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Abstract
Lighting hasa crucial impacton the appearanceof 3D objectsand on the ability of an image to communicate
informationabouta 3D sceneto a humanobserver. Thispaperpresentsa new automaticlighting designapproach
for comprehensiblerenderingof 3D objects.Givena geometricmodelof a 3D objector scene, thematerialprop-
ertiesof thesurfacesin themodel,and thedesired viewing parameters, our approach automaticallydetermines
thevaluesof variouslighting parameters byoptimizinga perception-basedimage qualityobjectivefunction.This
objectivefunctionis designedto quantifytheextentto which an image of a 3D scenesucceedsin communicating
sceneinformation,such as the3D shapesof theobjects,finegeometricdetails,and thespatial relationshipsbe-
tweentheobjects.
Our resultsdemonstratethat theproposedapproach is aneffectivelighting designtool, suitablefor users without
expertiseor knowledge in visualperceptionor in lighting design.

1. Intr oduction

Lighting designfor imagesynthesisinvolvesspecifyingval-
uesfor lighting parameters,suchasposition,color, andin-
tensity, for eachof the light sourcesin a 3D scenemodel.
Oncethe scenegeometry, the materialproperties,and the
viewing parametershave beenspecified,the appearanceof
the scenein a renderedimagedependsexclusively on the
lighting. Poorly designedlighting may result in incompre-
hensibleimages,containingunder- andover-illuminatedre-
gions, exhibiting poor contrast,and failing to effectively
communicatethesceneto a humanobserver.

The traditionalapproachtowardslighting designfor im-
agesynthesistypically usesadirectdesignparadigm,where
the useriteratively specifiesall of the requiredlighting pa-
rameters,rendersthe scene,evaluatesthe results,makes
modificationsin thedesign,andsoforth.Thisis essentiallya
trial-and-errorapproach,with theobviousdrawbackthatthe
usermustactively participatein eachiteration.Thus,thede-
signprocessis time-consumingandtedious,andit requires
expertisein lighting designaswell asan understandingof
visualperceptionissues.

An alternative approachis basedon an inverse design
paradigm.Theuseris presentedwith someinterfacethaten-

ableshim to specify a set of objectives and/orconstraints
that the lighting designshouldsatisfy, and the parameters
arethensolved for in an automaticfashion6 � 11� 18� 23. These
methods,reviewed in Section2, arecertainly lesstedious,
but still requiresusersto know andto be able to articulate
a priori what is the appearancethat they desireto achieve.
Thus,this approachmight still bedifficult to usefor a non-
expertuser, whosegoalis merelyto renderacomprehensible
imageof thesceneat hand.

This paperpresentsa novel fully automaticapproachto
lighting design,gearedtowardsgenerationof comprehensi-
ble,communicative imagesof 3D objects.Morespecifically,
givena geometricmodelof a 3D objector scene,themate-
rial propertiesof thesurfacesin themodel,andthedesired
viewing parameters,our approachautomaticallydetermines
thevaluesof variouslightingparameters.Thisis doneby op-
timizing aperception-basedimagequalityobjectivefunction
designedto quantify the extent to which an imageof a 3D
scenesucceedsin communicatingsceneinformation,such
asthe 3D shapeof eachobject,fine geometricdetails,and
thespatialrelationshipsbetweentheobjectsin thescene.

Ourimagequality function,describedin Sections4 and5,
measuresin animageseveralperceptuallysignificantquali-
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2 ShackedandLischinski/ AutomaticLighting Design

ties thataredirectly affectedby changesin theillumination
conditions.It thencomputesthe differencesbetweenthese
measuredvaluesanda setof automaticallydeterminedtar-
get valuesthat shouldbe measuredunder“ideal” lighting
conditions.A weightedsumof thesedifferencesconstitutes
our assessmentof thequality of a particularlighting design.
Theresultingqualityvaluecanbeusedto comparedifferent
lighting designs(for thesamesceneandviewpoint).

In Section6 we utilize our imagequality function asan
objective function for lighting design:we presenta system
that searchesthespaceof lighting designsspannedby sev-
eral free lighting parametersfor a locally optimal lighting
design(correspondingto a local minimum in the objective
function).In conjunctionwith someheuristicsfor automatic
settingof the initial lighting specifications,our systempro-
videsa fully automatictool for lighting design.

Our methodis mostly suitablefor ordinary users,with
no expertise in lighting designor visual perception,who
simply wish to synthesizea comprehensibleimageof their
scenemodel.It is alsosuitablefor incorporationinto various
modelingtoolsfor CAD andanimation.Theexperimentsre-
portedin Section7 demonstratethat our approachis able
to quickly andautomaticallygeneratelighting designsthat
aresignificantlysuperiorto commonlyuseddefault lighting
configurations.

2. Relatedwork

Most previousautomaticlighting designsystemsusethein-
versedesignparadigm.From the user’s point of view such
systemsare primarily characterizedby the set of design
goalsthe useris free to specify, and the designspacethat
they search.Most systemssearcha very limited portion of
the lighting parametersspace,andstill requireconsiderable
knowledgeandexpertisefrom theuser.

Schoenemanetal.23 controlcolorsandintensitiesof light
sourcesby “painting” desiredcolors onto the scene’s sur-
faces.Kawai et al.11 control light emissionsanddirections,
aswell assurfacereflectancesby requestingtheuserto spec-
ify variousconstraintsand objectives for the illumination.
Both of thesetechniqueswork for mostly diffuse scenes,
anddo not changethepositionsof lights. Thedesigngoals
areachieved usingoptimization.PoulinandFournier17 and
Poulinet al.18 let theuserspecifyshadows andhighlightsas
designgoals,from which they infer thelight sourceposition
andsurfaceroughness.

