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Abstract

Lighting hasa crucial impacton the appeaanceof 3D objectsand on the ability of an image to communicate
informationabouta 3D scendo a humanobserverThis paperpresentsa new automatidighting designapproad
for compehensibleenderingof 3D objects.Givena geometricmodelof a 3D objector scengthe material prop-
ertiesof the surfacesin the model,and the desied viewing parametes, our appioadc automaticallydetermines
thevaluesof variouslighting parametes by optimizinga perception-basedmage quality objectivefunction.This
objectivefunctionis designedo quantifythe extentto which animage of a 3D scenesucceedén communicating
scenenformation,sud asthe 3D shapesof the objects fine geometricdetails,and the spatial relationshipsoe-

tweentheobjects.

Our resultsdemonstate that the proposedappoad is an effectivelighting designtool, suitablefor uses without
expertiseor knowledg in visual perceptionor in lighting design.

1. Intr oduction

Lighting designfor imagesynthesisnvolvesspecifyingval-
uesfor lighting parameterssuchasposition, color, andin-
tensity for eachof the light sourcesin a 3D scenemodel.
Oncethe scenegeometry the material properties,and the
viewing parameteriave beenspecified the appearancef
the scenein a renderedimage dependsexclusively on the
lighting. Poorly designedighting may resultin incompre-
hensibleimages containingunder andover-illuminatedre-
gions, exhibiting poor contrast,and failing to effectively
communicatehe sceneto a humanobserer.

The traditional approachowardslighting designfor im-
agesynthesigdypically usesadirectdesignparadigmwhere
the useriteratively specifiesall of the requiredlighting pa-
rameters,rendersthe scene,evaluatesthe results, makes
modificationdgn thedesignandsoforth. Thisis essentiallya
trial-and-errorapproachwith the obviousdrawvbackthatthe
usermustactively participatein eachiteration.Thus,thede-
sign processs time-consumingandtedious,andit requires
expertisein lighting designaswell asan understandingf
visual perceptiorissues.

An alternatve approachis basedon an inverse design
paradigmTheuseris presenteavith someinterfacethaten-
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ableshim to specify a setof objectves and/orconstraints
that the lighting designshouldsatisfy and the parameters
arethensolved for in an automaticfashior 11 1823, These
methodsreviewed in Section2, are certainly lesstedious,
but still requiresusersto know andto be ableto articulate
a priori whatis the appearancéhatthey desireto achieve.
Thus,this approachmight still be difficult to usefor a non-
expertuser whosegoalis merelyto renderacomprehensible
imageof thesceneathand.

This paperpresentsa novel fully automaticapproachto
lighting design,gearedtowardsgeneratiorof comprehensi-
ble,communicatie imagesof 3D objectsMore specifically
givena geometricmodelof a 3D objector scenethe mate-
rial propertiesof the surfacesin the model,andthe desired
viewing parametersopur approacrautomaticallydetermines
thevaluesof variouslighting parametersThisis doneby op-
timizing aperception-basedmnage quality objectivefunction
designedo quantify the extentto which animageof a 3D
scenesucceedsn communicatingsceneinformation, such
asthe 3D shapeof eachobject,fine geometricdetails,and
the spatialrelationshipdetweerthe objectsin the scene.

Ourimagequality function,describedn Sectionst and5,
measurefn animageseveral perceptuallysignificantquali-
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tiesthataredirectly affectedby changesn theillumination
conditions.It thencomputeghe differencesbetweenthese
measured/aluesanda setof automaticallydeterminedar-
get valuesthat should be measuredunder“ideal” lighting
conditions.A weightedsumof thesedifferencesonstitutes
our assessmerf the quality of a particularlighting design.
Theresultingquality valuecanbe usedto comparedifferent
lighting designgqfor the samesceneandviewpoint).

In Section6 we utilize our imagequality functionasan
objective function for lighting design:we presenta system
that searcheshe spaceof lighting designsspannedy ser-
eral free lighting parameterdor a locally optimal lighting
design(correspondingo a local minimum in the objectve
function).In conjunctionwith someheuristicsfor automatic
settingof theinitial lighting specificationspur systempro-
videsa fully automatictool for lighting design.

Our methodis mostly suitablefor ordinary users,with
no expertisein lighting designor visual perception,who
simply wish to synthesizea comprehensiblémageof their
scenanodel.lt is alsosuitablefor incorporatiorinto various
modelingtoolsfor CAD andanimation.Theexperimentge-
portedin Section7 demonstratehat our approachis able
to quickly andautomaticallygeneratdighting designsthat
aresignificantlysuperiorto commonlyuseddefault lighting
configurations.

2. Relatedwork

Most previous automatidighting designsystemsausethein-
versedesignparadigm.From the users point of view such
systemsare primarily characterizedby the set of design
goalsthe useris free to specify andthe designspacethat
they searchMost systemssearcha very limited portion of
thelighting parameterspaceandstill requireconsiderable
knowledgeandexpertisefrom theuser

Schoenemagtal.?? controlcolorsandintensitiesof light
sourceshy “painting” desiredcolors onto the scenes sur
faces Kawai et al.11 controllight emissionsanddirections,
aswell assurfacereflectanceby requestingheuserto spec-
ify various constraintsand objectives for the illumination.
Both of thesetechniqueswork for mostly diffuse scenes,
anddo not changethe positionsof lights. The designgoals
areachiezed usingoptimization.Poulin and Fournie®” and
Poulinetal.18 let theuserspecifyshadavs andhighlightsas
designgoals.from which they infer thelight sourceposition
andsurfaceroughness.

