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Figure1: Givena high dynamicrange image such asshownon the left, wepresenttechniquesto make objectstransparentandtranslucent
(left vasesin middleandright images),aswell asapplyarbitrary surfacematerialssuch asaluminium-bronze(middle)andnickel (right).

Abstract

Photoeditingsoftwareallows digital imagesto beblurred,warped
or re-coloredat the touchof a button. However, it is not currently
possibleto changethematerialappearanceof anobjectexceptby
painstakinglypaintingover theappropriatepixels.Herewepresent
a methodfor automaticallyreplacingone materialwith another,
completelydifferentmaterial,startingwith only a singlehigh dy-
namic rangeimageas input. Our approachexploits the fact that
humanvision is surprisinglytolerantof certain(sometimesenor-
mous)physical inaccuracies,while beingsensitive to others. By
adjustingoursimulationsto becarefulaboutthoseaspectsto which
thehumanvisualsystemis sensitive, we arefor the �rst time able
to demonstratesigni�cant materialchangeson thebasisof a single
photographasinput.

CR Categories: I.4.10 [ComputingMethodologies]:ImagePro-
cessingandComputerVision—ImageRepresentation
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1 Intr oduction

Supposeyou have a photographof someobject — say a bronze
sculptureor aporcelainvase— andyouwantto know how it would
look if it weremadeoutof somecompletelydifferentmaterial,such
asglass,plastic,or wax. Givennothingmorethana photographof
theobject,is it possibleto modify theappearanceof thematerialin
avisuallyplausibleway?

To do this in a physically correctway would involve accurately
estimatingthe lighting, and 3D geometryof the object from the
image; a task that not even state-of-the-artcomputervision can
achieve to a high degreeof precision. However, we have set as

ourgoalnotaphysicallyaccuratereconstruction,but avisuallysat-
isfying illusion of materialtransformation.Our approachrelieson
thefact thathumanvision toleratescertaindeviationsfrom reality.
Indeed,sometimesevenenormousinconsistenciesgoun-noticedby
observers[Ostrovsky etal.2005].An exampleis change-blindness,
the inability to detectchangesin the environment [Simons and
Levin 1997].

Recentresearchhassuggestedthepossibilityof changingmate-
rial propertiesin an imageusingsimple imageprocessingopera-
tions[Adelson2001;FlemingandBülthoff 2005;Motoyoshiet al.
2005]. Oneof the key contributionsof this paperis to show how
we may exploit limitations of humanvision regardingshapeper-
ception[Belhumeuretal. 1999;Koenderinketal. 2001],aswell as
its inability to reliablyestimateillumination[te PasandPont2005a;
tePasandPont2005b]for thepurposeof transformingmaterialsin
images.

Becauseof theinherentambiguityof visualcues,thehumanvi-
sualsystemmakescertainassumptionswhenreconstructingascene
from an image. Whentheseassumptionsareviolated,perception
breaksdown andeithera visual illusion occurs,or scenerecogni-
tion is negatively affected[Metzger1975;Tarr et al. 1999;Lawson
etal. 2003].

With this in mind, we presentour work which aimsto take as
input a photographof anobjectaswell asanalphamatteoutlining
this object,andproduceasoutputa new photographwheretheob-
ject hasbeengivenanentirelynew material. The transformations
presentedin this paperrangefrom applying a texture to the sur-
faceof an object,to the applicationof any arbitrarybi-directional
re�ectancedistribution function (BRDF). In addition,we present
techniquesto handlelight-matterinteractionsthatarenotwell mod-
eledwith BRDFs,suchastransparency andtranslucency. Examples
of someof our resultsareshown in Figure1. Theuseof this work
lies in thefacilitationof digital contentcreationfor art anddesign,
aswell asvisualeffects.

1.1 Previous Work

Severalrelatedimageeditingtechniquesexist [Oliveira2002]. For
instance,techniqueshave beendemonstratedto changetheshape,
color and illumination of objectsdepictedin images[Oh et al.
2001]. Thelighting in a scenecanalsobemanipulated[Eisemann



andDurand2004].Further, imagescanbeusedto light 3D geome-
try [Debevec1998;Debevec2002].Perhapsclosestto ourapproach
is FangandHart's objectre-texturing technique,which allows ob-
jects' macrostructureto be altered[FangandHart 2004;Zelinka
etal. 2005].However, ourwork focusesonchangesto objects'mi-
cro structurethatwould normallybemodeledwith functionssuch
asbi-directionalre�ectancedistribution functions(BRDFs)andre-
latedmodels(BSSRDFsfor instance).

All othertechniquesrequiremorethana singleimageto make
any materialchanges.For instance,by usingprecomputedinforma-
tion, objectswith arbitrarymaterials(suchasglass)maybeplaced
in animage[Zongkeretal. 1999;Chuangetal. 2000].

1.2 Problem De�nition

For thepurposeof manipulatingimages,insight into imageforma-
tion may be gainedfrom studyingthe renderingequation[Kajiya
1986]:

L (x; y) = L e +
Z



f r (� i ; � o) L i (� i ) cos� i d! i (1)

For non-emittingobjects,we cansetL e = 0. Thus, the light L
focusedonto a pixel (x,y) is formedby taking the corresponding
nearestsurfacepoint in thescene,andconstructingahemisphere

aroundthe surfacenormalassociatedwith this point. Then, light
from all directions� i coveredby 
 is re�ectedtowardthepixel by
anamountgovernedby there�ectancefunctionf r .