Costaetal.6 presentamethodologyin whichfictitious lu-
minairescanbedefinedandplacedin thesceneto describe
desiredradiancedistribution.Freedesignvariablesarethen
chosen(e.g. light locationanddirection),andoptimization
is usedto determinetheir values.This is a powerful ap-
proach,capableof handlingawiderangeof designvariables
and constraints;however, specifying the designgoalsand
the constraintsin this systemappearsto be a difficult task

even for expert lighting designers.Furthermore,the objec-
tivefunctionfor theoptimizationprocessmustbealsospeci-
fiedby theuserby programmingit usingasuppliedscripting
language.

An entirelydifferentapproachfor exploring thespaceof
lighting designsis presentedin theDesignGalleriesframe-
work of Marks et al.14. Given a setof lighting parameters,
they try to optimally dispersethe spaceof solutionimages
in termsof perceptualquality, andallow theuserto browse
thesepossibleresultsandlinearly combinethemto try and
composea desiredsolution.However, the metric that they
useto measuretheperceptualquality distancebetweentwo
givenimagesis a simplepixel intensitydistance.

Several other relevant works belongto the areaof non-
photorealisticrendering.Theseworks are concernedwith
generatingvisually comprehensiblerenderingsof 3D ob-
jects.Having the privilege of using non-photorealisticen-
hancementtechniques,these methods usually draw the
edgesof the objectsin black, andenhancethe appearance
of surfacesby techniquessuchasaddingcool-to-warmtone
gradations10 or drawing contourlinesandcurvedhatching22.
Ourwork hassimilargoals,but we limit ourselvesto photo-
realisticcomputergraphicstechniques,andenhancevisual
comprehensibilityby manipulatingonly thelighting param-
eters.

3. Visual Perception

In orderto designa perceptualquality metric for automatic
lighting design,wemustfirst definewhatvisualinformation
we would like our imagesto communicate,and then find
practicalcomputationalways to quantify the effectiveness
with whichthis informationis communicatedin specificim-
ages.

Our approachis basedon a fundamentalassumptionthat
the perceptualquality of computer-generatedimagesis de-
terminedby several distinguishableaspectsof visual infor-
mation:

Shape Sincecomputer-generatedphotorealisticimagesare
normallyconcernedwith displaying3D scenes,themost
fundamentalrequirementfrom suchan image is that it
shouldclearlyconvey the3D shapeof thevisiblesurfaces
andobjects,aswell as the spatialrelationshipsbetween
them.

Details A photorealisticimageof a 3D sceneshouldcap-
ture, as much as possible, the fine geometric details
presentin themodel,anddisplaythemconspicuously.

Surfaceproperties An imageshouldcommunicatesurface
properties,suchascolor, reflectance,androughness.

Realism Beyondcommunicatingshapeinformationa pho-
torealisticimageshouldconvey arealisticimpression.For
our purposes,we areconcernedwith the presenceof vi-
sualinformationthatgivesasenseof realismandnotwith
thedegreeof accuracy of theimagein termsof similarity
to a realworld scene21.
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ShackedandLischinski/ AutomaticLighting Design 3

Thenext stepis to addressthequestionof how thesetypesof
informationarerepresentedin the image,andin particular,
how they mightbeaffectedby changesin lighting.

The processof recovering the 3D structurefrom an im-
ageof a sceneis performedby the humanvisual system
(HVS)2� 15; The input for this processis thespatialandspa-
tiotemporalpatternsof light arriving from thescene(or from
an imageof thescene)andfalling on theretinas.TheHVS
analyzesthesepatternsof light to retrieve informationabout
surfacesandobjectsin the environmentbeingviewed.The
questionsof interestto usare:(a)whatfeaturesin theretinal
imageconvey the informationleadingto threedimensional
perception;(b) howcanthey bedetected;and(c) howmuch
eachfeaturecontributesto visualperception.

Spacelimitationsprevent us from presentinga survey of
the vastamountof relevant researchin the fields of visual
perceptionandcomputervision (but seeShacked24). Unfor-
tunately, this researchis able to provide us with only lim-
ited answersto question(a),evenfewer answersto question
(b), andhardly any usefulanswersto question(c). In other
words,thecurrentresultsin thesefields areinsufficient for
our purposeof quantifyingtheperceptualquality of a given
image.Nevertheless,someof thevisualperceptiontheories
andpsychophysicalresearchdid provide us with useful in-
formationaboutfeaturesthataffect imageperception,andin
particularthree-dimensionalperceptionandtherecovery of
depthandlocal surfaceorientation.Thesefeaturesare:� Edges: occluding (profile) edges,boundary (internal)

edges10� 12� 15� 20� 22, andreflectanceedges1.� Shadinggradients:luminancegradientscreatedby there-
flectionof light on surfaces3 � 10� 16� 20.� Shadows3: attached shadows (self shadows) and cast
shadows. In thispaperwe take into accountonly attached
shadows.� Highlights:specularhighlightscanalsohelpin perceiving
theshapeof objects7� 25, in additionto providing informa-
tion aboutthematerialsthey aremadeof.� Luminanceinformation is muchmore importantfor 3D
shapeperceptionthancolor information3 � 8� 20.� Brightnessadaptationand contrastsensitivity: the HVS
adaptsitself to the current light intensity level. When
viewing animage,thatintensityis determinedby theaver-
ageimageintensity. Contrastsensitivity is highestaround
theadaptationlevel, anddecreasesaway from it2 � 4� 9.� Lightnessconstancy: thereis no uniqueillumination in-
tensityfor thereflectanceof anobjectto beperceivedcor-
rectly by theHVS4� 5.� Light sourceattributes:(i) light direction:theHVS tends
to assumethat the light illuminating thesceneis coming
from above20. (ii) spectraldistribution: from the percep-
tual standpoint,theredoesnot appearto beany benefitin
chromaticillumination, while achromaticlight preserves
thecolorsof thematerials3� 8� 20. (iii) numberof lights: the
HVS tendsto assumethat the sceneis illuminatedby a
single light source1 � 20. Furthermore,multiple lights can

causeeffects that may be confusingand contradictory.
Therefore,increasingthe numberof light sourcesin the
sceneshouldgenerallyonly be donewhennecessaryfor
resolvingparticulardeficienciesin theillumination.