Costaetal.b presentamethodologyin whichfictitious lu-
minairescanbe definedandplacedin the sceneto describe
desiredradiancedistribution. Freedesignvariablesarethen
chosen(e.g. light locationanddirection),and optimization
is usedto determinetheir values.This is a powerful ap-
proach capableof handlingawide rangeof designvariables
and constraints;however, specifyingthe designgoalsand
the constraintsn this systemappeargo be a difficult task

even for expertlighting designersFurthermorethe objec-
tive functionfor theoptimizationprocessnustbealsospeci-
fied by theuserby programmingt usingasuppliedscripting
language.

An entirely differentapproacHor exploring the spaceof
lighting designss presentedn the DesignGalleriesframe-
work of Marks et al.14. Given a setof lighting parameters,
they try to optimally dispersethe spaceof solutionimages
in termsof perceptuabuality, andallow the userto browse
thesepossibleresultsandlinearly combinethemto try and
composea desiredsolution. However, the metric that they
useto measurehe perceptuatjuality distancebetweentwo
givenimagesis a simplepixel intensitydistance.

Several other relevant works belongto the areaof non-
photorealisticrendering. Theseworks are concernedwith
generatingvisually comprehensibleenderingsof 3D ob-
jects. Having the privilege of using non-photorealistien-
hancementtechniques,these methods usually drawv the
edgesof the objectsin black, and enhancehe appearance
of surfacesby techniquesuchasaddingcool-to-warmtone
gradation¥ or draving contourinesandcurvedhatching?.
Ourwork hassimilar goals,but we limit oursehesto photo-
realisticcomputergraphicstechniquesand enhancevisual
comprehensibilitypy manipulatingonly thelighting param-
eters.

3. Visual Perception

In orderto designa perceptuafjuality metric for automatic
lighting desighwe mustfirst definewhatvisualinformation
we would like our imagesto communicateand then find
practicalcomputationalways to quantify the effectiveness
with whichthisinformationis communicatedh specificim-
ages.

Our approacltis basedon a fundamentabssumptiorthat
the perceptualjuality of computergeneratedmagesis de-
terminedby several distinguishableaspectf visual infor-
mation:

Shape Sincecomputergenerateghotorealistidmagesare
normally concernedvith displaying3D scenesthe most
fundamentalrequirementirom suchan imageis that it
shouldclearlycorvey the 3D shapeof thevisible surfaces
and objects,aswell asthe spatialrelationshipshetween
them.

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

Surfaceproperties An imageshouldcommunicatesurface
propertiessuchascolor, reflectanceandroughness.

Realism Beyond communicatingshapeinformationa pho-
torealisticimageshouldconvey arealisticimpressionFor
our purposesye are concernedvith the presenceof vi-
sualinformationthatgivesasenseof realismandnotwith
thedegreeof accurag of theimagein termsof similarity
to arealworld scenél.
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Thenext stepis to addresshequestiorof how thesetypesof
informationarerepresenteéh theimage,andin particulay
how they might be affectedby changesn lighting.

The processof recovering the 3D structurefrom anim-
age of a sceneis performedby the humanvisual system
(HVS)z 15; Theinputfor this processs the spatialandspa-
tiotemporalpatternsof light arriving from thescengor from
animageof the scene)andfalling on theretinas. The HVS
analyzeghesepatternsof light to retrieve informationabout
surfacesandobjectsin the ervironmentbeingviewed. The
questionf interestto usare:(a) whatfeaturesn theretinal
imagecorvey theinformationleadingto threedimensional
perception{b) howcanthey bedetectedand(c) howmud
eachfeaturecontritutesto visual perception.

Spaceimitations prevent us from presentinga suney of
the vastamountof relevant researchin the fields of visual
perceptiormandcomputenision (but seeShacled*). Unfor-
tunately this researctis ableto provide us with only lim-
ited answergo question(a), evenfewer answergo question
(b), andhardly ary usefulanswerdo question(c). In other
words, the currentresultsin thesefields areinsuficient for
our purposeof quantifyingthe perceptuabuality of a given
image.Neverthelesssomeof thevisual perceptiortheories
andpsychophysicatesearctdid provide us with usefulin-
formationaboutfeatureghataffectimageperceptionandin
particularthree-dimensiongberceptiorandthe recovery of
depthandlocal surfaceorientation.Thesefeaturesare:

e Edges: occluding (profile) edges, boundary (internal)
edged® 12152022 gndreflectanceedges.

e Shadinggradientsiuminancegradientreatedoy there-
flectionof light on surface$§ 1016 20,

e Shadws®: attached shadwvs (self shadavs) and cast
shadavs. In this papemwe take into accounonly attached
shadwvs.

¢ Highlights:speculahighlightscanalsohelpin perceving
the shapeof objects 25, in additionto providing informa-
tion aboutthe materialsthey aremadeof.

e Luminanceinformationis much moreimportantfor 3D
shapeperceptiorthancolorinformatior? & 20,

e Brightnessadaptationand contrastsensitvity: the HVS
adaptsitself to the currentlight intensity level. When
viewing animage thatintensityis determinedy theaver
ageimageintensity Contrasisensitvity is highestaround
the adaptatiorievel, anddecreaseaway from it 4 9.

e Lightnessconstang: thereis no uniqueillumination in-
tensityfor thereflectancef anobjectto bepercevedcor
rectly by the HVS#* 5.

e Light sourceattributes:(i) light direction:the HVS tends
to assumehatthe light illuminating the sceneis coming
from above?. (i) spectraldistribution: from the percep-
tual standpointtheredoesnot appeato be ary benefitin
chromaticillumination, while achromatidight preseres
thecolorsof thematerial§ & 20. (iii) numberof lights: the
HVS tendsto assumethat the sceneis illuminated by a
single light sourcé 20, Furthermore multiple lights can
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causeeffects that may be confusingand contradictory
Therefore,increasingthe numberof light sourcesn the
sceneshouldgenerallyonly be donewhennecessaryor
resolvingparticulardeficienciesn theillumination.

