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Chapter 1

Introduction

1.1 Motiv ation of the Thesis

Finding the shapeof are ector from a given setof requiredoptical propertiesand physical
constraintgs of high importancein the eld of Lighting Engineering(see[EIm78] [Kei93
[CM97] for anintroductionto thesubject).In this eld, mostof theeffort is spentin building a
re ector andtestingit, perhapdy simulatingits optical propertiesasawhole, but moreoften
by building a physicalprototypeof there ector wheremeasurementsrecarriedout, discard-
ing it if it doesnot matchthe speci cations,building another(often by manualmodi cation
by anexpertcraftsman)testingit again,andsoon. This processs extremelyexpensve and
time-consuming.

Sometoolshave beendevelopedto facethe problemof re ector shapedesignfor lighting
engineeringbut, in general,they follow the build-test-restarprinciple usedby traditional
engineeringDev96] [DP95] [DMCP94], which is an extremely costly and painful process,
even consideringthat traditionaldesignersalreadyhave a reasonablyoodideaof whatthe

nal re ector shapewill be.

We cansaythatinverseproblemsinfer parametersf a systemfrom obsered or desired
datawhichde ne theirbehaior, in contrasto directproblemswhich, givenall theparameters,
simulatethe effects. Traditionaldirect problemsin lighting involve the computationof the
radiancedistributionin anapriori, completelyknown ernvironment(geometryandmaterials).
The problemof surfacedesignclearly ts into theinverseproblemsfamily.

Theobjective of thisthesisis to presenfully automatedolutionsfor this problem,widely
known to be a dif cult one, speciallyin the theoreticaland numericalaspects.We aim at
shawing the feasibility of suchcomputationsin the sensehatour algorithmswould be able
to be usedin theindustry lowering currentproductioncostsin termsof time andmonegy. On
theotherhand,it is obviousthatanexpertin the eld of lighting engineerings ableto provide
extremely useful information, which canbe incorporatednto our algorithms,allowing the
computationgo be much more accurateat a fraction of the time neededfor the original,
genericalgorithm.

19



20 CHAPTER1. INTRODUCTION

1.2 State of the Art

In Chapter2, generalinverserenderingproblemsare presentedsummarizecandclassi ed.

In particular anin-depthstudyof inverseemittancejnversere ectanceandinversegeometry
problemss presentedaswell asinsightsof openpathsfor futureresearchOntheotherhand,
previous work presentedn the literatureof inversere ector designproblemsis analyzed.
Relevantworkin thisareas reviewedandanalyzedn orderto shav thecontext of thecontents
presentedh thisthesis.

Inverselighting problemgreferto all theproblemswvhere asopposedo whathappensvith
traditionaldirectlighting problems several aspect®f the sceneareunknovn. Onecommon
characteristicof this kind of problemis that, in general,we know in advancethe desired
illumination at somesurfacesof thescengtheir nal appearance)lhen,thealgorithmhasto
work backwardsto establisithe missingparameters.

Inverseillumination problemsare intimately relatedto the computervision eld. The
problemof nding the shapeof a surfacefrom its shadinghasbeenknown in the eld of
ComputetVvision (CV) for alongtime. Otherinverseproblemsnvestigatedn ComputerVi-
sionincludethe computatiorof thedirectionof illuminantsfrom imagesandtheidenti cation
of surfacecharacteristicborm animageor asetof images.Themajorchallengewith this sort
of problemsis that eitherthe geometry or the illumination of the scene are completelyun-
known. The speci ¢ problemsinvestigatedncludeshapefrom shadingiHB89], directionof
luminariesfrom imagesandidentifying surfacecharacteristicérom animageor a sequence
of images.Fortunatelyin ComputeiGraphicstheviewing parameterandtheexactscenegge-
ometry(or atleastpartof it) areknown andthereforemary problemsbecomeeasierto solve,
and completelydifferentto state. Our situationdiffers from bothin thatwe do not know in
advancethe geometryof the re ector, but we do not have a local measureof the shadingas
it would be animage,in the casein ComputerVision. We alsowantthe userto controlthe
illumination on asurface.As such,we expectthe userto provide optionsandfeedbacko the
systemandthussolve ambiguitiesvhenthey arise.This makesthesolutionsin CV unsuitable
for our purposes.

Returningto inverserenderingoroblemsthesenclude:

Theinverselighting problemsarethoseproblemswherethe unknown is thelighting of
thesceneTheseproblemscanbefurtherclassi ed:

— Light sourcepositionsand their orientations,wherethe objectve is to nd the
locationsof known light sourcesn orderto achieve adesiredllumination.

— Luminaire emittance,wherethe emittancesf alreadyplacedlight sourcesare
computedo obtaina desiredllumination on somesurfaceshatde ne thescene.

Surfacecharacteristicef somerelevantsurfaceelementsthatis, nding theparameters
of Bidirectional Re ection Distribution Functionson prescribedsurfacesof the scene
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to producethe desiredeffectsin the environment. Thosemethodscanbe eitherlocal
illumination-basedgeneralglobalillumination-basedMonte Carlo-basear radiosity-
based.

Theshapeor positionandorientationof there ectorsin the scene We discusghemin
detailin the next section.

Whenreferringto inversere ector designproblemsthe problemis the constructiorof re-
ector shapegor luminariesfrom prescribedptical propertiesof theluminariesand/orbulbs
(far eld ornear eld radiancdlistributions)andgeometricatonstraintsFromamathemati
cal pointof view, the problemto solve belonggo the cateyory of non-linearinverseproblems.
Restrictionson the shapeimposedby the manugcturingprocesseedsshouldalsobe taken
into accountresulting,in generaljn theadditionof constraintgo the problem.

Fortunately it hasbeenshavn [CSF99 thatthe generalproblemof nding there ector
shapegiventheillumination distribution in a generalcenecanbe stronglysimpli ed. This
simpli cation proceedsn a rst stepby reformulatingthe problemasthatwhich resultsfrom
theinversepropagatiorof requirementdyackwardsfrom thespeci edsurfacego anenclosure
surroundingthere ector (a cubeor a sphere for example). As a result,an outgoingspatial
radiancedistribution for the sourcesis obtained. In this way, the problemof nding the
re ector shaperom thelight distributionin thesurfacesof ascenecanbesimpli ed to thatof
nding the shapefrom the requiredoutgoinglight distribution from the optical set(re ector,
bulb anddiffuser).

The presentatiorof a solutionto the problemof nding the shapeof a re ector given
the outgoingradiancelistribution thatshouldemanatdrom the resultingoptical set(without
diffuser)is the main objectve of this thesis.Radiancaistributionscanbe de ned, basically
in two very differentregions: on a surfaceverynearthere ector/light bulb set,or “in nitely”
far away from it. Thosetwo regionsare called NearField and Far-Field respectrely. It is
importantto notethat,in thelattercaseall re ectedoutgoinglight raysarethoughtto emanate
from thelamp. This problemcanbeinterpretedasthelimiting caseof theNear eld problem
whenthesurfaceto beilluminatedmovesoutto in nity . In thisthesiswe have focusedonthe
Far- eld problem,althoughour methodsareapplicable aswell, to the Near eld problem.

Thedifferentmethodscanbeclassi ed as:

Analytical methodsfor re ector design:they formulatethe problemin precisemath-
ematicaltermswith the useof differentialgeometry althoughaddingimportantcon-
straintson the formulationin orderto make the problemtractable.

Numericalmethoddor re ector design:In generalwe cansaythat,althoughthey share
thesameoverall structure they canbedistinguishedy thefollowing aspects:

— Thelight propagatiormethod
— Theshapale nition for there ector
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Case

Reflector

Light Bulb

Border
Diffusor

FIGURE 1.1 An Optical Set.

— Thede nition of the distancebetweerthe desiredoutgoinglight distribution and
theoneobtainedrom agivenre ector.

— Theoptimizationmethodused.
— Theproblemfacedcanbein its Far-Field or NearField form

All theseapproachesre basedon the sameprinciple: minimization of the distance
betweeradesiredight distribution andthedistribution (far eld or near eld) obtained
from thelight propagatiorstepfor a“current” re ector, determinedrom asetof control
pointsthatde ne there ector shape As we cansee althoughall theworksdonesofar
arebaseddnthe samebasicstructurethey greatlydiffer in theapproximationgnadeto
thegeneralnversere ector designproblem,thuschoosingquite differentsolutionsfor
eachof theelementstatedabove.

1.3 Problem Formulation

The basicmathematicatools neededor the analysisand comprehensiomwf the developed
methodsis presentedn Chapter3, while generalre ector designstartingfrom a generic
initial re ector is presentedn Chapter4. Resultsof the differentsimulationsare presented
andanalyzedwith a detailedexplanationof the problemsfound andthe respectie solutions
developed.

There ector shapeao becomputeds justonepieceof whatis known in lighting engineer
ing asan optical set which consistsof alamp, the re ector anda glassactingasa diffuser
(Figurel.1). There ector hasa border containedn a plane,thatlimits its shapeasseenin
Figurel.l. In generalare ector must t insideaholdingcase soits shapecannotbe lower
at ary point thanthe planede ned by the bordernor higherthana certainthresholdde ned
by the case We cansaythatthe casede nesaboundingbox for there ector.

Many luminariesincorporatee ectorsandrefractve diffuserghatrequirephysicalBRDF
measuremerdandadwanceday-tracingsupportfor repetitvely structuredpticssuchaspris-
matic diffusers,but our objective in the presentwork is aimedtowardsthe simplestcon gu-
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FIGURE 1.2 An example of a real outgoing radiance distribution used in industry.

FIGURE 1.3 An example of a re ector in our representation.

rationfor anopticalset,consistingof alight bulb andare ector surface,whichis acommon
con guration for illumination settingsat streets,tunnelsand generalopenspacespesides
othercases.

So, we focus our efforts on the following problem: given the outgoingradiancedistri-
bution of a light bulb anda re ector border nd the shapefor the re ector whoseresulting
illumination matcheghe outgoingradiancedistribution. Do this below a userde ned thresh-
old.

The following constraintsare imposedon the surface shapeto be built: We look for a
continuousandpositive functionde ned in the borderplaneandwith supportin the interior
of thatborder

1.4 Re ector' sdesign

In generalwe cansaythatour solutionstartsby reformulatingthe problemin the following
manner:in an iterative procedure optimize (minimize) the distancebetweenthe outgoing
radiancedistribution of thecurrentre ector, , andthedesired/userspeci ed) out-
going radiancedistribution, desied (SeeFigurel.2),where is avectorof dimension

(i.e.: ) thatde nestheshapeof there ector (Figurel.3). Eachrepresentatiomter-
pretsit asneeded:e.g. splinesseeit asa bidimensionakrrayof control points,while height
elds usethemasanarrayof surfacepoints.

In orderto measurehe error at somepoint along the computation,we de ne an error

function of theform
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desied
Function  canbenaturallyde nedin termsof anormin thespaceof outgoingradiance
distributions,as , Where, is someproperlyde ned norm. So,our
objectvewill beto optimizetheerrorfunction . Industryrequirementgdescribedn thepre-
vioussection)areincorporatednto this objectve function aspenaltytermsthathelpguiding
the optimizationtowards*authorized”con gurationsin the spaceof possiblere ectors.

Thepresentedolutiondiffersfrom previousapproache:

thetypeof surfaceusedto de ne there ector shapdgaregulargrid of heights}thatgives
more e xibility in therangeof achiezablesurfaces(althoughit hasonly  continuity
attheedgegoining triangles)

the generalityof the light propagatiorsimulationstepwhich, in our case,is basedon
thewell known Monte Carlo Light Tracingalgorithmthatcanhandleall sortsof Bidi-
rectionalRe ection Distribution Functions

handlinginterre ectionsin anefcient andnaturalway. Traditionalapproachesvork
without takinginter-re ectionsor generaBRDFsinto account.

theglobalstrate)y usedfor obtainingthe desiredre ector surface.

1.4.1 Gener al Case

In Chapter4 our solutionfor the generalcaseis presented.Basically the algorithmworks
“around”anarbitrarystartingre ector by generatingafamily of new onesby iteratively mov-
ing eachoriginal vertex. Eachoneof thosenew re ectorsis evaluated.As we usea Monte
Carlo Light Tracingalgorithmto computethe light distributions, variancesn the measure-
mentsof the error function must be taken into account. The re ectors with resulting
errorscloserto theonewith besterrorsofar areaveragedo obtaina nal re ector. Actually,
“close” in this contet refersto all re ectors whoseevaluationgave valueswith a difference
smallerthantherespectie standardleviations. Thevariancegor thosecomputationgdepend-
ing onthe BRDF, numberof rays,etc)waspre-calculateé@ndstoredin tables.Oncethis new
re ector is generatedandif the userde ned tolerancewasnot achiered, the algorithmpro-
ceeddy re ning thesurfaceby addingnew vertices andrestartghe brute-forceoptimization
loop mentionedabore.
To evaluatethe outgoinglight distribution, we considerthe optical setformedby there-

ector andthe light bulb. Eachtime the evaluationof this distribution is required,two
stepsaretaken: First, generatea surfacewith the shapespeci edby . Then,simulatelight
transporin this new re ector shape.
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FIGURE 1.4 The user-provided tolerance is used as a bound on the space of attainable shapes.

1.4.2 Userguided optimization

The previous method,althoughgeneraland e xible whenthereis no initial ideaaboutthe
re ector shapejs slow. Thisis mainly becauseseveral con gurationsaretested,something
thatis, sometimesnot necessary It seemsquite obvious that generaloptimizationcan be
stronglyimproved by taking advantageof the users knowledgeof the re ector to be built.
This approachs presentedn chapterb.

Basically knowledgefrom the useris givenby providing areferencestartingsurfaceand
ameasuref con dence. Thatinitial shapes provided asa setof heightsfor the prescribed
grid locations,which could be hand-generatedr built by usingary re ector editor Onthe
other hand,the users toleranceis introducedby providing two real numbers,that are the
upperandlower boundgo the heightsprovidedin thesurfaceshapele. Thisboundsarethen
taken asanupper/laver limit on the heightseachre ector vertex could take with respecto
its baseposition,aspointedby the shapele providedby the user We cansaythatthis two
realnumbergepresenbffsetsfor the basicsurface,generatingwo new surfacesalowerand
anupperone,which arethe newv boundingbox for the future optimizationcomputationsSee
Figurel.4.
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Chapter 2
State of the Art

2.1 Introduction

Inverseproblemsare usually of an extreme compleity and are emeging as an important
researchtopic for the graphicscommunitydueto their interestin a wide rangeof elds in-
cludinglighting engineeringandlighting design. Although progressn renderingto datehas
mainly focusedon improving the accurag of the physicalsimulationof light transportand
developingalgorithmswith betterperformancesomeattentionhasbeenpaidto the problems
relatedto inverseanalysis)eadingto somerecent,nterestingresults.

In computergraphicsthis sortof problemis not completelynew: the problemof inverse
kinematicshasbeenwidely appliedfor animatiofWW92], andanexcellentsurwey oninverse
placementof camerascurves and objectsfor animationcan be found in [Kas92] and the
referencesherein.

We cansaythatinverseproblemsinfer parametersf a systemfrom obsered or desired
datawhichde ne theirbehaior, in contrasto directproblemswhich, givenall theparameters,
simulatetheirbehaior. Traditionaldirectproblemsn lighting involve the computatiorof the
radiancedistributionin anapriori, completelyknown environment(geometryandmaterials).

Inverselighting problemgeferto all theproblemsw~vhere asopposedo whathappensvith
traditionaldirectlighting problems severalaspect®f the sceneareunknovn. Onecommon
characteristioof this kind of problemis that, in general,we know in advancethe desired
illumination at somesurfacesof the scengtheir nal appearance)Thereforethealgorithms
have to work backwardsto establishthe missingparametersThe developmentof sucha set
of toolsis of extremeimportancein lighting engineeringandanimatorsandlighting experts
for the Im industrywould alsobene t highly fromit.

Inverseillumination problemsare intimately relatedto the computervision eld. Re-
searchersn thatareahave studiedsomeof them,including shapefrom shading[HB89], di-
rectionof theluminaryfrom imagesandidentifying surfacecharacteristicilom animageor a
sequencefimages.Ontheotherhand,in acomputegraphicssystentheviewing parameters
andthe exactscenegeometry(or at leastpartof it) areknown andthereforemary problems
becomeeasierto solve. Our situationalsodiffersfrom the onein computervisionin thatwe

27
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wanttheuserto controltheillumination on a surface.As such,we expectthe userto provide

optionsandfeedbackinto the systemandthus solve ambiguitieswhenthey arise. Thus,the

aim of this chapteris leaningtowardsthe ComputerGraphicseld, but theinterestedeader
is referredelsevhere[HB89]for relateddevelopmentsn the ComputeiVision eld.

2.2 Gener ic inverse problems

Typical inverseproblemsare of the genericform , Where is thedatavectorspace
(the informationwe have beforehand), is the vectormodel space(whatwe wantto nd
out)and is anoperatomwe shouldinvertto solve the problem.While this formulationdoes
not look very differentfrom the directone,HadamardHad02] noticedthatthe formulations
of inverseproblemswereoftenill posed.He de ned the conditionfor a problemto be well-
posedor ill-posed: For a problemto be well posedin the Hadamardsensejt mustmeetthe
following threecriteria:

For eachsetof data,thereexistsa solution
This solutionmustbeunique.
This solutionmustdependcontinuouslyon the data.

Any problemnot satisfyingary of thosecriteriais ill-posed. WhenHadamardwrote his
1902paperde ning well- andill-posedproblemsjt waswith theintentof saving mathemati-
ciansand scientistsubstantiatime andtrouble. Thatis, he warnedagainsttrying to solve
ill-posedproblems astherewasno way of gettingaccurateesultsfrom suchproblems.Un-
fortunately thereexist mary importantproblemsin scienceandengineeringhat sharethis
conditionof beingill-posedandthatneedto be solved (see[Pro9q for asummaryof inverse
problemsn otherresearclareas).Thesancludeproblemsn mechanicaéngineeringinverse
kinematics,crackdetection),robotics(computervision), geophysicggeophysicaprospect-
ing), astrophysicsgquantummechanicginversescattering) medicine(ultrasoundpioelectric
andbio-magneticsourceproblems) electricalengineeringinverseoptics),computergraph-
ics andelsavhere. For a comprehensie introductionto the subjectof inverseproblemsin
their abstractform, referto [SS96]. In general direct renderingproblemscanbe shavn to
be well-posedHMH95]. Theinverserenderingproblemslack at leastone of the Hadamard
[Had02]criteriafor beingwell-posed:the solutiondoesnot depenccontinuouslyon thedata,
which meansthat small errorsin measurementshay causelarge errorsin the solution (see
[HMH95]).

2.3 Theoretical bac kground

Globalillumination is relatedto transporttheory and can be viewed as a specialcaseof it
[CW93] [SP94]. The behaior of transportedight is characterizedby the propertiesof the
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particles(photonsWwhentraversingthe ervironment.Globalillumination's mostfundamental
magnitudeis radiance which is de ned asthe power radiatedat a givenpoint in a
givendirection perunitof projectedareaperpendiculato thatdirectionperunit solid angle
for agivenfrequeng ( ).

Theboundaryconditionsof theintegral form of thetransporiequationareexpresseds

(2.1)

for points onsurfacespeing thebidirectionalre ection (and/ortransmissionglistribution
function(BRDF), theanglebetweerthesurfacenormalat and , thepointthatisvisible
to inthedirection , thehemispher®f incomingdirectionswith respecto and an
incomingdirection.

This classicalgoverningequationcanbe conciselyexpressed@sallinearoperatorequation
[Arv95a, Arvo5h]. First,de ne thelocal re ection operator by

which accountdor the scatteringof incidentradiantenegy. The measures and
arerelatedby . Here is a eld radiancefunction, correspondingo all
incidentlight. The operatormapsthe incidentlight distribution onto the corresponding
exiting light distributionthatresultsfrom onelocal re ection.

Next, we cande ne the eld radianceopermator , thattransformsanexiting light distri-
bution into theincidentlight distribution thatresultsfrom surfaceslluminating oneanother:

when
otherwise
where is thevisiblesurfacefunctionandis de ned [Arv95b] as
Surfacesn theenvironment , and theray castingfunction
De ning theseoperatorsve canfactorout theimplicit function from theintegral

equation2.1 andwe maywrite:
(2.2)

Following the outlinesin StepherMarschners Ph.D.thesisintroduction[Mar98], we can
classifythedifferentpapersoninverselighting problemsaccordingto which of the quantities
of theabove equationis unknown:

Direct problemsarethosewhich, givenknown valuesfor , and , solvefor . But,
if we have someknowledgeof , we canposedifferentkindsof inverselighting problems.

If isunknovn,and , and or partof it, areknown, we have a problemof inverse
lighting: givena photograplor ary otherinformationthatcoverspartof , andacomplete
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modelof thescene( and ), nd theemittanceq ) of the luminariesilluminating the
scene.

If , andpartof areknown,we mustsolve for informationabout . This problem
can,in general pe calledinversere ectometry anda particularcaseis the onecalledimage-
basede ectometryin [Mar98], whereimagesareusedasinputwith informationabout . As
describedhere, includesinformationaboutthe varianceof the re ectanceboth spatially
anddirectionally this canbeaverydif cult problemsinceit canbea very complec function.
Dependingon the constraintdmposedon the problem,we cansubdvide it into the inverse
texture measuement(constraintoon the directionalvariation),or theinverseBRDF measue-
ment(spatialuniformity is assumed)ln Table2.1we presenthedifferentpapersurweyedin
ourwork classi ed accordingo this scheme.

Finally, if  is unknavn, we have aninverse geometryproblem. It is importantto note
that,althoughthe problemis oftengenericallycalledinversere ector design it encompasses
the computervision long-studiedshapefrom shadingproblem, the re ector designinverse
problemandthe recovering objectsfrom photayraphsproblem. In Table2.9, we presenthe
differentpapersonthere ector designinverseproblemsurneyedin our work.

If we assumeherestrictionsof distantillumination, nointer-re ections,isotropicBRDFs
andknown geometryand cameraparametersiEquation2.1 canbe regardedin a signalpro-
cessingrramenvork[RHO1b]. So,there ectedlight eld integral is regardedasthe cornvolu-
tion of two signals: the bidirectionalre ectancefunction andthe incidentlighting; i.e. by

Itering theillumination usingthe BRDF Inverserenderingcansimply be viewed asa de-
convolution of the two signals. In [RHO1b], the authorsconcludedthat BRDF recovery is
well-conditioned(in a mathematicasensewhenthe directionalityof lighting containshigh
frequencieqe.g.,directionalsourcesyandis ill-conditionedfor soft lighting. Alternatively,
inverselighting is well-conditionedfor BRDFs with high-frequeng componentgspecular
peaks)andill-conditionedfor diffusesurfaces.

Anotherfactorto take into accountis whetherthe different paperstreatthe full global
illumination equation,Equation2.2, or a simplerlocal-illuminationversionbasedon a sim-
pli cation of theilluminating equationconsideringonly pointlight sourcesandwithout con-
sideringinter-re ections. It is alsoimportantto mentionthe treatmentof visibility in the
differentapproacheseviewed: whencomputingthe radiancewith the above equationsthe
visibility problemconsistsof detectingif thereareary blockersbetweerthe sourceandthe
surfacebeingilluminated, and not addingtheir contrikution in that case,which is a strong
simpli cation of , presentedbove. The sameis true for the pathsfrom the surfaceto
theeye or theregionwherethe nal radiancecomputationsareneededMost of thereviewed
papersomit this treatmentarriving at solutionsnot applicablen real-life situations.