Weareinterestedin manipulatingpixel valuesL (x; y) suchthat
objectsappearto bemadeof differentmaterials.Thus,we aim to
take anexisting imageL andtransformit into a differentimageL 0

suchthat:

L 0(x; y) =
Z



f 0

r (� i ; � o) L i (� i ) cos� i d! i (2)

However, in the above two equationsthereareseveral unknowns:
theorientationof thehemisphere
 for eachpointontheobject,the
re�ectancefunction f r , nor the incident lighting L i areavailable.
All weknow arethepixel valuesL andthedesiredre�ectancefunc-
tion f 0

r . Thus,computingL 0 is notpossiblewithoutmakingfurther
assumptionsandsimpli�cations. Thekey pointof thispaperis that
we will show how to simplify the problemsuchthat althoughthe
physicsof light is not strictly followed, the resultsremainplausi-
ble. We achieve this by exploiting limitationsof humanvision in a
consistentmanner.

First, for eachpixel belongingto theobjectwe wish to alter, we
requireanapproximationof 
 , or equivalently thesurfacenormal
n. Detailsof both the problemandour solutionarepresentedin
Section2.

It is possibleto approximatethe incident lighting for all direc-
tions on the basisof the partial knowledgewe have given back-
groundin the input image.Dependenton thenatureof thedesired
re�ectancefunctionf 0

r , theapproximationneedsto bemoreor less
precise. In particular, if f 0

r is relatively diffuse, the approxima-
tion canbe relatively coarse[RamamoorthiandHanrahan2001].
In addition, humanperceptionis such that relatively coarseap-
proximationsaresometimestolerated.For instance,Ostrovsky et
al [2005]have foundthatdeliberateinconsistenciesin thedirection
of illumination arevery dif�cult to detect.Otherexperimentshave
con�rmed thathumanscannotin generalestimateillumination re-
liably [te PasandPont2005a;tePasandPont2005b].This implies
thatinaccuraciesin illuminationarelikely to gounnoticed— afea-
tureweactively exploit in ourwork.

The unknown valuesof L i can be classi�ed into two groups:
valuesthat areoutsidethe image,for instancebehindthe photog-
rapher, andvaluescomingfrom behindtheobjectwe wish to alter.

Figure2: Testimagesusedin thispaper.

For thesetwo caseswe adoptdifferentsolutionsbecausethenum-
ber of missingvaluesis different in eachcase,and thereforethe
level of approximationcanbedifferent. Togethertheseyield a set
of incidentlighting valuesL 0

i , asdiscussedfurtherin Section3.
After computing approximatevalues for the object's surface

shapeaswell as the incident lighting, a new re�ectancefunction
f 0

r canbechosenandanew imagemayberendered:

L 0(x; y) =
Z


 0
f 0

r (� i ; � o) L 0
i (� i ) cos� i d! i (3)

Finally, thetypesof materialchangeswearecurrentlyinterestedin
involve re-texturing of objects,increasingor decreasingspecular-
ity, addingtransparency andtranslucency, aswell asreplacingan
object'sBRDF.Ourwork ontransformingmaterialsonthebasisof
a singleinput imageis novel, andconstitutesa signi�cant general-
izationto objecttexturing [FangandHart2004].

1.3 Overview

The generalapproachwe adoptis �rst to acquirea high dynamic
range(HDR) photographof the object of interestby concatenat-
ing multiple exposures[Debevec and Malik 1997]. Most of the
techniqueswepresentalsowork to someextentwith standard(low
dynamicrange)images.However, HDR input yields morerobust
results.Thegradientsusedto estimate
 0 aresmootherif derived
from HDR images;highlight identi�cation is alsofacilitated. Im-
portantly, estimatesof L i canbe directly usedto light the object,
i.e. thebackgroundpixelsaresuitablefor techniquesakinto image-
basedlighting [Debevec2002;Reinhardetal. 2005b].

Second,we createan alphamatteto separatethe object from
the background. Although we have createdour mattesby hand,
sophisticatedtechniqueshave recentlybecomeavailable to assist
theuserin this task[Li etal. 2004;Rotheretal. 2004],or gotoward
automaticalphamatteextraction [McGuire et al. 2005; Reinhard
andKhan2005].Thepixelsforming theobjectwill bealteredto �t
theobjectwith a new material. By aligningour imageprocessing
with theobject'sboundaries,theillusion of adifferentmaterialmay
becreated.

In the remainderof this paper, we �rst discussthe approaches
we have foundusefulfor estimating
 0 andL 0

i (Sections2 and3),
followedby thevariousmaterialtransformswehaveachieved(Sec-
tion 4). Somecaveatsandlimitations arediscussedin Section5,
while generalconclusionsaredrawn in Section6. Editedimages
are shown throughoutthis paper, using input imagesdepictedin
Figure2.



2 Object Shape (
 0)

A hemisphereof directions
 0 canbeestimatedfrom pixelsbelong-
ing to theobjectby �rst estimatingthedistancebetweentheviewer
andthe object,i.e. the depth. Gradientsin deptharethenusedto
computea surfacenormaln for eachpixel. Eachof thesestepsare
discussedin thefollowing subsections.