4. PerceptualImage Quality Function: Principles

In this sectionwe construcia perceptuaimagequality func-
tion for lighting design.More specifically guided by our
knowledgeaboutthe humanvisual perceptionof 3D shape
and spatialrelationshipswe definea mapping fq that re-
ceivesasinputa 3D scenemodelM andanimagel thatwas
renderedrom thismodel,andmapsits inputto asinglenon-
negative scalarvalue.This valueattemptgo quantifytheex-
tentto whichtheimagel containdeaturesandexhibits prop-
ertiesthatmale it easyfor ahumanobsererto comprehend
the 3D shapeandstructureof the sceneM. The smallerthe
valueof fo(1), thehighertheestimategerceptuatjuality of
theimage.Naturally, fo is designedn suchaway thatit is
stronglydependenuponthe lighting in the scene Changes
in the lighting designcausechangesn |, which arein turn
reflectedin thevalueof fg(1). Thus,the problemof finding
an optimal lighting designfor the sceneis castasan opti-
mizationproblem— finding alocal minimumof fq.

It shouldbe notedthat the imagesl are luminanceim-
agesrenderedrom themodelM without applyingary sur
facetexturesthat might be presentin the model. The rea-
sonis thatwe operateon pixel intensitieswhenquantifying
the perceptuabuality of animage.Surfacetexturesperturb
theseintensitiesmakingit difficult to isolatethe effects of
changesn lighting on the perceptuaimagequality. There-
fore,if If thescenedoescontainsurfacetextures thelighting
designprocesss performedignoring them,but they canbe
integratedbackinto the sceneoncethelighting hasbeende-
termined.

Thefunction fq is definedasa linear combinationof six
target terms eachresponsibldor measuringa differentfea-
tureor propertyin theimage:

fo = fgrad + fedge + fvar + fmeant fhigt + fair, (1)

More specifically thesesix termshave beendesignedo re-
spondto:

1. Local luminancepatterns The term fy,q measureshe
magnitude®f theshadinggradientresentn theimage.
Theterm foqye detectsedgesin theimageandmeasures
their prominence.

2. Pixelluminancestatistics fvar measureshe distanceof
the luminancevariancefrom a targetvalue. fmeanmea-
suresthe distanceof the meanluminancefrom a target
value. fhig measureshe distanceof the luminancehis-
togramshapefrom anideal equalizechistogram.

3. lllumination direction fgj; measureghe elevations of
thelight sourceswith respecto theviewing direction.

In theremaindeof this sectiorwe describeeachof thesix
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tamgettermsin moredetail,andillustratetheirimpacton the
lighting of a sceneusingFigure1*. The orderin which the
functionsare presenteds similar to the orderin which the
termswere addedinto the quality functionin the courseof
ourresearcheachnew termwasaddedn orderto overcome
deficienciesunresoled by the previousterms.For clarity of
presentationthe termsare describedat the level of princi-
ples.A precisedefinitionfor eachtermwill begivenin Sec-
tion 5.

4.1. The shadinggradientsterm fgaq

This term measureghe averageshadinggradientmagni-
tudein the image.Only shadinggradientsin geometrically
smoothregions of the sceneare taken into accounthere,
since gradientsat the edgesare accountedor by a differ-

entterm(feqge). Thevaluecomputedby thistermis the dif-

ferencebetweerthe measure@veragegradientandatarget
valuerepresentinghe maximumaveragegradienthatcould
potentiallybe measuredn animageof thatparticularscene
with the givenviewing parameters.

Example: Figure lawasrenderedisinglighting parame-
tersobtainedoy optimizingonly the fgaq term. It is obvious
thatthis termaloneis unableto producesatishctoryresults:
the resultingimageis too bright, and muchof the detailis
washed-ouby the strongillumination.

4.2. The detectededgesterm feqge

Givena 3D scenemodelit is easyto establishwhich edges
could be visible in an image of the scene,renderedfrom
a given viewpoin£2 13, The extentto which thesepotential
edgesarein fact perceved by a humanobserer, depends
mostly on the lighting. The fegge term measureshis extent
by applyingan edgedetectionoperatorat pixels locatedon
potentialedgesandsummingtheresponses.

Example: Figure 1b wasrenderedusinglighting param-
etersdeterminedoy optimizing the function fq = fgraq +
feage- As expected severaledgeghatwerenotvisible in 1b
becomeclearly visible nov. A secondaryresult of adding
feqge is thatit reduceghe overall excessie intensitycaused
by using only a gradientcomponentThe resultis still not
satishictory however, sincethe imagetendsto containex-
tremelydark (underilluminated)regionsalongsidewith ex-
tremelybright (over-illuminated)ones.Importantdetailsare
oftenlostin bothtypesof theseextremeregions.It is difficult
to perceve fine detailin suchregions,becaus@f the global
brightnessadaptationof the visual system,which causes
poorcontrastsensitvity in darkandbrightareas.

4.3. The varianceterm fyar

In orderto overcomethe problemof large extremedarkand
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 reducethe extremevariationsin intensity but still allow

a sufiicient dynamicrangein which shadinggradationscan
take place.

It shouldbenotedthatouruseof avariancereducingterm
is consistentwith the low dynamicrangeprinciple usedin
(non-photorealisticlechnicalillustrationto.

Example: Figure 1c wasrenderedusinglighting param-
etersdeterminedoy optimizing the function fq = fgraq +
fedge + fvar, Using a target standarddeviation value of 42
(on a0 to 255 scale).The histogramof the image,shavn
in Figure 2b, hasa standarddeviation of 41.8thatis very
closeto the tamgetvalue (insteadof 77.6in Figure 2a). Fig-
ure 1c shavs a majorimprovementwith respecto the high
intensityvariancefoundin 1b; However, sincetherewasno
constrainton the meanimageintensity it still appearsoo
bright.

