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Figurel: Givena high dynamicrange image suc as shownon the left, we presenttechniquesto male objectstranspaentandtranslucent
(left vasesn middleandright images),aswell asapplyarbitrary surfacematerialssut asaluminium-bonze(middle)and nickel (right).

Abstract

Photoediting softwareallows digital imagesto be blurred,warped
or re-coloredat the touchof a button. However, it is not currently
possibleto changethe materialappearancef an objectexceptby
painstakinglypaintingover the appropriatepixels. Herewe present
a methodfor automaticallyreplacingone material with anothey
completelydifferentmaterial,startingwith only a single high dy-
namicrangeimageasinput. Our approachexploits the fact that
humanvision is surprisinglytolerantof certain(sometimesenor
mous)physical inaccuraciesyhile being sensitve to others. By
adjustingour simulationgo becarefulaboutthoseaspectso which
the humanvisual systemis sensitve, we arefor the rst time able
to demonstratsigni cant materialchange®n the basisof a single
photographasinput.
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1 Introduction

Supposeyou have a photographof someobject— say a bronze
sculptureor aporcelainvase— andyouwantto know how it would
lookiif it weremadeoutof somecompletelydifferentmaterial,such
asglass plastic,or wax. Givennothingmorethana photographof

theobject,is it possibleto modify theappearancef thematerialin

avisually plausibleway?

To dothisin a physically correctway would involve accurately
estimatingthe lighting, and 3D geometryof the objectfrom the
image; a task that not even state-of-the-arcomputervision can
achieve to a high degreeof precision. However, we have setas

ourgoalnotaphysically accurateeconstructionbut avisually sat-
isfying illusion of materialtransformation Our approachrelieson
thefactthathumanvision toleratescertaindeviationsfrom reality.
Indeed sometimegvenenormousnconsistenciego un-noticedy
obsenrers[Ostrovsky etal. 2005]. An exampleis change-blindness,
the inability to detectchangesin the ervironment [Simons and
Levin 1997].

Recentresearcthassuggestethe possibility of changingmate-
rial propertiesin animageusing simple image processingopera-
tions[Adelson2001;FlemingandBulthoff 2005;Motoyoshietal.
2005]. Oneof the key contrikutionsof this paperis to shov how
we may exploit limitations of humanvision regarding shapeper
ception[Belhumeuretal. 1999;Koenderinketal. 2001],aswell as
its inability to reliably estimatedllumination [te PasandPont2005a;
te PasandPont2005b]for the purposeof transformingmaterialsan
images.

Becausef theinherentambiguityof visual cues the humanvi-
sualsystenmalescertainassumptiongrhenreconstructing@scene
from animage. Whentheseassumptionsre violated, perception
breaksdown andeithera visualillusion occurs,or scenerecogni-
tion is negatively affected[Metzger1975; Tarretal. 1999;Lawson
etal. 2003].

With this in mind, we presentour work which aimsto take as
input a photograptof anobjectaswell asanalphamatteoutlining
this object,andproduceasoutputa nenv photograptwherethe ob-
ject hasbeengiven an entirely nev material. The transformations
presentedn this paperrangefrom applying a texture to the sur
faceof anobject,to the applicationof ary arbitrarybi-directional
re ectancedistribution function (BRDF). In addition, we present
techniqueso handldight-matterinteractionghatarenotwell mod-
eledwith BRDFs,suchastransparencandtransluceng. Examples
of someof our resultsareshavn in Figurel. The useof this work
liesin thefacilitation of digital contentcreationfor art anddesign,
aswell asvisualeffects.

1.1 Previous Work

Severalrelatedimageeditingtechniquexist [Oliveira2002]. For
instance techniqueshave beendemonstratedo changethe shape,
color and illumination of objectsdepictedin images[Oh et al.
2001]. Thelighting in a scenecanalsobe manipulatedEisemann



andDurand2004]. Further imagescanbe usedto light 3D geome-
try [Deberec1998;Debearec2002]. Perhapslosesto ourapproach
is FangandHart's objectre-texturing techniquewhich allows ob-
jects' macrostructureto be altered[FangandHart 2004; Zelinka
etal. 2005]. However, our work focuseson changego objects'mi-
cro structurethatwould normally be modeledwith functionssuch
ashi-directionalre ectancedistribution functions(BRDFs)andre-
latedmodels(BSSRDFdor instance).

All othertechniguesequiremorethana singleimageto male
ary materialchangesFor instanceby usingprecomputedhforma-
tion, objectswith arbitrarymaterials(suchasglass)maybe placed
in animage[Zongker etal. 1999;Chuangetal. 2000].

1.2 Problem De nition

For the purposeof manipulatingmages,nsightinto imageforma-
tion may be gainedfrom studyingthe renderingequation[Kajiya
1986]:

z

LOGy)=Le+ fr( i; o) Li( i)cos idl;y (1)

For non-emittingobjects,we cansetL. = 0. Thus,thelight L
focusedonto a pixel (x,y) is formed by taking the corresponding
nearessurfacepointin thesceneandconstructinga hemisphere
aroundthe surfacenormalassociatedvith this point. Then, light
fromall directions ; coveredby isre ectedtowardthe pixel by
anamountgovernedby there ectancefunctionf, .