Otherkinds of methodsarebasedon a treatmenif the problemin its global form, con-
sideringtheinter-re ections of light onthewhole scenethatis, in the context of globalillu-
mination. Most of themwork with somekind of discreteprojectionspacewherethey project
the solution,transformingheintegro-differentialproblemof computingtheillumination into
amatricialone.
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Inverse [SDS 93], [MG97],

lighting [Mar9g], [CdSF99a],

(solve  for | [SLOZ], [MAB 97]
) [HMH95],[FGR93],

[DRB97], [LFD 99],

[FOH98], [MMOH97]

[OH95], [RHO1b],

[SSI1994,[SSI1994,[SSI994
[PF93,[PRJ9I7],[Gui00
Inverse re- | [Deb9q, [BGO]], [FGR93],

ectometry | [DRB97], [YDMH99],
(solve  for | [LFD 99], [LDROO],
) [1S91], [KC94], [POF94,

[OSRW97],  [DVGNK99],
[LKG 01], [Pou93 PF95],
[Mar98, MWL 99], [SI96],

[SWI197], [DHT 00],

[YM98], [Mar98], [RHO1H
Combined [KPC93], [RHO1b],
problems [SS1994, [SS1994

( and )

TABLE 2.1 Papers reviewed for inverse re ectometr y and inverse lightign, classied according to
equation 2.2.

Therearethreekindsof approachessedto solve thedifferentproblemsfaced:

Indirect-solvingapproachesor optimization-base@pproacheswherethe solutionis
obtainedby nding the minimum (or maximum)of an adequatelyde ned objectve
function. Thesemethodsyenerallyrequiresolvingthe direct problemat leastonceper
iteration.

Direct-solvingapproacheswherethe goal is to nd methodsto invert the equation
without solving the direct problemat any time. Amongthose,we can mentionthe
matrix-basedpproachesyherethegoalis to invertanill-conditionedalgebraicsystem
of equationgesultingfrom a nite elementapproximatiorof theunderlyingequations.
OtherapproacHOH95] implementsan inverseMonte Carlo methodto nd the emis-
sivitiesfor a setof surfaces.

Mixed thatusea combinationof thetwo above-mentione@pproaches.
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Reflector

Radiosity
Distribution

FIGURE 2.1 Diagram of inverse lighting problems, where the problem is to characterize the illumina-
tion ( )on a scene, either by nding the emissivities of already positioned sources, or by nding their
locations in the scene

2.4 Inverse lighting problems (ILP)

The inverselighting problemsare thoseproblemswherethe unknown is the lighting of the

scene(see gure 2.1 wherea very simple scenes depictedwith an unknawvn light source).
Theseproblemscanbefurtherclassi edinto problemsof inverseemittancesandinverselight

positioning. In the formerthe unknovns arethe emittancef a given subsewf surfacesof

thesceneln thelatterthe problemis to nd thelocationsof thelight sourcegor luminaries)
in orderto achiere a desiredillumination. Anotherpossibleclassi cationof ILP problems
naturally ariseswhen consideringthe treatmenteachone givesto Equation2.1. Theseare
the classicalF.E. radiosity setting (with BRDFs and radianceconstantall over eachpatch
surface),theinverseMonte Carlo frameavork or evenlocalillumination. Table2.2 presentsa
classi cationof inverselighting problemspapersaccordingo thesetwo criteria.

2.4.1 Emittance problem (EP)

As statedabove, theseproblemsdealwith obtainingthe emittanceof a subsebf the patches,
the light sources. The differentworks dealingwith this type of problemcan be grouped
accordingto therestrictiongthey introduceto solve to Equation2.1in thefollowing classes:

Generalformulations. We consider distinctlight sourceslluminating ascenegach
of thembeingcharacterizethy afunction , whichrepresenttheisolatedcontrikbution
of the -th light sourcewith unitintensity ontheervironment.Thus,we coulddescribe
theillumination in a sceneby a linear combinationof the form: , Where

is thenon-ngjative weightof the -th light ontheervironment.By assumingalinear
relationship with somemeasuredntensityvalues in the sceneor in a screenwe
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emittances positioning
general | [SDS 93], [CASF993
[MG97], [SLO1],
[Mar9g| [MAB 97]
radiosity | [HMH95], [FOH93],
[FGR93], [MMOH97]
[DRB97],
[LFD 99]
Monte [OH9Y5
Carlo
Local [RHO1H, [PF92],[PRJIOY,
[SSI1994, [Guioq]
[SS1994,
[SSI993

TABLE 2.2 Classication of inverse lighting problems according to whether they compute surface
emittances or light source positioning. Also, the different works can be organized with respect to the
treatment they give to Equation 2.1: General, Radiosity, Monte Carlo and Local.

arrive atanexpressiorof theform

(2.3)

This is an overdeterminedsystemof equationswvhich canbe solved by using a least
squaredormulation. As we can see,the problemformulatedthis way is rendering-
independentsinceary approximationfor Equation2.1 canbe usedwithout changing
theformulation.

Radiosity-basedformulations. Here the generalproblemis reducedto a radiosity
settingby makingthefollowing approximatiorto Equation2.1: apurelydiffuseBRDF
for the surfaces(patches)thatis constantall over eachone. In this case Equation2.1
is reducedo theform:

(2.4)

where isthe -th patchradiosity its emittance, itsre ectivity (diffuseBRDF)
and istheform factorfrom element to element . Fromthere,re-writingit in the
form of Equation2.3is trivial, asshavn in Section2.4.1.In generaljn thoseproblems
thepatchesanbegroupedaccordingo whethertheirradiosities andtheiremittances

areknown or not, resultingin a systemof equationswvith some andsome as
unknavns.
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Monte Carlo formulations. An inverseMonte Carlomethodis proposedandproceeds
by ring asetof raysfrom the surfaceswith known propertiestowardspointson sur
faceswith unknonvn properties,and gatheringillumination informationfrom surfaces
of the rst typeto thesurfacesof thesecondype.

Local Illumination formulations. A simplelocalillumination modelis usedinstead
of aglobalone.So,Equation2.1is actuallynotused.

MarschneandGreenbay [MG97, Mar9§ studiedtheill-conditioning of theinversdight-
ing problemin the caseof diffuse surfaces,andlater RamamoorthandHanrahafRHO1b]
presented signal-processinffamenork for inverserendering shaving thatinverselighting
is well-conditionedonly whenthe BFDR hashigh-frequeng componentgsharpspeculari-
ties), andis ill-conditioned for diffuse surfaces. They shaw that, for the specialcaseof a
mirror BRDF, thelighting coefcients of a SphericaHarmonicsdecompositiorof the Light-
ing correspondn avery directway to there ectedlight eld, thusbeingawell-conditioned
inverseproblem. Instead,for Lambertianobjectsthe lighting recovery is ill-conditionedfor
lighting directionalfrequenciesppearindatterthanthesecondrder(themorediffuseterms)
in a SphericalHarmonicsdecompositior(low frequencies).For PhongBRDFs, it is shavn
thatinverselighting calculationsare well-conditionedonly up to orderof the squareroot of
the shininesparametem thatformula, while for the Torrance-Sparte micro-facetmodelit
is well-conditionedonly for frequenciesip to orderof theinverseof theroughness.

Gener al EP

Oneof the rst approache® theemittancgroblemwasby ChrisSchoenemaatal [SDS 93],
wherethe userde nes the light featuresby “spraying” color onto surfaces. Later, Stephen
MarschnemndDonaldGreenbay [MG97, Mar98] presentedheir re-lighting systemwhich,
from a photographanda 3D surfacemodelof the objectpictured(anda modelof the camera
usedto take the picture), estimateghe directionaldistribution of the incidentlight. In the
rst caseamodi ed Gauss-Seidaterationwasimplementedo solve Equation2.3,in away
suchthat, at eachiteration,the negative valuesfor the weights(light intensities)are clipped
to zero.In thistechniquethe“sprayed”colorsarethe . As mentionedabove, the systemis
ill-conditionedif the BRDF usedis too diffuse,sotheauthorsdecidedo adda rst orderlin-
earregularization Finally, they useda generalizedingularValue Decomposition(SVD) to
allow theregularizationparameteto be adjustednteractvely. Here,the aretheobsened
pixel valueson the photographs.

In the caseof Schoenemaetal., interactvity wasachievedby accountingonly for direct
illumination in their nal implementationput the methodis independenof the illumination
algorithm used. Marschnerand Greenbay's approachhasthe advantageof using a pho-
tographas objectve, ratherthan manuallyuserde ned objectves, and of usinga generic,
scene-independesgtof basidight sourcesUnfortunatelythisleadsto asystemwhichisiill-
conditionedandmorecomple to solve thanthe systemhatcomesfrom asetof focusedight
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sourcesthusalsorequiring a regularizationprocedure. In general,this procedureconsists
in addinga tarmthatensure<ontinuity andis graduallyreducedo zeroasthe computation
proceeds.

Radiosity-based EP

The formulationspresentedn this subsectiorare closely basedon the Radiosity approxi-
mationsof Equation2.1: assuminga purely diffuse BRDF for the surfaces(patches)and
assumingt is constantall overthem. In this case Equation2.1 reducego the knowvn Equa-
tion 2.4. Re-writingthis equationn theform of Equation2.3canbedonetrivially by de ning
amatrix which allows usto write .

A remarkablework with thesesortsof inverseproblemswas developedby Harutunian
et al. [HMH95], in the contet of radiatve heattransfer The authorsobsened that the
resultingsetof equationgor theinverseproblemis ill-conditioned,andthusthe needto resort
to theModi ed TruncatedSVD[HSS92 (MTSVD) matrixinversionmethodto compute
Working with the sameapproach(linearizingthe systemto solve it and MTSVD or TSVD
to invertit dueto its ill-conditioning), Francaet al.[FOH9g and Moraleset al. [MMOH97]
solved the inverseproblemof sourceemissvities, this time in the presencef participating
media.ln thesdasttwo casesthe problemsuggestsheintroductionof a systenof equations
resultingfrom the discretizationof the mediuminto volume elementsn orderto solve the
correspondingartialdifferentialequationgPDE).

ComputerAugmentedRealityenablesiserso mix realandvirtual worlds. As suchiit re-
quirestheprecisecharacterizationf thegeometrysource-emittanceendsurfacere ectances
of thereal scenehrougha givensetof photographsTo computetheseemittancesfournies
Gunavan and Romanzin[FGR93 also basetheir formulation on the radiosity approxima-
tion, directly tting theelementemissiongo the obseredvalues( ). Drettakis,Robertand
BougnouxDRB97] improvedthe work of Fournieretal. by settingup a hierarchicakadios-
ity system.Loscosetal. [LFD 99] approximatelyreconstructedeal scenegeometryfrom
photographgaken from several differentviewpoints. There,indirect illumination is com-
putedwith a hierarchicakradiositysystemasbefore,while the directcomponents calculated
separatelyisingray-castingon a perpixel basis.

Inverse Monte Carlo EP

As is well known, radiatve heattransferproblemsare equialentto lighting problems. We
summarizénereaninterestingvork oninverseradiatve heattransfer nding thetemperatures
of emitting surfaces carriedout by MasahitoOgumaandJohnHowell [OH95]. The authors
developedan inverseMonte Carlo method. In this paper surfacesare perfectlambertian
re ectors, althoughthe generalizatiorto more generalBRDFs seemsstraightforvard. The
methodstartsby letting userschoosea setof points(calculationpoints)onthesurfaceswhere
they areinterestedn nding thetemperaturdlight) distribution. Then,it randomlychooses
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a setof pointsat the surfaceswith completelyknown propertiesandfor eachof thosepoints

castsa givennumber  of rays. Although never statedexplicitly in the paper the points

seemto be choserfollowing a uniform distribution, andtheraysare red by subdviding the

hemispheref directionsabove eachsurfacepointin - equalintervals,and ring oneray for

eachintenal. Theserays y to pointsatthe surfaceswith unknovn temperaturgemittance).
For eachray, the algorithm nds the expectedenepy it shouldcarry When enoughrays

have arrived, eachcalculationpoint on an“unknown” surfaceis assigneda temperaturghat

is a weighted-sunof the temperaturesf the rays. The weightsarea setof position-related
coefcients, becausegheexiting pointof theincidentintensityis oftennotacalculationpoint.

Finally, the whole processs iterateduntil the radiancedistribution on “known” surfacesled

by the calculatedtemperaturalistribution of “unknown” surfacessatis esthe requiredheat
ux distribution of “known” surfaceswithin auserprovidedthreshold.

Local lllumination EP

Basedon thefeaturespresentedn the introductionof Section2.4.1,RamamoorthandHan-
rahan[RHO1b] proposedan algorithmthat only recoversfrequenciesdelow a cutoff of the
orderof the inverseof the roughness.Thus,two possiblewaysareshavn: solvinga linear
least-squaresystemfor the lighting coefcients like Equation2.3, or subtractinghe diffuse
componentand using the resultingmirror-like objectto recover a high-resolutionangular
spaceversionof theillumination. In the secondcase a two-stepprocesss presentedwhere
the rst phaseestimateghe diffusecomponent®f there ected eld from the estimatedIlu-

minationfrequeny parametersandthe secondphasedoesit the otherway roundto achieve
sharperesults.

Satoet al. [SSI994¢ usethe radianceinformationinside shadavs to estimatethe illumi-
nationdistribution of a sceneasa collectionof imaginarypoint light sourcesuniformly dis-
tributedoverthesceneTo dothis, it is necessarfor theBRDFto beLambertianandto solve
asystemike Equation2.3. Thiswork waslaterimprovedby theauthordSSI99b],seesection
2.6, but the introductionof regularizationusinguserweightedpenaltytermswasrequiredin
bothworks,andthe computationatompleity limited theformulationsto a coarsediscretiza-
tion of the sphere. Instead,the methodproposedoy Ramamoorthand HanrahanfRHO1b]
requiredno explicit regularizationandyieldedresultswith bettersharpnesandoverall qual-
ity thanthe approachesf Satoetal. On the otherhand,the methodsproposedyy Satoetal.
areeasierto extendto concae surfaces.Finally, Satoetal. [SS1994 proposedhe useof two
omni-directionalstereaimagesto constructa geometricnodelof the scene:extractingcom-
mon featurepoints, generatinga triangularmeshand nally mappingthe radianceover the
mesh.Theradianceof thewhole scenevasconstructedrom a sequencef omni-directional
high dynamicrangeradianceimages[DM97] and mappedonto the constructecgeometric
model.
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2.4.2 Light source positioning problem (LSPP)

In this subsectionwve review the paperswhich perform computationson the position and
orientationof light sourcesAs mentionedabove,theseworkscanalsobeclassi edaccording
to thetreatmenthey giveto Equation2.1.

General formulations. Thesemethodstry to nd luminary locationsand/ororienta-
tionswithoutrelying on ary particularillumination algorithm.In generaltheluminary
position/orientations choserasanoptimizablevariableof a certainobjective function,
which, in turn, is optimizedwith a problem-independerdptimizationalgorithmlike
StimulatedAnnealing[PTVF92 PT914.

Radiosity-basedformulations. Problemswhich try to locatelight sourcesn the con-
text of the classicradiosityapproximatiorhave not beenpresentedet, but we believe
this is possible. Unfortunately this casecorrespondso purely diffuse BRDFs,which
showv themselesas producersof a severeill-conditioning in lighting-characterization
problems[RHO1j Theoverallmethodwould assumesmallpolygonalemittersanduse
the knowledgeof theillumination they produceto computetheir Form Factors(  in
Equation2.4). Fromthis knowledgewe should nd the desiredverticesasdegreesof
freedomof anoptimizationproblem.

Monte Carlo formulations. Although,to thebestof ourknowledgetherearenoworks
using this kind of formulation, we believe that this is a feasibleapproachtoo. By

ring raysfrom theillumination-constraine@reasof the sceneijt is possibleto gather
informationandqualify areasn the scenespacevhich maycontainthe sourcesandby

furtherre nement,eitherautomatioor interactve, nding their exactlocationwithin a
certainthreshold.

Local illumination formulations. Theseformulationsarebasedon the simpli cation
of Equation2.1to take into accountonly local illumination, andusingthe obsenation
of this local illumination (highlightsandshadevs) to positionthe correspondingdight
sources.Thus,insteadof Equation2.1, we could introducethe expressionfor a point
light sourcgfCW93],

where istheanglebetweerthe normalandthelight sourcedirection . Whenusing
shadaev informationfor positioningthe light sourcespointson the shadev boundary
mustbedeterminedandjoinedto their correspondingdplockingsilhouettein orderto get
areliabledirection. Whenenoughpairsarede ned, a leastsquaregprocedurecanbe
performed.Ontheotherhand,whenusinghighlightsfor sourcdocations pointsonthe
desiredhighlightmaximumandits boundary(de nedto betheline wherethe highlight
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falls belov a giventhreshold)mustbe given. This procedurestronglydependsn the
BRDF chosenjn generala simplePhong[BT75] formula.

Gener al LSPPFormulations

Costaet al.[CdSF99h implementedan automaticmethodto searchfor the bestplacement
of luminaries,aswell astheir relative intensities. The methodimplementsa preprocessing
stepwherethe userde ned requirementgcalled inverseluminaries,IL) are consideredas
source®f unitimportancewhich propagateéhroughthe ervironmentasthe dual of radiance
[Gla95]. This allows usingary globalillumination engineto run the simulationbackwards,
from theinverseluminariesto auserde ned setof surfacesvheretheimportancedistribution
is computed.Basically whatis presenteds a validatingpreprocesstepwhich triesto nd
incompatibilitiesbetweendesigngoalsand alreadyplaceddesignelements(light sources),
followed by a calculationstepwhich attemptsto nd the bestplacementandorientationfor
the light sourcesby optimizing a userde ned objective function. The minimizationof the
objectve functionis performedwith the SimulatedAnnealingalgorithm[PTVF92 PT91b].
The objectve functionis givento the systemby meansof a scriptlanguagespeciallydevel-
oped,which allows the specializeduserto de ne thelighting goalsto achieve (positive ILS),
theillumination constraintdo avoid (negatie ILs, like having too muchglareinto a virtual
charactes face),andthegeometricconstraintsheusermightimposeonthelocationor direc-
tion of the sourcesAlthoughthis methodof scriptingthe designgoalsseemsvery promising,
a higherabstractiorlevel shouldbe achievedin orderto allow the non-programming-skilled
designerdo beableto usethetoolspresented.

Instead Shacled andLichinski[SLO1] presentednapproacho lighting designbasedon
the optimizationof anobjective functionwhichis a perception-based@magequality function.
This functionwasdesignedo yield compressiblemagesof 3D scenesirying to effectively
communicatanformation aboutshapesmaterialsand spatial relationships. Their current
implementatiorwasbasedn an OpenGLrenderingengineanda local steepestiescenbpti-
mizationschemealthoughthe authorsstatedthatlocal minimawerefoundto be quite satis-
factoryif initial valueswerechoserwisely[Sha0). The maindifferencewith [CdSF994 is
the choiceof the perception-basedptimizationfunction, aswell asthe useof a local opti-
mizationmethodvs. the globalalgorithmusedbefore.

An entirely differentapproachor exploring the spaceof lighting designswas presented
by Marksetal.[MAB 97]. In aframevork namedDesignGalleriesthey try to optimally dis-
persethespaceof solutionimagesn termsof perceptuagjuality, andallow theuserto browse
andcombinethemto achieze adesiredsolution. Thigs clearlynotanautomatigorocesssince
userinputis required.
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Local [llumination LSPPFormulations

Oneof the rst works on inverseproblemsin the context of local illumination wasdoneby
PoulinandFournier [PF93. They proposedisingthe highlightsandshadavs onthescenes
objectsin the modelingof thelight sourceslin the caseof highlights,the authorsconsidered
thespeculatermof Phong[BT75] shadingasexpressedy Blinn [Bli77]. By lettingtheuser
manuallypoint at the desiredmaximumintensityof this highlight, they wereableto analyti-
cally optimizethis expressioranddeterminghelight direction.By determininganotherpoint
on the surface,the userspeci eswherethe speculatermreachesa x edthresholdandthus
theroughnes&xponentcanbe computed.The useof furtherrestrictionsik e the light being
onagivenplane,is suggestedor othercasesObsere thatthis methodgivesonly directional
light sourcesthatis, pointlight sourcestin nity . Foragenerapointlight sourcetheshadav
volume[FVDFH90] generatedy it mustbe used[Pou93]. In orderto specifythe direction
of adirectionallight onesimply chooses$wo arbitrarydistinctpointsin the scenethesecond
beingalongthe shadaev castby the rst one. For extendedinear or polygonal(planar)light
sourcesnew point light sourceghat de ne the verticesof the light sourceare needed.For
generalextendedight sourcesa divide andconquerstratgly waspresentedif boththelight
andtheobjectbeingshadedaredividedinto corvex elementsthewhole shadev is theunion
in 3D of all theshadaev corvex hulls.

Poulin, Ratib, and JacquegPRJ97] nd the positionof point light sourcesby sketches
of shadavs or highlights,andextendedlight sourcesare positionedby sketchesof umbraor
penumbraThe userintroduceghe sketchesascontinuousstrokesof pointsthatareimmedi-
atelytransformedo 3D [HH90], wherethe sketchedpointsareconsideredo beall enclosed
by the real shadev of the object, and similarly for a highlight. The methodstartsby con-
sideringeachpoint forming the sketchof the shadev andde ning for it the coneof possible
positionsfor thelight (Figure2.2). The volumewherethe light canbe is the intersectionof
all thesecones:if the volumeis in nite, a directionallight is computed;otherwisea point
light is used. The problemis presentedasa constraineptimizationproblemby de ning
asan objective function the distancebetweenthe sketchedpointsandthe light source,and
maximizingit. Theconstraintgle ned arethatthepointlight sourcemustlie insideall cones,
thatthe light muststayon the samesideasthe normalvectorat the sketchedpoint, andthat
the light positionis on theright sideof the half-conefor this sketchedpoint, orientedalong
the axisthatjoins this point andthe centerof the occluder Theinitial positionfor the solver
is chosenasa small distanceabove the occludersurfacealignedwith the centerof massof
the sketchedpoints. For extendedlight sourcesthe usersketchesthe umbraor penumbra,
relaxingthe inclusion conditionto force all pointsto lie within all conessimultaneouslyn
the caseof umbra,andfor penumbrashe conditionis thatat leastonepoint of the light must
belongto eachcone(a testthatthe intersectionof the coneandthelight is not null mustbe
made). When sketchinghighlights, a point on a surfaceis consideredvithin a highlight if
the evaluationof Phongspecularfunction at this point is higherthana certainthreshold .
It could be thatthe conesdo not intersectat all, dueto the curvatureof the surface. Then,
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FIGURE 2.2 Elements for the computation of the position of a light source from a sketch of a shadow.

theroughnessoefcient (theexponentin Phongspeculaterm)is lowered,broadeninghe
cone,until an intersectionis possible. The main differencewith the previously mentioned
research[PF94s thatthe input method,sketchingshadavs andhighlights,is far superiorin
termsof userinteractionand greatlyimprovesuponthe designof simpleillumination in a
computergraphicsscene.
A differentapproachwastaken by Guillou [GuiOQ], who developeda local illumination-

basedmethodto determinethe positionof  light sources.His methodstartsby computing

directionallight sourcedrom userde ned regionsof aknown, purelydiffusescene.Then,
these directionalsourcesaregroupednto setsandeachsetis usedto estimatethe position
of a uniquepoint light sourceby trying to optimizean intersectiorpoint from the directions
of the distantlight sources.Finally, the light positionandphotometricparametersrefound
by minimizing (Levenbeg-Marquardinumericalminimizationmethod)a leastsquaresrror,
usingthepreviousestimationssastartingpoint. As canbeseenthismethods stronglylocal-
illumination-basedsinceit relieson an estimationstepthat closelyfollows this assumption.
Also, thisdistantlight estimationstepcanonly sene asareferenceaslong astheuserde ned
regionsarecleverly chosensinceit doesnottake into accounthe superpositiorof illumina-
tion from thedifferentsourcesatthe pointswheretheestimationsarecomputed With respect
to thepreviousworksmentionedijt hasthe clearadvantageof working simultaneouslyvith
pointlight sourcesn adiffuseervironment.