4. Perceptual ImageQuality Function: Principles

In thissectionweconstructaperceptualimagequality func-
tion for lighting design.More specifically, guidedby our
knowledgeaboutthe humanvisual perceptionof 3D shape
and spatialrelationships,we definea mapping fQ that re-
ceivesasinputa3D scenemodelM andanimageI thatwas
renderedfrom thismodel,andmapsits input to asinglenon-
negativescalarvalue.Thisvalueattemptsto quantifytheex-
tentto whichtheimageI containsfeaturesandexhibitsprop-
ertiesthatmake it easyfor ahumanobserver to comprehend
the3D shapeandstructureof thesceneM. Thesmallerthe
valueof fQ

�
I � , thehighertheestimatedperceptualqualityof

the image.Naturally, fQ is designedin sucha way that it is
stronglydependentuponthe lighting in thescene.Changes
in the lighting designcausechangesin I , which arein turn
reflectedin thevalueof fQ

�
I � . Thus,theproblemof finding

an optimal lighting designfor the sceneis castasan opti-
mizationproblem— findinga localminimumof fQ.

It shouldbe notedthat the imagesI are luminanceim-
ages,renderedfrom themodelM without applyingany sur-
facetexturesthat might be presentin the model.The rea-
sonis thatwe operateon pixel intensitieswhenquantifying
theperceptualquality of an image.Surfacetexturesperturb
theseintensities,makingit difficult to isolatethe effectsof
changesin lighting on theperceptualimagequality. There-
fore,if If thescenedoescontainsurfacetextures,thelighting
designprocessis performedignoring them,but they canbe
integratedbackinto thesceneoncethelighting hasbeende-
termined.

The function fQ is definedasa linearcombinationof six
target terms, eachresponsiblefor measuringa differentfea-
tureor propertyin theimage:

fQ � fgrad � fedge � fvar � fmean� fhist � fdir � (1)

More specifically, thesesix termshave beendesignedto re-
spondto:

1. Local luminancepatterns: The term fgrad measuresthe
magnitudesof theshadinggradientspresentin theimage.
The term fedge detectsedgesin the imageandmeasures
their prominence.

2. Pixel luminancestatistics: fvar measuresthedistanceof
the luminancevariancefrom a target value. fmean mea-
suresthe distanceof the meanluminancefrom a target
value. fhist measuresthe distanceof the luminancehis-
togramshapefrom anidealequalizedhistogram.

3. Illumination direction: fdir measuresthe elevations of
thelight sourceswith respectto theviewing direction.

In theremainderof thissectionwedescribeeachof thesix
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4 ShackedandLischinski/ AutomaticLighting Design

targettermsin moredetail,andillustratetheir impacton the
lighting of a sceneusingFigure1*. Theorderin which the
functionsarepresentedis similar to the order in which the
termswereaddedinto the quality function in the courseof
ourresearch:eachnew termwasaddedin orderto overcome
deficienciesunresolvedby thepreviousterms.For clarity of
presentation,the termsaredescribedat the level of princi-
ples.A precisedefinitionfor eachtermwill begivenin Sec-
tion 5.

4.1. The shadinggradients term fgrad

This term measuresthe averageshadinggradientmagni-
tudein the image.Only shadinggradientsin geometrically
smoothregions of the sceneare taken into accounthere,
sincegradientsat the edgesareaccountedfor by a differ-
entterm( fedge). Thevaluecomputedby this termis thedif-
ferencebetweenthemeasuredaveragegradientanda target
valuerepresentingthemaximumaveragegradientthatcould
potentiallybemeasuredin animageof thatparticularscene
with thegivenviewing parameters.

Example: Figure1awasrenderedusinglighting parame-
tersobtainedby optimizingonly the fgrad term.It is obvious
thatthis termaloneis unableto producesatisfactoryresults:
the resultingimageis too bright, andmuchof the detail is
washed-outby thestrongillumination.

4.2. The detectededgesterm fedge

Givena 3D scenemodelit is easyto establishwhich edges
could be visible in an imageof the scene,renderedfrom
a given viewpoint22� 13. The extent to which thesepotential
edgesare in fact perceived by a humanobserver, depends
mostlyon the lighting. The fedge termmeasuresthis extent
by applyinganedgedetectionoperatorat pixels locatedon
potentialedges,andsummingtheresponses.

Example: Figure1b wasrenderedusinglighting param-
etersdeterminedby optimizing the function fQ � fgrad �
fedge. As expected,severaledgesthatwerenot visible in 1b
becomeclearly visible now. A secondaryresult of adding
fedge is thatit reducestheoverall excessive intensitycaused
by usingonly a gradientcomponent.The result is still not
satisfactory, however, sincethe imagetendsto containex-
tremelydark(under-illuminated)regionsalongsidewith ex-
tremelybright (over-illuminated)ones.Importantdetailsare
oftenlostin bothtypesof theseextremeregions.It is difficult
to perceive fine detail in suchregions,becauseof theglobal
brightnessadaptationof the visual system,which causes
poorcontrastsensitivity in darkandbrightareas.

4.3. The variance term fvar

In orderto overcometheproblemof largeextremedarkand
bright regions, we introducea term that inhibits extreme
variationsin intensity, by measuringthe distancebetween
the variancein the pixel luminancesand a target variance
value.This target variancemustbe chosencarefully, so as
to reducetheextremevariationsin intensity, but still allow

a sufficient dynamicrangein which shadinggradationscan
take place.

