches�i€t
p�;€]�(� suchthat €‚•`€5
��ƒ€�� .
Actually, to reducethe effectsof patchcontrastwe search
for a pair of patches€~•„d]€5
…�qj�€��†�qr (that is, we allow
eachpatchto changeits contrastandignoretheoverallDC).
A naivewayof performingthissearchis to searchall ���X•…}

���3• possiblepairsof patchesbut thiswill beincrediblyslow.
To speedup the searchwe make useof the sparsity of

derivative �lters on naturalimages[11, 16]. We represent
eachpatchin thedatabaseby theoutputof derivative�lters
on thatpatch.Sincederivative �lters tendto besparse,we
would expecthigh �lter outputsin €t
 to still be presentin

€‡��€b
8�ˆ€]� (becausemostlikely, €�� will nothavehigh�lter
outputsin exactly thesamelocation).Usingthis insight,we
can�nd candidates€5
 by searchingonly ���A• patchesand
then €�� by performinga secondsearchof �(�A• patchesfor

€‰wŠ€b
 . Thusthesearchnow requires‹Œ�;l•}Œ�(�A•�� operations
ratherthan ‹Œ�Ž���

•

}•���

•

� .
We use this techniqueto �nd the ��� best candidates

for €

 andthis yields a setof ��� possibledecompositions

•

�i€�‘




��€�‘

�

�E’ for the input patch. €`•“€�‘




�•€]‘

�

, ”=�o�3��g•g•g–����� .
Where€�‘

—

�™˜

‘5š‰›

‘

—

�•œ

‘

and
›

‘

— is a patchin thedatabase.
Figure5 showssometypicaldecompositions.

Theproblemwith thelist of �(� decompositionsobtained
above is that it will very rarely include“one layer” decom-

(a) (b) (c)

Figure5: Localpatchesdecomposition:(a) input imagere-
gion. (b), (c) a possibletwo patchesdecomposition.

positions:i.e. decompositionsof theform €ž�u€Œ�q� . This
is dueto two reasons.First,a singlepatchsimilar to € may
notbefoundin thedatabaseif € containscomplex structure
(e.g. the “T” junction in the middle of �gure 5). Second,
evenwhenasimilarpatchis in thedatabase,onecanalways
obtaina better�t with two patchesratherthanone(e.g. the
edgein thebottomof �gure 5).

Therefore,for eachof the10decompositions€Ÿ• €5‘




�‰€]‘

�

obtainedfrom thedatabase,we alsoconsiderthedecompo-
sition €~•¢¡ €]‘




�f¡ €�‘

�

suchthat ¡€]‘




�u€�‘




�K€]‘

�

and ¡€�‘

�¤£

� is a
zeropatch.Thisyields l3� possibledecompositionsfor each
inputpatch.Finally for eachdecomposition�i€



�;€

�
� weadd

thesymmetricdecomposition�i€b�%�;€b
�� to obtain �8� possible
decompositionsfor eachinput patch.
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cost=7,470 cost=8,573
(a) (b)

cost=8,611 cost=8,113
(c) (d)

Figure 6: Testing different decompositionswithin the
patchessearchspace.(a)Thepatchfrom thedatabasemost
similar to theoriginal layeris chosenin eachlayer. (b) The
patchfrom thedatamostsimilar to theinput (sum)imageis
chosenin layer1, anda zeropatchin layer2. (c) Themost
similarpatchis chosen,but alongtheshelvesedge,thelay-
erswhere�ipped. (d) Themostsimilarpatchis chosen,but
alongtheverticalshelvesedge,thelayerswhere�ipped.

3.2 Belief Propagationon Patches

By using the patch discretizationwe reducedthe space
of possibledecompositionsbut we still have a hugenum-
ber ( �8�8¥ ) of possibledecompositions. Figure 6 shows
a numberof thesedecompositionsalong with their costs.
While the“correct” decompositionindeedhasminimalcost
amongtheonesshown, we needanalgorithmthatcan�nd
it.

In order to �nd the most probabledecomposition,we
follow [5] andusemax-productbelief propagationon the
patchrepresentation.We de�ne a two dimensionalgrid in
whicheachnodecorrespondsto a patchin theimageandis
connectedto four othernodescorrespondingto neighboring
patches.To useBP we maximizea “probability” which is
inverselyrelatedto thecost:

G�H(���
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Where �i€5
p��´p����€��8��´p��� denotesthetwo patcheschosenat lo-
cation ´ .