2.4.3 Conclusions on ILP

As we mentionedabove, we canorganizethe studiedmethodsdependingon the type of illu-
minationmodel(generalyadiosity Monte Carloandlocal) they useandaccordingo the sort
of problemthey solve (Tables2.2and?2.2).

In Tables2.5and2.6we summarizehepapersoninverseemittanceandinversere ectance
respectrely. We thenshav the mainfeaturesof eachmethod:type of approachusedto solve
it (director indirect)andnumericalmethodgo implementit.

Analyzingthe problemsconcerningeP (Subsectior?.4.1),we seethat:
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Most of the papersdealwith perfectly diffuse BRDFs. The morerelevantexceptions
tothisruleare[SDS 93], [MG97], [Mar98] and[RHO1b], thatdealwith linearcombi-
nationsof photographandpresentalgorithmsthatareindependenof the BRDF used
becausehey only dependon the imageobtained,not on the methodusedto compute
it. ((RHO1b]assumes localillumination modelto decowoluteillumination from the
known BRDF)

Theassumptiorthatthe BRDF is constanbn the patchsurfaceis foundin mostof the
papersioo. The exceptionsto this rule are[OH95] and[SDS 93], [MG97], [Mar98],
mainly becausé¢he rst papempresentanalgorithmthatsamplesonthesurfacespoint-
wiseandthe othersareBRDF independent.

Only Francaet al.[FOH98]and Moraleset al.[MMOH97] solvedthe inverseproblem
of sourceemissvities in the presencef participatingmedia. The restof the reviewed
worksonly dealwith non-participatingnedia.lt is importantto notetheaddedcost:in
this case the problemrequiresthe introductionof a systemof equationgesultingfrom
thediscretizatiorinto volumeelementof themediumin orderto solve thecorrespond-
ing partialdifferentialequation{PDE).

Among the reviewed papersonly [SDS 93], [MG97], [Mar98] and[KPC93 present
view-dependengoals,especiallythe rst threebecausehey dealwith input givenby
photographswhile thelastonecanalsobe usedwith view-independengoals.

It is alsoimportantto point out that, althoughthe methodproposediy Schoenemaet
al.[SDS 93] achiered interactvity by accountingonly for directillumination in their
nal implementationjt is independenbf the illumination algorithmused. The same
happensvith MarschnermandGreenbey's approach[MG97Mar98§, which hasthe ad-
vantageof usinga photograplasobjectie,ratherthanmanuallyuserde ned objectves
asbefore,andof usinga genericscene-independesetof basislight sources.Unfor-
tunately this leadsto anill-conditionedsystemmoredif cult to solve thanthe system
thatcomedrom asetof focusedight sourcesthusrequiringaregularizationprocedure.

Satoetal.[SSI199¢SS1990) requiredtheintroductionof regularizationusinguserweighted
penaltyterms,andthe computationatompleity limited their formulationsto a coarse
discretizatiorof thespherelnsteadthemethodproposedy RamamoorthandHanrahan[RHO1p
requiredno explicit regularizationandyieldedresultswith bettersharpnesandoverall

guality thanthe approachesf Satoet al. On the otherhand,the methodsproposedy

Satoetal. areeasierto extendto concae surfaces.

With respectto LSPP (Subsectiorn2.4.2), it is evident that two ways of attackingthis
problem,thatis Radiosity-basefiormulationsand Monte Carlo formulations,have not been
studiedin the literature. Neverthelessin our opinion, thesewaysarefeasiblein spiteof the
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possibleill-conditioning they might presentwhich would surelybe alleviatedby the useof
somesortof regularizationprocedure).
In thereviewedarticleswe canalsonoticethat:

It isremarkablehat[CdSF994 [SLO1]and[MAB 97]aretheonly globalillumination-
basedapproacheamongall thereviewedpaperdor this kind of problem.

Contraryto whathappensn inversere ectometryproblemsall studiedapproachesely
onsomesortof optimizationprocedurdo achiezetheirresults.Thisis sobecausef the
high compleity of the problemfaced,since nding absolutdocationsof light sources
or types (and other characteristicspf luminariesinvolves using indirectly measured
information. Thechoiceof theoptimizationmethods, to ourknowledge quitearbitrary
andthe papergresenseveraldifferentapproacheto this point. It is clearthatthe best
optimizationmethodto useis still anopenresearclarea.

Althoughthe methodby Costaet al.[CdSF99&for scriptingthe designof goalsseems
very promising,a higherabstractiorievel shouldbeachieredin orderto allow thenon-
programming-skilledlesignergo be ableto usethe presentedools.

Ontheotherhand themaindifferencebetweerShacledandLichinski[SLO]] andCosta
etal.[CdSF99&is thechoicein the rst caseof theperception-basedptimizationfunc-
tion, aswell asthe usageof alocal optimizationmethodvs. the globalalgorithmused
before.

With respecto the work doneby Marksetal. [MAB 97], it canbe clearly seenthat
this procesgloesnotinvolve anautomaticoptimizationatall, theuserbeingresponsible
for all thedecisiongowardsthe nal result.

The maindifferenceof the work doneby Poulin, Ratib and Jacque$PRJ97 with the
work by Pouinand Fournier[PF92]is that the input method,sketchingshadevs and
highlights, is far superiorin termsof userinteractionand greatly improvesuponthe
designof simpleilluminationin a computergraphicsscene.

Finally, for Guillou[Gui0(Q we cansaythatit hasthe clearadvantageof working simul-
taneouslywith  pointlight sourcesn adiffuseenvironment,whilst the othermethods
presentedn the samesubsectioro not.

Combininglighting reconstructiorfor differentpoints|RHO1b acrossa scene,and per
forming correlationsof the obtainedinformation (a generalizatiorof the work by Satoet
al.[SS199¢) seemsan ef cient and unexplored way to obtainthe completelighting of the
scenewhich couldbevery ef ciently storedin somesortof lighting textures[Hec90]. This
would allow theabsolutgoositioningof light sourcesn thescendo be obtained Also, choos-
ing the luminaries' shapesamonga small set of possibleshapedss anotheroption that is
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General [Deb9q, [BGO1]
Radiosity [FGR93], [DRB97],
[YDMH99], [LFD 99,
[LDROO]
Texture-based | [IS9]], [KC94], [POF98],
[OSRW97], [DVGNK99],
[LKG 01
Local Angularbased | [Pou93  PF95], [Mar98,
MWL 99|, [SI96], [SWI97],
[DHT 00Q]
General [YM98], [Mar98], [RHO1H

TABLE 2.3 Classi cation of inverse re ectometr y problems organized with respect the treatment they
give to Equation 2.1: General, Radiosity and Local.

suggestedby the resultsof Costaet al.[CSF98]. On the otherhand,the problemof inverse
emittancein the presencef participatingmediahasonly beensuper cially touched. More
researclanddevelopments needed.

2.5 Inverse re ectometr y problems (IRP)

Inversere ectometry problemsarethosewhere in equation2.2 is unknovn, and
andpartof areknown (Figure2.3). Thus,we mustsolwe for informationabout . The
methodsstudiedin this sectioncanbeclassi ed accordingo theillumination approactused.
As above, this canbe eitherlocal-basedgeneralglobalillumination or radiosity-basedsee
Table2.3.

Generalformulations. Thesemethodgry to nd re ectancepropertiesvithoutrelying
onary particularillumination algorithm.

Radiosity-basedformulations. As statedin section2.4.1,herethe generalproblemis
reducedo aradiositysettingby makingthe following approximatiorto Equation2.1:
apurely diffuseBRDF for the surfaces(patches)thatis constantall over eachone. In
this case Equation2.1is reducedo theform:

where isthe -th patchradiosity its emittance, itsre ectivity (diffuseBRDF)
and s the form factorfrom element to element . If we know  and for
every surface,andwith form factors  known if the geometryis known, nding the
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re ectanceds reducedo:

The mostcommonway of knowing  and is by usinganimageof eachsurface
takenby acameraandretrieving theinformationfrom there.But if we work withoutan
imagefor eachsurface,someheuristicsmustbe used. The mostcommonapproachs
to startfrom aninitial estimateof the averagere ectivity  andestimatingthe surface
re ectanceas

where is the averageintensityof the pixelsrecoveredfrom the cameraobsenation
and istheambientradiosityde ned as

wherethesumis performedoverthe pixelsof theimagewith intensities
Then, canbeestimatedrom thosevaluesby theinversionof theradiosityequations
above. Theproceduras iterateduntil somesatisfctorythresholds achieved.

Monte Carlo formulations. To the bestof our knowledge,thereis no researchusing
this kind of formulation,but we stronglybelieve thatthis is a feasibleandsensibleap-
proach: Simply re raysfrom the cameraor the surfaceswith known propertiesand
continueits path until hitting a surfacewith unknovn BRDFE Then, using the gath-
eredinformationwe could estimatethe re ectanceparameters.Also, a bidirectional
approachcould be used,given known lighting conditions. In ary case,it is clearthat
BRDF recovery is feasible,but certainlywill have to dealwith the inherentvariance
problemsMonte Carlo methodgresentwhich canonly getworsefor aninverseprob-
lem of thiskind.

Local lllumination formulations. Theseformulationsarebasedon the simpli cation
of Equation2.1to take into accountonly local illumination, andusingthe obsenation
of thislocalilluminationto obtainvaluesfor the (BRDF) coefcients.

RamamoorthandHanraharfRHO1b] have studiedthe inversere ectometryproblemun-
der a signalprocessingramenork andarrived at the conclusionthat BRDF recovery is fea-
sible (well-conditionedin the mathematicakense)when the known lighting containshigh
frequenciedik e directionalsourcesandis ill-conditionedfor softlighting.
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FIGURE 2.3 Diagram for inverse re ectometr y problems.

2.5.1 Gener al global illumination-based IRP

Paul Debevec,in [Deb98],introduceghe conceptof alight-basedmode| a representatioof
ascenghatconsistof radianceinformation,possiblywith speci c referenceo light leaving
thesurfacesput notnecessarilgontainingBRDFinformation.He presenteamethodthatuses
the measuredcenes radiancesandglobalillumination in orderto addnew objectsto light-
basednodelswith correctlighting. Thelight-basednodelis constructedrom anapproximate
geometrianodelof thesceneandby usingalight probeto measuré¢heincidentilluminationat
thelocationof the syntheticobjects.To do thathe dividesthe scenanto threemainregions:
the distantscene representedavith an environmentmap; the local (or near)scenewhich is
goingto photometricallyinteractwith the syntheticobjectsandwhosegeometrymustbe well
known; and syntheticobjects. To estimatethe local sceneBRDF, he assumes re ectance
model(e.g.diffuse,specular...) with approximatenitial values anditeratively computeghe
globalillumination solutionfor thelocal scenewith the currentparametersvith respecto the
obsened lighting con gurations. By comparingthe appearancef the renderedocal scene
to the actualappearancdje decideswhetherto continueiteratingwith adjustedparameters,
or not. In the caseof purely diffusere ectors, the next estimateof the re ectancesis the
ratio from theresultingradianceto the obsenedvalue. Any othercaseis left asfuture work,
manuallyestimatingthe speculaicoefcients for the non-difuseobjectsin histestscenes.

Boivin andGagalavicz developedBGO01] are ectancerecoveryalgorithmthatstartswith
a pure Lambertianmodeland successiely tries morecomplex BRDF modelsuntil a t be-
tweenthe original imageandits syntheticreproductions achiezed. For the simplermodels
(diffuse, perfectandalmost-perfecspecular) aniterative correctionis appliedbasedon the
objectimageto syntheticimageratio of the previous iteration, while in more sophisticated
modelsa Simplex methodis used. If the whole hierarchyof modelsfails to provide a good
t, themethodproceedso aplaintextureextraction,usingmethodgrom ary of theexamples
in section2.5.2. This methodhasthe clearadvantageover the previous oneof beingableto
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work with non-difuseBRDFswithout requiringa manualuserintervention.

2.5.2 Radiosity-based IRP

Computeraugmentedeality alsorequiresthe computationof re ectancesfrom images.All
researchworks have a preprocesstagewere the scenegeometryis approximatelyrecon-
structedwith photogrammetritechniquesThework from Fournieretal. [FGR93, assumes
re ectanceis constantaicrossachpatchandusesaheuristicmethodthatassignsachpatcha
re ectancethatis anaveragere ectivity multiplied by theratio betweertheelementadiosity
(computedasthe averageof all the visible pixelsit contains)andan averageradiosity Av-
eragevaluesarecomputeddirectly from the images weightingthe obtainedvalueswith the
respectre areasof the patches.In [DRB97], texturesof arbitraryresolutionare extractedby
de-warping (extractingthe texturesfrom the imagesby reversingthe perspectre-introduced
distortion) the original imageandbringing it backto the planeof the previously built poly-
gon. Unfortunately their methodsacri cesthe usageof dynamiccamerasandreal scenego
gainspeedandthe quality of the obtainedimagesis slightly de-gradatediueto the useof a
polygon-projectiormethodinsteadof ray tracing.

Yu etal. [YDMH99] have presentedan inverseradiosity methodto accountfor mutual
illumination in estimatingspatiallyvaryingdiffuseandpieceavise constanspeculaproperties
within aroomfrom a sparsesetof photographs.Their techniques basedon the usageof a
low-parametere ectancemodel(metalsandplasticstreateddifferently, seebelow), allowing
thediffusecomponento vary freely over surfaceswhile assumingion-diffusecharacteristics
remainconstantacrossparticularregions. As input the methodrecevesa geometricmodel
of the sceneand a setof calibrated,high dynamicrangephotographgdDM97] taken with
known directillumination. The algorithmproceedsy hierarchicallypartitioningthe scene
into a polygonalmeshand, by usingimage-basedenderingtechniquesit computesan esti-
mateof boththeradianceandirradianceof eachpatch. Usingthe known geometryandlight
sourcepositions,it computeghe estimateplacemenof the speculatighlightsfalling inside
the radianceimages,andrunsan iterative optimizationprocedureo recover the diffuseand
speculare ectanceparametersf eachregion. Theseresultsareusedto updatethe hierarchi-
cal system.Then,the estimation-updatprocedurdor the BRDF parameterss repeatedThe
iterationis performedseveraltimesto obtainthe nal solutionof the BRDFsfor all surfaces.
Two differentformulasareusedfor isotropicor anisotropicBRDFs(Ward's model),andit is
suggestethatmetalsbetreateddifferentlyfrom plastics:for plastics they considerthe spec-
ular coefcient constantandthe diffuse onevariable,while for metalsthey do the opposite.
The selectionbetweenboth modelswas performedthrougha simpletest: a metallic surface
hasits speculare ectancelargerthanthe estimatedliffusecomponent.

In [LFD 99| Loscosetal. adifferentapproacHor re ectancerecoveryis presentedaset
of imagesfrom a x ed viewpoint but with controlled,varying illumination (no shadavs) is
combinedwith con denceweightfactorsthatrepresenthevisibility with respecto thelight
sourcefor eachpixel in theimages.Theresultingtexturesarede-warpedasbefore.Later, this
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wasextended LDRO0O0] andanalgorithmfor interactve re-lightingwasintroduced pbasedn
apreprocessingtepthatreconstructgeometryandcreatesin-occludedlluminationtextures
(thustakinginto accountthe effect of shadaevs). Unfortunately only diffuse surfacescanbe
consideredThecreationof theseun-occludedextureshastwo steps: rstly they addthelight
thatwasblockedin ahierarchicafadiositysolution,andthenaheuristiccorrectionis applied.
Thiscorrectionis computedy nding anappropriatain-occludedeferencgatchwhichwill
give anindicationof the desiredcolor, and computinga modulationfactor consistingof the
ratio of form-factorsof eachpatchto the light source.In [LDOO] this methodwasimproved
by addinga low-costphotometriccalibrationmethodwhichimprovesthere ectanceestimate
of real scenes. This was achieved by adaptinga high-dynamicrangeimage creationto a
low-costcameraandaniterative approacho correctre ectanceestimationusinga radiosity
algorithmfor indirectlight calculation.Unlike previouswork, it allows for a restrictedsetof
BRDFs(purely diffuse)to berecovered,but workswith the simplestcaptureprocesssinceit
doesnt needusercontrolledspeci c lighting. Mostimportant thislastpieceof researclioes
not attemptto performare ectanceestimationsinceit usesa simpletexture modulationfor
display Also, whencomparedwith the work by Yu etal. [YDMH99], we seethatthe last
oneis far from interactve, duebasicallyto the generalityof the algorithmusedfor the light
propagatior(despitethefactthattheir methodis speci cally tailoredto the radiositysetting),
but hasthe advantageof handlingary viewpointin theenvironment.

2.5.3 Local illumination-based IRP

Although a BRDF is a function where is a point on a surfaceand and
the outgoingandincomingdirections for classi cationpurposest is corvenientto subdvide
the differentmethodsthat attemptto recover — astexture-basedangularbasedandgeneral
BRDF-based.Texture-basedrethosethatonly considerspatialvariationsin ~ disregarding
angulavariationsandassuming constanangulatbehaior, generallypurelyLambertian In-
stead AngularbasednethodsconsidetheBRDF asafunctionof and only, disregarding
spatialvariations.

Texture-based BRDFRecovery

In 1991, Ikeuchiand Sato[IS91], usingoneintensityandonerangemap (z-buffer), andas-
sumingconstanimaterialregionsover anobject,wereableto obtainestimate®f diffuseand
speculamparameterdor a speci cally tailored versionof the Torrance-Sparme BRDF (by
meansof aniterative least-squaresting algorithm). Later, Kay andCaelli [KC94] extended
this approachwithout requiring BRDF to be constaniver objectregions, estimatingthe pa-
rametersateachpointontheobject. They applieda photometricstereanethodto arangemap
andanumberof intensitymaps,andinvertedtheillumination modelat eachpoint on the ob-
ject. (For non-highlightedegions,they usedalinearleast-squaresiethodwhile for highlight
regionsa nonlinearseparabléeast-squaresethodwith regularizationwasused.)They were
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ableto recoverhighly texturedsurfacesby usingenoughntensitymapsto recover diffuseand
speculamparametersit eachpoint. If enoughintensitymapswerenot available,they shaved
how to recoverthe BRDF whenthe speculacomponents assumedo vary smoothlyoverthe
material.

Poulin et al. [POF98]describean interactve systemto reconstruct3D geometryand
extract texturesfrom a set of photographs. The authorsdescribea three step process: A
least-squaregroblemis rst solvedfor thecamergparametersandthenfor the 3D geometry
Oncea satisfying3D modelis recovered,its color texturesare extractedby samplingthe re-
projectedtexelsin the correspondingmages.All thetexturesassociateavith a polygonare
tted to eachother andthe correspondingolorsarecombinedaccordingto a setof custom
criteriain orderto form a uniquetexture. For eachtexel, the sizein pixelsof its projectionin
theimagess usedasanindicationof the quality of the extractedcolor.

Ofek etal. [OSRNV97] presenta methodwhich dealswith the problemof recoreringand
blendingtexturesfrom differentimagesbut alsodiscussethe problemof remaoving highlights
andre ections. Multi-resolutiontexturesare storedin a quad-treedatastructure,which is

lled by a recursve level-of-detail projectionalgorithm of the imageto the texture space,
followedby a push-pullprocedurdo propagatenformationall alongthetree. Thealgorithm
thuscalculatesanapproximatiorof the view-independentolor for eachtexel, andcalculates
the averageof the projectedtexture areafor every texture pixel that is nearthe mentioned
estimation. The main advantageof this algorithmis its ability to accountfor the different

samplingratesthat result from differentviews of the surface. Unfortunately they do not

attemptto modelthesurfacere ectance but usetexturemapsto recordthediffusecomponent
of theradiancee ectedunderthelighting conditionsatthetime the photographsveretaken.

Danaetal. [DVGNK99] appliedre ectometrytechniqueso thedomainof texturedobjects
by usinga spectrophotometéo carefullymeasurespectraBRDFswithout separatingliffuse
or specularomponentsOf course this becomesmpracticalfor complex BRDFsdueto the
high storagecosts,andrequiresthelighting to betotally known for theimages.

Lenschetal. [LKG 01] presentedanimage-basedneasuringmnethodthat robustly de-
tectsthe different materialsof objects,organizesthemin clustersof similar materialsand
ts anaverageBRDF to eachof them (Levenbeg-Marquardtmethodinitialized by an aver-
ageBRDF). Althoughtheir methodis BRDF-independenthey useda Lafortune[LFTG97]
model astarget BRDF. In orderto modellocal changesthey projectedthe measurediata
for eachsurfacepoint into a basisformed by the recoreredBRDFs, leadingto a spatially
varyingrepresentationTo do this they introducedhe conceptof alumitexel, a datastructure
that storesall geometricand photometricinformationfor a surfacepoint. The generalidea
behindthe BRDF classi cationalgorithmis to startwith a clustercontainingall the samples
andrecursvely subdvide it, classifyingthe lumitexelsaccordingto the errorthey have with
respectto eachclustercomputedBRDFE This methodhasthe advantageof not requiringa
speci ¢ BRDF or ahomogeneoumaterial,asmostof the previously mentionedapproaches,
but requiresfull knowledgeof the objectgeometrylights andcamera.
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Angular -based BRDFRecovery

PoulinandForunier[Pou93,PF95]dealwith the problemof determiningthe characteristics
of surfacematerials(someparameter®f their BRDF) by usinga painting paradigmwhere
the usersimply paintscolor pointson a surface. The systemattemptso nd the bestvalues
for the surfacecharacteristicsuchthatthe pointswill retaintheir assignedolorin the nal
rendering.Dependingonthe numberof constraintgcolor points)givenby theuser the prob-
lem caneitherbe a non-linearconstraineaptimizationone (whentherearelesscolor points
thanvariablesto nd out) or a weightedleast-squaredting problemwith penaltyfunctions
to constrainthe valuesof surfaceparametergotherwise).For the former, eachcolor pointis
consideredsavolumein the3D-colorspaceof acceptableolors,introducingtwo inequality
constraintsn eachdirection(andno valuecanbe negative). For the non-linear least-squares
tting problem,the authorsusepenaltyfunctionsto introducethe constraints Also, the sys-
temis modi ed to assigndifferentweightsdependingn thelocationof the color points,e.g.
atthedarksideof anobjecttheambienttermdominates.