2.1 Depth Recovery

Computinga depthmapfrom a singleimageis the classicshape-
from-shadingproblem. Unfortunately, asthis problemis severely
under-constrained,goodsolutionsfor arbitrary imagesdo not ex-
ist [Zhanget al. 1999]. Solutionshave beendevelopedfor highly
constrainedcases[Kang1998;Igarashietal. 1999;Ohetal. 2001].
However, to datenogeneralsolutionhasbeendeveloped.

Fortunately, by carefully exploiting certainassumptionsof hu-
manvision,wecangetawaywith highly approximatedepthrecon-
structions.A surprisinglyeffective startingpoint is to assumethat
surfacedepthis inverselyrelatedto imageintensity. Thereis exper-
imentalevidencethat humanobserverstreatlower luminanceval-
uesasmoredistantsurfacelocations[LangerandBülthoff 2000],
and indeed,this is looselywhat algorithmsfor shapefrom shad-
ing underdiffuseillumination rely on [LangerandZucker 1994].
Althoughtheresultingsurfacereconstructionsarefar from perfect,
therearetwo main reasonswhy the approximationsaresuf�cient
for ourapplication.

First, certainerrorsin the depthestimatesarevisually masked
by subsequentprocessing.For example,highlightsin the original
imageappearas protrusionsin the depthmap. However, in the
�nal output,highlightsaregenerallypastedbackontothesesurface
locations,effectively maskingthem. Further, becausewe do not
dramaticallyalter the illumination of theobject,spurioushills and
valleys do not generatetell-taleshadows, which would undermine
theeffect.

Second,visualcuesto 3D shapeareinvariantacrossawideclass
of geometricaltransformations.This meansthataslong asthedis-
tortionsof thereconstructedshapebelongto thesetransformations,
they will beundetectableby thevisualsystem.Probablythemost
importantin thiscontext is thebas-reliefambiguity, whichmakesit
dif�cult or impossibleto distinguishsurfacesthatarerelatedby an
af�ne transformationalongtheline of sight[Belhumeuretal.1999;
Koenderinket al. 2001]. Thebas-reliefambiguityallows shearing
in thedepthmapdueto obliqueillumination to go unnoticed,pro-
videdtheline of sightis notaltered,asin ourapplication.

Further, thegenericview principlehelpsthe illusion: thevisual
systemassumesby default that theobjectis not viewed from spe-
cial viewpoints,andthat thereis nothingpeculiaraboutthegeom-
etry [Koenderinkand van Doorn 1979; Freeman1994; Freeman
1996].

We thereforeaim to derive a locally-consistentdepth-mapfrom
the object's luminancedistribution, with higher luminancevalues
specifyingthepartsof theobjectcloserto theobserver (i.e. follow-
ing the dark-is-deepparadigm).Our approachconsistsof several
steps.First,wecomputetheluminanceof eachpixel [ITU 1990]:

L (x; y) = 0:213R(x; y) + 0:715G(x; y) + 0:072B (x; y) (4)

An initial crudedepthmap d(x; y) may be computedby simply
settingd(x; y) = L (x; y). However, thereare several problems
with this approach. First, an object may be textured, leadingto
errorsin the depthmap. Second,the shapeimplied by the depth
valuesmay bulge in the directionof any light sources,asargued
above. Third, highlights may causesigni�cant distortionsin the
depthmap— aproblemaddressedin Section4.1.

Theluminancevariationdueto shadingis usefulasanindicator
of shape,whereastreatingtexturedareasasvalid depthinforma-

Figure3: Thevalueof � spatial controls thesmoothnessof thedepth-
map. Here, its value is doubledfrom 0.001to 0.002,0.004and
0.008timesthewidthof theimage.

tion is only usefulfor specialeffects(suchasmakinganobjectap-
pearembossed).Thediscontinuitiesin luminancedueto silhouettes
ought to be preserved. We thereforeneedsomemeansto isolate
shadingfrom otherclassesof intensityvariation.

While disentanglingluminancevariationsdueto several differ-
entprocessesis oncemoreanunder-constrainedproblem,in prac-
tice shading,texturesand patternstend to occur at different fre-
quenciesand/orluminancelevels. We thereforerequirea �lter that
is tunableto spatialscalesaswell asluminances.Thebilateral�lter
directly �ts theserequirements[TomasiandManduchi1998]:

d(x; y) =

P
u

P
v b(x; y; u; v) L s (x � u; y � v)

P
u

P
v b(x; y; u; v)

(5)

b(x; y; u; v) = Gspatial

� p
(x � u)2 + (y � v)2 ; � spatial

�
�

GL (L s (x � u; y � v) � L s (x; y); � L) (6)

Thebilateral�lter kernelb is composedof two Gaussian�lter ker-
nels,Gspatial andGL with kernelwidthsof � spatial and� L , affording
usercontrol over the recoveredobjectshape.For larger valuesof
this parameter, smalldetailsareincreasinglysuppressedwhile the
overall roundshapeis emphasized.Further, control over surface
indentationsis affordedby � spatial, asshown in Figure3. Dependent
on thespeci�c shapeof theobjectdifferentparametersettingsmay
thusyield satisfactorydepthmaps.

The bilateral �lter is typically used in the logarithmic do-
main [DurandandDorsey 2002]. While log L is a betterbehaved
quantitythanL , the rangeof valuesproducedby taking the loga-
rithm is unconstrained.A closermodelof early humanvision in-
volvesemploying sigmoidalcompression,which producesbehav-
ior similar to log luminancein the mid-rangeof values,but addi-
tionally hasa rangeof outputvaluesthatis strictly limited between
0 and1:

L s (x; y) =
L n (x; y)

L n (x; y) + � n (7)



Figure4: Depthmapsfor someof theimagesusedin thispaper.