It shouldbenotedthatouruseof avariancereducingterm
is consistentwith the low dynamicrangeprinciple usedin
(non-photorealistic)technicalillustration10.

Example: Figure1c wasrenderedusinglighting param-
etersdeterminedby optimizing the function fQ � fgrad �
fedge � fvar, using a target standarddeviation value of 42
(on a 0 to 255 scale).The histogramof the image,shown
in Figure2b, hasa standarddeviation of 41.8 that is very
closeto the targetvalue(insteadof 77.6in Figure2a). Fig-
ure1c shows a major improvementwith respectto thehigh
intensityvariancefoundin 1b; However, sincetherewasno
constrainton the meanimageintensity it still appearstoo
bright.

4.4. The meanterm fmean

Theoverall brightnessof animageis animportantfactorin
its appearance.From perceptualquality point of view, it is
undesirablefor the imageto appeartoo dark or too bright,
sincethis tendsto weakentheeffect of theshadingandmay
hidevariousfeaturesanddetail in thescene.Evenif no loss
of detail occurs,thereis still somesubjective notion of an
“appropriate”brightnessfor theimage.For instance,theship
in Figure1c might appeartoo bright to mostobservers. In
orderto control theoverall brightnessof the image,we add
anothertargetterm fmeanin orderto pull themeanluminance
in theimagetowardsa desiredtargetvalue.

Example: Figure1d wasrenderedusinglighting param-
etersdeterminedby optimizing the function fQ � fgrad �
fedge � fvar � fmean, usinga targetmeanvalueof 124.The
optimizationachieved a meanvalueof 130 (insteadof 185
in Figure1c), alongwith a standarddeviation of 40.5.The
histogramis shown in Figure2c. The resultingimage1d is
correspondinglydarker than1c.

4.5. The histogram equalization term fhist

Lighting designoptimizedusingthetermsintroducedsofar
has the tendency to inhibit shadows and highlights, often
producinglarge areaswith very uniform shading,suchas
thesideof theship’s body in Figure1d. This is manifested
by thehistogramin Figure2c, whichshows thatmostof the
pixelshaveluminancesin arathernarrow rangearound160–
170.In orderto addressthesedeficiencieswe introducean-
otherterm fhist designedto maketheimagehistogramcloser
in shapeto a moreequalizedhistogram.This term tendsto
increasethe variance,conflicting with the fvar term,but in
practiceit turns out that it is the properbalancebetween
thesetwo termsthatgeneratesthebestresults.

Example: Figure1e wasrenderedusinglighting param-
etersdeterminedby optimizing the function fQ � fgrad �
fedge � fvar � fmean� fhist . Comparingthis imagewith Fig-
ure 1d we seeimproved shadingon the side of the ship’s
body, aswell asmorehighlights(on thesails)andshadows.
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(a) fgrad termonly (b) Adding fedge (c) Adding fvar

(d) Adding fmean (e)Adding fhist (f) Adding fdir

Figure1: Quality function:cumulativeeffectof target termson theimage.

(a) fgrad � fedge (b) Adding fvar (c) Adding fmean (d) Adding fhist

Figure2: Quality function:cumulativeeffectof target termson theimage histogram.

Notethecorrespondingchangein theshapeof thehistogram
in Figure2d.

4.6. Light dir ectionterm fdir

Psychophysicaltestsindicatethat it is sometimeseasierfor
the humanvisual systemto correctly interpreta 3D shape
whenit is illuminatedfrom above. However, it is not clear
how generalandfundamentalthis phenomenonis. Further-
more,it is notclearwhatis thenecessaryelevationabovethe
horizon,andin many scenesa horizontalilluminationdirec-
tion appearsto yield thebestresults.Therefore,we decided
to addto thequality functiona termthatconstrainsthelight
sourceto illuminate thescenefrom above, but we treatthis
termasoptional, asopposedto thefirst fiveterms,whichare
consideredfundamental. This termsimplymeasuresthedif-
ferencebetweentheelevationof the light sourcesandsome
targetelevationangle.

Example: Figure1f wasrenderedusingtwo light sources:
theparametersof thefirst light weredeterminedby optimiz-
ing thecompletequalityfunction fQ � fgrad � fedge � fvar �
fmean� fhist � fdir . A secondarylight sourcewasfixedatthe
viewpoint, and could not be modified by the optimization
process.Notethatbothimages1e and1f, arequitesatisfac-
tory in termsof the lighting, despitesignificantdifferences
in appearancedueto theadditionalconstrainton theillumi-
nationdirection.

4.7. Summary

Above we have introducedthe six target termscomprising
ouroverall perceptualimagequality function.Eachof these
termsmeasuresthe“quality” of acertainfeaturein theinput
imageby computinga distancefrom an ideal target value.
The target termsweredesignedso asto encouragethe fol-
lowing desiredfeatures:The image should conspicuously
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6 ShackedandLischinski/ AutomaticLighting Design

show theedgesof thescene(featureandreflectanceedges),
andintroduceshadinggradientsonscenesurfaces,suchthat
thesegradientsaresufficiently strongto benoticeable.The
global appearanceof the imageshouldbe such that most
regionsaredisplayedby intensitieswithin a limited range,
centeredatsomemid-intensitylevel,andyetsomeshadowed
andhighlightedregionsarestill allowedto exist in relatively
smallregions,or in regionsthatdonotcontainimportantde-
tailsandshapeinformation.

Althoughtheresultingquality functionmayappearto be
overconstrained,our experimentshave shown thateachand
every oneof thefive fundamantaltargetcomponentsis nec-
essaryin ordertoensuresatisfactoryresults,asdemonstrated
by thefive examplesin Figure3.