Anotherinversere ectometryproblemposedoy MarschnefMar98 MWL 99| wascalled
image-basedBRDF measuementwhich presentsa systenmthatmeasurese ectancequickly
without specialequipment.The methodworks by taking a seriesof photograph®f a curved
object,eachimagecapturinglight re ected by differently orientedpartsof the surface. The
photographsreanalyzedo determinethe BRDF by usinga curvedtestsamplewith known
shapeanimagingdetectorandautomateghotogrammetryo measurghe camergposition,
light sourcelocationand sampleplacement. At rst, the geometriccalibration stageuses
machine-readablamgetswith embeddeddenti cation codesplacednearthe sampleto allow
photogrammetritechniquegMar98] to be ableto locatethosesamplesTheinformationde-
rivedin this stagds thepositionof thelight sourcethecamerdocationfor eachmeasurement
andthelocationof thesample.Thenext step,radiometriccalibration, obtainstherelationship
betweerntheradiancee ectedto the cameraandtheirradiancedueto the source.An impor-
tantassumptiordonein thosemeasurements the approximationof the sourceasa single
point, which is correctwhenthe sourceis small comparedo the distanceto the sample.To
getthe absolutemagnitudeof the BRDF correctly they measuredhe intensity of the light
sourcerelative to thecamerasensitvity by photographing diffusewhite referencesamplen
aknown position. Thelaststep,dataprocessingis performedoy thede-rendeer, whichuses
standardenderingtechniquegMWL 99]to nd theintersectiorpoint of eachpixel's view-
ing ray with the samplesurfaceandto computethe radiancefrom the source.To obtainthe
desiredBRDF value,the de-renderedividesthe pixel's measuredadianceby theirradiance.
Thede-renderes outputis alist of BRDF samplesgachincludingtheincidentdirection,the
exitantdirectionandthe valuefor thatcon guration.

Debevecetal. [DHT 00] recorereda two-parameteBRDF modelfor the humanskin
with color spaceanalysisechniguegrom a setof photographsvith varyingillumination. To
do that, they assumedhat the specularcomponeniwvasthe samecolor asthe incidentlight,
while the diffuseonewasobtainedin a two-stepmanner: rst, by tting aLambertianlobe
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to obtainthe surfacenormal,andthen nding the parametersn their modelby tting them
to the obsered chromaticitiesin the original un-separatede ectancefunction. Previously,

Satoetal. [SWI97] hadpresented similar algorithmto retrieve the shapeandthe BRDF of

cornvex objectsby usingaturntableanda single point source. The main differencebetween
thesealgorithmsfor BRDF recovery is that,in the secondstepin Satoet al., the diffuselobe
is tted to the diffusetermin a modi ed Torrance-Sparse model. Their methodrequired
120 colorimagesand12 rangemapsto computethe BRDF parametersThis work is an ex-

tensionof a method[S196] thatrecovereda simpli ed Torrance-Sparm re ection modelfor

anisolatedobjectfrom a sequencef rangeimagesandareconstructe@D model,constrain-
ing the cameraparametersnd light sourceposition. (They usedthe Levenbeg-Marquardt
numericalminimizationmethod.) This way, they wereableto separatehe diffuseandspec-
ular componentsandrecover the uniform re ectanceof the surface. Unlike Marschneret al.

[Mar98, MWL 99|, Satoet al. sacri ced the generalityof measuringa full BRDF at each
surfacepoint andinsteaduseda single-formulamodelof specularanddiffusere ectanceto

extrapolatethe appearancat novel viewpoints.

Gener al BRDFReco very

Yu andMalik [YM98] presentecnapproacho producephoto-realisticomputerenderings
of realoutdoorarchitecturacenegbuilding facadesyindernovel lighting conditions.Their
systemusesa small setof photographssinput, alongwith a geometricmodelof the scene
generatedvith photogrammetri¢echniques.The input photographsre taken with a hand-
held CCD cameraand corvertedinto radianceimages[DM97]. They de ned two pseudo-
BRDFs,onecorrespondingo the spectraldistribution of the sun(modeledasa parallellight
source)andonecorrespondingo theintegratedlight from sky (they t a sky modelto a set
of calibratedphotographsandthe ervironment(modeledthrougha low-resolutionSpherical
EnvironmentMap). The incidentradianceis obtainedfrom the sun, sky and environment,
while the outgoingdiffuse radianceis taken from the photographsn directionsaway from
specularre ection. Eachfaceof a building mustappearin at leasttwo photographspne
with directillumination from the sunandthe otherwithoutit. Eachpolygonin the original
geometricmodelis rst triangulatedanda densegrid is setup on eachtrianglein orderto
capturethe spatialvariationsin the pseudo-BRDFThe speculaidobesarerecoveredwith an
empiricalmodel [LFTG97]. The sky andervironmentaredividedinto small piecesandthe
vector ux is pluggedfrom eachpieceinto the speculamodel,thusresultingin aleast-square
minimizationproblem.The authorsassumehateachvisibility-blocking surfacein the model
hasthe samespeculatobe (exceptfor windows which areleft for furtherinvestigation).
Togethemwith there-lightingsystem{MG97] describedn section2.4,Marschners thesis
presentdwo inversere ectometry problemsthe rst onebeingPhotagyraphic Texture Mea-
suremen{Mar98]. Its purposds to construcia representationf the spatially-\aryingparam-
etersof the BRDF in equation2.2, basedn samplegprovided by a setof photograph®f the
object(eachwith known lighting andcamergposition). For thatreasona BRDF with asmall
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numberof parameterss chosen.In particular for mary of the examplesthey choosea pure
lambertianBRDFE The algorithm rst gathersall the obsenationsof radiancere ected from
a particularsurfacepoint by samplingall the userprovided photographsn which the surface
pointis visible andilluminated. Fromthesemeasurementgndusingthe known geometryof
thesurface theincidentandexitantdirectionsandthere ectancevaluearecomputedor each
obsenation. Thesesamplesareusedatthatpointto estimatgparametersf the BRDF model.
To obtainan estimateof the Lambertiancomponenbf surfacere ection, for example,it re-
guiresaleast-squaresting of thevalueswith weightsthatdependntheincidentandexitant
directions,i.e. valueswith view or illumination directionsnearthe surfacenormalaremore
reliablethansampleghatareneargrazing,andsampleghatincludesigni cant contribution
from speculare ection arelessreliablethanthosethatdonot. Thespeculapartof theBRDF
is handledby combiningmeasurementisom differentpoints, basedon the suppositionthat
someparameter®f the BRDF are spatially constantwhile othersmay vary. Samplepoints
arechosenrat the verticesof an optimizedtriangulationof the object's surface,performinga
linearinterpolationfor the pointsin between.
RamamoorthandHanrahaiRHO1b]estimatdow-parameteBRDFsusingathree-component

modelof there ectedlight eld: adiffusecomponentspecularitiegrom the slowly-varying
lighting and specularighlightsfrom the fast-\arying lighting componeniobtainedfrom a
SphericalHarmonicsdecomposition) It is shavn thattwo loops estimatethe parametersf
asimpli ed Torrance-Sparm BRDF: the outerone,througha simplex algorithmadjuststhe
non-linearparametersyhile the innerloop performsa linear optimizationof the diffuseand
speculamweightsof the formula. For spatiallyvarying BRDFs,a loop over the differentsur
facepointsis addedandthe mentionedalgorithmis repeatedor eachlocation. The main
differencewith previous work, andespeciallythe onesableto work with outdoorscenesis
thatit doesnotassume simpleparametrianodelfor skylight like Yu andMalik [YM98], nor
doesit requireshighly controlledlighting conditions(generallyby carefulactive positioning
of asinglesource)ike Marschneetal. [MG97]. Also, RamamoorthandHanraharwerethe
rst to solve the IRP for generalillumination (irradiance) without requiringsimple BRDFs
or low resolutiontextures,asin the previously mentionedvork.

2.5.4 Conclusions on IRP

The rst importantthing to noticeis that, to the bestof our knowledge,thereare no efforts
to solve theseproblemswith Monte Carlo-basednethodsalthoughthey couldbewell suited
for thiskind of problem.

In generalwe canmake afew obsenations:

In the cateyory of generalinversere ectometry problems,we can obsere that the
methodusedby Boivin andGagalavicz [BGO01] presentshe clearadvantageover other
image-basednethods(like Deberec et al. [Deb98], Yu etal. [YDMH99], Loscoset
al. [LFD 99], Fournieretal.[FGR93]andDrettakisetal. [DRB97]) in thatit usesthe
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areacoveredby the projectionof anobjectin therealimageor imagesto determindts

re ectance,andthusavoids producinglarge errorsfor small objects,sincethis method
usesa feedbackhroughthe comparisorbetweernreal andsyntheticimages(signi ca-

tively reducingbias). Also, it doesnot needa specularhighlight for eachsurfaceto

appeain atleastoneimage,asYu etal. [YDMH99] do. On the otherhand,obsenre
thatthemethodby Yu etal. [YDMH99] andthe oneby Boivin andGagalavicz [BG01]

work on full sceneswhile Deberec [Deb98] only estimatedmaterialpropertieson a
partof thescene.

With respectto radiosity-basedpproachesit is importantto note thatin [DRB97]

texturesof arbitraryresolutionareextracted,but unfortunatelytheir methodsacri ces
the usageof dynamiccamerasandreal scenedo gain speed,and the quality of the
obtainedimagesis slightly de-gradatediueto the useof a polygon-projectiormethod
insteadof ray tracing.

Unlike other previous researchlLoscoset al. [LFD 99] allow for a restrictedset of

BRDFs (purely diffuse)to be recovered, but work with the simplestcaptureprocess
sinceusercontrolledspeci ¢ lighting is not needed. Most important, this last work

doesnotattemptto performare ectanceestimationsinceit usesasimpletexturemod-

ulationfor display Also, in comparisonthework by Yu etal. [YDMH99] is far from

interactve, basicallybecaus@f the generalityof the algorithmusedfor thelight prop-

agation(RADIANCE) despitethe fact that the methodis speci cally tailoredto the

radiositysetting.However, it hasinsteadhe clearadvantageof handlingary viewpoint

in theenvironment.

In the Local-basedpproachesubsectionye obsenre thatthe methodby Poulinetal.
[POF9§ andthe oneby Poulin and Fournier[PF92 arethe only interactve methods
thatallow somesortof texturerecovery. Instead Ofek etal. [OSRN97] do not attempt
to do real-timeprocessingbut to computehigh quality multi-resolutiontexturesfrom
imagesequences.

The work by Danaet al. [DvGNK99] hasthe problemof becomingimpracticalfor
complex BRDFsdueto its high storagecosts,and requiresthe lighting to be totally
known for the images. On the other hand,the methodby Lenschet al. [LKG 01]
hasthe advantageof not requiringa particularBRDF or ahomogeneoumaterial,like
mostof the previously mentionedapproachedyut requiresfull knowledgeof the object
geometrylightsandcamera.

The main differencebetweenthe works by Debevecetal. [DHT 00] and Satoet al.
[SWI97] for BRDFrecoveryis that,in the secondstepin the Satoet al. [SWI97] work,
the diffuse partis tted to the diffusetermin a modi ed Torrance-Sparme model.
Unlike Marschneret al. [Mar98 [MWL 99], Satoet al. sacri ced the generalityof
measuringa full BRDF at eachsurfacepointanduseda modelof speculamanddiffuse
re ectanceto extrapolatethe appearancef novel viewpoints.
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Finally, the main advantageover previous methodsof the work by Ramamoorthand
HanraharfRHO1b] is thatit doesnot assumea simple parametricnodelfor skylight,
nor doesit requirehighly controlledlighting conditions.Also, RamamoorthandHan-
rahanwerethe rst to solve the IRP for generalillumination (irradiance) without re-
quiring simpleBRDFsor low resolutiontextures,asin the previously mentionedwvork.
Thus, we seethat they presenteda generalsolutionbasedon a corvolution principle
thatenablesareasonablyasymethodfor BRDF, textureand/orlighting recovery.

With respecto theinversere ectometryproblemswe seein Table2.3that[Deb9§ and
[BGO1] arepaperghatpresentnillumination-independerformulation,while therestof the
reviewed paperdn this sectionuseonly radiosityor the simpli ed local version.We alsosee
that[POF98] presentsa directapproachandtogetherwith [Mar98], [MWL 99, [FGR93,
[DRB97], [LFD 99], [OSRW97] and[DVGNK99] arethe purely direct approachesmong
thosesurweyed. On the otherhand,[YDMH99], [SI96] and[SWI97] usehybrid approaches,
usinga directmeasuremerfor oneof the BRDF componentggenerallythe diffusecompo-
nentof theBRDF) andresortingto anindirectapproactior theotherparameters theBRDF
used. This assumeshatthe BRDF is separablento differentparts. Of the reviewed papers
thatdealwith inverseemittanceor combinedproblems,only [MG97] [Mar98] and[KPC93]
presentview-dependengoals, especiallythe rst one becauset dealswith input given by
photographswhile the secondcanalsobe usedwith view-independengoals.

Also, we canmake somefurthercomparisons®n methodon differentsectionsy noticing
that:

We can seethat [Deb98] [BG01] [YDMH99] [FGR93 [DRB97] [BGO1] [LFD 99]
[LDOO] [LDROOQ] are papersthat usethe full globalillumination equationswhile the
restof thereviewed paperdn this sectionuseonly the simpli ed local versions.

We alsoseethat[POF98 DHT 00, SWI97] andthe works on ComputerAugmented
Reality presentan approachthat doesnot rely on any optimizationproceduretaking
themeasurementdirectly from theusersinput.

The samehappenswvith [Mar98, MWL 99], which take the informationdirectly from
the userprovided photographswithout needingan intermediateoptimizationprocess
to gettheresults.

Instead,[YDMH99] usesa hybrid approachmeasuringhe diffuse componenbf the
BRDF andresortingto anotherapproactor the otherparameters the BRDF used.

Oneof themostimportantthingsto noticeis thatmostof the papersarebasecn small-
parameteBRDFs,in generabf two maintypes:

— The scenecan be decomposedh regionswith arbitrary variation of the diffuse
re ectance(directionalre ectancepropertiesemainconstanbn eacharea).
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SeveralPoV | SinglePoV

Local [S19q], [1S91],
[SWI97], [PF9g,
[OSRW9I7], [Pou93],
[KC94], [Mar98],
[YMOg], [MWL 99],
[DVGNK99], | [POF94,
[DHT 00], [RHO1Db]
[LKG 01]

General [Deb98] [BGOY]

Radiosity | [YDMH99], [DRB97],
[LFD 99|, [FGR93
[LDROO]

TABLE 2.4 Inverse re ectometr y papers that use images from different Points of View (PoV) as input.

— The scenemust be decomposedn regions without spatial variation of the re-
ectance, but with the possibility of usinga BRDF function with higherdimen-

sionality (morecomplex glossibehaiour).

The papersthat solve this sort of problemsand useimagesas input can be further
classi ed [BGO1] accordingto whetherthey usedmultiple pointsof view or a single
point of view for theimagesin their computations.This classi cationcanbefoundin

Table2.4.

In generalwe seethatindirect methodsusesomesort of leastsquaredor the optimiza-
tion processwith theexceptionbeing[YDMH99] thatusesthe NelderMeadwith Simulated
Annealingfor this part. From the reviewed results,it seemghat the Levenbeg-Marquardt
numericalminimizationmethodis oneof the bestsuitedfor non-linearBRDF tting. Also,
letting analgorithmautomaticallychooseamongsereralpossibilitiesthe moresuitedmaterial
for are ector to getagivenillumination ata givenpositionin thescene.

Generaljllumination-independeninversere ectometryapproachewerealsobarelytouched,

bothin the single-imageandin the multiple-imagevariants.

2.6 Combined

problems (CILRP)

Combinedproblemsarethosewhere and

areunknown in equation2.2, but

inverse lighting and re ectometr vy

andpart

of areknown. The methodsstudiedin this sectionalsocanbe furtherclassi ed according
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to theillumination approachused:As in Sections2.4 and?2.5, this canbe eitherlocal-based,
generaplobalillumination, Monte Carlo-basedar radiosity-based.

General formulations. Thesemethodstry to nd re ectancepropertiesandlighting
conditionswithoutrelying onary particularilluminationalgorithm. Therearenoworks
usingthis sortof approachprobablydueto the high compleity of the optimizationof
both problemsatthe sametime.

Radiosity-basedformulations. Here the generalproblemis reducedto a radiosity
settingby makingthe sameapproximationgo Equation2.1 asthe onesdescribedn
Section2.4: a purely diffuse BRDF for the surfaces(patches)thatis constantall over
eachone.

Monte Carlo formulations. Onceagainandto the bestof our knowledge thereareno
worksusingthis kind of formulation,but the solutionwould beto simply re raysfrom
the cameraor the surfaceswith known propertiesand continueits path until hitting
a surfacewith unknovn BRDF or emittance,and using the gatherednformation to
estimatethe parametersAlso, a bidirectionalapproactcouldbethoughtof, too, where
raysare red asbeforeandfrom thelight sourceswith unknavn emittanceandusing
thegatherednformationto recoverthe missinginformation.In arny casejt is clearthat
simultaneousecovery of both BRDF andlighting conditionsis feasible,but certainly
theinherentvarianceproblemspresentedy the Monte Carlo methodswill have to be
dealtwith.

Local lllumination formulations. Thesdormulationsarebasednalocalillumination
formulationto obtainvaluesfor thelighting parameterandthe BRDF coefcients.

In thework by RamamoorthandHanrahafRHO1b], the combinedoroblemwasstudied:
Inverselighting andinversere ectometry problemin a signal processingramework, andit
was concludedthat, up to a global scale,the re ected light eld canbe separatednto the
lighting andthe BRDF, provided thatthe appropriatecoefcients of the re ected light eld,
in a SphericalHarmonicsrepresentationgdo not vanish. It is importantto notice that this
factorizationcanbedoneup to aglobalscalingfactor

2.6.1 Radiosity-based CILRP

JohnKawai, JamesPainter and Michael Cohen[KPC93] usethe radiosityto minimize the
global enegy of the scene,nsteadof the mean-squaredifferencebetweenthe desiredra-
diosity valuesandcurrentvaluesat the patchesasbefore. This globalenegy is givenby the
area-weightegumof the elementradiosities plus a userde ned weightedsum of Physical
TermsandHumanPerceptionBasedlerms ThePhysicalTermsinclude:

radiosities
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emissions
directionalityanddistribution of thelight sources
patchre ectances

while the HumanPerceptionBasedTermsarea quanti cation of the subjectve impressiorof

clearnesspleasantnessr privacy basedon the scenes brightness.Constraintsaareimposed
by the userto the objective function as explicit weightedpenaltyterms. The resultingun-
constrainegroblemis solvedby the Broyden-FletcheGoldfarb-ShanngBFGS)method.In

orderto speedup computationsa HierarchicalRadiosity(HR) solutionwasused[HSA91]

to computetheinitial baselinerenderingandthey reusethe computedinks to propagatehe
incrementusedby a nite differenceschemeo nd anapproximationto the derivativesof

the radiositieswith respectto the unknavns. This is possiblesincethesederivativesobey

the sameequationasthe ordinaryradiosityproblem.In the mentioneduserde ned weighted
sumof PhysicalTerms they wereableto includea variableelementre ectivity term (con-
stantover the patchsurface),thus allowing the combinedoptimizationof both emissvities
andre ectivities in the sameprocess.The partial derivative of the radiositieswith respecto

the re ectivities wascomputedby “shooting” the un-shotradiosity ~ dueto the changen

re ectivity,

2.6.2 Local illumination-based CILRP

Satoetal. [SSI994 usetheradiancenformationinsideshadavsto derivetheilluminationdis-
tribution of arealscenewhenthe BRDF is Lambertianyecoveringthe diffusecoefcient up
to ascalingfactor whichis obtainedrom thecamereacalibration(seeSection2.5). Thiswork
was later improved [SSI99b] by using a non-uniform,adaptve discretizationof the direc-
tions of illumination. Also, the needto know the re ectancepropertieof the shadedsurface
wasnot longerrequired,but the limitations of usingonly distantlighting, no intere ections,
uniform re ectanceandknown cameraand objectshaperemainunchanged.The algorithm
proceeddy two nestedoops, the outerone estimatingradiancevaluesof imaginarydirec-
tional light sourceqalinearizedsetof equation®f thein uencesof thelight sourcews. the
pixels of the shadav surface)andthe inneroneestimatingthe re ectanceparametersf the
surfacein shadevs (Powvell's methodon the RMS differenceof the actualpixel valueandthe
estimated|ocal-illuminationonly value).

RamamoorthandHanraharfRHO1b] presented remarkablenvork from the perspectie
of signalprocessingrequiringa single manuallyspeci ed directionalsourceto recover the
roughnessf thesurface.Absolutere ectancecannotefoundfrom thismethod soanad-hoc
relationshipbetweerthe diffuseandspeculaweightsis establishedThe algorithmconsists
of two nestedoops,the outerone beingan inverseBRDF-problem(seeabove, section2.5)
while theinneroneis anestimatiornof thelighting with known BRDF parametergseesection
2.4). Thiswork canbe considerednextensionof the previousone[SSI99l, sinceit doesnot
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requireshadaev informationand presentsmproved methodsfor estimatingthe illumination.
It alsoaddressea moregeneralketting,beingableto work with spatiallyvaryingmaterials.

2.6.3 Conclusions on CILRP

One of the mostimportantthingsto noticein this sectionis that thereare only a few ap-
proacheghatdealwith both problemsjllumination andBRDF recovery atthe sametime. In
particular Radiosity-basedolutionsonly includethework by JohnKawai, JamedPainterand
MichaelCohen[KPC93, but it is importantto noticethattheirwork presentsfairly ef cient
solutiongiventhediffuse-surdceandconstant-patch-radiosigpproximationsnvolved.

Ontheotherhand,localillumination-basedCILRP s includedin two works,with theone
by RamamoorthandHanraharfRHO1b] beingableto be consideredsan extensionof Sato
etal. [SSI99¢ SSI99b]becausét doesnot requirea classi cation of the sceneinto shadev
regionsandit worksin amoregeneraketting,andis evenableto dealwith spatiallyvarying
materials.

Finally, it is importantto notethatno GeneralCILRP andno Monte Carlo-baseCILRP
were presentedmostly becausef the inherenthigh compleity involved, of specialimpor-
tancein theformer However, we think thatMonte Carlo-basedolutionsarea sensiblevay of
trying to solve thesecombinedproblemsdespitethe high varianceinherentin theapplication
of thosemethoddo inverseproblems.

Combinedproblems,especiallythosewith non-localillumination models,remainvastly
untouchedbeyondtheinitial efforts analyzedn section2.6. This is especiallytrue for non-
lambertiarervironments sincethe seminalwork by Kawai, PainterandCohen[KPC93] cov-
erstheradiosityproblemin a quite satisactoryway. We canalsoseethatstudyingcombined
inversere ectometry andlighting problemsin the context of the full-radianceequationis a
very promisingandopenline of researchsincelocal illumination entailsa roughapproxima-
tion.