Figure5: Our approximatedepthrecovery techniqueis helpedby
thebas-relief ambiguity, providedtheviewpointis notaltered.

Theexponentn is setto 0:73by default,avaluecommonin model-
ing for instancephotoreceptorresponses[NakaandRushton1966].
Thesemi-saturationconstant� determineswhichluminancevalues
aremappedin near-logarithmic fashion. A commonandsensible
valueis to choose� equalto the log averageluminanceof theob-
ject'spixel values:

� = exp

 
1
N

X

x;y

log (L (x; y))

!

(8)

Compressingtheinput L asabove helpsmake theresultsmorero-
bust,andadditionallyfacilitatesthechoiceof valuesfor � L .

Somedepthmapsareshown in Figure4, showing thatthedepth
is generallyasmoothfunctionfollowing theluminancedistribution.
As a consequence,for objectslit from theside,thedepthsareno-
ticeablyskewed, asseenin the top left andbottomright images.
Thesemapsdeviate substantiallyfrom the true object geometry,
andwouldnotbesatisfactoryfor generaluse.However, subsequent
treatmentof thedepthmaps,combinedwith themaskingeffectsoc-
curring in the �nal resultsmeanthat for our application,thegross
inaccuraciesin shapereconstructiondo not interferewith the vi-
sualeffect; indeed,they arelargely undetectable.Finally, Figure5
showsthatdistortionsin depthmapsthusobtainedarenotperceived
aslongastheviewpoint is notaltered,aspredictedby thebas-relief
ambiguity.
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Figure6: A familyof gradientreshapingfunctions.

2.2 Gradients and Surface Normals

Dueto thesigmoidalcompressionappliedearlier, therangeof val-
uesof d is strictly limited. Thismeansthatgradientsnearsilhouette
edgesaretoosmall.Wethereforeinvert thesigmoidalcompression
function(7) �rst:

d0(x; y) =
�

�
� n d(x; y)
d(x; y) � 1

� 1=n

(9)

The recovereddepthd0(x; y) can now be usedto estimatelocal
gradientsandsurfacenormals.In two dimensions,thegradient�eld
r d0(x; y) is de�ned in termsof neighboringdepthvalues:

r d0(x; y) =
�
d0(x + 1; y) � d0(x; y); d0(x; y + 1) � d0(x; y)

�

(10)
As luminancevalueswereusedto derive thesegradients,we can
not expectthat therangeof gradientvaluesis directly commensu-
ratewith theshapeof theobject. In addition,thereis no reasonto
believe that theconversionfrom luminancevaluesto gradientval-
uesshouldbelinear. We have empiricallydetermineda non-linear
splinefunctionwhichreshapesthegradient�eld to boostsmalland
largegradients,attenuatingintermediategradients,asshown in Fig-
ure6. In additiontheamountof reshapingcanbeadjustedby recur-
sively applyingthis function(alsoshown in this �gure). Typically,
we apply this function betweenoneandfour times,dependenton
theinputdata.

Theresultinggradient�eld canthusbeusedto compute3D sur-
facenormals,or maybeapplieddirectly to warptextures,asshown
in Section4. We compute3D surfacenormalsusingthefollowing
gradientvectors:

gx =
�
1; 0; r x d0� T (11)

gy =
�
0; 1; r y d0� T (12)

The surfacenormal is given by the crossproductn = gx � gy ,
whichmustbenormalizedif usedin a ray tracingenvironment.

3 Incident Light (L i )

Givenan (approximated)representationof 3D shape,from (3) we
seethat a successfulmanipulationof an object's materialrequires
knowledgeof theincidentlighting L i

1. Givenasinglephotograph,

1In this andsubsequentsections,we will retain the notationL i when
discussingincident lighting. However, it shouldbe notedthat while this
symbolis commonlyusedto denoteluminancevalues,wewill usethesame
symbolto indicateRGBtripletswhere-ever thisdoesnot leadto confusion.



Figure7: Removingtheelephantfromtheoriginal image(left) is shownin themiddle. Themaskingeffectof furtherprocessingisdemonstrated
with thesimulationof transparency(right).

all the backgroundpixels togetherprovide informationfor a sub-
setof the directionswe areinterestedin. For all otherdirections,
namelythosebehindthe object,and thoseoutsidethe image,we
will have to substituteanapproximationL 0

i .
Our materialeditscanbe groupedinto full 3D simulations,as

well as2D remappingfunctions.For the3D simulations,we need
a value L 0

i for every possibledirection. For the 2D remapping
schemes,wemayrestrictourselvesto asetof directionsthatcorre-
spondto existing imagepixels. However, in bothcasesanimpres-
sionof what lies behindtheobjectis desirable.Solutionsfor both
problemsareoutlinedin thefollowing subsections.

3.1 Light from Behind the Object

To determinewhatlight maycomefrom behindtheobject,wemay
employ animageinpaintingalgorithm[Bertalmioetal. 2000;Drori
et al. 2003;Sunet al. 2005]. The input to suchalgorithmsis typ-
ically the imageitself aswell asanalphamattewhich de�nes the
holethatneedsto bereplacedwith anew background.Theresultis
animagewith thegap�lled with plausiblebackgroundpixels.