We areinterestedn manipulatingpixel valuesL (x; y) suchthat
objectsappearto be madeof differentmaterials. Thus,we aim to
take anexistingimageL andtransformit into a differentimageL °
suchthat:

z
Loy) = f2( i o) Li( i) cos idl; (2)
However, in the above two equationghereare several unknowns:
theorientationof thehemisphere for eachpointontheobject,the
re ectancefunctionf, nor the incidentlighting L; areavailable.
All weknow arethepixel valuesL. andthedesirede ectancefunc-
tion f 2. Thus,computingL °is not possiblewithout makingfurther
assumptionandsimpli cations. Thekey point of this paperis that
we will shav how to simplify the problemsuchthat althoughthe
physicsof light is not strictly followed, the resultsremainplausi-
ble. We achieve this by exploiting limitations of humanvisionin a
consistentmanner

First, for eachpixel belongingto the objectwe wish to alter, we
requirean approximatiorof , or equivalently the surfacenormal
n. Detailsof both the problemand our solutionare presentedn
Section2.

It is possibleto approximatethe incidentlighting for all direc-
tions on the basisof the partial knowvledge we have given back-
groundin theinputimage. Dependenbn the natureof the desired
re ectancefunctionf °, theapproximatiomeedso bemoreor less
precise. In particular if 2 is relatively diffuse, the approxima-
tion can be relatively coarselRamamoorthiand Hanraharn2001].
In addition, humanperceptionis suchthat relatively coarseap-
proximationsare sometimedolerated. For instance Ostrossky et
al [2005] have foundthatdeliberatdanconsistencies thedirection
of illumination arevery dif cult to detect.Otherexperimentshave
con rmed thathumanscannotin generalestimateillumination re-
liably [te PasandPont2005ajte PasandPont2005b]. Thisimplies
thatinaccuracie# illumination arelik ely to go unnoticed— afea-
turewe actively exploit in our work.

The unknavn valuesof L; canbe classi ed into two groups:
valuesthat are outsidethe image,for instancebehindthe photog-
rapherandvaluescomingfrom behindthe objectwe wish to alter

Figure2: Testimagesusedin this paper

For thesetwo casesve adoptdifferentsolutionsbecausehe num-
ber of missingvaluesis differentin eachcase,and thereforethe
level of approximationcanbe different. Togethertheseyield a set
of incidentlighting valuesL °, asdiscussedurtherin Section3.

After computing approximatevaluesfor the objects surface
shapeaswell asthe incidentlighting, a new re ectancefunction
f ° canbe choseranda new imagemayberendered:

z

L0ay) = fPC 5 o) L( ) cos idti (3)

Finally, thetypesof materialchangesve arecurrentlyinterestedn

involve re-texturing of objects,increasingor decreasingpecular
ity, addingtransparenc andtranslucenyg, aswell asreplacingan
object's BRDF. Ourwork ontransformingmaterialson the basisof

asingleinputimageis novel, andconstitutesa signi cant general-
izationto objecttexturing [FangandHart 2004].

1.3 Overview

The generalapproachwe adoptis rst to acquirea high dynamic
range(HDR) photographof the objectof interestby concatenat-
ing multiple exposuregDebevec and Malik 1997]. Most of the
techniquesve presentalsowork to someextentwith standardlow
dynamicrange)images. However, HDR input yields more robust
results. The gradientsusedto estimate ° aresmootheiif derived
from HDR images;highlight identi cation is alsofacilitated. Im-
portantly estimatesf L; canbe directly usedto light the object,
i.e.thebackgroundaixelsaresuitablefor techniqueskinto image-
basedighting [Deberec2002;Reinhardetal. 2005b].

Second,we createan alphamatteto separatehe objectfrom
the background. Although we have createdour mattesby hand,
sophisticatedechniqueshave recentlybecomeavailable to assist
theuserin thistask[Li etal. 2004;Rotheretal. 2004],or gotoward
automaticalphamatte extraction [McGuire et al. 2005; Reinhard
andKhan2005]. The pixelsforming the objectwill bealteredto t
the objectwith a new material. By aligning our imageprocessing
with theobjectsboundariestheillusion of adifferentmaterialmay
becreated.

In the remainderof this paper we rst discussthe approaches
we have found usefulfor estimating °andL? (Sections2 and3),
followedby thevariousmaterialtransformswve have achieved(Sec-
tion 4). Somecaveatsand limitations are discussedn Section5,
while generalconclusionsaredravn in Section6. Editedimages
are shovn throughoutthis paper using input imagesdepictedin
Figure2.



2 Object Shape ( 9

A hemispheref directions °canbeestimatedrom pixelsbelong-
ing to theobjectby rst estimatinghedistancebetweertheviewer
andthe object,i.e. the depth. Gradientsn deptharethenusedto
computea surfacenormaln for eachpixel. Eachof thesestepsare
discussedn thefollowing subsections.