5. Perceptual ImageQuality Function: Practice

While the previous sectiondescribedthe principlesaround
which our perceptualquality functionwasdesigned,in this
sectionwe give the precisedefinitionsof the target terms,
while addressingsomeof the issuesthat mustbe resolved
in order to usethis function in practice,in the context of
automaticlighting design.Theseissuesare:

Normalization: eachof thetarget termsof fQ mustbenor-
malizedsuchthatthevaluesthey generateall lie in thesame
range,e.g., 	 0 � 1
 . This is a critical requirement,becauseif
the valuesproducedby one term are significantly smaller
thanthoseproducedby therest,theeffectof thattermonthe
behavior of fQ is minor, andin practiceit is asif this com-
ponentwastotally excluded,leadingto deficienciessuchas
thoseshown by fig. 3. On theotherhand,if a term’s values
are much larger than the rest, the quality function will be
dominatedby this term,andthedesiredbalancewill not be
achieved.

Weights: ratherthansimply taking the sumof the normal-
ized target termsasthequality function fQ, we assigneach
targetterm fi a weightwi , anddefine

fQ � ∑wi fi i �� grad � edge� var� mean� hist � dir �
Theweightswi canbeusedto manipulatethedominanceof
the different target terms,and thus to control the sensitiv-
ity of thequality functionto differentfeaturesin theimage.
In our systemwe usethe following empiricallydetermined
weights:wgrad � 0 � 6, wedge � 0 � 6, wvar � 0 � 5, wmean � 0 � 4,
whist � 0 � 55,andwdir � 0 � 5 (or 0, when fdir is disabled).

Target values:mostof thetargettermsin theprevioussec-
tion were definedas a differencebetweensomemeasured
quantity in the image,anda target value for that quantity.
The target valuestypically dependon the particularscene
andviewing parameters,andwe will discusshow to deter-
minethemfor eachtargetterm.

Auxiliary data structur es: in order to efficiently evaluate
the target termswe will needan auxiliary data structure,
which will be precomputedbeforethe lighting designop-
timizationprocessbegins.We refer to this datastructureas

theprecomputedimagemap(PIM). ThePIM is essentiallya
classificationof thepixelsin theimageinto threecategories:
backgroundpixels,edgepixels,andsurfacepixels.

5.1. The detectededgesterm fedge

Recallthatthegoalof thistermis to makesurethatthelight-
ing parametersarechosenso as to accentuate,asmuchas
possible,all of thefeatureandreflectanceedgesin thescene
thatcanpotentiallybevisible from thespecifiedviewing po-
sition. In otherwords,if animagepixel hasbeenmarkedas
anedgepixel in thePIM, wewouldlikethelighting to create
aneasilyperceivededgeat thatpixel. To thatend,the fedge
termis definedas

fedge
�
I � � 1

N

�
N � ∑�

i � j ��� E

Oedge
�
pi j ��� � (2)

whereI is a luminanceimage,E is thesetof edgepixels in
the PIM, N is the total numberof edgepixels in the PIM,
pi j is the

�
i � j � -th pixel of I , andOedge is anedgedetection

operator, definedasfollows:

Oedge � Othresh � Ozc�
whereOzc is 1 over pixels wherea Laplacianzero-crossing
occursandzerootherwise,and

Othresh
�
pi j � ����� ��

1 tmax �!  " pi j   # $
pi j
# %

tmin
tmax

%
tmin

tmin �!  " pi j   � tmax

0   " pi j   � tmin

(3)

wheretmin andtmaxareedgedetectionthresholds,and   " pi j   is themagnitudeof thegradientat location pi j in the lumi-
nanceimageI .

fedge producesvaluesin the range 	 0 � 1
 . It achieves the
optimalvalueof 0 only if at all edgepixel locationsthe lu-
minancegradientexceedsathresholdof tmaxandaLaplacian
zerocrossingoccurs.Theworst casevalueof 1 is obtained
if noneof thesepixels exhibit a gradientexceedingat least
tmin.

5.2. The shadinggradient term fgrad

The goal of the fgrad term is to encouragethe presenceof
shadinggradientsatsurfacepixels,providing importantper-
ceptualcuesregardingthe shapeandthe orientationof ob-
ject surfacesin the scene.The term measuresthe average
shadingover all surfacepixels g

�
I � , andcomputesthe dif-

ferencebetweenthis averageand a target value gt , which
representsthelargestaverageshadinggradientthatcanpos-
sibly be measuredfor this scene.Clearly, this target value
stronglydependsontheparticularsceneandviewing param-
eters:scenescontainingshiny curved objectswill naturally
exhibit muchstrongershadinggradientsthana scenecon-
sistingof mattepolyhedra.

Accuratecalculationof the target valuedoesnot appear
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ShackedandLischinski/ AutomaticLighting Design 7

(a) Excluding fgrad (b) Excluding fmean

(c) Excluding fedge (d) Excluding fvar (e)Excluding fhist

Figure 3: Each of the five examples(a)–(e) in this figure demonstrated the effect of omitting a single target term from fQ.
Theleft image in each examplewasrenderedwith lighting parameters obtainedusingthecompletequality function,while the
right image showsthe effect of excludingasinglecomponent.(a) Excludingthe fgrad term causesthe right image to appear
substantiallyduller thantheleft. (b) Excluding fmeanresultsin a partial lossof highlightsandan undesirableshift in material
color. (c) Excludingthe fedge termcausesoneof thecubeedgesto almostdisappear. (d) Exclusionof fvar resultsin undesireable
under- andover-illuminatedregionson thecow. (e) Exclusionof fhist resultsin a flatter appearanceof thecurvedsideof the
violin case.

to be analytically solvable for generalscenes,and an ac-
curatenumericsolutionwould be similar in termsof com-
putationalexpenseto the entire lighting designoptimiza-
tion. Fortunately, ourexperiencehasshown thataneducated
guessof thetargetvalueis sufficient for satisfactoryresults.
In our implementationwe basethis guesson a single ren-
deringof thescene:the ideais to predictwhat illumination
conditionswouldgeneratethestrongestshadinggradients24,
setthelighting parametersaccordingly, renderthesceneand
computetheaverageshadinggradientin theresultingimage.