While the moreadvancedalgorithmsmay yield moreplausible
results,after applyingthemto (3) the quality of the inpaintingal-
gorithmis largelymaskeddueto furtherprocessing,contortingand
warping. In the following, we demonstratethat for this particular
applicationthe inpaintedregion only needsto capturethe correct
imagestatistics,which is a weaker requirementthanthosemetby
full inpaintingalgorithms.This affordsa muchsimpleralgorithm,
while still yieldingsatisfactoryresults.

An importantobservationis thatfor thebackgroundto beuseful
asa complex light source,its precisecon�guration is unimportant.
However, thestatisticalpropertiesof the inpaintedpixelsoughtto
be similar to the remainderof the environment2. In particularthe
image'spowerspectralslopeshouldbepreserved[Ruderman1997;
van der Schaaf1998; Torralba and Oliva 2003; Reinhardet al.
2004],aswell asits color composition.

The most straightforward approachthat would achieve these
goalsis to copy large blocks of pixels from the backgroundinto
thegapformedby removing theobject.This approachwould min-
imize the introductionof new edges,andthuspreserve the afore-
mentionedimagestatistics. To minimize the introductionof arti-
factsalongthe gap's boundary, we copy pixels both from the left
andfrom theright partsof theimage,andblendthemaccordingto
how muchthey havebeendisplaced.

To begin, we�nd theleft-mostandright-mostextentof thegap's
boundary, andcall thecorrespondingx-coordinatesxmin andxmax.

2This is not generallythe casefor inpaintingalgorithms,but merelya
consequenceof ourspeci�c application.

Thevalueassignedto all pixelsinsidethegapis thenL 0
i :

L 0
i (x; y) = w1 L (2 xmin � x; y) + w2 L (2 xmax � x; y) (13)

w1 =
x � xmin

xmax � xmin
(14)

w2 =
xmax � x

xmax � xmin
(15)

In casethex-coordinatesindex outsidetheimage'sboundaries,we
usewrap-aroundwithin theregions[0; xmin] and[xmax; X max] (with
X max being the image's horizontalresolution). The effect of this
operationis givenin Figure7, showing theoriginal image(left), the
result(middle),andasimulationof transparency to demonstratethe
maskingeffectof furtherprocessing.

3.2 Reconstructing a 3D Envir onment

The image with the �lled-in backgroundcan be used directly
in 2D mappingoperationsas outlined in Section4. For map-
ping a full BRDF onto an object, it is necessaryto reconstructa
full spherical3D environment. In traditional image-basedlight-
ing approaches,photographsof mirroredspheresor the outputof
scanningpanoramiccamerasare mappedto a sphericalenviron-
ment [Debevec 2002]. In our case,an approximatemappingcan
beconstructedbetweenthehole-�lled photographandthedesired
environment.

The plane of the image in three-dimensionalspacemay be
thoughtof as partitioning the environment into two half spaces.
Our environmentmapis createdby extrudinga circularpartof the
backgroundimageto form a hemispherebehindthe imageplane,
andagain to form a hemispherein front of theplane,asillustrated
in Figure8. This leadsto the following computationof direction
vectorsfor givenpixel coordinates.

Thecenterof thecircle [xc yc 0]T is givenby themiddleof the
image,andthis circle is madeaslargeaspossible,i.e. theradiusR
is min( xc ; yc). Next, weconstructfor eachpixel within thiscircle,
anormalizedcoordinatepair [xn yn ]:

[xn ; yn ]T =
hx � xc

R
;

y � yc

R

i T

(16)

A pixel [xn yn ]T cannow bemappedto adirectionvectord with:

d =
�
xn ; yn ; 1 �

q
(xn )2 + (yn )2

� T

(17)

Thesedirectionvectorsareequivalentto theincomingandoutgoing
directions� i and � o in (3). This meansthat for every desired
direction,a correspondingindex into the hole-�lled imagecanbe
computedfor thepurposeof solving(3).



Figure8: Thebackgroundimage with the objectremovedis used
to createan HDR environmentmap. First, a circle is cut fromthe
middleof the image. This is thenplacedin the image plane, and
thenextrudedto becomehalf the environment.Theimage is also
pulled out in the oppositedirection to form the other half of the
environment.

Figure9: Plastictorusrenderedusingtechniquesdescribedin Sec-
tion 3.2(left), andstandard image-basedlighting (right).

While this mappingdistortsthe environmentleadingto physi-
cally inaccuratelighting, the distortion is locally consistent,and
thereforelargely unobjectionableto thehumanvisualsystem.This
is demonstratedin Figure9, wherewe usedthis mappingto render
a torus. This �gure alsoshows thesametorusrenderedwith stan-
dard image-basedlighting techniquesusinga light probe. While
thedifferencesareclear, eachimageon its own looksplausible.

As such,we have recoveredboth plausiblesurfacenormalsfor
theobjectitself,aswell asplausiblelighting to beusedto relightthe
object.Wethereforehaveall thepreliminariesnecessaryto perform
materialtransformations.

4 Material Transf orms

Editing an object's materialpropertiescan take several different
forms, dependingon the desiredtarget material. For instance,
increasingor decreasingthe gloss on an object would require
only a straightforward luminanceremapping,whereasreplacing
the BRDF of an objectwould meana full evaluationof (3). Re-
texturing an objectaswell ascreatingtransparentandtranslucent
objectsrequiretechniquesthatsit somewherein-betweentheseex-
tremesin termsof computationalcomplexity. Hence,we discuss
eachof thesematerialtransformsseparatelyin the following sec-
tions.