2.1 Depth Recovery

Computinga depthmapfrom a singleimageis the classicshape-
from-shadingproblem. Unfortunately asthis problemis severely
underconstrainedgood solutionsfor arbitraryimagesdo not ex-
ist [Zhanget al. 1999]. Solutionshave beendevelopedfor highly
constrainedasegKang 1998;lgarashietal. 1999;0hetal. 2001].
However, to dateno generakolutionhasbeendeveloped.

Fortunately by carefully exploiting certainassumption®f hu-
manvision, we cangetaway with highly approximatedepthrecon-
structions.A surprisinglyeffective startingpointis to assumehat
surfacedepthis inverselyrelatedto imageintensity Thereis exper
imentalevidencethathumanobsenrerstreatlower luminanceval-
uesasmoredistantsurfacelocations[Langerand Biilthoff 2000],
andindeed,this is loosely what algorithmsfor shapefrom shad-
ing underdiffuseillumination rely on [Langerand Zucker 1994].
Althoughtheresultingsurfacereconstructionarefar from perfect,
therearetwo main reasonsvhy the approximationsare sufcient
for our application.

First, certainerrorsin the depthestimatesare visually masled

by subsequenprocessing.For example,highlightsin the original
image appearas protrusionsin the depthmap. However, in the
nal output,highlightsaregenerallypastedackontothesesurface
locations, effectively maskingthem. Further becauseve do not
dramaticallyaltertheillumination of the object,spurioushills and
valleys do not generatdell-tale shadaevs, which would undermine
theeffect.

Secondyisualcuesto 3D shapeareinvariantacrossawide class
of geometricatransformationsThis meanghataslong asthedis-
tortionsof thereconstructeghapebelongto thesetransformations,
they will be undetectabléy the visual system.Probablythe most
importantin this context is the bas-reliefambiguity which malesit
dif cult orimpossibleto distinguishsurfacesthatarerelatedby an
af ne transformatioralongtheline of sight[Belhumeuretal. 1999;
Koenderinket al. 2001]. The bas-reliefambiguityallows shearing
in the depthmapdueto obliqueillumination to go unnoticed pro-
videdtheline of sightis notaltered asin our application.

Further the genericview principle helpstheillusion: thevisual
systemassumesdy default thatthe objectis not viewed from spe-
cial viewpoints,andthatthereis nothingpeculiaraboutthe geom-
etry [Koenderinkand van Doorn 1979; Freeman1994; Freeman
1996].

We thereforeaim to derive a locally-consistentlepth-magrom
the object’s luminancedistribution, with higherluminancevalues
specifyingthe partsof the objectcloserto theobserer (i.e. follow-
ing the dark-is-deepparadigm). Our approachconsistsof several
steps.First, we computethe luminanceof eachpixel [ITU 1990]:

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

An initial crudedepthmapd(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. Secondthe shapeimplied by the depth
valuesmay bulge in the directionof ary light sourcesasargued
above. Third, highlights may causesigni cant distortionsin the
depthmap— aproblemaddresseth Sectior4. 1.
Theluminancevariationdueto shadings usefulasanindicator
of shapewhereadreatingtextured areasas valid depthinforma-

Figure3: Thevalueof spatial cOntols the smoothnessf the depth-
map. Herg, its valueis doubledfrom 0.001to 0.002,0.004 and
0.008timesthe width of theimage.

tion is only usefulfor specialeffects(suchasmakinganobjectap-
pearembossed)Thediscontinuitiesn luminancedueto silhouettes
oughtto be presered. We thereforeneedsomemeansto isolate
shadingfrom otherclasse®f intensityvariation.

While disentanglinguminancevariationsdueto several differ-
entprocesses oncemorean underconstrainecgroblem,in prac-
tice shading,textures and patternstend to occur at different fre-
guenciesand/orluminancelevels. We thereforerequirea lIter that
is tunableto spatialscalesaswell asluminancesThebilateral Iter
directly ts theserequirementg§TomasiandManduchil1998]:

P P
u VRS BUV)Ls(x  uy V)
R G V)|

b(x; y; u; V) = Gspatial IO(x w2+ (y V)2 spatal
GL(Ls(x uwy V) Ls(xy); 1) (6)

Thebilateral Iter kernelbis composedf two Gaussianlter ker
nels,Gspatia@and G with kernelwidthsof spasarand L, affording
usercontrol over the recoreredobjectshape. For larger valuesof
this parametersmall detailsareincreasinglysuppressewhile the
overall round shapeis emphasized.Further control over surface
indentationgs affordedby  spaia, @asshavn in Figure3. Dependent
onthespeci c shapeof the objectdifferentparametesettingsmay
thusyield satisfictorydepthmaps.