Finally, it only remaingo analyzefor eachsurweyedpaperthe mathematicahspect®f its
solutionmethod.Tables2.7 and2.8 explain, for inverseemittanceandre ectometryrespec-
tively, the constraintsmposedeitheron the solutionmethod(for optimizationapproachesyr
on the systemof equationdor directinversionbasedapproachesin the rst casetherestric-
tionsareincorporatednto the optimizationalgorithm,while in the secondhe constraintsare
usedin the systems building processgenerallyin a manualway. Thethird columnpresents
the startingpoint usedby the differentmethodswhen the usedtechniquerequiresit. The
fourth column presentitherthe objective function to optimizein the caseof optimization
approachesyr themethodusedto solve thedirectproblempresented.
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2.7 Inverse geometr y problems: Surface design (IGP)

The problemof inversesurfacedesignfrom light transportehaior speci cation,asfocused
in thisthesis canbestatedasfollows: givenalight source(bulb) with aknown light intensity
distribution, a surfaceshouldbe constructedn sucha way thata prescribedllumination in-
tensityis obtainedonaprescribedegionin spaceafterre ection/refractionatthesurface,see
Figure2.4. This prescribedlistribution canbegiveneitherasanearor afar eld distribution,
beingthe rst givenasdirectionalandspatialdistribution (althoughgenerallyis de ned only
asirradianceon a certainplane),andthe secondgivenonly in purely directionaldistribution
terms. This later casecan be thoughtas a limiting casewhenthe planeto be illuminated
moves‘in nitely” far awayfrom thesource In generalradianceistributionsarenotde ned
in the continuous but in somesetof directions(Far-Field) or pointsin space(NearField),
althoughlaterextendedo the continuumby interpolation.

Thereareworks foundin the literaturethat presentproblemsandresultsof importance,
having somary similaritiesthatcangenericallybe enclosedvithin the problemstudiedhere.
Amongthosewe nd worksonthemeasuremerdf thehumancorneawhich actsasare ec-
tor) andluminairedesign(streeiamps,carheadlightsetc). Also, it is importantto review the
works on inversedesignof refractors,wherethe surfaceto be found is refractive insteadof
re ective. For this case thedesignof progressie lensegepresenta very importantapplica-
tion.

2.7.1 Related problems

In this sectionwe will review the work doneon the family of problemsenclosedn the last
item of the previous section,whenelementsof the geometryare unknavn: inverse geome-
try problem. More preciselywe will dealwith the inversesurfacedesignproblem. Other
problemscloselyrelatedare:

The shapefromshadingproblem,althoughsimilar to the presentedherein nature has
thefundamentadlifferencethat,ateachsamplingpositionontheimage(attheobsener
location),we cansafelyassumehatonly a smallsubsebf pointson the surfaceproject
ontoit, andthusonly thata small subsebf the surfacedo any contrikutionto its value
(often, it is consideredhat only a single point does). Instead,in the problemtreated
here,thereis usuallya very importantin uence from all the pointson the surfaceand
the samplingpositions(both in the far- and near eld problems),giving us a strong
correlationbetweensurface control points and samplingpositions. A review of the
shapefromshadingproblemis beyondthe scopeof the presentvork, but theinterested
readelis referredto [HB89] or [SL97] for a descriptionof the eld.

Another eld closelyrelatedto the onereviewed hereis optical design which is the
procesof describingthe refractingor re ecting elementsn an optical systemso that
it meetsa setof performancespeci cations. Typically, the performancespeci cations
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concerntheimagingcharacteristicef thesystemsuchastheresolutionmagni cation,
numericalapertureand eld of view. Otherrequirementsnayincludetolerancessize,
weight, and cost. The resultof an optical designprojectis typically a prescription
or databasehat lists the materialsand shapeof the optical elementsrequired. This
is differentof the problemtreatedin here,asin optical designproblemsthe generic
shapeof the surfacesis, in general,known in adwance,andonly canbe modi ed by
globalparameteraslensthicknessor radii, but the notits shape For moreinformation
on the subject,pleaserefer to [KM0OO] [S0i02] [Sha97]and[Smi90]. To the bestof
our knowledge, most of the existing commercialsoftware belongto this eld, using
either the design-directsimulation-restarprinciple [Jen0] [Org02a], or basedon a
local optimization[Org02b] [Cor] [Eng], or a global optimizationapproachVas98]
[SO]. A comprehensk list of commerciakoftwarecanbefoundin [Opt].

Althoughthedesignof re ector antennass closelyrelatedto the problemtreatedhere,
mostof theworksin the eld have uniquefeatureghatmake quitedif cult to generalize
their resultsto incoherentradiationas producedby mostlight sourcesjike coherent
radiation,which implies to take into accountaspectssuchas phasecancellationand
otherinterferenceeffects[KilOO].

It is alsoimportantto notethedifferencebetweercomputation®f theshapeof asource
(seethe previous chapter),andthe problemof surfacedesign. The rearcomputeghe
shapeof a re ecting or transmittingsurfacefrom light transportbehaior, while the
formercomputeghe shapeof the emitting surfaceitself (the bulb).

2.7.2 Inverse surface design problems (ISDP)

Our interestis the constructiorof re ective/refractve surfaceshapegrom prescribedptical
propertiesof the luminariesand/orbulbs (far eld or near eld radiancedistributions)and
geometricalconstraintsseeFigure2.5. Froma mathematicapoint of view, the problemto
solve belonggo thecatayory of thenon-linearinverseproblems.In the caseof manufcturing
desigrnproblemsrestrictionsontheshapemposedy themanutcturingprocessieedshould
alsobetakeninto accountfresulting,in generaljn theadditionof constraintgo the problem.
The basicproblemis building a surfaceshapefrom the descriptionof the optical proper
ties of the emitting light bulb andthe desiredlight distribution the optical set(surfaceplus
bulb) mustprovide. A userprovidedtolerances alsogiven. Comparisorof outgoinglight
distributions (the ideal desiredone and the computedone) requiresto establisha distance
measurewhichin turnwill provide alogical targetfunctionfor any optimizationprocedure:
minimize the distancebetweerthe light distribution given by the currentcalculationsurface
(in general,are ective surface)andtheideal, userprovided desiredlight distribution. The
theoreticaformulationof this problemleadsto anon-lineampartialdifferentialequatiorof the
Monge-Ampérdype,asdescribedn theliterature[ WN75] [Wes83][EN91].
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FIGURE 2.4 Inverse surface design problem.

Reflector

FIGURE 2.5 An optical set for re ector design.

In general,we can say that all the works are basedon the samescheme which is il-
lustratedin Figure 2.6: Finding the minimum of the function thatdescribeghe errorin the
outgoinglight distribution for the optical setin the spaceof possiblesurfaceswith respecto
the prescribedusergivenlight distribution. As is known, optimizationproceduresequirean
iterative procedurehatrepeatedlyevaluateshe objective functionanddetermineghe mini-
mum from thosemeasurementdn our case the functionto be evaluatedalwaysconsistsof
two parts:thesimulationof thelight propagatiorirom thelight bulb to theregistrationarea(as
mentionedabove, far eld or near eld), and nally anevaluationof thedistancebetweerthe
calculatedoutgoinglight distribution andthe userprovided desireddistribution. The initial
surfacefor the optimizationmustbe,in generalmanuallyprovided.

In generalwe cansaythatthe works reviewed heresharethe sameelementsvhich may
be usedto build aninitial characterizatiofiSeeTable2.9). In particular the differentworks
studiedcanbecharacterizedccordingo thetreatmenthey giveto thelight transporfrom the
light bulb to the evaluationregion, the shapeaepresentatiochosenthe optimizationmethod,
the type of BRDF usedfor the surface,the representatiomf the light emitter the distance
measuraisedandthe natureof the problemfocusedfar eld vsnear eld problems)

The function mapping light from the bulb to the evaluation space,usually repre-
sentedby the light propagationalgorithm. Basically therol of this stepis to compute
thelight transportfrom thelight bulb, re ecting or refractingon the surface,andarriv-
ing to the nal, desiredregistrationregion. Althoughmostof the studiedalgorithmsuse
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FIGURE 2.6 Overall scheme of numerical inverse surface design methods.

FIGURE 2.7 The one-to-one assumption: The left re ector satis es the condition, since each ray that
arrives on the re ector bounces on a different primed direction, but the re ector on the right does not
since rays labeled A and B bounce in the samedirection (A' = B').

alocal illumination-basedschemg(light from the sourcebounces/refractsnceon the
surfaceand“goes” directly to the receving region), inter-re ections arean important
partof the simulationandshouldbe consideredIn generalwe canobsere thatthere
arethreemainapproacheto this particularaspect:

— “One-to-oneincoming-to-outgoingays” local illumination: Thisis a severeap-
proximationthatassumeshereis a one-to-onegelationbetweenncidentraysand
outgoingrays: no two rayscanbe re ected in the sameoutgoingdirection (see
Figure2.7). Thisis anapproximatiomrmostlyusedfor analyticalworksasit greatly
simpli es thecalculationsneededor the corvergencedemonstrations.

— Local illumination: An illumination schemewhererays from the light bulb are
bouncednce,accordinglyto thesurfaceBRDF, towardsthe measuremenegion.
This implies that no inter-re ections arecomputed and,in generalvisibility is-
sues(generatedby the bulb andsupportingelementsor by there ector itself) are
disregarded.

— Global illumination: In this computationscheme,irradianceis followed as it
bouncesn its way out of the optical system. In generalthis requiresboth the
computatiorof multi-re ectionsaswell astakinginto accounthe visibility prob-
lem, asrays might be blocked by the surfaceitself, the bulb and/orsupporting
elementsNow, dependingnthesurfaceBRDF, mary optionscanbe considered,
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from radiositysolutionsto afull treatmenbf Equation2.1.

The shapede nition for the surface, and, if applicable, the restrictions imposed
on the spaceof possibleachievable shapes Differentarticlesusedifferentkinds of

modelsfor thesurfacerepresentatiomangingfrom simplegeometrigorimitives(for ex-

ample,piecesof quadric)or combinationf them,up to polygonal-basedr NURBS-

basedle nitions. Differentchoiceshave adirectimpacton the numberandtype of the

optimizabledegreesof freedom,aswell asmodifying to someextentthelight propaga-
tion algorithm.

The surface material used In mostreviewed works it is a perfectspecularBRDFE
Othermodelscould be used,but with a signi cative impacton accurag asthe BRDF
goesdiffuse. This clearlyin uencesthelight propagatiormethod.

Representationof the light emitter (bulb). Thelight emittercanberepresentedither
asa point sourceor asanemitting surface(closerto reality). Onthe otherhand,it can
be anisotropicsourcethatemitsequallyin every direction(in generala too simplistic
approximation)or anisotropic,which is the commonchoice. Onceagain,this mainly
affectsthelight propagatioralgorithmthroughthe system.

The de nition of the distancebetweenthe desired outgoing light distrib ution and
the correspondingonefor a givensurface Light distributionsareusuallyrepresented
in somesortof discretesetof directionsandpositions,soall worksusethe normto
de ne thedistanceébetweerradiancedistributions. SeeCW93] section10.1.4,General
Luminaries.An exampleof suchadistribution canbe foundin Figure2.9.

The optimization method used Hereis wherethe discussegapersdiffer the most,
asthe non-linearinverseproblemfacedcanbe solved by differentways: by a global
approaclor by startingthealgorithmscloseenougho thedesiredsolutionin away such
asa local optimizationalgorithmwould leadto the correctsolution. Otherapproaches
imposerestrictionson the achievableshapdn orderto guarantedocal cornvergence.

The problemfacedcanbein its Far-Field or Near-Field form, although someworks
dealwith both kind of approaches As mentionedabove, this affectstheway thelight
propagatioris evaluatedand, of course the error measurdeingused. Although most
of thepaperdoundin theliteraturemake a cleardistinctionbetweerbothproblemsthe
resultingalgorithms/methodsan,in general be easilyadaptedo solve ary oneof the
two types,thusblurring theimportanceof the distinctionfrom a practicalpoint of view
(SeeTables2.11and2.13).

In generalwhendealingwith the Far-Field problem,it is a very commonchoicethe
usageof a sphericalcoordinatessystemas a discreterepresentatiorfior the outgoing
radiancedistributions, like the well known system[CM97, that representsa
standardn thelighting engineeringndustry(seeFigure2.8).
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FIGURE 2.8 The coordinate system.

FIGURE 2.9 An example of a real outgoing radiance distribution used in industry.

Here,we will build our classi cationaroundthreemain aspectamongthosementioned
above: theanalyticalvs. numericahatureof thepapersthelight propagatinglgorithm/method
usedto computethe outgoingradiancedistributionsandthe shapede nition usedfor the dif-
ferentcomputations.

2.7.3 Analytical methods for inverse surface design (AISDP)

This sectiondealswith thetheoreticalanalysisworks doneon the problemof inversesurface
design. Basically they formulatethe problemin precisemathematidermswith the useof
differentialgeometry althoughaddingimportantconstraintson the formulationin orderto
make the problemtheoreticallytractable.For example,all of thereviewedworksassumehat
thesurfaceis perfectlyspecularandmary assumehatthereis a one-to-oneelationbetween
incidentraysandoutgoingdirections asmentionedabore.

Below, we presenthe classi cation of theoreticalpapersaccordingto the type of treat-
mentgivento thelight propagatiorstep,thatis if they usea 1-to-1 correspondencketween
incoming and outgoingrays or a local illumination approachys. the type of surfacethey
considerin theirapproachesA summarycanbefoundin Table2.10.

On the otherhand,it is alsopossibleto presentan alternatve sub-classi cationof those
workswith respecto afar eld treatmentws. anear eld approachasshovnin Table2.11,a
distinctionoftenmadeby the authorsof thereviewedworks.
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Theoretical Nummerical
Locallllum | [WN75] [Wes83 | [CKO99
[BW78] [Olig9] | [KOO03J [EN91]
[Wan9g [Oli02] | [Neu94 [Neu97
[KO97 [KOVT9g | [KO9Y [EN91]
[OIi03] [KN96] [Neu97
[HBKM954]
[Hal9g]
[HBKM95b]
[HBKM96]
[Hal96] [LSS98]
Globallllum [DCC9%94
[DCCO]
[DCC994
[PPVO04]

TABLE 2.9 Initial classi cation of the studied papers for inverse geometry.

Rotational Non-

Symm rotational
Approx Symm
Approx

1-1in-to- | [WN75]
outrays | [Wes83

Local [BWT8] [Wan9q

illumina- | [OIi89] [KO97]

tion [KOVT9g
[Oli02]
[Oli03]

TABLE 2.10 Sub-classi cation of analytical papers on inverse surface design.

“One-to-one incoming-to-outgoing rays” local illumination AISDP

In this sectionwe will review the contritutionsthattreatthe 1-to-1 approximationfor local
illumination asdescribedabove, in Section2.3. This meanghat no two outgoingrayshave
thesameorientationa constrainusuallyreferredasthe“one-to-onecorrespondendeetween
incomingandoutgoingrays” approximation(SeeFigure 2.7). To our understandingthis is
toorestrictvein practice.ln generalthosepapersarebasedntherequirementf arotational
symmetricapproximatiorfor the studiedsurfaces thusgreatlyreducingthe spaceof studied
surfaces.

Oneof the rst paperghatdealtwith this problemin its Far-Field approachs by Wescott
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Near eld Far eld
1-1in-to- [WN75]
out Local [Wes83
lllumina-
tion
Local [BW78] [Wan9q
lllumina- | [Oli89]
tion [KO97]

[KOVT98]

[Oli02]

[Oli03]

TABLE 2.11 Alternative classi cation of analytical papers on inverse surface design.

etal. [WN75]. The authorspresentedan analyticalformulation of the problemunderthe
assumptionshatthe re ector surfaceis perfectly specularandrotationally symmetric. The
authorsstudiedthe solutionsfor the caseof elds with even azimuthalsymmetryby using
a sphericalcoordinaterepresentatiorfior them, and they also gave proof of existenceand
uniqueness.

Numericalsolutionsfor theserotationallysymmetric-restrictedurfaceswverealsostudied
by WescotfWes83].Bothworks,[WN75] and[Wes83],arefocusedon thedesignof re ector
antenna# the particularcasewhereuncoherenlight is re ected.

Local illumination AISDP

The papergeviewed heretreatthe local illumination problemwhereraysare red from the
source pouncednceonthesurfaceandreachtheir destinatiorwithoutary visibility or inter-
re ection calculations Also, all of themusea perfectspeculasurfacefor theircomputations.

RotationalSymmetriSurfaceAs mentionedabove, mary worksimposetherestriction
thatthe surfacesusedmustberotationallysymmetric thusreducingdemonstration$o
asimpler2D problem.

In [BW78], Brickell etal. studythe problemfor the NearField distribution. In this
casethe distribution wasconsideredn a at object,arriving to a differentialequation
in complex form of Monge-Ampérdype.

Oliker, in 1989[0li89] [OIi03], reformulatedthe sameproblemfor rotationally sym-
metric re ectors in simpler differential geometryterms and without resortingto the
usageof complex structures.This resultedin a more generalexpressionvalid for the
caseof curvedobjectsbeingilluminatedin a prescribedvay (NearField problem).He
alsoprovedthe existenceanduniquenessf therotationallysymmetricsolutionfor the
radially symmetriccase.
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Non Rotational SymmetricSurfacesAll the analyticalworks studiedhereare ableto
generalizehe sortof surfacesthey usefor their studiesto be non-rotationallysymmet-
ric, thusshaving animportantimprovementn the generalityof the solutionsfound.

Following almostthe sameassumptionasWescotfWN75] (i.e.: perfectspeculaisur

faces)Xu-JiaWang[Wan96] studiedthe existence uniquenessindsmoothnessf the
solutionfor the generalproblemin the Far-Field approximation.His presentatiorwas
basednadifferentialgeometryformulationof the problem whichresultedn aclearer
expressionto work with. The authoralso shaved that the regularity of the solutions
failsin eventhe simplestcases.

In [KO97], KochenginandOliker consideredhegenerabroblemwith NearField scat-
teringdatawithouta priori assumptionsegardingary rotationalsymmetry Thus,they
formulatedthe problemsn differentialgeometrytermsandestablishedhe existenceof
aweaksolution. Seealso[Oli02] and[Oli03].

In anotherwork, Kochengin,Oliker andvon Tempski[KOvT9§ studiedthe problem
of nding a corvex surfaceR which refractsa given anisotropicbundle of raysfrom

a sourcein away suchthatthe refractedraysareincidenton a speci ed setof points
in spaceand producetherea speci ed intensity distribution. The refractingsurface
was found by taking the boundaryof families of intersectinghyperboloids.eachone
characterizedby its polarradius. Thelight sourceis placedat the commonfocusof all

hyperboloidsijt is subdvided andraysarecountedif they arrive to an objective point
or direction[Koc].

2.7.4 Numer ical methods for inverse surface design (NISDP)

The works reviewed in this sectiondealwith numericalsolutionsof the proposedoroblem.
We cansub-classifythemaccordingto the treatmentto the light propagatiorproblemthey
make, shaving resultswith bothlocal-illuminationandglobal-illuminationalgorithms.Then,
wewill characterizéhembasednthetypeof representationhoserfor thesurface(Seetable
2.12).

An alternatve classi cationcanbefoundin Table2.13,accordingo thetype of problem
faced(Far-Field or Near eld) vs. thetype of light propagatiormethodused,a classi cation
oftenmadein theliterature.

Local illumination NISDP

As statedpreviously, the works presentedhn this sectionsharethe commonapproximatiorof
dealingwith a simpli ed form of local illumination light propagatioralgorithms,whereno
inter-re ections nor visibility issuesareconsideredThey canbefurtherclassi ed according
to the sortof representatioshoserfor the surface:the rst setusetheintersectiorof simple
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Local Illu- | Global lllu-
mination mination

Corvex [KO98]
Surface | [OIli03]
[CKO99]
[KOO03]
Splines | [EN91] [DCC99Db]
[KN96] [DCC99a]
[Neu9q [DCCO01]
[Neu91

[HBKM95a]
[Halog]

[HBKM95b]
[HBKMO96]
[LSS99

Polygonal [PPV04]
Surface

TABLE 2.12 Further classi cation of numerical papers on inverse surface design.

Near eld Far eld
Local [KO98] [CKO99]
lllumina- | [OIi03] [KO03]
tion [EN91] [EN91]
[KN96] [Neu9q
[Neu91 [Neu91
[HBKM953a]
[Halog]
[HBKM95b]
[HBKM96]
[LSS99
Global [DCC99Db] [PPVO04]
lllumina- | [DCC99a]
tion [DCCO01]

TABLE 2.13 Alternative classi cation of numerical papers on inverse surface design.

primitivesto de ne a corvex surface,while the secondonede nesthe surfacewith a spline-
basedepresentation.

Corvex Surfacedn general,we cansaythat this sectionincludesthe works wherea
convex surfaceresultingfrom theintersectiorof asetof primitivesis found. As we will
see,theseprimitivesusually are paraboloidsgllipsoidsor hyperboloidsdependingon
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FIGURE 2.10 Re ector construction as the boundary of the intersection of confocal ellipsoids [KO98].
Notice that the other foci of each ellipsoid lies on a point with prescribed intensity on the illuminated
object. Compare with Figure 2.11.

thetypeof problemfaced:re ectivefar eld ornear eld problemsprarefractveone.

In [KO98] Kochenginand Oliker continuedtheir previous theoreticalwork [KO97]
by presentinga numericalsolutionfor a discreteversionof the problembasedon the
demonstrations; [KO97]. By usingthe geometricopticspropertythatary ray starting
at one focal point of an ellipsoid arrives at the other after one bounce,they build a
re ector asthe corvex body formedby the boundaryof the intersectionof ellipsoids
sharingonefoci andwith its otherfoci on a point of the surfacewherea prescribed
intensityis speci ed(Figure2.10). Thelight sourcds placedatthecommorfocal point,
which resultsin alight propagatiorschemehat mapsfamiliesof raysthatimpingeon
anellipsoidalpieceontoagivendestinatiorfoci. Thereareasmary ellipsoidsaspoints
on the prescribedntensitydistribution. As eachellipsoid canbe describedy its polar
radius thealgorithmpresentsniterative schemehatminimizesthedifferencebetween
light arriving at eachellipsoid foci andthe light prescribedhere. At eachiterationa
new re ector is built from the previous oneuntil thereis no changefrom onere ector
to the next one. Eachre ector is built by decreasingeachpolar radiusin turn from
its previous valueuntil the light differencefor that prescribedpointis below a certain
threshold If apolarradiusalreadysatis esthatcondition,theold valueis usedinstead.
Theauthorsshaow thatthe algorithmpresentstime complexity of , With
the numberof pointswith prescribedllumination on the target object,and,of course,
the numberof ellipsoidsto work with. A detailedstudyof the mathematicaproperties
of suchresultingsurfacecanbe foundin [OI1i02], [Oli03].

For the discreteFar-Field problem, Caffarelli et al. [CKO99] presenta very similar
approachto the one presentecby Kochenginand Oliker [KO9§ for the NearField
problem,but this time basedon the usageof paraboloid4Oli02] [Oli03]. They exploit
the optical propertyfor perfectparaboloidake ectorsthatthe light which startsat the
focal point leavesthe re ector in a direction parallelto its axis. So, by having one
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FIGURE 2.11 Re ector construction as the boundary of the intersection of confocal paraboloids
[CKO99]. Natice that the axis of each paraboloid lies on a direction with prescribed intensity on the
Far-Field region. compare with Figure 2.10.

paraboloidfor eachprescribedlirectionin thefar eld region, they canbuild the nal
re ector asthe boundarysurfaceof theintersectiorof all confocalparaboloidgFigure
2.11).Asin [KO98, thelight sources placedatthefocal point,thusmappingfamilies
of light raysthatarrive to a paraboloidakegion onto a givendirectionin the far eld
distribution. The algorithmis the sameas describedor that paper but switching at
theendto a nal Newton-typemethodfor fastercornvemgence. Sincethe paperdeals
with the Far-Field problem,the global size of the re ector is unimportant,soit x es
the focal radiusof one paraboloidandoptimizethe remainingones.The authorsshow
thatthe algorithmcorvergesandit doesso at leastlinearly and,with a properstarting
point,the Newton stepgivessupetlinearbehaior. Neverthelessthe sameauthordater
[KOO03 showed that their algorithm presentghree disadwantageswith respectto its
convergence: The last iterationsshav a signi cative decreasen its corvergence the
convergencebecomesvorseasthe numberof paraboloidsancreasesandthe error for
the paraboloidwith x edfocal radiusis muchbiggerthanthe errorfor the remaining
directions.