Figure10: Theluminancevaluesof thestatue(left) were remapped
to createa morespecular(middle)andmorediffuse(right) image.

4.1 Glossy Surfaces

For objectsthatalreadyexhibit someamountof glossiness,anex-
ponentialremappingof luminancevaluesmayincreaseor decrease
the perceptionof gloss[Fleming andBülthoff 2005]. To increase
specularity, thefollowing mappingyieldsacceptableresults:

L 0 =

8
<

:
L min + (L max � L min)

�
�

L � L min

L max � L min

� �

L > L min

L L � L min

(18)
whereL max is the maximumluminanceof all object pixels, and
L min is theminimumluminancethatcanstill beconsideredpartof
thehighlight. This is a userparameter, which mayalternatively be
estimatedwith thehighlight detectionalgorithmpresentedin Sec-
tion 4.4. To steertheamountof specularity, theuserparameters�
and� areavailable(default values:� = 0:05 and� = 20).

To make an object appearmore diffuse, we usethe following
remapping:

L 0 =

8
<

:
L hmax + (L min � L hmax)

�
L � L hmax

L max � L hmax

� �

L > L hmax

L L � L hmax

(19)
with � typically set to 0:05. The valueof L hmax is computedby
takingtheluminanceassociatedwith thepeakof thehistogram.

Examplesof bothremappingsareshown in Figure10. For high-
glossobjects,the latter remappingmay also be useful as a pre-
processingstepbeforerecovering 
 0 (Section2). This would per-
mit theshaperecovery to belesssensitive to highlights.

4.2 BRDF Replacement

With estimatesof surfacenormalsn availablefor eachpointon the
object,andhaving constructedamappingfrom arectangularimage
to a full 3D environmentto provide valuesfor L 0

i , we canevalu-
ate(3) directly. While our approachfollows commonpracticein
image-basedlighting [Debevec2002],theremainderof thissection
is devotedto detailingourspeci�c implementation.

To sampletheenvironmentfor eachpoint on thesurfaceof the
object, a fast and ef�cient samplingschemeis required. One of
the mostef�cient ways to generatesamplingpoints for our envi-
ronmentis affordedby Ostromoukhov's importancesamplingtech-
nique[Ostromoukhov et al. 2004]. Using this algorithmasa pre-
process,wetypically �nd upto 400samplingcoordinates[xn yn ]T

in our backgroundimage,leadingto anequalnumberof valuesof
L 0

i . Eachof thesesamplingpointshasan associated3D direction
vector d, computedwith (17). For eachpoint on the object, we
sampleonly thoseimportancesamplesfor which d � n > 0, i.e.
thosesamplesthatlie within thehemisphere
 0.



Figure11: Examplesof mappingarbitrary BRDFsontoanobject.

A commonconventionis to evaluateBRDFsin acoordinatesys-
temwhich is alignedwith thesurfacenormal. This is achievedby
rotatingthe view vectorover an angle� = n � v aroundan axis
a = n � v . For eachsamplepoint in theenvironmentwe wish to
evaluate,its associateddirectionvectord is rotatedover thesame
angle,giving d � . Quaternionrotationshouldbeusedto avoid gim-
bal lock [Hart etal. 1994].

Althoughour applicationwill work with any BRDF model,we
havechosenMatusiketal'smeasuredBRDFs[Matusiketal. 2003]
sincethesewerecapturedin highdynamicrange,andaretherefore
directly compatiblewith our system.Thus,theequationwe evalu-
ateto �t anobjectwith anew materialis:

L 0(x; y) =
X

f d j d �n > 0g

f Matusik (d � ; v � ) L 0
i (d) d � n (20)

Someresultsof thisapproachareshown in Figure11.

4.3 Re-texturing

The machineryoutlinedin Section2 is suf�cient to allow objects
to bere-textured. In particular, thegradient�eld r d0 canbeused
to estimatea warpingof anarbitrarytextureT , which canthenbe
appliedto the object. To steerthe amountof apparentcurvature,
we introducea linear scalefactors, andcomputetexture indices
[tx ; ty ]T asfollows:

tx = x + s r x d0 (21)

ty = y + s r y d0 (22)

The indices are taken modulo the texture size and are used to
computethe new pixel colors of the object. Assuminga pixel
[x y] belongingto the object has an RGB color triplet denoted
C(x; y), the new color C 0(x; y) canbe derived from its original
color C(x; y) andthe texture look-up valueT (t x ; ty ). For extra
�e xibility , we follow SmithandBlinn [1996] andaddtwo userpa-
rameters,namelya scalarf 2 [0; 1], anda new objectcolor G ,
leadingto themattingequation:

C 0(x; y) = (1 � f ) G T (t x ; ty ) + f C (x; y) (23)

The parameterf linearly interpolatesbetweenthe original object
color andthe texture mappedcolor. Resultsfor f = 0 andG =
[1 1 1]T areshown in Figure12. Thisresultis includedto show that
our approachis capableof reproducingFangandHart's [2004]. It
alsoformsthebasisfor modelingtransparency andtranslucency.

4.4 Transparenc y and Translucenc y

A key factoraffectingtheappearanceof a transparentobject,is its
geometricshape.It determineshow light incidentfrom the back-

Figure12: A marbletexture is appliedto theleft image, whereasa
stonetexture is appliedto theright image.