Theaverageshadinggradientg & I ' is definedas:

g & I ')(+* 1
N ∑,

i - j .�/ S 00 1 pi j 00 2
whereS is thesetof surfacepixels in thePIM andN is the
total numberof thesepixels,andtheshadinggradienttarget
termis definedas

fgrad & I ')(32 gt 4 g
,
I .,

1 4 α . gt
if g & I '65 αgt

1 otherwise

The parameterα is usedto achieve properscalingfor the
valuesgeneratedby this term.Thevalueα ( 0 7 3 wasfound
to work well in practice.

5.3. The variance term fvar

The fvar termmeasuresthedifferencebetweenthestandard
deviation σ & I ' of the surfacepixel luminancesanda target
standarddeviation value,denotedby σt . The result is nor-

malizedby thetargetvalue:

fvar & I ')( min 8:9 σ & I '<; σt 9
σt = 1> (4)

Our experimentshave shown thata target standarddevi-
ationbetween40 and45 generallyproducessatisfactoryre-
sults.This value is generallyvalid whenall displayedsur-
faceshave uniform reflectance.If thescenecontainsa wide
rangeof reflectances,thetargetvalueis correctedby afactor
proportionalto thevariancein thereflectancesof thevisible
surfaces24.

5.4. The meanterm fmean

The fmean term measuresthe differencebetweenthe mean
intensity of the surface pixels m& I ' and a target mean-
intensity, denotedby mt . Theresultis scaledto the interval?
0 = 1@ :

fmean& I ')( 9m& I '<; mt 9
max& mt = 255 ; mt ' (5)

Our experimentshave shown that a reasonabletarget
valuefor mt is obtainedby settingit to around150. If the
scenecontainsmany dark surfaces,the target value is re-
ducedaccordingly24.

5.5. The histogram equalization term fhist

The fhist termmeasuresthedistancebetweenthehistogram
h & I ' of theluminanceimageanda targethistogramht . In an
idealequalizedhistogrameachluminancevaluesoccursan
equalnumberof timesnt ( N A 255,whereN is thenumberof
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Figure 4: Light source direction is measured in an object
centered sphericalcoordinatesystem.Thepolar angleθ is
usedto measure theelevationof thelight source.

surfacepixels.Denotingby ni theheightof the i-th column
in theactualhistogramh

�
I � , the distancebetweenh

�
I � and

ht is definedas

d �gfhhi 1
255

255

∑
i j 0

�
ni � nt � 2 (6)

While searchingfor appropriatescalingfor this term,we
found that neither the ideal histogram,nor the worst case
histogram(whereall pixelshave thesameluminance)occur
in practice.Therefore,the term is scaledusingtwo scaling
parameters,α1 andα2, suchthat0 � α1 � α2 � 1. Thepa-
rameterα1 (α2) definea more practicalworst (best)case
histogram,with all pixelsequallydistributedin α1 (α2) per-
cent of the columns.Denotingthe distancebetweenthese
two histogramsandtheidealhistogramby dα1 anddα2, the
properlyscaledversionof fhist is definedas

fhist
�
I � ����� ��

1 if d k dα1
d
%

dα2
dα1

%
dα2

if dα2 � d � dα1

0 if d � dα2

In ourexperimentswe setα1 � 0 � 1 andα2 � 0 � 8.

5.6. The light dir ectionterm fdir

This optional target term constrainsthe light direction to
comefrom above.Theinputto thistermaretheelevationsof
the light sources,eachgivenby thepolarangleθ, asshown
in Figure4, The term simply measuresthe differencesbe-
tweeneachθ anda target polar angleθt . As suggestedby
Curran7, a target angleθt � 45l was usedin our experi-
ments.Theproperlyscaledfdir termis definedas

fdir �3m d
65 if d � 65
1 otherwise

(7)

whered is theRMSdifferencebetweentheelevationsof the
light sourcesandthetargetelevationθt :

d �gfhhi 1
N

N

∑
i j 1

�
θi � θt � 2 (8)

6. A Lighting DesignSystem

Usingtheperception-basedqualityfunctiondevelopedin the
previoussections,we have implementedanautomaticlight-
ing designsystem.A detaileddescriptionof this systemap-
pearsin Shacked’s thesis24; herewesummarizeits mainfea-
tures.Theinput to our systemis a modelof a 3D scene(in-
cludinggeometryandmaterialproperties),a setof viewing
parametersfor a desiredimage,anda setof lighting param-
eters,suchas the numberof light sources,their positions
and/ordirections,andtheir intensities.Eachlighting param-
eter is declaredaseitherfree or fixed.The free parameters
arethosewhosevalueswe wish to determineautomatically
in anoptimalfashionusingoursystem.Fixedparametersare
assignedinitial valuesby thesystem.Thesevaluesaretaken
into accountby thequalitymetric,but thesystemis not free
to modify themin thecourseof optimization.

In our current implementationwe use a straightfor-
wardOpenGL-basedrenderingtool: Z-buffering for hidden-
surface removal, and OpenGL’s default shadingmodel26.
Theobjectsin ourscenesarerepresentedaspolygonmeshes,
with per-vertex normals.Eachpolygoncanhaveits own ma-
terial properties.As explainedearlier in the paper, texture
mapsareignoredby theoptimizationprocess.Viewing pa-
rametersarespecifiedusingOpenGL’s cameramodel.