4.4. The meanterm fmean

Theoverall brightnesof animageis animportantfactorin

its appearancea-rom perceptualjuality point of view, it is

undesirablégfor the imageto appeartoo dark or too bright,

sincethis tendsto wealenthe effect of the shadingandmay
hide variousfeaturesanddetailin the sceneEvenif noloss
of detail occurs,thereis still somesubjectve notion of an
“appropriate’brightnesgor theimage.Forinstancetheship
in Figure 1c might appeartoo bright to mostobserers. In

orderto controlthe overall brightnessof theimage,we add
anothetargetterm fmeanin orderto pull themeanuminance
in theimagetowardsa desiredtargetvalue.

Example: Figure 1d wasrenderedusinglighting param-
etersdeterminedoy optimizing the function fq = fgraq +
fedge + fvar + fmean usinga target meanvalue of 124. The
optimizationachieved a meanvalue of 130 (insteadof 185
in Figure 1c), alongwith a standarddeviation of 40.5.The
histogramis shavn in Figure2c. Theresultingimageld is
correspondinglgarker thanic.

4.5. The histogram equalizationterm fy;g

Lighting designoptimizedusingthe termsintroducedsofar
hasthe tendenyg to inhibit shadavs and highlights, often
producinglarge areaswith very uniform shading,suchas
the side of the ship’s body in Figure1d. This is manifested
by the histogramin Figure2c, which shawvs thatmostof the
pixelshave luminancesn arathemarrov rangearoundl60—
170.1n orderto addresghesedeficienciesve introducean-
otherterm fy,;¢ designedo make theimagehistograncloser
in shapeto a more equalizechistogram.This termtendsto
increasethe variance conflicting with the fyar term, but in
practiceit turns out that it is the properbalancebetween
thesetwo termsthatgenerateshe bestresults.

Example: Figure 1e wasrenderedusinglighting param-
etersdeterminedoy optimizing the function fq = fgraqg +
fedge + fvar + fmean+ fhig. Comparingthis imagewith Fig-
ure 1d we seeimproved shadingon the side of the ship’s
body aswell asmorehighlights(on the sails)andshadas.

(© TheEurographic#ssociationandBlackwell Publisher2001.
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(d) Adding fmean

(e) Adding fhig

(c) Adding fvar

(f) Adding fgi

Figure 1: Quality function: cumulativeeffectof target termson theimage.
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Figure 2: Quality function: cumulativeeffectof target termson theimage histagram.

Notethecorrespondinghangen theshapeof thehistogram
in Figure2d.

4.6. Light directionterm fg

Psychophysicdestsindicatethatit is sometimesasierfor
the humanvisual systemto correctly interpreta 3D shape
whenit is illuminated from abore. However, it is not clear
how generaland fundamentathis phenomenoris. Further
more,it is notclearwhatis thenecessarglevationabose the
horizon,andin mary scenes horizontalilluminationdirec-
tion appeargo yield the bestresults.Thereforewe decided
to addto thequality functionatermthatconstrainghelight
sourceto illuminate the scenefrom above, but we treatthis
termasoptional asopposedo thefirst five terms,which are
consideredundamentalThis termsimply measureshedif-
ferencebetweerthe elevation of the light sourceandsome
targetelevationangle.

(© TheEurographic#ssociationandBlackwell Publisher2001.

Example: Figurelf wasrenderedisingtwo light sources:
the parametersf thefirst light weredeterminedy optimiz-
ing thecompletequality function fq = fgrag+ feage + fvar +
fmeant fhig + fqir - A secondaryight sourcewasfixedatthe
viewpoint, and could not be modified by the optimization
processNote thatbothimagesle and 1f, arequite satishc-
tory in termsof the lighting, despitesignificantdifferences
in appearancdueto the additionalconstrainton theillumi-
nationdirection.

4.7. Summary

Above we have introducedthe six target termscomprising
ouroverall perceptualmagequality function. Eachof these
termsmeasureshe“quality” of a certainfeaturein theinput
imageby computinga distancefrom an ideal target value.
The targettermswere designedso asto encouragehe fol-
lowing desiredfeatures:The image should conspicuously
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shav the edgesof the sceng(featureandreflectancedges),
andintroduceshadinggradientson scenesurfaces suchthat
thesegradientsare sufiiciently strongto be noticeableThe

global appearancef the image should be suchthat most
regions are displayedby intensitieswithin a limited range,
centerectsomemid-intensitylevel, andyetsomeshadaved

andhighlightedregionsarestill allowedto existin relatively

smallregions,or in regionsthatdo notcontainimportantde-

tails andshapanformation.

Althoughtheresultingquality function may appearto be
overconstrainedour experimentshave shavn thateachand
every oneof thefive fundamantatargetcomponentss nec-
essanin orderto ensuresatisfctoryresultsasdemonstrated
by thefive examplesin Figure3.

5. Perceptual Image Quality Function: Practice

While the previous sectiondescribedhe principlesaround
which our perceptuabjuality functionwasdesignedin this
sectionwe give the precisedefinitionsof the target terms,
while addressingsomeof the issuesthat mustbe resolhed
in orderto usethis function in practice,in the contet of
automatidighting design.Theseissuesare:

Normalization: eachof thetargettermsof fo mustbenor

malizedsuchthatthevaluesthey generatell lie in thesame
range,e.g.,[0,1]. This is a critical requirementpecausef

the valuesproducedby one term are significantly smaller
thanthoseproducedy therest,theeffectof thattermonthe
behaior of fg is minor, andin practiceit is asif this com-
ponentwastotally excluded,leadingto deficienciesuchas
thoseshavn by fig. 3. On the otherhand,if aterm’s values
are much larger than the rest, the quality function will be
dominatedby this term,andthe desiredbalancewill notbe
achieved.