Figure13: A texture suitablefor simulatingtransparency(left, see
also middlepanelof Figure 1, and translucency(right, as well as
theright panelof Figure1).

groundis refracted,leadingto the characteristicdistortionsasso-
ciatedwith transparentobjects.With anappropriateestimationof
the object's shape,suchas 
 0 (Section2), it shouldthereforebe
possibleto warp the backgroundimageL 0

i suchthat it gives the
appearanceof a transparentobject.

Thus, rather than apply an arbitrary texture to an object, we
mayusetheapproachof Section4.3 to createtheillusion of trans-
parency. We have foundthataslong asseveralconditionsaremet,
convincingresultsmaybeobtained.First,thewarpneedsto becon-
sistentwith 
 0, which in turnneedsto beat leastlocally consistent
with theactualgeometry
 . Notethatthis is a weaker requirement
thanhaving accessto the full volumetricgeometry, which would
have madetheproblemintractable.Second,thecolor composition
andnaturalimagestatisticsof thebackgroundimageshouldbeas
outlined in Section3.1. Our basicapproachto createtransparent
andtranslucentobjectsis thengivenby (23), wherebyT = L 0

i is
calledthebackgroundmap(seefootnote1 onpage4).

Thereare variousextensionsto this basicsolution, leadingto
differenttypesof transparentmaterials,from clearglassto frosted
glass,to translucency. Eachof theseinvolve pre-processingof T .
In addition,we have foundvaluein detectingthehighlightsin the
original object,andpreservingthem. Both topicsarediscussedin
theremainderof thissection.

To simulateobjectsthatarenot perfectlyclear, we convolve the
backgroundmapT (t x ; ty ) with a Gaussian�lter , as for example
shown in Figure13 (left). A much larger �lter kernel is usedto
simulatesub-surfacescatteringin translucentobjects.

Thelattertypeof objectadditionallyreceivesacoloradjustment
to simulatewavelength-dependentabsorptionof light by themate-
rial. This adjustmentmaybeachievedby employing a color trans-
fer algorithm[Reinhardet al. 2001]wherebythebackgroundmap
is given thesamecolor statisticalpropertiesastheobject's pixels.
A typical treatmentto simulatetranslucentmaterialsis shown in
Figure13 (right).

In addition to manipulatingT (t x ; ty ), dark glassmay be sim-
ulatedusingan exponentiala after normalizingthe mattingfunc-
tion (23):

C0
dark =

�
C 0(x; y)=Cmax

� a (24)

An exponenta of around1:2 � 1:4 producesrealisticattenuation.
Theuserparameterf in (23)controlsthedegreeto whichtheobject
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Figure14: Histogramof anHDRimageandits derivative.

Figure15: Using the minimumin the derivativeof the histogram,
highlight pixelsof the left image are detected,and for demonstra-
tion purposespaintedredin theright image.

is transformed— f = 0 producesa completelytransparentobject,
whereasf = 1 yieldstheoriginal object. Inbetweenvaluesmodel
semi-transparentobjects.

A �nal re�nement of our transparency/translucency algorithm
involvesdetectionandplacementof highlights. For objectswith
relatively sharphighlights, it may be bene�cial to retain thesein
the transparentandtranslucentversionsof the sameobject,since
highlightsgenerallyenhancerealism[FlemingandBülthoff 2005]
andaidtheperceptionof 3D shape[ToddandMingolla 1983;Blake
andBülthoff 1990;BlakeandBülthoff 1991].

As we only requiredetectionof highlightson pixels belonging
to the object,our highlight detectiontask is relatively simple. In
particular, while highlightsarenot necessarilythebrightestpartof
ascene,they dotendto bethebrightestpartof asingleobject.Fur-
thermore,in conventionalimaging,highlightsarefrequentlyburned
out (“clipped”) dueto limitationsof thecapturingdevice. By using
HDR imaging,highlightsmay be capturedaccurately, which also
simpli�es their detection.Ratherthanresortto oneof several so-
phisticatedschemes[Klink eretal. 1988;Drew 1994],we therefore
proposeasimplealgorithm.

We will assumethat the brightestpixels of the object form the
highlights.Thehistogramof objectpixelsis analyzedto determine
theintensityof thedarkestpixel thatmaystill beconsideredpartof
thehighlight. Intensityhistogramsof realobjectstypically show a
largepeakfor thedarkerpixels,andalongtail formingthehighlight
pixels (Figure14). We have foundthat for many objects,themin-
imum of the histogram's derivative is a reasonableapproximation
of thestartof thehighlight,alsoshown in Figures14 and15. This
methodis usefulasa startingpoint, althoughon occasiontheuser
maywish to manuallyreducethesizeof thehighlight somewhat.

Figure16: Transparencyresultsdemonstratedondifferentobjects.

Figure17: Coloredglass(left) anddarkenedglass(right) simulated
with a linear attenuationto achievecolor (G in 23),andnon-linear
scalingto simulatedarkglass(24). Therefractionsin theseimages
are different from the onesshownin Figure 16 due to a different
choiceof �lter kernelsizesof thebilateral �lter , aswell asa differ-
entchoiceof scalefactors.

Oncewe have detectedhighlightsin the original object,we re-
placethecorrespondingpixelsin thenew imageby thepixel values
in theoriginal image.

Theresultsof thesemanipulationsareshown in Figure16. Var-
ious typesof glassmay be simulated,including coloredanddark
glass,asdemonstratedin Figure17. Translucency is demonstrated
in Figure18.