The bilateral Iter is typically usedin the logarithmic do-
main [DurandandDorsey 2002]. While log L is a betterbehaed
guantitythanL, the rangeof valuesproducedby taking the loga-
rithm is unconstrainedA closermodelof early humanvision in-
volvesemploying sigmoidalcompressionywhich producesbehar-
ior similar to log luminancein the mid-rangeof values,but addi-
tionally hasarangeof outputvaluesthatis strictly limited between

Oandl:
L"(x;y)
L"(xy)+ "

dix;y) = %)

Ls(x;y) = (7)



Figure4: Depthmapsfor someof theimagesusedin this paper

Figure5: Our approximatedepthrecovery techniqueis helpedby
thebas-ielief ambiguity providedthe viewpointis not altered.

Theexponentn is setto 0:73 by default,avaluecommonin model-
ing for instancephotoreceptoresponsefNakaandRushtonl 966].
Thesemi-saturatiogonstant determinesvhichluminancevalues
aremappedin nearlogarithmic fashion. A commonandsensible
valueis to choose equalto the log averageluminanceof the ob-
ject's pixel values:

X !
log (L (x;y)) 8)
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CompressingheinputL asabove helpsmake theresultsmorero-
bust,andadditionallyfacilitatesthe choiceof valuesfor .
Somedepthmapsareshavn in Figure4, shaving thatthe depth
is generallyasmoothfunctionfollowing theluminancedistribution.
As a consequencdpr objectslit from the side,the depthsareno-
ticeably skewed, as seenin the top left and bottomright images.
Thesemapsdeviate substantiallyfrom the true object geometry
andwould notbesatishctoryfor generause.However, subsequent
treatmenbf thedepthmaps combinedwith themaskingeffectsoc-
curringin the nal resultsmeanthatfor our application,the gross
inaccuraciesn shapereconstructiordo not interferewith the vi-
sualeffect; indeed,they arelargely undetectableFinally, Figure5
shavsthatdistortionsin depthmapsthusobtainedarenot perceved
aslongastheviewpointis notaltered aspredictecby thebas-relief
ambiguity
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Figure6: A family of gradientreshapindgunctions.

2.2 Gradients and Surface Normals

Dueto the sigmoidalcompressiorappliedearlier the rangeof val-
uesof d is strictly limited. This meanghatgradientsearsilhouette
edgesaretoo small. We thereforeinvert the sigmoidalcompression
function(7) rst:

"dixy)

0y -
W= ey 1

9)

The recarereddepthd®(x; y) cannow be usedto estimatelocal
gradientandsurfacenormals.In two dimensionsthegradienteld
r d(x; y) is de nedin termsof neighboringdepthvalues:

d’(x; y)

(10)
As luminancevalueswere usedto derive thesegradientswe can
not expectthatthe rangeof gradientvaluesis directly commensu-
ratewith the shapeof the object. In addition,thereis no reasorto
believe thatthe corversionfrom luminancevaluesto gradientval-
uesshouldbelinear We have empirically determineda non-linear
splinefunctionwhichreshapethegradienteld to boostsmalland
largegradientsattenuatingntermediategradientsasshovnin Fig-
ure6. In additiontheamountof reshapinganbeadjustedy recur
sively applyingthis function (alsoshavn in this gure). Typically,
we apply this function betweenone andfour times,dependenbn
theinputdata.

Theresultinggradienteld canthusbeusedto compute3D sur
facenormalsor maybeapplieddirectly to warptextures,asshavn
in Sectiond4. We compute3D surfacenormalsusingthe following
gradientvectors:

rdgy) = dlx+ Ly)  day); Ay + 1)

Ox = L 01 d’ (11)
gy= 0 Lr,d’ 12)

The surfacenormalis given by the crossproductn = gx 0y,
which mustbenormalizedf usedin aray tracingervironment.

3 Incident Light (L;)

Given an (approximatedyepresentationf 3D shapefrom (3) we
seethata successfumanipulationof an object’s materialrequires
knowledgeof theincidentlighting L ; 1. Givenasinglephotograph,

1In this and subsequensectionswe will retainthe notationL; when
discussingincidentlighting. However, it shouldbe notedthat while this
symbolis commonlyusedto denotduminancevalueswe will usethesame
symbolto indicateRGB tripletswhere-&er this doesnot leadto confusion.



Figure7: Remeingtheelephanfromtheoriginal image (left) is shownin themiddle Themaskingeffectof furtherprocessindgs demonstated

with the simulationof transpaency(right).

all the backgroundpixels togetherprovide informationfor a sub-
setof the directionswe areinterestedn. For all otherdirections,
namelythosebehindthe object, and thoseoutsidethe image,we
will have to substituteanapproximatiori_ 2.

Our materialedits can be groupedinto full 3D simulations,as
well as2D remappindunctions. For the 3D simulations we need
a value L? for every possibledirection. For the 2D remapping
schemesywe mayrestrictourselhesto a setof directionsthatcorre-
spondto existing imagepixels. However, in bothcasesanimpres-
sion of whatlies behindthe objectis desirable.Solutionsfor both
problemsareoutlinedin thefollowing subsections.