In [KO0J the abore mentioned‘brute force” method[CKO99] is comparedwith the

NelderMeadsimplex method[PTVF92. The maindisadwantageof the NelderMead

algorithmis thatit doesnot guaranteeonvergenceto a solution, but its corvergence
dependson how “nicely” the initial re ector is built. They concludethat usingtheir

original algorithmto nd a rst approximationwith only oneiteration)andthenusing

it asinputto theNelderMeadmethodreducesll theconvergenceshortcoming®f the

formermethod providing fasterandbetterconvergencebehaior. Speciallyremarkable
is thefactthatthe errordistribution is now muchmoreuniform thanin [KO9§.
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Surfacesde ned as splinesDe ning surfacesas splinesprovides several advantages,
like a goodtradeof betweerglobal controlandgood e xibility in therangeof achies-
ableshapesbut, of course shavs somedravbacksif the designeis interestedn non-
smoothsurfacesaspoints/linesof  continuity arehardto generaten anautomated
way.

In [EN91]], Engl andNeubauerfaceboth sort of problems(Far-Field and NearField)

without the needto mapareason there ector to pointson thenear eld plane,asthe
previous article did, althoughthey alsouseperfectre ectors without arny visibility or

interre ection computations.They alsoassumedhatthe startingre ector would sat-
isfy the constraintthat no points/directionsn the targetregion would be metby more
thanonelight ray, a conditionthatwasvery dif cult to satisfyfor arealindustryprob-
lem. In this context andfor the NearField case,they derive the associatedvionge-
Ampéreequation. The paperreportsa rst unsuccessfuhumericalattemptby using
Newton's methodwith line searchfor the nonlinearpartial differentialequationwhich

leadsto a sequencef linear elliptic boundaryvalue problems.Unfortunately this ap-
proachdoesnot work well becauseassoonasthe nonlinearproblemis unsohablein

the nite elementspaceused,Newton's methodbecomesiseless.Thus,they resortto

an optimizationapproach:they representhe re ector ascubictensorproductsplines
with givenboundarycurve, which is appropriatdor the manugcturingprocesgcom-
parethis with the ellipsoid-basedepresentatioim [KO98]). They performeda conju-
gategradientminimization(Powvell'smethod)of the  -errorin thenonlinearequation,
taking constraintsnto account.Sideconditionsincludethatthe boundaryof there ec-

tor canbe x edor variablewithin prescribedoounds,box constraintson the B-spline
coefcients wereimposedand a non-unattainablg@oints condition on the re ector is

imposed.Finally, the problemof nding aninitial re ector to starttheir algorithmwas
left to furtherresearchsinceit is very dif cult to nd agoodstartingre ector.

Later, NeubauepresentedNeu94 [Neu97]a solutionfor the Far-Field problemwith-
out the assumptiorthat paralleloutgoingrayswill not occurfor the startingre ector.
Again, a bicubic B-splinerepresentatioris usedandthe spline coefcients are deter
minedto be the bestin the leastsquaressense. The sphereof outgoingdirectionsis
divided into 3200 sub-domainsandthe solutionis formulatedasthe minimization of
the MS error betweenthe obtainedirradianceson the Far-Field sphereandthe user
prescribedrradiancesThelight propagatiorstepis computedoy Gaussiarguadrature
basedon nodesin there ector parameterizatiomlomain. For eachnodethein-
comingandoutgoingdirectionsare computed andevery outgoingray is assignedhe
correspondingaluedivided by 16. Sincethe distribution of light is requiredto be dif-
ferentiable(to be ableto analyticallycomputethe derivatives),eachoutgoingray has
its enegy “distributed” on the next four neighboringsubdomians Weightsareadded
to theleastsquaregormulationto in uence accuray in differentsubrgions. Theside
conditionsusedarethatthe boundarycurve of there ector caneitherbe x edor free,
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box constraintontheB-splinecoefcients andtheinnerproductbetweertheincoming
ray directionandthe surfacenormalis not allowedto changesignon thewholere ec-

tor surface. The minimizationis solved iteratively by a projectedconjugategradient
methoddueto Pawell, the line searchperformedvia quadraticinterpolation. Stability
questionsarebrie y commentedAs anexample,are ector generatinguniform distri-

butionon anin nitely distantplaneis usedwith 169splinecoefcients (507 variables)
andthedeviationfrom thedesiredight distributionis reducedy afactorof 3 (take into

accounthatthis problemhasmary local minima).

In [KN96] [Neu97]the NearField problemis faced,presentinga similar derivation of
theintegro-differentialequationasthe previouswork [EN91]. Again, asin their earlier
work[Neu94 for the Far-Field problem,a bicubic B-spline representatiois usedfor
the re ector surface,andthe light propagatiorstepis computedby tracingraysfrom
the sourceto verticeson the surface,which whereobtainedfrom a regular grid in the
spline parametricspace. To achieve differentiability of the algorithmwith respectto
the splinecoefcients, thelight valuesaredistributedonto the neighboringsubrejions
de ned on the NearField objectin a differentiableway. The minimizationprocedure
seekdo optimizeaweightedeastsquare®rrorwith anextraaddedermthataccounts
for thelight falling outsidethe NearField region. The optimizationalgorithmchosen
is thesameasin [Neu94.

In [HBKM95a] [Hal96] Halsteadpresents differentproblem: Thereconstructiorof a
three-dimensionaurfacemodelfrom animageof this surfaceilluminatedwith astruc-
turedpatternof light. Thesurfaceis ideally specularTheauthorsapplytheiralgorithm
to themeasurementsf the humancorneawhich aremadeby a device calleda videok-
eratograph (Figure 2.12a). The input to the algorithmis the setof featurepositions
(importantfeatureslocatedon the image plane) extractedfrom a single image (Fig-
ure 2.12b). Thesepositionsarein the coordinatesystemof theimageplane,andeach
featuremustalreadybelinkedto anidenti able featurein the sourcepattern.Thealgo-
rithmis expectedo outputthereconstructedornean theform of acontinuougunction
describingthe surfacersposition. For this functiona biquintic B-splineis used,andits
coefcients have to be found by the algorithm. The algorithmusesconstrainedpti-
mization(Levengeg-Marquardimethod)to solve the non-linearleastsquaregproblem
andtheobjectieis afunctionof thesurfacevariablesvhichmeasuretheerrorbetween
the surfaceandthe original cornea.lts formulationgreatlyaffectsthe ef ciency of the
solutionprocess.The authorsdiscoveredthat usingthe comparisorof the realimage
to the imagegeneratedsyntheticallyasthe error measures not a good option since
usefulerrorinformationis gainedonly aroundthe boundariesdetweenthe structured
regions.But, sinceeachfeatureis associateavith acorrespondingointor setof points
in the sourcepatternagooderrorde nition couldbethesquareof theshortestistance
betweerthe intersectiorpoint of aray from theimage(re ected at the corneasurface)
with the sourcepatternandthe setof correspondingourcepoints(Figure2.13),being
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FIGURE 2.12 a) Videokeratograph system and b) Captured image [HBKM96, Hal96]. Reprinted with
permission of Brian A. Barsky, UC Berkeley.

the objective functionthe sumof errorsover all imagefeatures.

Later, in [HBKM95b] [HBKM96] [Hal96], theerrorwascomputedlifferently: To eval-
uatethe errorof a singlefeaturethey traceagainaray from the feature(in therealim-
age)throughthe nodalpoint (the cameraactsaspinholecamera)o the surface. Then,
they computeat which point they would like the re ected ray to intersectthe source
pattern. Finally, they keepthe closestpoint in the setof correspondindgeatures,and
computehenormalthatwouldre ect theincomingrayto thedesiredsourcepoint. The
erroris measuredh termsof the differencebetweerthis normalandthecurrentsurface
normal. The sumof the errortermsover all featuresgivesthe objective function. This
lastde nition reducedhe errorevaluationcostfrom hoursto minutes. Eachtime the
variationof the meananglebetweenmormalschanges little in successie iterations,
the surfaceis re ned doublingthe numberof patchedo optimize. Note thatthe above
backward ray-tracingcomputationsare donewithout ary visibility or inter-re ection
computationsbut thoseextra evaluationsarenotneededlueto the particulargeometric
settingused. Thus,the main differencewith the previous mentionedapproacheselies
onthebackwardsraytracingalgorithmused mainlybecaus¢hegeometrimatureof the
statedoroblem.Otherdifferencereliesontheerrorde nition, basednafeature-match
differencemeasurement.

In [LSS9§, Loos, Slusallekand Seideldealwith a similar problem,the designof Pro-
gressve Lensedor defectsof thehumanvisualsystem(arefractionproblem).They use
theresultsof wavefronttracingfor re-focusinghe eye while renderingandto derive an
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Source pattern Simulated cornea

FIGURE 2.13 By using backward ray-tracing, in [HBKM96, Hal96] authors determine the error in
surface shape for a given image sample point. Reprinted with permission of Brian A. Barsky, UC
Berkeley.

accurateerror functionaldescribingthe desiredpropertiesand optical error acrosshe
lens. The algorithmperformsa minimizationof this error, yielding to an optimalfree-
form refractve lenssurface. The renderingalgorithm nds, at rst, the point on the
ervironmentthe eye shouldfocusby tracinga singleray from the centerof the pupil to
the centerof the pixel. Then,wavefronttracingis performedandthe accommodation
requiredto geta sharpimageis computed.Finally, distribution ray tracingis usedto
computethe nal pixel color. Theerrorfunctionalto describethe optimal progressie
lensis basednwavefronttracingandtheeffective astigmatismageneralizatiorof tra-
ditional errormeasuresisedin optics. Thelensis representednly asthefront surface,
with a x edtoroidalor sphericabacksurface.This backsurfaceis discretizedn about

samplepoints. The optimizationis performedoy a variantof thewell-known
Newton-iterationmethod,shaving that no morethantwo iterationswereneeded.The
main differencewith the otherworks reviewed in this sectionrelieson the new error
de nition, whichis anextremelyspeci c, optics-base@rrormeasure.

Global illumination NISDP

The papersstudiedin this sectionsharethe importantfeatureof facingthe surfacedesign
problemin the context of global illumination treatmentof light propagation. They canbe
classi ed accordingo therepresentatioshoserfor the surface:splinesor simplepolygons.

Surfacesde ned as splinesAs mentionedabove, splinesshov severalgoodcharacter
isticsfor global optimization,andthe works studiedin this sectionsharethe common
approachof simulatinggloballight propagationn atwo-dimensionasetting,thusonly
requiring2D splinesto representhe surfacesto optimize.

Doyle, CorcorarandConnellpresenfDCC99H [DCC994 [DCCO01]anevolutionstrat-
egy (avariationon GeneticAlgorithm) for 2D luminariesdesignwith point[DCC99h
andextended[DCC99aljght sourceslatercompletedvith a carefulanalysisontheob-
jective function[DCCO01] (calledMerit Functionin the papers)As such,they de neda
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threetermobjective function consistingof atermthatrepresentshe absoluteelement-
wise differencebetweenthe target and resultantdistributions on an objectve region,
anda termrepresenting penaltyfor the raysthatlie outsidethe desiredregion, plus
a third termthatrepresenta measureof the differencebetweenthe re ected andthe
desiredight power. The 2D surfacede nition is a cubic Béziercurve whosefour con-
trol pointsarethe genesof the chromosomesor the optimizationevolution algorithm.
Light propagationis performedby a recursve ray tracerwith the numberof bounces
usedas a stoppingcriterion (rays with more bouncesthan allowed are “lost”). Ex-
tendedight sourcesverede ned asasetof Lambertian-lile (cosinedistribution) point
sourcedocatedat regularintervals on the perimeterof anarbitrarily sizedcircle. Each
point sourcehasits main axis in the circle radial direction. In that case,a penaltyfor
thetotal light power re-interceptedy the extendedsourcewasaddedto the objectve
function. It is importantto noticethatthe maindifferencewith all the othermentioned
worksis theusageof bothaglobal 2D illumination algorithmanda globaloptimization
techniqudik e geneticprogrammingo nd the surface-de ningcoefcients.

Polygonal Surfacedn the work by Patow et al.[PPV04],the problemof the far eld
casetakinginto accountmultiple bouncef light insidea re ector with occlusionand
a genericBRDF was studied. They usea Monte-Carlobasedight propagatioralgo-
rithm thattracedraysfrom thelight source(punctualin their studies put the presented
algorithmeasilyaccommodateextendedight sourcesaswell) andfollows themuntil
they getout of the optical system.The optimizationalgorithmusedis a global “brute
force method”,that conductstestsof the performanceof eachmemberof a family of
polygonalre ectors obtainedby iteratvely combiningthe additionof anincrementto
eachone of the vertices. For this to be useful, the size of this generatedamily of
re ectors hasto be kept manageableObviously, the desiredaccurag given by these
incrementsaddedto the vertices(trying to ensurethat the family containsat leastone
re ector closeto thedesiredarget),andthesizeof suchfamily arecloselyrelated.The
verticesare sortedby the contribution they madeto the overall illumination error, and
moreeffort (i.e.: moresamples)s putin theverticeswith worsterror Theresultsshav
goodcorvergenceof thealgorithm,but thereportedimesareslow.

2.7.5 Conclusions on IGP

Herewe will summarizehe conclusionson of thesurwyedwork, to underlinecommonprob-
lems,characterizesolutionapproacheandgive openissues.

As seenjnversesurfacedesignpaperscanbe groupedn two sets:analyticalandnumer

ical works. In Table2.14 we seethatthe analyticalworks reviewed canin turn be grouped
in methodsthat dealwith the rotationally symmetricapproximation([WN75], [BW78] and
[OI1i89]) andthosethatdon't (Wan96],[KO97] and[KOvT98). The formerworks present
the equationformulation for the problemof re ector designin the rotationally symmetric
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simpli cation, andshow existenceand uniquenes®f the solution. The rearpresenta more
generakquationformulation,shaving existence uniguenesandsmoothnessf the solution.
In particulay [KO97] and[KOvT9g presenta constructve demonstrationn termsof weak
convergenceo thesolution. Anotherpossiblegroupingof the studiedworkscanbeaccording
to the type of assumptiorthey make, Far-Field or NearField, ascanbe oftenfoundin the
literature.

Paperson numericaimethodssummarizedn Table2.15,canbe characterizedby:

Shapele nition: [KO9§, [CKO99]and[K O03]usetheboundaryof theintersectiorof
a seriesof simpleprimitives(ellipsoidsor paraboloids}o de ne the surface. [EN91],
[Neu94 Neu97],[KN96, Neu97],[HBKM95a, Hal9§, [HBKM95b, HBKM96, Hal96]
and[LSS9§ usetensorproductof splines(bicubic or biquintic). A simple polygon-
basedshapede nition wasusedin [PPV04].

Light Propagation method We seethat almostall the reviewed paperswith the ex-
ceptionsof [HBKM95a, Hal96] and[HBKM95b, HBKM96, Hal9q, basicallyuselight
ray tracing[Arv86] to computethelight propagatiorat eachiterationof their optimiza-
tion method. The mentionedexceptionsusetraditionalray tracing [Whi80] basically
becausehey arecomputingthe shapeof humancorneaandworking with a corvex sur
faceshape,andall the re ected raysreachthe videoleratograph To the bestof our
knowledge,almostall workswhich studythefar- eld problemuseonly localillumina-
tion schemao solve thelight propagatiorstep,with the only exceptionbeing[PPV04].

Type of problemfaced It canbe eithera NearField formulation of the problemor a
Far-Field one. In the former, the desiredlight distribution is de ned on a registration
areawith distancexomparable¢o the onesinvolvedin theopticalset,while in thelater
it is de ned ataregionin nitely farawayfrom it.

— NearFielddistribution: [EN91]], [KO9§, [KN96], [Neu97],[HBKM95a], [Hal9og],
[HBKM95b], [HBKM96], [Hal96], [LSS98],[DCC99, [DCC994 and[DCCO1].

— Far-Fielddistribution:[EN91], [CKO99],[KO03, [Neu94],[Neu97]and[PPV04].

SurfacematerialassumptionsWe seethatalmostall the reviewed works only usethe
perfectspeculaBRDF;in addition[K09g, [CKO99] and[KO03 and[EN91] assume
thatthereare no two outgoingrayswith the sameorientation. This basicallyimplies
thatevery two differentpointsonthere ector surfacewill re ect light in two different
directions.The otherpaperssurweyeddo not usethis highly restrictve assumptionTo
thebestof ourknowledge theonly paperthatuseagenericBRDFis [PPV04],sampled
by aMonte Carloscheme.

Optimizationmethod [KO98, [CKO99] and[K O03] useandcomparetheir own cus-
tom method(named“Brute Force Method”) with traditional methodslike Newton or
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NelderMead. [EN91], [Neu94],[Neu97]and[KN96] [Neu97]usethe ProjectedCon-
jugate Gradientmethod;[HBKM95a], [Hal96] usethe Levengeg-Marquardtmethod
and[HBKM95b], [HBKM96], [Hal96] uselLeastSquaresasthe optimizationmethod
chosen.[LSS98]usesa modi ed Newton-iterationmethod. On the otherhand,Doyle
etal. [DCC99b][DCC999 [DCCO0] usea GeneticAlgorithm for the optimization,
and[PPV04 usesa customglobal“Brute Force” algorithm. To theauthorsknowledge,
the selectionof oneoptimizationmethodor otheris quite arbitrary andno methodhas
provento bethebestfor this sortof optimizationproblem.

We have alsothat almostall works usea local illumination approachwith the further
restrictionsof usingpurespecularsuriacesandthe highly restrictve conditionthatno inter-
re ections occut with the only exceptionin the works by Doyle et al.[DCC991 [DCC994
[DCCO01]], whichuseglobalilluminationwith a perfectspeculaBRDF modelwith athreshold
basedstoppingcriteria,and[PPV04, wherea moregenericglobalillumination algorithmis
used.

Inter-re ections The fact that almostin no article inter-re ections are computedis
speciallyimportantwhenthere ector is highly speculaandits surfaceconcae, asin

mostpapergeviewed, sincea very importantcontribution to the nal light distribution
maybeunderestimatedlhisis notapplicableto [HBKM95a] [Hal96] and[HBKM95b]

[HBKM96] [Hal96] dueto the corvexity of the surfaceusedto approximatdéhe human
corneaandto [LSS98]thatcomputedherefractive surfaceof alens.

BRDF: As mentionedmostof the commentedvorksdealonly with purespeculaisur

faces.Tounderstandvhathappensf otherBRDFsareusedwe canconsidethatEqua-
tion 2.1 canberegardedin a signalprocessingramevork [RHO1b] underthe restric-
tionsof nointer-re ections(asmostof thepapersassume)isotropicBRDFs,known ge-
ometry(besideshere ector) andcamergarametersThen,there ectedlight eld inte-

gralis regardedasthe cornvolution of two signals:thebidirectionalre ectancefunction

andtheincidentlighting;i.e. by Itering theilluminationusingtheBRDF Then,inverse
renderingcanbe simply viewed asa decowolution of thetwo signals.This framewvork

[RHO1b] let the authorsconcludethat BRDF recovery is well-conditioned(in a math-
ematicalsense)whenlighting containshigh frequenciege.g.:directionakourcesyand
is ill-conditionedfor soft lighting. Counterwise, inverselighting is well-conditioned
for BRDFswith high-frequeng componentgspeculampeaks)andill-conditioned for

diffuse surfaces. The sameanalysiscanbe carriedon for the inverseproblemof sur

facedesignJeadingto theconclusiorthatconvergenceof thealgorithmswyould become
worseasthe BRDF goesmorediffuse,beingthis oneof themainlimitationsfor solving

ageneric-BRDFproblem.ExperimentatesultsfPPV04]con rm this analysis.

Local vs. Global lllumination: Anotherfactorto take into accounts thatalmostnone
of thedifferentpaperdreatthefull globalillumination equationEquation2.2,limiting
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themselesto the usageof a simplerlocal-illumination versionbasedon a simpli -
cationof the equationbeingusedby consideringonly point light sourcesandwithout
consideringnter-re ections. As mostof thereviewedpaperomitthetreatmenof inter-
re ections, theresultingalgorithmsprovide solutionsnot readily applicablen real-life
situations.Multiple re ections would introducemorecompleity not only on the light
propagatiormethodevaluation(requiringmorecomputingtime to getaccurateesults),
but would alsoseverelyincreaseghe associatedariancefor non-speculasurfacesthus
lowering corvergence ascanbe seenin [PPV04. Otherstudiesthattake into account
globalillumination effectsarepresentedh [DCC99b][DCC994 [DCCO01], but, asthey
usea perfectspeculasurface,theresultsdo not shov ary seriousncreasen the asso-
ciatedvariance andthusnot affectingtheway their algorithmscorverges.

Visibility: It is alsoimportantto mentionthe treatmenbf the visibility in the different
approachegeviewed: whencomputingthe radiancewith the above equationsthe visi-
bility problemconsistof detectingf thereareany blockersbetweerthesourceandthe
surfacebeingilluminated,notaddingtheir contributionin thatcase.Thesames truefor
the pathsfrom thesurfaceto theeye or theregionwherethe nal radiancecomputations
areneeded.In generalthis would be solved by addingvisibility calculationsto most
approachessimply by not accountingfor occludedlight. This would affect the error
measureand steerthe optimization,addinga strongnon-linearitywhich would cause
seriouscorvergenceproblemsto local optimizationbasedalgorithms.In thosecasesa
stimulatedannealingapproach[PTVF92]), a geneticalgorithm ([DCC01 [DCC994
[DCC994) or even a brute force approachwould be neededPPV04. This canbe
noticedin the work by Doyle, Corcoranand Connell[DCC994, wherethe occlusion
introducedby the extendedight sourceis introduced. This resultedin a restrictionof
the searchspaceof possiblere ectors, which forcedthe authorsto introduceseveral
change®nthere ector shapeandsizein orderto compensatéor this.

Fromour analysiswe mayderive thatseveralinverseproblemsremainopen:

Lettinganalgorithmto automaticallychooséetweersomepossibilitiesthemoresuited
materialfor a surfaceto geta givenillumination.

Anotheropenproblemcanbefoundin determiningheshapeof surfaceswith theusage
of thefull renderingequationsinceall treatmentsip to now dealwith highly simpli ed
versionsof the problem.Also, moregeneraBRDFsshouldbe considered.