Weights: ratherthan simply taking the sumof the normal-
izedtargettermsasthe quality function fg, we assigneach
targetterm f; aweightw;, anddefine

fo= z w; fj
Theweightsw; canbe usedto manipulatethe dominanceof
the different target terms,and thusto control the sensitv-
ity of the quality functionto differentfeaturesin theimage.
In our systemwe usethe following empirically determined
WeightS:Wgrad = 06, Wedge = 06, Wyar = 05, Wmean= 04,
Whig = 0.55,andwgj; = 0.5 (or 0, when fg;, is disabled).

i € {grad, edge, var, meanhigt, dir }

Targetvalues: mostof the targettermsin the previous sec-
tion were definedas a differencebetweensomemeasured
guantityin the image,and a target value for that quantity
The target valuestypically dependon the particularscene
andviewing parametersandwe will discusshow to deter
minethemfor eachtargetterm.

Auxiliary data structures:in orderto efficiently evaluate
the target termswe will needan auxiliary datastructure,
which will be precomputedeforethe lighting designop-
timization processhegins. We referto this datastructureas

theprecomputedmage map(PIM). ThePIM is essentiallya
classificatiorof the pixelsin theimageinto threecateories:
backgroundgixels,edgepixels,andsurfacepixels.

5.1. The detectededgesterm feqge

Recallthatthegoalof thistermis to make surethatthelight-
ing parametersare chosenso asto accentuateas much as
possibleall of thefeatureandreflectancedgesn thescene
thatcanpotentiallybevisible from the specifiedviewing po-
sition. In otherwords,if animagepixel hasbeenmarlked as
anedgepixelin thePIM, wewouldlikethelighting to create
aneasilyperceved edgeat that pixel. To thatend,the feqge
termis definedas

1

feage(l) = (N -3 Oedge(pii)> , 2
(i,)€E

wherel is aluminanceimage,E is the setof edgepixelsin

the PIM, N is the total numberof edgepixels in the PIM,

pij is the (i, j)-th pixel of I, and Oeqge is an edgedetection

operatoydefinedasfollows:

Oedge = Othresh Ozc,

whereOgc is 1 over pixels wherea Laplacianzero-crossing
occursandzerootherwise and

1 tmax<|vpij|
Othvest(pij) = § Y RilTlmn 4 i < |Vpij] <tmax  (3)
'V pij| < tmin

wheretmin andtmaxareedgedetectiorthresholdsand|V Pij
is the magnitudeof the gradientat location pjj in the lumi-
nanceimagel.

feqge Producesvaluesin the rangel0, 1]. It achievesthe
optimalvalueof 0 only if atall edgepixel locationsthe lu-
minancegradientexceedsathresholdf tmaxandalLaplacian
zerocrossingoccurs.The worst casevalueof 1 is obtained
if noneof thesepixels exhibit a gradientexceedingat least

tmin-

5.2. The shadinggradient term fgaq

The goal of the fyrag termis to encouragehe presenceof

shadinggradientsat surfacepixels, providing importantper

ceptualcuesregardingthe shapeandthe orientationof ob-

ject surfacesin the scene.The term measureghe average
shadingover all surfacepixels g(I), and computeshe dif-

ferencebetweenthis averageand a target value gt, which

representthelargestaverageshadinggradientthatcanpos-
sibly be measuredor this scene Clearly, this target value
stronglydepend®ntheparticularsceneandviewing param-
eters:scenesontainingshiry curved objectswill naturally
exhibit much strongershadinggradientsthana scenecon-
sistingof mattepolyhedra.

Accuratecalculationof the target value doesnot appear

(© TheEurographic#ssociationandBlackwell Publisher2001.
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(a) Excluding fgrad

.

(c) Excluding feqqe

(d) Excluding fyar

(e) Excluding frig

Figure 3: Ead of the five examples(a)—(e)in this figure demonstated the effect of omitting a single target term from fq.
Theleft image in eath examplewasrendeed with lighting parametes obtainedusingthe completeguality function,while the
right image showsthe effect of excludingasingle component(a) Excludingthe fgq term causeshe right image to appear
substantiallyduller thanthe left. (b) Excluding fmeanresultsin a partial lossof highlightsand an undesiable shiftin material
color. (c) Excludingthe feqge termcausesoneof thecubeedgesto almostdisappear(d) Exclusionof fyar resultsin undesieable
under and overilluminatedregionson the cow (e) Exclusionof fyig resultsin a flatter appeaanceof the curvedside of the

violin case

to be analytically solvable for generalscenesand an ac-
curatenumericsolutionwould be similar in termsof com-
putationalexpenseto the entire lighting designoptimiza-
tion. Fortunately our experiencenasshavn thataneducated
guesof thetargetvalueis sufficient for satistctoryresults.
In our implementationwve basethis guesson a singleren-
deringof the scenetheideais to predictwhatillumination
conditionswould generatehe strongesshadinggradients?,
setthelighting parameteraccordinglyrenderthesceneand
computeheaverageshadinggradientin theresultingimage.

Theaverageshadinggradientg(l) is definedas:

S |veif
(i,j)es

Zl-

9(l) =

whereSis the setof surfacepixelsin the PIM andN is the
total numberof thesepixels,andthe shadinggradienttarget
termis definedas

g-g()
fgradm_{ G 1o >co

1 otherwise

The parametein is usedto achieve properscalingfor the
valuesgeneratedby thisterm.Thevaluea = 0.3 wasfound
to work well in practice.