5 Limitations

As our techniquesnecessarilyemploy approximations,andrely on
the humanvisual system�lling in missingpiecesof information,
therearesomelimitations. Eachof theselimitations afford inter-
estingfurtherresearch.

First,weassumethattheinput imageis givenasahighdynamic
rangeimage. As the methodinvolves the computationof gradi-
ents,it is assumedthatquantizedlow dynamicrangedatawill not
be amenableto the recovery of suitablegradientsfor further pro-
cessing.Figure19 shows a comparison,wherethe middle expo-
sureof a sequenceof nine imageswasprocessedseparately. The
high dynamicrangeresultshows appropriatecurvaturein the ob-
ject, whereasthe shapehasbecome�at in the low dynamicrange
image,andlosestheappearanceof transparency. Skilledphotogra-
phy, in combinationwith moreforgiving scenes,may yield better
resultswith LDR input.

Theinputis furtherlimited toobjectswith clearlyde�nedbound-
aries,with a limited amountof texture. It is currentlynot possible
to transformtransparentobjectsto non-transparentones.

Theparametersfor thebilateral�lter typically needto bechosen
suchthat thesmoothnessof thedepthmap,andsubsequentgradi-
ent�eld, is matchedto thetypeof materialthatis applied.Metallic
BRDFs,for instance,suggestthatat themicroscopiclevel thesur-
faceis relatively smooth. Usually, this meansthat at the level of
geometry, thesurfacealsoneedsto berelatively smooth.A similar
effect canbe observed for transparency in Figure3, wheresome
depthmapsaremoreappropriatefor the simulationof glassthan
others.

We considerour reshapingfunctionsof boththedepthmapand



Figure18: Translucencyappliedto variousdifferentobjects.

Figure19: ComparisonbetweenHDR andLDR input for a trans-
formationto a glassymaterial.Thetoprowshowsinputandoutput
in HDR (tonemappedfor display),and the bottomrow showsthe
low dynamicrangeequivalent.TheHDRimageswere tonemapped
with thephotographicoperator [Reinhard etal. 2002],whereasthe
LDR imageswere linearly scaledto �t thedisplayrange.

the gradient�elds to be temporarysolutions. While in general,
plausibleresultscan be obtained,further improvementsare pos-
sible. In particular, nearthesilhouettesthecurrentreshapingfunc-
tionsallow thegradientsto becometoo large, leadingto unnatural
compression,asfor instanceseenin thestonetextureappliedto the
deerin Figure12.

Finally, changingthematerialof anobjectwill alsoalterits inter-
actionwith theenvironment.For instance,makinganobjecttrans-
parentwill likely introducecausticselsewherein theenvironment.
An interestingavenueof further researchwould beto modelthese
interactionswith theenvironment.

6 Conc lusions

Givena singlehigh dynamicrangephotograph,we have presented
tools and techniquesto changethe materialpropertiesof objects
foundin suchanimage.A key observationenablingdramatictrans-
formationsof objectappearanceis thatcertainaspectsof theinter-
actionbetweenlight andmatterneedto beaccuratelyreproduced,
whereasotheraspectscanbeapproximatedwithout harm. For in-

stance,wehave foundthataccurateretrieval of theobject's surface
normalsis much more importantthan the preciserefractionof a
backgroundthroughan object. The environmentusedto light the
objectneedsto havethecorrectrangeof colorsandintensity, but the
re�ectionsandrefractionsof anobjectdonothave to bepositioned
with highaccuracy.

Theseobservationsallow usto producecompellingimageryuse-
ful for specialeffectsanddigital contentcreation.We achieve this
by carefullyreconstructingsurfacenormalsbasedontheluminance
distribution of the object. Sincethis aspectof image-basedmate-
rial editing requireshigh accuracy, the useof high dynamicrange
imageryis recommendedasthis reducesquantizationerrors.

Our approachthusenablesextensive materialmanipulationsus-
ing imagesalone,anddoessowithouttheneedfor expensiveequip-
ment,light probesor 3D modeling. This approachdoesnot intro-
ducesigni�cant temporalartifactsif appliedto individual framesin
a sequence[Reinhardet al. 2005a]. In additionto beingusefulin
thespecialeffectscommunity, this work affordsexciting opportu-
nitiesin thestudyof thehumanvisualsystemandits perceptionof
materials.
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Ahmet O�guz Akyüz for providing valuablefeedback. We thank
NativeVisionsartgallery in WinterPark,Floridafor allowing usto
photographtheLoetVanderveenbronzeshown in Figure7. Finally,
we thankKarenLoudenandtheAlbin PolasekMuseumof Winter
Park,Florida,for lettingustakeHDR imagesof theirbeautifulstat-
ues,depictedin Figure2 (top right) andFigure15.

References
ADELSON, E. 2001.Onseeingstuff: Theperceptionof materialsby humans.In Proc.

of theSPIE,HumanVisionandElectronic ImagingVI, vol. 4299,1–12.

BELHUMEUR, P., KRIEGMAN, D., AND YUILLE, A. 1999.Thebas-reliefambiguity.
InternationalJournalof ComputerVision1, 33–44.

BERTALMIO, M., SAPIRO, G., CASELLES, V., AND BALLESTER, C. 2000. Image
inpainting. In SIGGRAPH'00: Proceedingsof the 27th annual conferenceon
computergraphicsandinteractivetechniques, 417–424.
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