3.1 Light from Behind the Object

To determinevhatlight may comefrom behindthe object,we may
employ animageinpaintingalgorithm[Bertalmioetal. 2000;Drori
etal. 2003; Sunetal. 2005]. The input to suchalgorithmsis typ-
ically theimageitself aswell asan alphamattewhich de nesthe
holethatneedso bereplacedvith anew backgroundTheresultis
animagewith thegap lled with plausiblebackgroundgixels.

While the more adwvancedalgorithmsmay yield more plausible
results,after applyingthemto (3) the quality of the inpaintingal-
gorithmis largely masleddueto furtherprocessinggontortingand
warping. In the following, we demonstratéhat for this particular
applicationthe inpaintedregion only needsto capturethe correct
imagestatistics,which is a wealer requirementhanthosemetby
full inpaintingalgorithms.This affords a muchsimpleralgorithm,
while still yielding satishictoryresults.

An importantobsenationis thatfor the backgroundo be useful
asacomple light sourcejts precisecon gurationis unimportant.
However, the statisticalpropertiesof the inpaintedpixels oughtto
be similar to the remainderof the ervironment. In particularthe
images power spectraklopeshouldbepresered[Rudermaril997;
van der Schaaf1998; Torralbaand Oliva 2003; Reinhardet al.
2004],aswell asits color composition.

The most straightforvard approachthat would achieve these
goalsis to copy large blocks of pixels from the backgroundnto
thegapformedby removing the object. This approactwould min-
imize the introductionof new edgesandthus presere 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 have beendisplaced.

To begin,we nd theleft-mostandright-mostextentof thegap's
boundaryandcall the corresponding-coordinateSmin andXmax.

2This is not generallythe casefor inpaintingalgorithms,but merelya
consequencef our speci ¢ application.

Thevalueassignedo all pixelsinsidethegapis thenL %:

Lio(x; V)= WiL@Xmin X y)+ WoL(2Xmax X;y) (13)

wy = & Xmn (14)
Xmax Xmin

Wy = Xmax X (15)

Xmax  Xmin

In casethex-coordinatesndex outsidetheimages boundariesye
usewrap-aroundwithin theregions[0; X min] and[Xmax; X max] (with
X max beingthe images horizontalresolution). The effect of this
operatioris givenin Figure7, shaving theoriginalimage(left), the
result(middle),anda simulationof transparencto demonstratéhe
maskingeffect of furtherprocessing.

3.2 Reconstructing a 3D Environment

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 necessaryo reconstructa
full spherical3D environment. In traditional image-basedight-
ing approachesphotograph®f mirrored spheresor the outputof
scanningpanoramiccamerasare mappedto a sphericalerviron-
ment[Debevec 2002]. In our case,an approximatemappingcan
be constructecbetweenthe hole- lled photographandthe desired
ernvironment.

The plane of the image in three-dimensionakpacemay be
thoughtof as partitioning the ervironmentinto two half spaces.
Our ervironmentmapis createdby extrudinga circular partof the
backgroundmageto form a hemispherébehindthe imageplane,
andagain to form a hemisphereén front of the plane,asillustrated
in Figure 8. This leadsto the following computationof direction
vectorsfor given pixel coordinates.

Thecenterof thecircle [x. yc O] is givenby the middle of the
image,andthis circle is madeaslargeaspossiblej.e. theradiusR
is min(Xc; yc). Next, we constructor eachpixel within this circle,
anormalizedcoordinatepair [Xn Yn]:

h

i
X X
iyl = B L (16)

A pixel [xn yn]" cannow bemappedo adirectionvectord with:
q 7
d= Xniyni 1 (x0)?+ (yn)? 17)

Thesdlirectionvectorsareequivalentto theincomingandoutgoing
directions ; and , in (3). This meansthat for every desired
direction, a correspondingndex into the hole- lled imagecanbe
computedor the purposeof solving(3).
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Figure 8: The badkgroundimage with the objectremavedis used
to createan HDR ervironmentmap. First, a circle is cut fromthe
middle of theimage. Thisis thenplacedin the image plane and
thenextrudedto becomehalf the ervironment. Theimage is also
pulled out in the oppositedirectionto form the other half of the
ervironment.

Figure9: Plastictorusrendeedusingtechniquesdescribedn Sec-
tion 3.2 (left), and standad image-basedighting (right).

While this mappingdistortsthe ervironmentleadingto physi-
cally inaccuratelighting, the distortionis locally consistent,and
thereforeargely unobjectionabléo the humanvisual system.This
is demonstrate¢h Figure9, wherewe usedthis mappingto render
atorus. This gure alsoshaws the sametorusrenderedwith stan-
dardimage-basedighting techniquesusing a light probe. While
thedifferencesareclear eachimageonits own looksplausible.

As such,we have recoreredboth plausiblesurfacenormalsfor
theobjectitself, aswell asplausibleighting to beusedo relightthe
object.Wethereforehave all thepreliminariemecessaryo perform
materialtransformations.