5.3. The varianceterm fyar

The fvar termmeasureshe differencebetweerthe standard
deviation o(1) of the surfacepixel luminancesanda tamget
standarddeviation value,denotedby ot. The resultis nor-

(© TheEurographic#ssociationandBlackwell Publisher2001.

malizedby thetargetvalue:
fuar(1) = min <M, 1) 4)
Ot

Our experimentshave shawvn thata target standarddevi-
ationbetweem0 and45 generallyproducessatishictoryre-
sults. This valueis generallyvalid whenall displayedsur
faceshave uniformreflectancelf the scenecontainsawide
rangeof reflectanceghetargetvalueis correctecby afactor
proportionatfto thevariancein thereflectancesf thevisible
surfaces*.

5.4. The meanterm fmean

The fmeanterm measureshe differencebetweenthe mean
intensity of the surface pixels m(l) and a target mean-
intensity denotedby m. Theresultis scaledto theintenal
[0,1]:

Im(l) —m|

mear(l) = Ha(m, 255—m)

®)

Our experimentshave showvn that a reasonabletamget
valuefor m is obtainedby settingit to around150. If the
scenecontainsmary dark surfaces,the target value is re-
ducedaccordingly*.

5.5. The histogram equalizationterm fhig

The fhig termmeasureshe distancebetweerthe histogram
h(l) of theluminanceimageanda targethistogramhy. In an
ideal equalizedhistogrameachluminancevaluesoccursan
equalnumberof timesn; = N/255,whereN is thenumberof
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Y
A light

Center Of Interest

viewpoint ¢ X

Figure 4: Light source directionis measued in an object
centeed sphericalcoodinate systemThepolar angle is
usedto measue the elevationof thelight source

surfacepixels. Denotingby n; the heightof thei-th column
in the actualhistogramh(l), the distancebetweenh(l) and
h; is definedas

—ny)? (6)

While searchindgor appropriatescalingfor this term,we
found that neitherthe ideal histogram,nor the worst case
histogram(whereall pixels have the sameluminance)occur
in practice.Therefore thetermis scaledusingtwo scaling
parametersy; anday, suchthat0 < a; < az < 1. Thepa-
rameteras (a») definea more practicalworst (best) case
histogramwith all pixelsequallydistributedin a1 (02) per
cent of the columns.Denotingthe distancebetweenthese
two histogramsandtheideal histogramby dy, anddg,, the
properlyscaledversionof fy;4 is definedas

1 if  d>dy
d—do,
fris() =9 g—=d¢; i do<d<da
it d<da

In our experimentsve seta; = 0.1 anda, = 0.8.

5.6. Thelight directionterm fg;,

This optional target term constrainsthe light direction to
comefrom abore. Theinputto thistermaretheelevationsof
thelight sourcesgachgivenby the polarangle6, asshavn
in Figure 4, The term simply measureshe differencesbe-
tweeneach@ anda target polar angle6;. As suggestedy
Currar, a target angle 6; = 45° was usedin our experi-
ments.Theproperlyscaledfy;; termis definedas

d
_ | & if d< 65
fair { 1  otherwise %

whered is the RMS differencebetweerthe elevationsof the
light sourcesandthetargetelevation 6;:

(8)

6. A Lighting DesignSystem

Usingtheperception-baseguality functiondevelopedn the
previoussectionswe have implementecan automatidight-
ing designsystem A detaileddescriptionof this systemap-
pearsin Shacled's thesig4; herewe summarizéts mainfea-
tures.Theinputto our systemis a modelof a 3D sceng(in-
cluding geometryandmaterialproperties) a setof viewing
parameter$or a desiredmage,anda setof lighting param-
eters,suchas the numberof light sourcestheir positions
and/ordirections,andtheir intensities Eachlighting param-
eteris declaredaseitherfree or fixed. The free parameters
arethosewhosevalueswe wish to determineautomatically
in anoptimalfashionusingour systemFixedparameterare
assignednitial valueshy the system Thesevaluesaretaken
into accountby the quality metric,but the systemis not free
to modify themin the courseof optimization.

In our current implementationwe use a straightfor
ward OpenGL-basedenderingool: Z-buffering for hidden-
surface removal, and OpenGLs default shadingmode?s.
Theobjectsin ourscenesrerepresentedspolygonmeshes,
with pervertex normals Eachpolygoncanhave its own ma-
terial properties.As explainedearlierin the paper texture
mapsareignoredby the optimizationprocessViewing pa-
rametersarespecifiedusingOpenGLs cameranodel.

The systemfirst performsa self-calibrationstage during
which the appropriatetarget valuesare establishedor the
different target termsof fq, taking into accountthe input
sceneandviewing parametersasexplainedin the previous
section.Next, the free andfixed lighting parametersare as-
signedwith initial values.Usingthe free parametergsop-
timizationvariablesandthe quality functionasan objective
function, an optimizationprocesds thenperformedto find
the optimal settingsfor the lighting parametersThe opti-
mization processis an iterative searchin the multidimen-
sionalspaceof the free variablesJooking for a local mini-
mum of the quality function.

In our currentimplementatiorwe usea simple steepest
descentoptimizationschem&. To approximatethe gradi-
ent of the quality function, partial deriatives for the free
variablesnustbe computedWe approximatepartialderiva-
tivesnumerically by takingdifferentialstepsatthedirection
of eachfree variable,rendering,and evaluatingthe quality
function. Oncean optimizationdirectionis chosenthe so-
lution advancesn thatdirectionuntil reachinga minimum,
andthenanew directionis calculatedWhenoptimizingover
morethanonefreelight sourcetheoptimizationprocessal-
ternatests stepshetweerthedifferentlight sources.