Sincethecostcanbesimpli�ed into asumof localcosts,
the “probability” is a productof local “probabilities”. We
usethis to rewrite theprobabilityas:
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(6)
with $�U%V�W
�3�i€b� givenby equation4.

Similar to previous usesof BP usinga patchrepresen-
tation [5] we usepairwisepotentialsbetweenpatchesthat
requireneighboringpatchesto agreeon the pixels in the
overlapregion.

Sinceequation6 is completelysymmetricin
•

€




’ and
•

€

�

’ we breakthesymmetryby choosinga singlelocation
andrequiringthat € 
 in that locationbethezeropatch.We
choosethis locationautomaticallyby �nding a patchin the
input imagethatis similar to a straightedge.

We found that max product BP when applied to the
full image often failed to converge. In order to �nd an
updateorder for which the algorithm converged,we ran-
domlydividedtheinput imageinto a list of orderedsubim-
agesandranBP for a �x ednumberof iterationswithin the
�rst subimage.We then�x edthemessageswithin the �rst
subimageandproceededto run BP on the secondsubim-
age.We continuesthisprocessuntil BPhadbeenrunonall
subimages.We repeatedthis processfor �(�3� differentdivi-
sionsof the imageinto subimagesandchoseastheoutput
of thealgorithm,theresultthathadthelowestcost.

4 Results

The belief propagationalgorithm outputs two patches
€



��´%�E�;€

�
��´%� for every patchin theinput imagethat is most

“probable”givenequation6. In orderto piecethesepatches
togetherinto two output imageswe needto take into ac-
count the fact that eachpatchis only de�ned up to an ar-
bitrary DC level. To reconstructlayer � we take from each
patch€b
%��´%� its gradientsandbuild a gradient�eld for layer

� . We thensearchfor an image ��
 whosegradientsmin-
imize the Í†
 norm from the gradient�eld. We repeatthe
processfor layer l . For a location ´ for whichBP indicated
that €



��´p�x�Î� we set the gradientsof layer � to be zero

andthegradientsof layer l to bethegradientsof the input
image.As we discussbelow, by copying gradientsof layer

l from the original image,we areable to output textured
layerseventhoughthecostis calculatedon anisotropically
smoothedlayers.

Figure7 shows theoutputof our algorithmona number
of input images.For thepurposeof testingour model,the
topimagewasgeneratedsyntheticallyby summingtwo real
images.Thebottomthreeimagesarephotographsof scenes
with transparency. The sameparameterswereusedfor all
the images. The algorithmreceived as input a single im-
age. Eventhoughthealgorithmknowsnothingaboutfaces,
bookcases,dollsor computers,it �nds the“correct” decom-
positionsby minimizing thenumberof edgesandcorners.
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Input Output �(
 Output ���

Figure7: Resultsof ouralgorithm.Thealgorithmreceivesasingleimageasinputandoutputstwo layersasoutputby mini-
mizing thetotalnumberof edgesandcorners.Eventhoughit hasnohigh level knowledgeandis searchinganexponentially
largenumberof possibledecompositions,it �nds a “perceptuallycorrect”decomposition.
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Input Output ��
 Output ���

Figure8: Imageswithout transparency arenot separatedby
thealgorithm,eventhoughall theparametersarethesame.

(a) (b) (c)

Figure9: Importanceof minimizing edgesandcornersto
obtainthecorrectresults.Decompositionresultswhenlocal
potentialsareignored.

Sincethecostis calculatedon anisotropicallysmoothed
layersit ignoressmall gradientsthataredueto texture. In
otherwords,small texturegradientscanbeassignedto any
layer without any changein the cost. Our reconstruction
process,however, prefersto put all small gradientsin a
patchin a single layer. Thus in the picture of the man's
backseenthrougha window, both thebackandthere�ec-
tion containedsmallgradientsbut in theoutputof ouralgo-
rithm all thesmallgradientswereassignedto there�ection
layerandtheman'sbackappearsarti�cially smooth.

Figure8 shows the outputon an imagewithout re�ec-
tions. Therearestill many possibledecompositionsof this
image,andeventhoughthesameparametersareused,the
algorithmdecidednot to breakthe imageinto two layers,
sincea lowercostis obtainedwith aonelayersolution.