4 Material Transforms

Editing an objects material propertiescan take several different
forms, dependingon the desiredtarget material. For instance,
increasingor decreasingthe gloss on an object would require
only a straightforvard luminanceremapping,whereasreplacing
the BRDF of an objectwould meana full evaluationof (3). Re-
texturing an objectaswell ascreatingtransparenandtranslucent
objectsrequiretechniqueshatsit somevherein-betweertheseex-
tremesin termsof computationacompleity. Hence,we discuss
eachof thesematerialtransformsseparatelyin the following sec-
tions.

Figure10: Theluminancevaluesof the statue(left) were remapped
to createa more specular(middle)and more diffuse(right) image.

4.1 Glossy Surfaces

For objectsthat alreadyexhibit someamountof glossinessan ex-
ponentialremappingof luminancevaluesmayincreaseor decrease
the perceptionof gloss[Fleming and Bulthoff 2005]. To increase
specularitythefollowing mappingyieldsacceptableesults:

8
< L L i
L0: . I-min+ (Lmax I-min) Lmax Elr:in L> I-min
"L L Lmin
(18)

whereL nax is the maximum luminanceof all object pixels, and
L min IS the minimum luminancethatcanstill be consideregartof
the highlight. This is a userparameterwhich may alternatvely be
estimatedwith the highlight detectionalgorithmpresentedn Sec-
tion 4.4. To steerthe amountof specularitythe userparameters
and areavailable(defaultvalues: = 0:05and = 20).

To make an objectappearmore diffuse, we usethe following
remapping:

8
< L L
LO_ L hmax+ (Lmin Lhmax) % L > Lhmax
- : max hmax
L L Lhmax
19)

with  typically setto 0:05. The value of L nmax is computedby
takingtheluminanceassociatedvith the peakof the histogram.

Examplesof bothremappingsreshavn in Figure10. For high-
glossobjects, the latter remappingmay also be useful as a pre-
processingtepbeforerecorering ° (Section2). This would per
mit the shaperecorery to belesssensitve to highlights.

4.2 BRDF Replacement

With estimate®f surfacenormalsn availablefor eachpointonthe
object,andhaving constructeca mappingfrom arectangulaimage
to a full 3D environmentto provide valuesfor L?, we canevalu-
ate (3) directly. While our approachfollows commonpracticein
image-basetighting [Debevec2002],theremaindeof this section
is devotedto detailingour speci ¢ implementation.

To samplethe ervironmentfor eachpoint on the surfaceof the
object, a fastand ef cient samplingschemeis required. One of
the mostef cient waysto generatesamplingpointsfor our envi-
ronmentis affordedby Ostromoukh®'simportancesamplingtech-
nigue[Ostromoukhw et al. 2004]. Using this algorithmasa pre-
processwe typically nd upto400samplingcoordinate$x, yn]"
in our backgroundmage,leadingto an equalnumberof valuesof
L?. Eachof thesesamplingpointshasan associate@®D direction
vectord, computedwith (17). For eachpoint on the object, we
sampleonly thoseimportancesamplesor whichd n > 0, i.e.
thosesampleghatlie within thehemisphere °.



Figurel1l: Exampleof mappingarbitrary BRDFsontoan object.

A commoncorventionis to evaluateBRDFsin acoordinatesys-
temwhich is alignedwith the surfacenormal. This is achieved by
rotatingthe view vectoroveranangle = n v aroundan axis
a= n V. Foreachsamplepointin the ervironmentwe wish to
evaluate,its associatedlirectionvectord is rotatedover the same
angle,givingd . Quaterniorrotationshouldbeusedto avoid gim-
ballock [Hart etal. 1994].

Although our applicationwill work with ary BRDF model,we
have choserMatusiketal's measure@RDFs[Matusik etal. 2003]
sincethesewerecapturedn high dynamicrange andaretherefore
directly compatiblewith our system.Thus,the equationwe evalu-
ateto t anobjectwith anew materialis:

LAx;y) = fmaws(d ;v ) L2(d)d n  (20)

fdjd n>0g

Someresultsof this approachareshavn in Figurel11.

4.3 Re-texturing

The machineryoutlinedin Section2 is sufcient to allow objects
to bere-textured. In particular the gradienteld r d° canbe used
to estimatea warpingof anarbitrarytexture T , which canthenbe
appliedto the object. To steerthe amountof apparentunature,
we introducea linear scalefactors, and computetexture indices
[tx; ty]7 asfollows:

X+ sr xd (21)
y+ sryd (22)

tx
t)’

The indices are taken modulo the texture size and are usedto

computethe new pixel colors of the object. Assuminga pixel

[x y] belongingto the object hasan RGB color triplet denoted
C(x;y), the new color C*(x; y) canbe derived from its original

color C(x; y) andthe texture look-up value T (tx;ty). For extra
e xibility, we follow SmithandBlinn [1996] andaddtwo userpa-
rametersnamelya scalarf 2 [0; 1], anda new objectcolor G,

leadingto the mattingequation:

Clhxy)=(@ f)GT(tx;ty)+f C(xy) (23)

The parametef linearly interpolatesbetweenthe original object
color andthe texture mappedcolor. Resultsfor f = 0andG =
[111]" areshawnin Figure12. Thisresultis includedto show that
our approachs capableof reproducingangandHart's [2004]. It
alsoformsthe basisfor modelingtransparencandtransluceng.