(© TheEurographic#ssociationandBlackwell Publisher2001.
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In ourexperimentsve foundthatthequality functionmay
have several local minima, and the solution typically con-
vergesto the minimum nearesto the initial guessSearch-

ing for a global minimum, in our opinion, is not necessary:

local minima provide quite satishctorylighting designs,if
theinitial valuesareselectedn anintelligentfashioi*.

6.1. Performanceand resolution

Unsurprisingly mostof the computationcostis incurredby
theoptimizationloop. In eachiterationthescenenodelmust
berenderedneor moretimesin orderto evaluatethe qual-
ity function fg, and(in someiterations)estimateits partial
derivatives,andtheresultingimagesmustbecorvertedfrom
RGBto luminancelf therenderings hardware-assistedye
mustalsoreadthe resultingimagefrom the framebuffer to
themainmemory Thus,the computationcostis directly af-
fectedby two mainfactors:the resolutionof theimageand
the performancef therenderingool.

Consequentlythe lighting designshouldbe performedat
thelowestresolutionat which the mainfeaturesn thescene
arestill visible. Determiningsuchthresholdresolutionfor a
givenmodelis atopic for future work. Having examinedall
of our testmodels,we were ableto choosesomecommon
resolution,which is the smallestresolutionthatstill yielded
a satishctorysolutionfor all testcasesThis resolutionwas
found to be of around62,000 pixels (e.g., 250%). There-
fore, in all our experimentswe reducedthe desiredimage
to 62,000while preservingits aspectratio, and performed
theoptimizationat thatresolution.

6.2. Reducingthe number of freeparameters

The numberof free lighting parametersletermineghe di-
mensionof the designspaceand hasa significanteffect on
the computationtime of the optimizationstage becausef
theneedto computethe partialderivative of fo with respect
to eachfree variable. Therefore,it is desirableto keepthe
numberof free parametersslow aspossible.

In our currentimplementatiorthis reductionis achieved
asfollows. First, we only considerpositionallight sources
locatedat afixeddistancerom thescenes centerof interest.
Positionalightswereempiricallyfoundto generallyyield il-
luminationthatbettermatchegherequirementsf our qual-
ity function, compareto directionallights. We also found
that good resultsare obtainedwhen the distanceis setto
twice theradiusof thescene.

Furthermorewe only considerwhite light sourceqwith
equalintensityin the R, G, andB components)This guar
anteesthat the colors of the surfacesin the sceneare de-
terminedby the correspondingnaterialpropertieswhichis
partof theinformationthatwe would lik e theimageto com-
municateto anobserer. In ary case sinceour quality func-
tion operatesn the luminancedomainof theimage,render
ing with coloredlights is practicallymeaninglessasfar as
thelighting designoptimizationis concerned.

(© TheEurographic#ssociationandBlackwell Publisher2001.

In OpenGLeachlight sourceis specifiedby meansof its
diffuse,specularandambientintensity We fix the ambient
intensityat 15 percenbf thediffuseintensity Consequently
eachfreelight sourcespecifiedto our systeminvolvesopti-
mizing over 4 free parametersthe two directionparameters
(6,9), its diffuseintensity andits speculaintensity There-
mainingparameterareconsideredixedandtheirvaluesare
assignedsdescribeckarlier

6.3. Lighting configurations

In orderto fully configurethe systemfor performingtheau-
tomatic optimizationprocesstwo further decisionsshould
bemade:

1. The numberof free light sourceghat shouldparticipate
theprocess.
2. Whetheror notthe fgi, termshouldbeenabled.

In practice,for all the test casesexamined,we found that
choosingone of the following threeconfigurationss sufi-
cientto obtainsatishctoryresults:

Configurationl fg, is disabled,and a single free light
sourceis optimized.

Configuration2 fgi, is enabledpnefreelight sourceis op-
timized, anda secondaryfixed light sourceis positioned
attheviewpoint.

Configuration3 fg;, is disabledandtwo freelight sources
areoptimized.

Hence theonly decisionthatshouldbe madeby the userof

our systemis which of thesethreeconfigurationshouldbe

used Wefoundthatcaseswhere fgj, substantiallyimproves
theillumination of the scenearerare,andits effect is more
to directthe solutionto a differentimageappearanceyhich

maybeconsideregreferableoy someperceptuatonsidera-
tions,evenif notresolvingary crucialvisualissue&’. Using

two freelightsis oftennot required,andin somecasesnay
evenleadto lesssatishctoryresultsthanthetwo othercon-

figurations.As a rule of thumb, two free lights shouldbe

usedonly whenillumination by a singlefree light fails to

producesatishctoryresults.

7. Results

We usedthe systemdescribedn the previous sectionto au-
tomaticallydeterminethe lighting designin a large number
of testsceneswith a variety of differentmaterialsanddif-
ferentviewing parametersin the vastmajority of caseghe
lighting designgroducedy thesystemwerefoundsatistc-
tory in termsof thevisualquality goalswe setto oursehesin
Section3. We alsofoundthesedesigndo favorablycompare
with thebestdesignsve wereableto generateisingmanual
manipulationsof the lighting parametergthe direct design
paradignmentionedn Sectionl).

To illustrate the effectivenessof our lighting designsys-
temFigure5 shavs a comparisorof several differentlight-
ing designson four differentmodels.For eachmodela row
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of four imagesis shavn. The imagesin columns(a) and
(b) of eachrow wererenderedisingnaive lighting settings,
whicharenevertheles®ftenusedn practiceasdefaultlight-

ing settings:

Defaultl A singledirectionallight illuminating the model
from thedirectionof theviewpoint.

Default4 Four directionalllight sources:a top-left source
with sphericalcoordinates 6, ¢) = (45°, —45°); a top-
right source at (45°,45°); a bottom-left source at
(135, —45"); andabottom-rightsourceat (135, 45°).