How importantis thecostfunction $�U%V�W
� in gettingthese
results?Whenwe setthe local potentialsto be uniform in
the graphicalmodel (i.e. we completelyignore the mini-
mizationof edgesandcorners)andrun BP asbefore,the
result is determinedby the pairwise agreementbetween
patches.Withouttheminimizationof edgesandcorners,BP
always�nds onelayersolutions:apparentlythesehave the
highestagreementin the overlapbetweenpatches.When
we arti�cially remove the one layer decompositionsfrom
the rangeof possibledecompositions(by removing the l%�

candidatepatchesthatcorrespondto onelayerdecomposi-
tions from the discretization)we still obtainsolutionsthat
arequite wrong (see�gure 9). Thus it really is the min-
imization of edgesandcornersthat allow us to obtain the
“correct” decompositionsasshown in �gure 7.

(a) (b)

(c) (d) (e)

(f) (g)

(h)

Figure10: Failure of our decompositionalgorithm. (a,b)
two imagesfor whichour algorithmprefersa onelayerde-
composition.(c) asyntheticimageformedby summingtwo
real images.Our algorithmoutputsthewrongdecomposi-
tion in (d,e)eventhoughthecostpreferstheright decompo-
sition. (f) Zoominginto ax-junctionontheforeheadandits
expecteddecomposition(g). (h) The10 candidatedecom-
positionfound by databasesearch.Noneof themseemto
be“good”.

5 Discussion

The problemof separatingre�ections from a singleimage
is massively ill-posed:wearegivenoneimageasinputand
needto generatetwo imagesas output. One might think
that very high level prior knowledgeis neededto perform
this task.In thispaperwehaveshown thatverysimplelow-
level knowledge: thatedgesandcornersarerare,cangive
surprisinglygooddecompositionsonmany realimages.

Our currentapproachis only a �rst steptowardssepa-
ratingarbitraryre�ection imagesfrom a singleimage.Our
algorithmoften fails to separatere�ections correctly, even
whenthecorrectdecompositionis perceptuallyobvious(e.g
for theinputimagesin �gures 10(a-b),ouralgorithmprefers
aonelayerdecomposition).

To gainunderstandinginto thesourcesof thesefailures
we constructedthesyntheticimagein �gure 10(c)by sum-
ming two real images. We examineda one dimensional
family of solutionsandfound that the correctdecomposi-
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tion is indeedfavoredby our cost. Nevertheless,whenwe
run our algorithm on this input image,we obtain the de-
compositionshown in �gure 10(d-e). This decomposition
hasworsecostcomparedto thecorrectone.

Why doesour optimizationalgorithmfail? In this case,
the discretizationseemsto be at fault. Figure10shows an
“x” junctionontheforeheadandthedesireddecomposition.
Thecandidatesfoundby ourdatabasesearchdonot include
thedecomposition.In futurework we will experimentwith
otherwaysto �nd candidatedecompositions,perhapssimi-
lar to theapproachusedin [14]. Evenwhencorrectcandi-
datesexist, thediscreteoptimizationis sodif�cult thatBP
mayfail to �nd thebestone.In futurework wewill explore
alternativeoptimizationtechniquessuchasgraphcuts[1].

We were surprisedwith the power of the simple low-
level prior we areusing. We areoptimistic that moreso-
phisticatedlocal featuresmayenableseparatingre�ections
from arbitraryimages.

6 Appendix: implementation details

For the anisotropicdiffusion we usedMalik andPerona's
algorithmwith ÏÐ�Ñ��g �3Ò (imagegraylevelswerein Ó �Ô����Õ ).
Wemeasuredcornernessby dividing thedeterminantof the
Harrismatrix (equation3) by its trace.Thegradientsused
in theHarrismatrix hadmagnitudebasedon thegradients
of theanisotropicallysmoothedlayersbut theirorientations
weredeterminedby anisotropicallysmoothingtheorienta-
tions of the original imageand not the orientationof the
gradientsin thediffusedlayers.

To �nd candidatepatches€••�€t
Ö�Ð€�� we searchedthe
databasefor thepatches

›

minimizing
¯

‘

! I

‘
š

€‡w�I

‘
š‰›Ø×

VA!•! I

‘
šÙ›Ú×

VA! where I

‘

is a collection of directional�lters
at differentlocations,orientationsandphases[8]2. For any
candidatepatch

›

theoptimalcontrastV wasfoundby min-
imizing this expression.

Thepairwisepotentialsin thegraphicalmodelto enforce
consistency wassetto zeroif theaverageÍÛ
 distance(after
accountingfor DC differences)betweenthetwo patchesin
the overlapregion wasgreaterthan �]g Ò gray valuesandit
wassetto � if thetwo patchesagreedcompletely. For inter-
mediatelevelsof agreementthepotentialsvariedsmoothly.
We increasedthethresholdsothatfor any two neighboring
locations,at least l%�AÜ of thepairshavenonzeropotentials.
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