4.4 Transparenc y and Translucenc y

A key factoraffectingthe appearancef a transparenobject,is its
geometricshape.It determineshow light incidentfrom the back-

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

Figure13: A texture suitablefor simulatingtranspaency(left, see
also middle panelof Figure 1, andtranslucencyright, aswell as
theright panelof Figure 1).

groundis refracted,leadingto the characteristidistortionsasso-
ciatedwith transparenbbjects. With an appropriateestimationof
the objects shape suchas ° (Section2), it shouldthereforebe
possibleto warp the backgroundmageL ? suchthatit givesthe
appearancef atransparentbject.

Thus, rather than apply an arbitrary texture to an object, we
may usethe approachof Section4.3to createtheillusion of trans-
pareng. We have foundthataslong asseveral conditionsaremet,
convincingresultsmaybeobtained First,thewarpneedgo becon-
sistentwith %, whichin turn needgo be atleastlocally consistent
with theactualgeometry . Notethatthisis awealer requirement
thanhaving accesdgo the full volumetricgeometry which would
have madethe problemintractable.Secondthe color composition
andnaturalimagestatisticsof the backgroundmageshouldbe as
outlinedin Section3.1. Our basicapproachto createtransparent
andtranslucenbbijectsis thengiven by (23), wherebyT = L?is
calledthebackgroundnap(seefootnotel on page4).

There are various extensionsto this basicsolution, leadingto
differenttypesof transparenmaterials from clearglassto frosted
glass,to transluceng. Eachof theseinvolve pre-processingf T .
In addition,we have found valuein detectingthe highlightsin the
original object,and preservinghem. Both topicsarediscussedn
theremaindelof this section.

To simulateobjectsthatarenot perfectlycleat we corvolve the
backgroundmap T (tx;ty) with a Gaussianlter, asfor example
shown in Figure 13 (left). A muchlarger Iter kernelis usedto
simulatesub-surfcescatteringn translucenbbjects.

Thelattertypeof objectadditionallyrecevesa color adjustment
to simulatewavelength-dependermtbsorptiorof light by the mate-
rial. This adjustmentnay be achiezed by employing a color trans-
fer algorithm[Reinhardet al. 2001] wherebythe backgroundmap
is giventhe samecolor statisticalpropertiesasthe objects pixels.
A typical treatmentto simulatetranslucentmaterialsis shavn in
Figure13 (right).

In additionto manipulatingT (tx;ty), dark glassmay be sim-
ulatedusingan exponentiala after normalizingthe matting func-
tion (23):

Cgark = CO(X: Y)=Crax 2 (24)

An exponenta of around1:2  1:4 producesealisticattenuation.
Theuserparametef in (23) controlsthedegreeto whichtheobject
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Figure14: Histogram of an HDR image andits derivative

Figure15: Using the minimumin the derivativeof the histagram,
highlight pixelsof the left image are detectedand for demonsia-
tion purposegaintedredin theright image.

is transformed— f = 0 producesa completelytransparenbbject,
wheread = 1 yieldstheoriginal object. Inbetweervaluesmodel
semi-transparerabjects.

A nal re nementof our transparengtransluceng algorithm
involves detectionand placemenif highlights. For objectswith
relatively sharphighlights,it may be bene cial to retainthesein
the transparenaindtranslucentversionsof the sameobject, since
highlightsgenerallyenhanceealism[Fleming and Bulthoff 2005]
andaidtheperceptiorof 3D shapgToddandMingolla 1983;Blake
andBulthoff 1990;Blake andBilthoff 1991].

As we only requiredetectionof highlightson pixels belonging
to the object, our highlight detectiontaskis relatively simple. In
particular while highlightsarenot necessarilyhe brightestpart of
ascenethey dotendto bethebrightestpartof asingleobject. Fur
thermorejn corventionalimaging,highlightsarefrequentlyburned
out (“clipped”) dueto limitations of the capturingdevice. By using
HDR imaging, highlights may be capturedaccuratelywhich also
simpli es their detection. Ratherthanresortto one of several so-
phisticatedscheme$Klink eretal. 1988;Drew 1994],we therefore
proposea simplealgorithm.

We will assumethat the brightestpixels of the objectform the
highlights. The histogramof objectpixelsis analyzedo determine
theintensityof thedarkestpixel thatmaystill be consideregartof
the highlight. Intensityhhistogramf real objectstypically shav a
largepeakfor thedarler pixels,andalongtail formingthehighlight
pixels (Figure 14). We have foundthatfor mary objects,the min-
imum of the histograms deriative is a reasonabl@pproximation
of the startof the highlight, alsoshawvn in Figures14 and15. This
methodis usefulasa startingpoint, althoughon occasiorthe user
maywish to manuallyreducethe sizeof the highlight someavhat.