Thesystemfirst performsa self-calibrationstage,during
which the appropriatetarget valuesareestablishedfor the
different target termsof fQ, taking into accountthe input
sceneandviewing parameters,asexplainedin theprevious
section.Next, the freeandfixed lighting parametersareas-
signedwith initial values.Using the freeparametersasop-
timizationvariablesandthequality functionasanobjective
function,an optimizationprocessis thenperformedto find
the optimal settingsfor the lighting parameters.The opti-
mization processis an iterative searchin the multidimen-
sionalspaceof the free variables,looking for a local mini-
mumof thequality function.

In our currentimplementationwe usea simplesteepest
descentoptimizationscheme19. To approximatethe gradi-
ent of the quality function, partial derivatives for the free
variablesmustbecomputed.Weapproximatepartialderiva-
tivesnumerically, by takingdifferentialstepsat thedirection
of eachfree variable,rendering,andevaluatingthe quality
function.Oncean optimizationdirectionis chosen,the so-
lution advancesin thatdirectionuntil reachinga minimum,
andthenanew directionis calculated.Whenoptimizingover
morethanonefreelight source,theoptimizationprocessal-
ternatesits stepsbetweenthedifferentlight sources.
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In ourexperimentswefoundthatthequalityfunctionmay
have several local minima, and the solution typically con-
vergesto the minimum nearestto the initial guess.Search-
ing for a globalminimum,in our opinion, is not necessary:
local minima provide quite satisfactory lighting designs,if
theinitial valuesareselectedin anintelligentfashion24.

6.1. Performanceand resolution

Unsurprisingly, mostof thecomputationcostis incurredby
theoptimizationloop.In eachiterationthescenemodelmust
berenderedoneor moretimesin orderto evaluatethequal-
ity function fQ, and(in someiterations)estimateits partial
derivatives,andtheresultingimagesmustbeconvertedfrom
RGBto luminance.If therenderingis hardware-assisted,we
mustalsoreadtheresultingimagefrom the framebuffer to
themainmemory. Thus,thecomputationcostis directlyaf-
fectedby two main factors:theresolutionof the imageand
theperformanceof therenderingtool.

Consequently, thelighting designshouldbeperformedat
thelowestresolutionatwhich themainfeaturesin thescene
arestill visible.Determiningsuchthresholdresolutionfor a
givenmodelis a topic for futurework. Having examinedall
of our testmodels,we wereable to choosesomecommon
resolution,which is thesmallestresolutionthatstill yielded
a satisfactorysolutionfor all testcases.This resolutionwas
found to be of around62,000 pixels (e.g., 2502). There-
fore, in all our experimentswe reducedthe desiredimage
to 62,000while preservingits aspectratio, andperformed
theoptimizationat thatresolution.

6.2. Reducingthe number of fr eeparameters

The numberof free lighting parametersdeterminesthe di-
mensionof thedesignspaceandhasa significanteffect on
the computationtime of the optimizationstage,becauseof
theneedto computethepartialderivative of fQ with respect
to eachfree variable.Therefore,it is desirableto keepthe
numberof freeparametersaslow aspossible.

In our currentimplementationthis reductionis achieved
asfollows. First, we only considerpositional light sources
locatedatafixeddistancefrom thescene’scenterof interest.
Positionallightswereempiricallyfoundtogenerallyyield il-
luminationthatbettermatchestherequirementsof ourqual-
ity function, compareto directional lights. We also found
that good resultsare obtainedwhen the distanceis set to
twice theradiusof thescene.

Furthermore,we only considerwhite light sources(with
equalintensityin the R, G, andB components).This guar-
anteesthat the colors of the surfacesin the sceneare de-
terminedby thecorrespondingmaterialproperties,which is
partof theinformationthatwewould like theimageto com-
municateto anobserver. In any case,sinceour quality func-
tion operatesin theluminancedomainof theimage,render-
ing with coloredlights is practicallymeaningless,asfar as
thelighting designoptimizationis concerned.

In OpenGLeachlight sourceis specifiedby meansof its
diffuse,specular, andambientintensity. We fix theambient
intensityat15percentof thediffuseintensity. Consequently,
eachfree light sourcespecifiedto our systeminvolvesopti-
mizing over 4 freeparameters:thetwo directionparameters�
θ � ϕ � , its diffuseintensity, andits specularintensity. There-

mainingparametersareconsideredfixedandtheirvaluesare
assignedasdescribedearlier.

6.3. Lighting configurations

In orderto fully configurethesystemfor performingtheau-
tomaticoptimizationprocess,two further decisionsshould
bemade:

1. The numberof free light sourcesthat shouldparticipate
theprocess.

2. Whetheror not the fdir termshouldbeenabled.

In practice,for all the test casesexamined,we found that
choosingoneof the following threeconfigurationsis suffi-
cientto obtainsatisfactoryresults:

Configuration1 fdir is disabled,and a single free light
sourceis optimized.

Configuration2 fdir is enabled,onefreelight sourceis op-
timized,anda secondaryfixed light sourceis positioned
at theviewpoint.

Configuration3 fdir is disabled,andtwo free light sources
areoptimized.

Hence,theonly decisionthatshouldbemadeby theuserof
our systemis which of thesethreeconfigurationsshouldbe
used.Wefoundthatcaseswhere fdir substantiallyimproves
the illumination of thescenearerare,andits effect is more
to directthesolutionto a differentimageappearance,which
maybeconsideredpreferableby someperceptualconsidera-
tions,evenif not resolvingany crucialvisualissues20. Using
two free lights is oftennot required,andin somecasesmay
evenleadto lesssatisfactoryresultsthanthetwo othercon-
figurations.As a rule of thumb, two free lights shouldbe
usedonly when illumination by a single free light fails to
producesatisfactoryresults.