The imagesin columns(c) and (d) are renderedwith op-
timized lighting settings,generatedby our systemusing
Configuration1 and Configuration2, asexplainedin Sec-
tion 6.3

The improvementsn visual appearancandcomprehen-
sibility of theimagesin columns(c) and(d) over thosepro-
ducedwith default lighting are quite apparentandat times
even dramatic.Additional lighting designresultsand com-
parisonsareincludedin the electronicarchive accompay-
ing this submissionjncluding exampleswith two free light
sources.

Table1 containssomestatisticsregardingthe four exam-
plesshavn in Figure5, aswell asthe galleonmodelfrom
Figure 1. In all casesthe optimizationprocesswhich ac-
countsfor 85 percentof the total executiontime, takesonly
afew secondsAroundthreequartersof thistime werespent
renderingmagesandreadingthe framebuffer. Theremain-
ing quarterwasspentcomputingfo.

8. Summary and Futur e Work

We have presentea fully automatidighting designsystem
for traditional (photorealisticyenderingof 3D models.The
lighting designsare obtainedby optimizing a perception-
basedimagequality function, yielding comprehensiblém-

agesof 3D object,which effectively communicaténforma-
tion aboutshapesmaterialsandspatialrelationships.

Therearemary promisingdirectionsfor future research,
someof which areoutlinedin theremaindeof this Section.

Systemautomation: the automationof the systemcanbe
furtherenhancedby developingmethodghatbasecdn anal-
ysis of the scene viewing-parametersind perhapshe ren-
deringalgorithm,canautomaticallydeterminethe preferred
numberof free light sourcesand recommendvhetherthe
optional fg;r termshouldbe enabled An automaticmethod
for establishingheappropriatehresholdresolutionfor each
scenewould alsoprove very usefulfor speedingip the opti-

mizationprocess.

Optimization: more sophisticatedoptimization methods
should be consideredand implemented.Using techniques
thatreducethenumberof optimizationiterationsperformed,
aswell asthetotal numberof function evaluationswill sig-
nificantly enhancesystemperformance.

View-independentsolutions: extendingthe systemto find

view-independentlighting solutions can be very useful.
However, this is a difficult task,dueto the factthatthe core
of thesystenis ananalysigperformedna2D imagecreated
for a particularviewpoint.

Global illumination: extendingthe systemto work with
globalillumination modelsrequiresproperhandlingof ad-
ditional effects suchas castshadws, inter-reflectionsand
refraction,aswell asa more efficient optimizationprocess
— sincerenderingcostswill bemuchhigher Thetechnique
describedn this papercould be usedto provide an initial
guesdor themoreexpensve globalilluminationbasedight-
ing designsystem.

Quality function: clearly theformulationandimplementa-
tion given for the quality functionis not uniqueanddefini-
tive. Althoughseveralmethodsof measuringandevaluating
the visualandgeometricainformationwere examined,ap-
plying differenttechniquesmay be proven beneficial.One
exampleis the useof moreaccurateedgesevaluationtech-
nigue,which takesinto accounta scaleof expectedpromi-
nencefor various edges.Using other visual information,
suchas spatialfrequenciesor colorsfor perceptualjuality
evaluationmay be consideredVariousfeaturesf the HVS,
which affectsthe responsef humanto the visualinforma-
tion may beintegratedinto the quality metric. For instance,
thenon-linearesponsandthresholdsensitvity of theHVS
to luminancecontrastcanbe usedto enhancehe accurag
of measuringhe effect of shadinggradients.
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Figure5: Lightingdesignresultsonfour differentmodelsimagesin columnga) and(b) were rendeed usingthe Defaultland
Default4lighting settings Columns(c) and (d) were rendeed usingtwo lighting designsobtainedby our optimizationprocess,
usingConfiguation1and Configuation2,respectivelyasdescribedn Section6.3

Row i (Cube): Defaultlighting in (a) and (b) resultsin totally uniform shadingon the cubes facesand fails to display all

edges. Optimizedighting: in (c) and(d) all edgesare prominent;shadinggradientson the cubes facesconvey enhanceD

impression.

Row ii (Fork): Default lighting in (a) and (b) fails to properly corvey material and shapeinformationin several locations,
mainly dueto lack of illumination in (a) andlack of shadinggradientsin (b). Optimizedlighting: (c) major improvementare
introducedby both highlightsand shadows{d) similar improvementswith illumination comingfromabove

Row iii (Cow): Defaultlighting: (a) shadoweaegionshide shapeinformation,image is geneally toodark; (b) flat illumination

lacking shadinggradientscausedossof shapeand edge information. Optimizedlighting: (c) a major improvementn overall

brightness;shapefeatuesare mud more visible; (d) similar improvementswith illumination comingfromabove

Row iv (Baby): Defaultlighting: (a) bodyshapeand detailsare lost in the shadowedar sideandin the neararm and hand;
(b) too mud illumination yieldsa washed-outlow-contiast appeaance Optimizedighting: in (c) and (d) all bodypartsare
properlyilluminated,the contrastis just right, and manydetailsbecomevisible
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Modelname # of Resolution Figure # of optimization # of renderings Optimization
polygons iterations performed time (sec)

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

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

Cow 5,805 186x 208 5iii-c 11 39 35
5iii-d 4 20 23

Baby 12,712  193x318 5iv-c 5 21 3.2
5iv-d 5 25 3.6

Galleon 4,699 362x389 1(e) 8 35 4.4
1(f) 9 57 6.5

Table 1: Lighting designprocessstatisticsfor the five testmodelsshownin this paper Timeswere measued on a 866 MHz
Pentiumlll PC with Nvidia GeForce2graphicsacceleator.
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