Figure16: Transpaencyresultsdemonstatedon differentobjects.

Figurel7: Coloredglass(left) anddarkenedglass(right) simulated
with alinear attenuatiorto achievecolor (G in 23),andnon-linear
scalingto simulatedark glass(24). Therefractionsin theseimages
are different from the onesshownin Figure 16 dueto a different
choiceof lter kernelsizesof thebilateral lter, aswell asa differ-

entchoiceof scalefactors.

Oncewe have detectechighlightsin the original object,we re-
placethecorrespondingixelsin the new imageby thepixel values
in the originalimage.

Theresultsof thesemanipulationsareshavn in Figure16. Var-
ious typesof glassmay be simulated,including coloredand dark
glass,asdemonstrateth Figure17. Transluceng is demonstrated
in Figure18.

5 Limitations

As our techniquesiecessarilyemploy approximationsandrely on
the humanvisual system lling in missingpiecesof information,
thereare somelimitations. Eachof theselimitations afford inter-
estingfurtherresearch.

First,we assumehattheinputimageis givenasa high dynamic
rangeimage. As the methodinvolves the computationof gradi-
ents,it is assumedhat quantizedow dynamicrangedatawill not
be amenabldo the recovery of suitablegradientsfor further pro-
cessing. Figure 19 shavs a comparisonwherethe middle expo-
sureof a sequencef nine imageswas processedeparately The
high dynamicrangeresultshavs appropriatecurvaturein the ob-
ject, whereashe shapehasbecomeat in the low dynamicrange
image,andlosestheappearancef transpareng Skilled photogra-
phy, in combinationwith more forgiving scenesmay yield better
resultswith LDR input.

Theinputis furtherlimited to objectswith clearlyde ned bound-
aries,with alimited amountof texture. It is currentlynot possible
to transformtransparentbjectsto non-transpareranes.

Theparametersor thebilateral Iter typically needto bechosen
suchthatthe smoothnessf the depthmap,andsubsequengradi-
ent eld, is matchedo thetypeof materialthatis applied.Metallic
BRDFs,for instance suggesthatat the microscopidevel the sur
faceis relatively smooth. Usually this meansthat at the level of
geometrythe surfacealsoneeddo berelatively smooth.A similar
effect can be obsered for transparencin Figure 3, wheresome
depthmapsare more appropriatefor the simulationof glassthan
others.

We considerour reshapindunctionsof boththe depthmapand



Figure18: Translucencyppliedto variousdifferentobjects.

Figure19: ComparisorbetweerHDR and LDR input for a trans-
formationto a glassymaterial. Thetop row showsnputandoutput
in HDR (tonemappedor display),and the bottomrow showsthe
low dynamicrange equivalent. TheHDR imageswere tonemapped
with thephotaggraphicopemator [Reinhad etal. 2002], wheeasthe
LDRimageswer linearly scaledto t thedisplayrange.

the gradient elds to be temporarysolutions. While in general,
plausibleresultscan be obtained,further improvementsare pos-
sible. In particular nearthe silhouetteghe currentreshapingunc-
tionsallow the gradientso becometoo large, leadingto unnatural
compressionasfor instanceseerin the stonetextureappliedto the
deerin Figure12.

Finally, changinghematerialof anobjectwill alsoalteritsinter-
actionwith the ervironment.For instance makingan objecttrans-
parentwill likely introducecausticselsevherein the environment.
An interestingavenueof furtherresearctwould beto modelthese
interactionswith theernvironment.

6 Conclusions

Givenasinglehigh dynamicrangephotographwe have presented
tools and techniquego changethe material propertiesof objects
foundin suchanimage.A key obsenationenablingdramatictrans-
formationsof objectappearances thatcertainaspect®f theinter
actionbetweenlight andmatterneedto be accuratelyreproduced,
wherea®theraspectanbe approximatedvithout harm. For in-

stancewe have foundthataccurateetrieval of the objects surface
normalsis much more importantthan the preciserefractionof a
backgroundhroughan object. The ervironmentusedto light the
objectneeddo havethecorrectrangeof colorsandintensity butthe
re ectionsandrefractionsof anobjectdo nothave to be positioned
with highaccurag.

Theseobsenationsallow usto producecompellingimageryuse-
ful for specialeffectsanddigital contentcreation.We achieve this
by carefullyreconstructingurfacenormalsbasedntheluminance
distribution of the object. Sincethis aspectof image-basednate-
rial editing requireshigh accurag, the useof high dynamicrange
imageryis recommendedsthis reducegjuantizatiorerrors.

Our approachthusenablesxtensve materialmanipulationsus-
ingimagesalone,anddoessowithouttheneedor expensve equip-
ment,light probesor 3D modeling. This approachdoesnot intro-
ducesigni cant temporalartifactsif appliedto individual framesin
a sequencgReinhardet al. 2005a]. In additionto beingusefulin
the specialeffects community this work affords exciting opportu-
nitiesin the studyof the humanvisual systemandits perceptiorof
materials.
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