7. Results

We usedthesystemdescribedin theprevioussectionto au-
tomaticallydeterminethe lighting designin a largenumber
of testscenes,with a variety of differentmaterialsanddif-
ferentviewing parameters.In thevastmajority of casesthe
lightingdesignsproducedby thesystemwerefoundsatisfac-
tory in termsof thevisualqualitygoalswesetto ourselvesin
Section3. Wealsofoundthesedesignsto favorablycompare
with thebestdesignswewereableto generateusingmanual
manipulationsof the lighting parameters(the direct design
paradigmmentionedin Section1).

To illustratethe effectivenessof our lighting designsys-
temFigure5 shows a comparisonof severaldifferentlight-
ing designson four differentmodels.For eachmodela row
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10 ShackedandLischinski/ AutomaticLightingDesign

of four imagesis shown. The imagesin columns(a) and
(b) of eachrow wererenderedusingnaive lighting settings,
whichareneverthelessoftenusedin practiceasdefault light-
ing settings:

Default1 A singledirectionallight illuminating the model
from thedirectionof theviewpoint.

Default4 Four directional light sources:a top-left source
with sphericalcoordinates

�
θ � ϕ � � �

45l � � 45lY� ; a top-
right source at

�
45l � 45l � ; a bottom-left source at�

135l � � 45l � ; andabottom-rightsourceat
�
135l � 45l � .

The imagesin columns(c) and (d) are renderedwith op-
timized lighting settings,generatedby our systemusing
Configuration1 andConfiguration2, asexplainedin Sec-
tion 6.3.

The improvementsin visual appearanceandcomprehen-
sibility of theimagesin columns(c) and(d) over thosepro-
ducedwith default lighting arequiteapparent,andat times
even dramatic.Additional lighting designresultsandcom-
parisonsareincludedin the electronicarchive accompany-
ing this submission,includingexampleswith two free light
sources.

Table1 containssomestatisticsregardingthefour exam-
plesshown in Figure5, aswell as the galleonmodel from
Figure 1. In all casesthe optimizationprocess,which ac-
countsfor 85 percentof thetotal executiontime, takesonly
afew seconds.Aroundthreequartersof this timewerespent
renderingimagesandreadingtheframebuffer. Theremain-
ing quarterwasspentcomputingfQ.

8. Summary and Futur eWork

We have presenteda fully automaticlighting designsystem
for traditional(photorealistic)renderingof 3D models.The
lighting designsare obtainedby optimizing a perception-
basedimagequality function,yielding comprehensibleim-
agesof 3D object,which effectively communicateinforma-
tion aboutshapes,materials,andspatialrelationships.

Therearemany promisingdirectionsfor future research,
someof which areoutlinedin theremainderof this Section.

Systemautomation: the automationof the systemcanbe
furtherenhancedby developingmethodsthatbasedonanal-
ysis of the scene,viewing-parametersandperhapsthe ren-
deringalgorithm,canautomaticallydeterminethepreferred
numberof free light sources,and recommendwhetherthe
optional fdir termshouldbeenabled.An automaticmethod
for establishingtheappropriatethresholdresolutionfor each
scenewouldalsoprove veryusefulfor speedingup theopti-
mizationprocess.

Optimization: more sophisticatedoptimization methods
shouldbe consideredand implemented.Using techniques
thatreducethenumberof optimizationiterationsperformed,
aswell asthetotal numberof functionevaluationswill sig-
nificantlyenhancesystemperformance.

View-independentsolutions: extendingthe systemto find
view-independentlighting solutions can be very useful.
However, this is a difficult task,dueto thefactthat thecore
of thesystemis ananalysisperformedona2D imagecreated
for a particularviewpoint.

Global illumination: extending the systemto work with
global illumination modelsrequiresproperhandlingof ad-
ditional effects suchas castshadows, inter-reflectionsand
refraction,aswell asa moreefficient optimizationprocess
— sincerenderingcostswill bemuchhigher. Thetechnique
describedin this papercould be usedto provide an initial
guessfor themoreexpensiveglobalilluminationbasedlight-
ing designsystem.

Quality function: clearly, theformulationandimplementa-
tion given for thequality function is not uniqueanddefini-
tive.Althoughseveralmethodsof measuringandevaluating
thevisualandgeometricalinformationwereexamined,ap-
plying different techniquesmay be proven beneficial.One
exampleis theuseof moreaccurateedgesevaluationtech-
nique,which takesinto accounta scaleof expectedpromi-
nencefor various edges.Using other visual information,
suchasspatialfrequenciesor colors for perceptualquality
evaluationmaybeconsidered.Variousfeaturesof theHVS,
which affectsthe responseof humanto thevisual informa-
tion maybeintegratedinto thequality metric.For instance,
thenon-linearresponseandthresholdsensitivity of theHVS
to luminancecontrastcanbe usedto enhancethe accuracy
of measuringtheeffect of shadinggradients.
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Model name # of Resolution Figure # of optimization # of renderings Optimization
polygons iterations performed time (sec)

Cube 54 200x 200 5 i-c 9 38 2.0
5 i-d 13 47 2.4

Fork 812 167x 117 5 ii -c 12 41 2.2
5 ii -d 7 36 2.1

Cow 5,805 186x 208 5 iii -c 11 39 3.5
5 iii -d 4 20 2.3

Baby 12,712 193x 318 5 iv-c 5 21 3.2
5 iv-d 5 25 3.6

Galleon 4,699 362x 389 1 (e) 8 35 4.4
1 (f) 9 57 6.5

Table 1: Lighting designprocessstatisticsfor the five testmodelsshownin this paper. Timeswere measured on a 866 MHz
PentiumIII PCwith NvidiaGeForce2graphicsaccelerator.
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