Onepromisingline of researchis the oneintroducedby Costaet al. [CSF9§, where
they shaw thatthe potentialequationcanbe usedto simplify the problemfrom consid-
ering the whole ervironmentto only a small subsebf it, thusreducingthe numberof

possibledegreesof freedomto take into account.In spiteof this, the generalproblem
of obtaininginversesurfaceshapedrom generalshadingin an ervironmentremains
untouched.
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Near DemonstratesShawvs Restrictions / ap-
Field / proximations
FarField
[WN75] far Eq. formul. & unig. for | PS,1-1,71, "V, RS
RS.
[BWT78] near Eq.formul. & unig.for | PS,1-1,71, "V, RS

RS.Dem. thatparaboloid
is sol. for const. phase

func.
[Oli89] near & unig. for RS. PS,1-1,71, "V, RS
[Wan9qg far , uniqg. & smothness PS/ 1,V
[KO97] near Probl. def. of weaksol. | PS,l, "V

for theclassof convex sol.
[KOVT9g near (re- | Probl.def. of weaksol. | PS,1, "V
fractions) | for theclassof convex sol.

TABLE 2.14 Theoretical papers on inverse surface design. In this table “RS” stands for Rotationally
Symmetric approximation, “PS” means that the surfaces are perfectly specular or perfectly refractive,
“1-1" that the incoming-ray/outgoing-ray uniqueness relationship approximation is used, “1” means
that interre ections are disregarded and “ V" means that no visibility computation is done. The second
column refers to the type of problem faced: Near-Field or Far-Field problem.

Determinatiorof sceneshape®therthansourcesaandsurfacesfrom directillumination
informationcould be aninterestingproblemto solve, in spiteof its inherenthigh com-
plexity. For example,it would beinterestingto nd the shapeneededn aroomto get
adesiredllumination effect, bothby its directcontritution asalight-blockingelement,
and by the distortionsintroducedby its presencen the light propagatiorthroughthe
ervironment.

Calculationof shapesn the presencef participatingmediahasnever beenconsidered,
despitetheirimportancefor designunderany givenadwerseconditions.

As before,now we cananalyze for eachsurweyed papey the mathematicahspectof its
solutionmethod.Table2.16explains,for inversegeometryproblemstheconstraintsmposed
on the solutionmethod(for optimizationapproaches)in this casetherestrictionsareincor
poratedinto the optimizationalgorithm. Thethird columnpresentsghe startingpoint usedby
the differentmethods.Finally, the fourth columnpresentghe objective functionto optimize
in the caseof optimizationapproaches.
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Chapter 3

Problem Statement and
Mathematical Background

Herewe presenthetools neededor the developmentof a solutionto the problemof nding
the shapeof are ector giventhe outgoingradiancealistribution thatshouldemanatdrom the
resultingopticalassemblyasseenatthefar eld region,i.e.: large distancegrom the optical
set.SeeFigure3.1.

There ector shapdo befoundis justapartof asetof piecescalledin lighting engineering
anoptical set andis composeaf abulb light sourcethere ector, andthe glassthatprotects
the systemfrom dustandotherenvironmentalphenomenaThere ector hasa border con-
tainedin a planeatthe openingof there ector, thatlimits its shapeasseenn Figure3.2. In
generalare ector must t insidethe holdingcase soits shapecannot belower at any point
thantheplanede ned by theboundarynor higherthana certainthresholdde ned by thecase.
We cansaythatthe casede nesaboundingbox onthere ector.

Fortunately asmentionedabove, it hasbeenshavn [CdSF99b]thatthe generalproblem
of nding there ector shape giventhe illumination distribution in a generalscene canbe
stronglysimpli ed. This simpli cation proceedsn a rst stepby reformulatingthe problem
to the one that resultsfrom the inversepropagationof requirementspackwardsfrom the
speci ed surfacesto an enclosuresurroundingthe re ector. As aresultan outgoingspatial
radiancedistribution for the optical setis obtained. This way, the problemof nding the
re ector shaperom thelight distributionin the othersurfacesof a scenecanbesimpli ed to

FIGURE 3.1 Example of an Inverse Surface Design Problem.
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Case

Reflector

Light Bulb

Border
Diffusor

FIGURE 3.2 An Optical Set.

nd it from therequiredoutgoinglight distribution from the opticalset.

Giventhe simpli cation mentionedin the previous paragrapho the problemof nding
the shapeof a re ector from the speci cationof lighting on the surfacesof a genericscene,
we canfocusour efforts to the following problem:

Giventhe outgoingradiancedistribution of a bulb light sourceanda re ector boundary

nd the shapefor the re ector whoseresultingillumination matdesthe desied outgoing
radiancedistribution, alsogiven. Do this belowan adequatelyuserde nedthreshold.

Thefollowing constraintsareimposedon the surfaceshapeo be built:

1. Theshapemustsatisfycertainconstructve constraintgshatamountto requiringthatthe
shapeof there ector bethe graphof a functionde ned on a subsebf the planedelimitedby
there ector's border Thatis, in our formulation,for the shapeto be “build-able”, it mustbe
afunctionof type :

2. Theresultingshapemustexactly t thegivenboundary

3. The shapecannot be lower thanthe boundaryplane( ), or higherthancertain
heightthreshold(it must t insidethecase).

The outgoingradiancedistributions will needa discretizationin orderto be ableto be
representech acomputer

3.1 Theoretical Formulation

In generalwe cansaythatall themethoddo solve the problemarebasedn the optimization
of afunction , calledObjectve Function,with respecto asetof unknovn parameters

. In generalthatObjective Function is afunctionof the radiancedistributionin
the ervironment, atposition andfrom asolidangle . ,in turn,dependsn some
form on thoseunknavnswe wantto nd out. Thatis, is afunctionof the parameters
thatde ne are ector shapewhich, whenusedin anoptical set,generates certainradiance
distribution in the scene.This radiancen turn, dependsn thelocation andthe direction
of theincomingsolid angle parametergust becausesomesceneelementdependdirectly
on them. For example,we may wantto nd out the optimal combinationof light source
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intensitiesthat give a desireddistribution of radiancein certainsurfacesof the scene.Thus,
theemittance®f theluminariesdependn oneor moreparameters in somespeci ed way.
Theradiancdn thesceneobeys equation2.1.

In generalthe developments basednthefunction thattakesa setof radiancevalues
for somesubsebf the surfacesof the scene computedhroughtheradiancesquationfrom a
“current” geometryandcalculateghe distanceof thesevaluesto a setof speci ed valuesthe
userwantsfor thatset:

where is a suitably de ned norm, is the setover which the desiredvaluesare
speci ed,and is anoperatorthat transformsthe radiances to somerequiredvalue: asan
example,we canthink thatthe desiredvaluesarespeci ed aspixel intensitieson theimage
plane(with p pixels),soanon-lineartransformation of theradiances to actualpixel inten-
sity valuesis requiredandthe normwould be the squareroot the p-dimensionalvectordot
productbetweenmageg(see[SDS 93]).

Anotherexampleof this would be if we wereonly interestedn the irradiancesat some
surfaces disregardingtheir directionalityinformation. In this casewe shouldintegrateover
all the possiblesolid angles to geta function only dependenbn the spatialvariables .
Then,thenormcouldbede ned asthe squareroot of theintegral of the pointwiseproductof
thefunctionsinvolved.

Ontheotherhand,two optionsarepresentedior the computatiorof the outgoingradiance
distribution:

Locallllumination BasedApproachesLocalillumination problemsarebasednasim-
pli cation of theilluminating equationbeingused.Following [CW93], if we consider
only pointlight sourcesat , theirirradiances

thenthere ectanceequationyields

If therearemorethanonelight source therewould be a summationover the light
sources.

Globallllumination BasedApproachesThesemethodsarebasedn atreatmenof the

problemin its globalform, consideringheinter-re ectionsof light onthewholescene,
in the contet of globalillumination. Most of themwaork with somekind of projection
spacewherethey projectthe solution,transformingthe integro-differentialproblemof

computingtheillumination in amatricialone.
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info).
FIGURE 3.3 The theoretical domain of outgoing radiance representations.

3.2 Choice of Outgoing Radiance Representation

The outgoingradiancedistributions can be regardedas belongingto the spaceof functions

, Where is half the size of a box that completelyencloseshe
re ector and is theunitarysphere SeeFigure3.3. Thus,if  isthespaceof all function
describedabore, thenormis afunctional

In generaltheinformationprovidedby Iampvendorsnr opticalsetmanufcturerss based
on the suppositionthat the size of the lamp is negligible with respecto there ector (which
is not alwaysthe case)andthatthe nal measure®n the resultingoptical setaretakenata
distancethatis large comparedo the physicaldimensionf the set. This permitsmakingan
approximatioridenticalto the oneusedby Blinn andNewell for EnvironmentMaps[BN76],
wherethe origin of the raysis neglectedandonly the directionof themis usedto index the
radiancerepresentationThen,our outgoingradiancerepresentatioganbe simpli ed, from
beingafunction , to beregardedas

As alreadynoted, thoseoutgoing radlancedlstrlbutlons mustbe dlscretlzedln orderto
be manageabldy a computer That discretizationshouldbe done both in the spatialand
angular(directional)variables. Sincethe former were considerechegligible, it is sufcient
to discretizeinto a nite setof directions,further simplifying our radiancerepresentatioto

, Where isthe nite-dimensionalsubsebf choserdirections.

We choosdo usethe  coordinatesystem[CM97T asour discreterepresentatiofor
the outgoingradiancedistributions, becausehey represent standardn the lighting engi-
neeringindustry This coordinatesystems depictedn Figure2.8. It is worth mentioningthat
the  representatioms equialentto the representationfsee[CW93] section10.1.4,
GeneralLuminaries)andto ary othersphericakoordinatesystem.

As we canseethe  representatiors anangularrepresentatiogivenby two angles,
and ( , ), thusbelongingtothe  space,

So, for this case, . With this, the abore mentionednorm becomesa functional
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It is easyto seethatthereis acorrespondendeetweerthe  spaceandthespace of
realmatrices  , with and . Actually, it is commonpracticein the
lighting engineeringargonto refertothemas  matrices.Fromnow on,andin virtue of this
correspondenceaye will useinterchangeablypoth matrix notationandthe moreformal (and

correct)  notation. This allows usto saythat canbe modeledby the discretized
version , Whichrecevestheparameter thatde nesare ector surface,andoutputs
a matrix for outgoingradiancedistribution, seeFigure 3.4. In this way, eachentry of
the matrix is theintensitygoingin theij-th directionwith a subtendedolid angle

. We alsocansaythatthe outgoingradiancedistribution for avector thatrepresentshe
currentre ector, will beafunction

0 ° o 0 o e 0 o
30 [ . @ o ~ L . o .
| ® .. @ - ° .. e
L] L] ° b ®
90‘ [ ] C
0 30 60 90 120 150
FIGURE 3.4 Diagram showing a matrix. Observe the degeneracy for , which we solved by

correcting the values after each manipulation.

As anexampleof thelook andfeel of oneof ourtest  distributions,in theleft partof
Figure3.5we can nd oneof suchdistributions,which correspondso the computationgor
there ector whosecrosssectionis shovn ontheright of thatFigure.

In orderto facilitate future discussionslet us de ne the following operatorsn the dis-
crete  matricial radiancerepresentatiorsystem(but arealsovalid for any otherdiscrete
representatioshosen):

Operator :
(3.1)

T T L

FIGURE 3.5 Desired distribution and the cross section of the re ector that generates this
distribution.
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Operator:

(3.2)
Operator :

(3.3)
Operator

(3.4)
where isthesolidanglesubtendedby the -thentryofthe  matrix.
Operator

(3.5)

It is importantto mentionthat, for practicalreasongn the implementationof the light
propagatioralgorithmsdescribedbelow, we have chosento extendthis representatiofrom
thediscreteset to thewholesphereof directions by performinga linearinterpolationin
the  spacewhensamplingthelight sourcedistribution. In our experimentswe have veri-
ed thatthedifferenceof doingthisinterpolationwith respecto theconstant-alueschemas
lessthan3% of the associatedariancefor the numberof raysusedin the simulations.Other
possiblenon-linearextensionsveretestedSeeFigure 3.8, wherethreepossibleschemesre
presentedconstantlinearandnon-linearextensions)suchasthoseproposedy Neubaueet.
al [Neu94]. We foundthat, althoughall the bene ts commentedn thoseworks aretrue, the
non-lineamatureof the extensiongproducedartifactsin theresultingdistributionsthatturned
themunusabldor our purposes.

In orderto illustrate the behaior of the operatorsas describedhere,we canusesome
actualexamplesfrom our simulations.For doingthis, we will take a certaintargetreference

le (shawvnin gure 3.5),andperformtheanalysisof any given“current” re ector, shovn
in Figure3.6. In orderto do that,we will callthe  distributionillustratedin Figure3.5as

andthe onein Figure3.6 as . It is alsonecessaryo computethe actualdifference
betweernthedesiredand“current”  distributions. Theresultfor this examplecanbefound
in Figure3.7andis called . Inthefollowing subsectionsve will beusingthose

examplego furtherillustrateour algorithms.

A nal aspecthat needsto be mentionedis the choiceof a le formatto storethe
distributions. We useda simpletext le describingthe number of angles usedandthe
number of angles used,thenalisting of thoseangles(a list of entries)and, nally,
the listing of the valuesfor the respectre intensitiesin the correspondinglirections
(evaluatedby theassociated and angles).
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FIGURE 3.6 The for a “current” re ector and its cross section.

FIGURE 3.7 The difference of the distributions for re ector in Figure 3.5 and
re ector in Figure 3.6.

A B C
FIGURE 3.8 Extensions from the discrete domain to the real function on the unit sphere. a)

constant, b)linear, c)non-linear [Neu94]

3.2.1 Lumens and Watts

Thereis oneaspecbf theabove explanationaboutthe  de nition givenabove thatwasnot
mentioned:in general the industry expressedhe differentdirectionalintensitiesin units of
lumens,andour algorithmsbasicallywork with watts. Thus,a corversionis needed.
We muststartby de ning the candelawhich is the foundationunit for the measurement
of visible light. It is oneof the sevenfoundationSI units. It's formal de nition is:
Thecandelas theluminousintensityin a givendirection,of a sourcethatemitsmonodro-
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maticradiationof frequency hertzandthat hasa radiantintensityin thatdirection
of 1/683watt per steradian.

The candelais abbreviated cd. The candelais thenusedto de ne the lumenand other
quantitiesusedin the measuremertf visible light. It is approximatelyequalto the old unit
"candlepaver" andis generallytakento be equialent.

For anisotropicsource therelationshipbetweerthe candelaandlumensis
andtheunit relationshipss .

Ontheotherhand,thelumenis thestandardunit for theluminous ux of alight source It
is an Sl derivedunit basedn thecandelalt canbede ned astheluminous ux emittedinto
unit solid angle(1 sr) by anisotropicpoint sourcehaving a luminousintensityof 1 candela.
The unit lumenis thenequalto . The abbreviation is Im. In termsof radiantpower
(alsocalledradiant ux) it canbeexpresseds:

LuminousFlux In Lumens= RadiantPower In Watts 683 lumens/watt luminous
Ef cacy

Theluminous ux is the partof the power which is percevedaslight by the humaneye,
andthe gure 683lumens/vatt is baseduponthe sensitvity of the eye at 555 nm, the peak
ef ciency of thephotopic(daylight)visioncurve. Theluminousef cacy is 1 atthatfrequeng.
A typical 100 watt incandescenbulb hasa luminous ux of about1700lumens. Units for
otherquantitiesn photometrycontainthelumen,suchasthelux ( )

Thus, in this work, we'll be using a linear relationshipbetweenboth units, doing the
correspondingorversionwheneer necessaty

3.3 Computation of the Radiance Representations

Althoughit is laterexplainedin Section4.3, we canbrie y mentionherethatthe underlying
algorithmusedin thiswork for thecomputatiorof theradiancelistribution outgoingfrom the
opticalsetis aclassicalight ray tracing,wherelight raysareshotfrom thesourcetowardsthe
re ectors, and,aftersomebouncesemepge from the optical setandarestoredin the chosen
radiancerepresentatiosolelybasedn their outgoingdirections.

Monte Carlo methodqHH75] are stochastianethodsthat solve mathematicaproblems
by meansf the simulationof randomvariables Basically theideais to obtaina sequencef
independentandomsamplegrom auniformrandomvariableandto considethe meanof the
results. The Monte Carlo methodis usedto estimatentegralsfor which no analyticsolution
canbefound. Thisis referredto asMonteCarlo integration.

More accuratelythe Monte Carlomethodallows to integratea function onadomain

by generatinga sequencef independensampleson  accordingto a probability density
function(pdf) . Thevalueof theintegral canbe seemasthe expectedvalueof therandom
variable— with pdf (3.6), andthis canbe estimatedoy samplingthe variableon
using aspdf, obtainingthe unbiasedestimaton(3.7):
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S S (3.6)

B (3.7)

Thesample®n accordingo thedensityfunction areusuallyobtainedrom thein-
verseof thedistributionfunction . Thisproceduras known asinversionmethodNie92],
andconsistof computingthe sequencef samples  from . Is asequence
of realizationsof independentandomvariableswith uniform distributionin , beingthe
dimensionof the integrationdomain. In practice,sucha sequence canbe obtained
from the valuesprovided by the computerrandomgeneratar From hereon, we will
referto thesesequencesf pointsasMonteCarlo sequences

Note that expression(3.7) corvergesfor a specialkind of sequenceghe uniformly dis-
tributedones. This is, the only requiremenfor a sequencéo guaranteehe corvergenceof
(3.7)isto beuniformly distributedon  [Hla71]. Fromthis pointof view notethatthe Monte
Carlosequenceareconsidered -uniform[Spa95,Kel97]), andthusthey arevalid to gener
atesequencesf uniformly distributedpointson arny dimension.The useof expression3.7)
in thecontext of deterministiauniformly distributedsequencets known asquasi-MonteCarlo
method.

3.3.1 Eror in Monte Carlo Integr ation

Monte Carlomethodsareprobabilistic,basedn samplingvaluesfrom randomvariables.The
valueof theintegralis seemasanexpectedvalue,andvariancemustbe considered.

Let us considerwe are integratinga squareintegrablefunction, that is, a function that
belongsto  [Nie92]. Thentheerrorin the Monte Carlo estimation(or corvergencerate)is
proportionalto  ~, where is the numberof sampledaken. As an example,this means
thatthe numberof sampleshasto be multiplied by 100 to reducethe error by one order of
magnitude.The variancefor the estimator(3.7), thatis, the expectedvalue of the quadratic
error, is givenby

- (3.8)

Clearly, theobjectveis to getafunction ascloseaspossibleto to minimizethe
above variance.
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3.4 Choice of distance in space

Theidealdistancebetweerntwo radianceepresentationshenseernasfunction asabove,in
section3.2,would be of theform

CurrentRe ector desied

with , the positionin the enclosingbox and , the unit sphereof possibledirec-
tions. But the seriesof approximationghatleadto our radiancerepresentatiomo bein the
spaceof matricesnduceusto de ne amoresimplisticde nition.

In the following, we will be using differentdistancemetricsto computethe difference
betweenra currentlight distribution anda referenceone,sowe will referto this asthe
of the currentdistribution.

As we areusingthediscretized representatiofor outgoingradiances:

CurrentRe ector desied

The classicnorm de nitions and  correspondo specializedversionsof the above
expression.This meansfor the rst norm, summingthe squarednodulusof the difference
betweematrixentrieswherethesumoverindices mustbeunderstooaverthetwo angular
indicesin the representationand and . For the secondmeasure
representatiorthis meanscomputingthe greatesmodulusof all the differences.

Thus, the metric we have usedfor our computationds the well known  norm, which
corresponds$o a versionof the above expressionwith . Aswe areusingthe  repre-
sentatiorfor outgoingradiancesye take theerrorto be givenby

desied

where and and isthesolidanglesubtendedby the -thentryofthe
matrix. We canrewrite the normwith the helpof the operatorgle nedin Section3.2

desied (3. 10)

Where is the outgoingradiancedistribution generatedby the optical setwith there ec-
tor surfacede ned by the setof parameters, i.e. thecurrentre ector.
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3.4.1 Distance Measures Consider ed
We have testeda few differentmetrics(usedto computethe error),whichinclude:

the
desied (3'11)

ameasuref thedirectionaldeviation of the distribution.

desied (3 ' 12)

with  themeandirectionfor the -thentryinthe  distribution.

the ( in theabove expression).

desied

asolid-angleweightedvariationof theabove one.

desied

the Drettakis|[DF92]de nitions of distancebetweenmagesfor differentvaluesof the
percentuaparameter : This erroris de ned asthe numberof entriesin the  distri-
bution which show a differencewith respecto the referencedistribution in morethan
thegivenvalueof .

a solid angle-weightedrersionof the previous one: Insteadof just countingthe num-
ber of entriesthat satisfythe condition,the total solid angleof the areaswhich do are
computed.

arbitraryplain sumsof the previouserrorfor valuesof 10, 20, 30, 40, 50, 60, 70, 80
and90.

differentarbitrarily-weightedversionsof the previoussum.

Although, asmentionedabove, we nally decidedfor the weighted metric dueto its
betterperformancdor our problem all thesepossiblesrrormetricsfor thecomparisoramong

distributionswerethoroughlytested.Sampledravingsfor theseerrormetricsin asimple
mono-dimensiongbroblem,wherea surfaceis moved asa whole upwardsanddowvnwards,
with respecto anarbitraryreference  distribution,canbefoundin gure 3.9.
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FIGURE 3.9 A comparison of the error metrics tested for this problem. The horizontal axis represents
the displacement with respect to the basis surface.

Fromthe gure we canreadily seethatthe  metric canbe discardedasits sensitve
naturein combinationwith the noisy natureof the Monte Carlo computatiormethodresults
in anextremelynoisyshapeof thefunction,evenin this basiclD setting. This turnsit almost
unusabldor mostoptimizationpurposes.
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On the otherhand,error metricslik e the Directional Error turnedout to be not precise
enoughfor our purposesasmary differentdistributionsshov approximatelythe sameerror,
speciallywhenconsideringhatthe differentdistributionsweregeneratedn anoptimization
proceduraevhich generatednary similarre ectorsandexpectedhe errormetricto beableto
assestheirrelative quality.

With respecto thedifferenttypesof Drettakiserrorsstudied we canconcludethatary of
themgivespartialresults asthey only focusona certainsetof values(thosewith biggererror
than ), but ignorestheir spatialdistribution andignoresthe restof the values. For each ,
we canconsiderthis asalevel chart,organizingthe differentvaluesin a seriesof nestedsets
of values.Basically this boolean-typeerror (a valueis or is notunder ) givespartialresults
aboutthe distribution, andonly anerrormetricwhich takesinto accountall the differentsets
might be useful.In orderto build this, differentweightedsumsof thosepartialerrorsfor suc-
cessve valuesweretested.Unfortunately noneof thoseschemegave resultsthatcorrectly
guidedthe optimization,asthey percevedonly relative valuesfor the differentdirections not
providing ageneraimeasuref the deviation with respecto the desireddistribution.

3.5 Further De nitions

C

FIGURE 3.10 Diagram showing a vertex in uence region, . Bigger dots mean greater values.

Let usintroduce,by meansof the operatorgde ned in Section3.2, the following useful
de nitions:

(3.15)

where is avectorwhosecomponentare , with  the Kroeneler delta,
is a smalldistance(in our case,it wassetto 5 millimeters,seeSection3.6.5)and is the
vectorde ning there ector shapelt isimportantto mentionthat  representghe -th vertex
differentialin uence ontheoutput  (seeFigure3.10),which shavs usthe regionson the
matrix affectedby thei-th vertex givenits currentposition.

We cansortthe differentverticesaccordingto the degreeof “wrongness’they show. This
deviation from the desiredpositioncanbe measuredy comparingthe desiredradiancedis-
tribution with the currentone,andstudyingthe overlapbetweerthis andthe differentvertex
in uence regions. So,we cande ne (seeSection3.2, Equations3.2and3.5)
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which shows the differencebetweenthe current distribution and the desiredone, and
enablesausto classifythevertices accordingto their , Which is a computatiorof the
superpositiorof therespectrte  andthe distributions,andwhoseelementsarede ned by
(seeFigure3.11):

(3.16)

with  thedifferentialregion of in uence of the -th vertex ontheresulting  distribution,
asde nedin Equation3.15.Obsenre that , Sincethe* ” operatornin Equation3.2
returnsthe absolutevalueof thedifferenceso and arematricesof positive elements.

S
PRI

FIGURE 3.11 Drawing of , useful to undertand the superposition between them, as de ned in
equation 3.15 and following.

It is very importantto mentionthat, becauseof the far- eld approximationusedso far,
ary measureandspeciallythe de nedin Equation3.10,would be moresensitve to
changesn re ector shapehanin particularvertex deviations.So,if theoverallre ector shape
is right, theerrorwould be low, disregardinghow far eachparticularvertex couldbefrom the
desiredpositionin the desiredre ector. Thus, would provide an orderingfor the
differentverticesthat givesprecedencé¢o re ector shapeover nal positionof the vertices,
soit shouldbe taken asa relatve mesureof wrongnessmorethanan absoluteindicator of

Measured as better! [:\m

FIGURE 3.12 Re ector measurements: when the middle one is taken as reference, the left one gives
lower error than the right one, which has all its vertices more or less in their right places.
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eachvertex's positionalerror Thatis, it is usefulto indicateregionsof wrongshapeandnot
individual vertex positiondeviations(seeFigure3.12).
Thegeneraideabehindthealgorithmis to sortthevertices accordingto their
andthenoptimizethemwith a global optimizationalgorithm. We cannottake a subsebf the
verticesbecausef the high overlapamongthem,which caneasilybeverifyied by examining
thevaluesof the coupling: , seeSection3.6.3.

3.6 Analysis of the Distance Function

In this sectionwe will describethe generalcharacteristic®f the function to optimize,in
orderto assessheoverall stratgy to follow in orderto achieve the desiredgoal.

3.6.1 SetUp

In orderto furtherillustratethebehaior of theoperatorasdescribedn previoussectionsye
canusesomeactualexamplesrom our simulations.In orderto do that,we will take a certain
tagetreference le (Figure3.5)andperformtheanalysisof any given“current” re ector
(SeeFigure3.6). As mentionedabove, we will call the distribution illustratedin Figure
3.5as andtheonein Figure3.6as . It is alsonecessaryo computethe actualerror
betweenthedesiredand“current”  distributions. Theresultfor our examplecanbe found
in Figure3.7 andis called .

In orderto compute for eachone of the verticesin the re ector that generated

, wewill computealsothe  resultingfrom themovementof onevertex by adistanceof
about5 millimeters(take into accounthatthe maximumheightof thetargetre ector is about
110millimeters),seediscussioron Section3.6.5. Theresulting  distribution can
befoundin Figure3.13. Fromall this, we cancomputethe asshown in Equation3.15.
Theresult  isshowvnin Figure3.14.

3.6.2 Vertex In uences

Unfortunately as mentionedabove, we arefacinga highly non-linearproblemwith a large
couplingbetweenits degreesof freedom. This canbe shavn graphicallyby illustrating the
infuenceregion for ary givenvertex onthecorrespondingnal distribution.

In previous sectionswe have calculatedboth the distribution that shavs the error
in the currentre ector  (Figure 3.7) andthe (shown in Figure 3.14). Now, we can

proceedto the nal computationof the vertex by multiplying each  elementin
thosedistributionsand obtainingthe resultshovn in Figure 3.15. Then,it only remainsto
computethe asthe solid angle-weightegumof all thevaluesin the  distribution,

andrepeatinghewholeprocedurelescribedrom thelastparagraplior eachcandidatevertex
in the currentre ector.
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FIGURE 3.13 The for a re ector similar to the one presented for the re ector in
Figure 3.6, only with one of its central vertices displaced 5 millimeters. Compare with Figure 3.6.

FIGURE 3.14 The difference of the distributions for the re ectors in
Figure 3.6 and Figure 3.13.

FIGURE 3.15 The element-wise product of the difference computed in in Figure 3.7 and
tme same difference but with a vertex displaced 5 millimeters, presnted in Figure 3.14. From the solid
angle-weighted sum of the values in this gure we can easily obtain the vertex
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FIGURE 3.16 Overall representation of the different operators that are used on the space and
their usage in combination to gain insight on the different vertices behaviors.

The overall processis describedin Figure 3.16, wherethe processdescribedabove is
showvn in a singledrawing with all the relevantinformationincluded. As it canbe seenthe
asociatedvertex  distributionsarecombinedandcomparecamongthemselesandwith the
referenceoneto asses#s individual error.

It is importantto explainthatall thosemeasuresustbe built takinginto accounthatdif-
ferentamplitudesn thevertex movementangeneratainusablenformation,asthechanges
couldbe madesosmallasto looseary meaningfulinformationinsidethe Monte Carlovari-
anceinherentto the adquisitionmethodsused.Thus, it is importantto discusshe difference
of moving a vertex an vs. moving it in sizesrelatedto the inherentvariancefor a given
numberof rays. As an example,in Figure 3.17 we cancomparethe resultsby moving the
vertex usedfor Figure3.18, but this time only moving it 1 millimmeter apart. Theresulting
images althoughthey shov moreor lessthe samebehaior, presenta muchsmallerareaof
interest,which resultsin a smallervaluesto compareand, probably whould be completely
hiddeninside the varianceif fewer rayswere used(pleasereferto gure 3.27for a graph
of the variancefor arny given numberof raysandto section3.6.5for an explanationof the
sensitvity of thealgorithm).

3.6.3 Vertex couplings

Now, in orderto betterexplain the high couplingbetweerdifferentvertices,andto showv our
methodto verify it, we canproceedn the samemannewith anothewertex, neighbourof the
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FIGURE 3.17 The distributions distributions for the same re ector as before (Figures 3.14 and
3.15), but this time the vertex was displaced only 1 millimeter.

FIGURE 3.18 The for the same re ector as before (Figure 3.6), with another one of its central
vertices displaced 5 millimeters (a neighboring vertex of the one used in Figure 3.13). Called
and respectively.

previousone.Thistime,the  distributionobtaineds shovnin Figure3.18,left side. At the
right side of the same gure we can nd its respectie computation.In orderto be able
to obtaina qualitatve andquantitatve comparisorof the couplingbetweenvertices,we can
comparetherespectie  images(Figures3.14and 3.18, right) and obsenre the areawere
both overlap. This caneasilybe achiezed by meansof the operatompresentedn Equation

3.3, consistingof a pointwiseproductof therespectie entries.In this casewhatwe compute
IS

andthe resultingdistribution canbe foundin Figure3.19. As canbe seenthereis a shaded
areaon the upperright part of the gure thatrepresentshe superposition.This meansthat
bothin uence areaf therespectie verticeshave aregionin commonwhich precludesheir
optimizationin isolation,asdifferentverticescover overlappingareasof the nal . It must
betakeninto accounthatthis phenomenoms commonto all pairsof verticesin are ector.
As wasmentionedthe operator in Equation3.5 givesa numericalvaluefor this
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FIGURE 3.19 The element-wise product of the difference distributions computed in in Figure 3.14

and Figure 3.18 ( ). From the solid angle-weighted sum of the values in this Figure we can
easily obtain the respective value.
FIGURE 3.20 between each one of the 9 vertices mentioned in Figure 3.21 and the cor-

responding distribution  in Figure 3.7. In particular, observe the high values shown for vertices 2, 3
and 7.

coupling. Thus,we caneasilycomputethe couplingbetweerary pair of vertices.In general,
thereis astrongcouplingbetweerary pair of vertices thusprecludingeventheiroptimization
in subsetghooserby their position. A graphicalrepresentatioof

for arealre ector canbefoundin Figure3.21,wherethe overlapsamong9 chooservertices

from a 24-vertex re ector (the othersare interpolatedduring the optimizationprocesssee

next chapters).lt mustbe takeninto accountthatnoneof the verticesshows a zerooverlap

with ary other thusthein uence areasof all pairsof verticeshave somesuperposition.
Ontheotherhand,it is alsopossibleto compute
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FIGURE 3.21 among 9 vertices of a real re ector. It must be taken into account
that the values range from 1.1 to 12, thus showing aproximately a 90% variation from its minimum to
its maximum.

which will give us someinsight on the degreeof “wrongness”of eachvertex in the current
re ector we areevaluating.This information,sortedarbitrarily by vertex index for arealcase
study canbe seenin Figure 3.20, which shawvs that vertices2, 3 and 7 areclearly the ones
thatcontribute with the highererrorto the nal distribution.

3.6.4 Lower Dimensionality Function Analysis

In this sectionwe will describethe behaior of the measure in low dimensionaket-
tings,in orderto gaininsightinto its shapesmothnesandgenerakharacteristics.

Firstly, we shouldanalyzethe behaior in onedimensionof the whenoptimizing
are ector with the sameshapeasthe “desired” one (the onethat produceghe desired
distribution), but only differentheight. Thus,moving the re ector upwardsanddownwards
asa whole would producea function goesthroughthe desiredsolution, thatis, the desired
solutionis achiezablewithout changingthe shape.Theresultcanbe seenin Figure 3.22for
a perfectspeculaBRDF As we cansee,in this settingthe solutionis quite smoothandwell
behaed,shaving a clearminimumaroundthe baseposition,in 0. The samebehaior canbe
found for differentBRDFs,asshowvn in Figure 3.23. There,“Perfect” refersto non-enegy
absorbingBRDFs,wheretheirradianceequalsthe outgoingradiance.

It is importantalsoto shav the samebehaior for ageneral distribution, where,
in generalthesolutionis not-achigablewithout changinghesurfaceshapeseeFigure3.24.

In a generalre ector, it is importantto obsere the 1D behaior of moving onerandom
vertex in isolationfrom a meshforming the surface. This way, whenmoving the vertex, we
are modifying only a small portion of the mesh,resultingin a small percentagef change
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FIGURE 3.22 An example of the behavior of the function to optimize in 1 dimension, when the target
distribution is achievable by the optimizing surface.

FIGURE 3.23 An example of the behavior of the function to optimize in 1 dimension, when the target
distribution is achievable by the optimizing surface, with different BRDFs.
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FIGURE 3.24 An example of the behavior of the same function to optimize in 1 dimension, when the
target distribution is not achievable by the optimizing surface.
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FIGURE 3.25 An example of the behavior of the function in 1 dimension, when trying to move a single
vertex in isolation.

in theobtained  distribution. This canbe seenin Figure3.25. It is importantto mention
that,asexplainedbefore this problempresent&xtremelyhigh couplingamongthe degreesof
freedomof the differentvertices thusprecludingtheir optimizationin isolation. This canbe
obsenedin the gure by the atnessof thefunctionin theregion wherethe vertex canmove
in asensibleway. Also, it is importantto noticethatthe graphwasdrwan with the idea of
having aminimumat 0, somethinghatdoesnot usuallyoccur

This behaior canbeworstwhenconsideringageneraBRDF in agenerale ector, with
anarbitrarydistribution to achieve, which clearly shavs MANY local minimasurroundinga
global minimum, seeFigure 3.26. It is really importantto make this point clear: The setof
factorsinvolvedin the optimization,like

thehigh couplingof the verticesamongthemseles(Section3.6.3)

thefactthatdifferent,morediffuseBRDFs,male it tougherfor thealgorithmto discern
ary featurethe“ideal” funcitonmight show (Section3.6.5).

thefactthatwe usea Monte Carlolight propagatiorsimulationalgorithmfor the com-
putationof thefunction (Section3.6.5).

malke it a really toughproblemfor ary traditionaloptimizationalgorithm,ascanbe clearly
seenin Figure3.26wherethis behaior is illustratedfor a singlevertex in ageneralproblem
settingwith arealisticPhongBRDF

3.6.5 Accur acy analysis.

In this sectionwe will analysethe differentnumericalproblemsasociatedvith our function
andthe evaluationmethodused.
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FIGURE 3.26 An example of the behavior of the function in 1 dimension when moving a single vertex,
but this time in a N-vertex problem with a realistic Phong BRDF.
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FIGURE 3.27 A typical variance distribution, computed for a highly specular BRDF in function of the
number of samples used for the function evaluations.

Due to the fact that our light propagationcomputationsare basedupon the usageof a
Monte Carlomethod,which is noisyin its nature we have to facethe factthatour measures
(function evaluations)are not exact, but have an associatecarror that comesfrom the vari-
anceof this evaluation. Thus, every function evaluationwill resultin its numericalvalue,
plus/minusa certainerror valuegivenby the varianceof the evaluationmethodfor the given
precision. It is importantto noticethatthe evaluationcanbe tuned,loweringits varianceas
the numberof samplesncreasesA typical exampleof this behaior canbe seenin Figure
3.27).SeeSection4.3.

Actual numericalvaluesusedin our simulationscanbefoundin Figures4.11and4.12,in
Sectiord.6. It mustbetakeninto accounthatthosevaluesarestronglyBRDF dependantso
eachoneof thesetablesmustbe analizedconsideringhe correspondinddRDF function.

We candescribequite effectively thataccurag errormadeby computingthe valueknown
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FIGURE 3.28 Plot of the 1D funtion resulting in the absolute value of the error when moving only one
vertex of the re ector , with respect to a base position, when ring 1e5 rays. Error vs. millimiters.

asdeviation fromzeio, by meansof the following expression:

where is the evaluationof the a re ector with a large numberof samplesand
Is its evaluationwith the currentnumberof samples.

Sensitivity of the algor ithm

As mentionedbefore,we will be evaluatinga function basedon a Monte Carlo simulation,
which impliesthatall measuresakenare, by de nition, noisy. So,takingtwo measure$oo
closeto eachotherwould resultin valuesthat are so similar that we cannottell if they are
differentor its justaresultof thenoise.Ontheotherhand,calculationof the  distributions
(Eqg. 3.15)andtheresultingin uence areasaredependanbnthecomparisorof thedifferential
vertex in uence regions. This can clearly be seenat Figure 3.28, wherewe obsene that
measuresaken in intervals smallerthan 3 millimetersgive no hint on the real function we
are evaluating. On the other hand, we cannotforget that we are measuringan underlying
function that hasits own structure,which we are interestedn observingwhendoing those
calculations.This underlyingfunctioncanbevisualizedwhencomputingthe samegraphat a
higherprecision(le7rays),ascanbe seenn Figure3.29. So,we shouldnot measurevalues
too appartfrom eachother or theinformationwe will getfrom thiswill notbe useful,eithet
To have a measuref the distancesnvolvedin the correctcaracterizatiomf the function,
a semvariogramcan be computed[Ole99]. The semvariogramis a statisticthat assesses
the averagedecreasén similarity betweentwo randomvariablesasthe distancebetweerthe
variablesincreasesl|eadingto someimportantapplicationsin exploratory dataanalysis. It
is importantto notice that the semvariogramdoesnot require knowledge of the meanof
therandomfunctionfor its estimation. The semvariogramis de ned asfollows: Giventwo
locations and insidethe eld of arandomfunction , if theexpectation isa
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FIGURE 3.29 Same as Figure 3.28, but when measured with 1e7 rays

FIGURE 3.30 Idealized example of a Semivariogram

constantthe semvariogramis:

which, for anexperimentalariable meanghat

where is the numberof pairsof variablesat distance apart. Figure3.30illustratesa
typical semvariogram.The gure shavsthelag , calledrange,atwhich the semvariogram
reaches constantvalue. The valueof the semvariogrambeyond this rangeis calleda still.
We canconsiderthattwo variablesseparatethy a distancdargerthantherangearestochasti-
cally independentsotherangeis equialentto the notionof in uence of anobsenation. So,
if we wantto measuresomeintrinsic propertyof ourundelyingfunction, like somediferential
variationof somevaluewith respecto any parametemwe cannottake measurethataremore
distantthantherange .

Computingthe semvariogramwith theabove formulaeis easy andtheresultingdiagram
for our problemis shovn in gure 3.31. Fromthis graph,we canseethat the rangeof the
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FIGURE 3.31 Semivariogram when moving one vertex, when ring 1e5 rays.

semvariogramis about5 millimeters. Thatis, if we wantto getvaluesthatshaw theintrinsic
propertiesof our function, we cannot measurehemmorethan5mm apartfrom eachother
As usingmuchsmallerdistancegor measuremenigadsto problemswith thenoise,we have
chosento useexactly 5mm asthe distancefor our function-descriptie computations.This
canbecon rmed by avisualre-examinationof Figure3.28.

It is alsoimportantto take into accountthat, sometimesletting a vertex do larger move-
mentsdoesnotimply thattheerrorwill vary substantiallyastheeffect of thisalsodepend®n
the geometriccontect. For example,you canvary a certainvertex position10mmor 100mm
andtheerrorwill remainmoreor lessthesame.

3.7 Optimization algor ithms

In this sectionwe will commenton the differentnumericaloptimizationmethodscommonly
usedin the optimizationliteratureandtheir respectre advantagesand disadantagesvhen
usedin the context of our currentproblem.

Unfortunately noneof the existing methodsvasableto solve the problemby itself, thus
forcing us to develop customoptimizationstrateies speciallytailored to facethe problem
of generalre ector designas statedabove. Thus,the nal optimizationstratey is a care-
fully choosermixture of optimizationalgorithms,plus somespeciallydevelopedmethodgo
guarantea@eneralconvergenceof the method. In the following subsectiorwe will presenta
few numericalalgorithmsandassessheir usefulnes#n the overall solution,aswell asstating
their individual propertiesand aws. Someof thosealgorithmswill becomepiecesin our

nal, overall optimizationstrateyy.

3.7.1 Classic Optimization Algor ithms

Therearevariouspossibleoptimizationalgorithmsavailable,someenforcingthe local prop-
ertiesof the search(with therisk of converging to a local minimum), andothersperforming
aglobalsearch Amongthe rst kind of optimizers,we decidedto testthe non-linearConju-
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gateGradientanethod[PTVF92]Powell's methodand,amongthe secorkind, the Simulated
Annealingmethod becausef their well-known convergencepropertiesandtheir stability for
toughproblems[GN92

The Conjug ate Gradient Method

We assuredheconvergenceo theoptimumby giving a startingpoint (startingre ector) in its
neighborhoodseebelow). TheConjugateGradient(CG) [She94]methodworksoniterations
of theform

for
for (3.17)
(3.18)
where s the gradientof a function atpoint , isascalarand is a step-length

obtainedby meansof a one-dimensionasearch. We call this a ConjugateGradient(CG)
methodif  is suchthatthe above equationgeduceto the linear conjugategradientmethod
in the case is a strictly convex quadraticand  is the exact one-dimensionaiinimizer.
Although the analysisalsois valid for algorithmsthat do not reduceto the linear conjugate
gradientmethod.

Thebestknown formulasfor  arecalledthe FletcherReeves(FR), Polak-Ribierd HR),
andHestenes-StiefdHS) [PTVF92].

Themethodneedsaline optimizingalgorithm,thatis, aminimizerthat nds theoptimum
of a 1D functionde ned as (seeequation3.18). Thus,the minimizer
should nd thevalue thatminimizes |, thatis, . Again,

threealternatves(atleast)areavailable: SecanMethod[She94, only bracletingandsearch
by goldenrule[PTVF93 andBrent's methodwith initial bracketing[PTVF92].

Onedravback CG hasasa methodfor optimizing generalfunctionsis thatit might be
trappedin alocal minimum, corverging to somethingthatis not the optimal shapedesired.
Of coursethis problemis sharedwith all local optimizationalgorithms but canbe someavhat
alleviatedby choosinga startingpointin a (smallenough neighborhooaf the desiredglobal
minimum.

In aCG optimizationalgorithmtwo stepgequirethecomputatiorof derivatives:thegradi-
entof thefunction isneededo nd thedirection in Equation3.17andthelinearsearcher
we choose(Brent's methodwith bracleting and derivatives) usesderwative informationto
nd . Traditionally, the directionalderivative of a functionis computedby takingthe dot
productbetweerthe gradientof the functionandthe directionwanted[PTVF92. But thisis
extremelytime-consumingsinceit involvescomputingthe whole gradient,andthus,requir
ing simplederivative computations.This canbe greatlyacceleratedy computingdirectly
thederiative of by meansof anumericalalgorithm. Althoughthis might seemasimple
task,a naive backwards- nite differenceschemdik e (or, for thecase,
forward-or symmetrical-predictie schemes)is numericallyunstabldPT91a][PTVF92, and
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hencealmostdoomedto fail, thusforcing us to resortto a more accurateand stable, but

comple« scheme:Ridder's deferredapproacho the limit method[PT91a]which computes
a seriesof nite differencecomputationsvith decreasingtepsize until it convergesto the

desiredderivative value.

Unfortunately our evaluationof the outgoingradiancedistribution is basedon a Monte
Carlomethod(seesection4.3), which requiresan extremelyhigh numberof sampledo pro-
vide avariancesmallenoughto guarante¢he corvergenceof theabove mentionedprocedure
for differentiation. This high numberof samplesn eachevaluationof , combinedwith the
factthat Ridder's methodusessereral evaluationsto determinethe derivative value (in our
experiments this was abouta factor of six with respecto the naive forward differentiating
scheme)plustheaddedactthat CG requirescomputingagradientof an  dimensionafunc-
tion for eachiteration,leadsusto discardCG asa methodto solve this problemin favor of
other derivative-lesamethod.

Powell's Method

Pawell's method[PTVF92] is a very goodgeneraimethod that hasthe advantageof not re-
quiring derivative computationgDGS96]. A disadwantagesharedwith the previous method,
is thatit canalsocorvergeto alocal minimum.

The methodworks in a very similar way to CG: by usingan initial setof = mutually
conjugatedlirections (thecoordinateaxisarethegenerakhoiceto feedthealgorithm),the
algorithm searchesalong eachof themwith a line optimizing algorithm. Then, it discards
the directionalongwhich the function madeits largestdecreasein favor of the direction
resultingafter  directionsearches.Thatis, replace jagest With initial . FOr the line
minimizationalgorithmwe implementedhe original Brent's methodwithout derivative com-
putation.

Although sometimeshe costof computingderivativesassociatedavith the CG methodis
lowerthanthegainin corvergenceachieved,in ourproblem asexplainedabove, thisturnsout
to bepronhibitive, thusforcing usto chosePawell's methodwhenevaluationlocal optimization
algorithms.

The Simulated Annealing Optimization Method

SimulatedAnnealing(SA) for continuousoptimizationis a very promisingdirectionto con-

tinue our researchsinceit hasprovento be a very ef cient methodfor variousoptimization

tasks[PT91b][PTVF93, speciallyin problemswherethe desiredglobal minimumis hidden

amongmary, poorer local extrema. It has,amongothers,the hugeadwantageof not need-

ing the computationof derivatives,only function evaluations. While traditional algorithms

couldbetrappedn suchlocal minima,SA will nd thecorrectminimumwithin areasonable
numberof iterations.
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At the heartof the SA methodis ananalogywith thermodynamicsspeci cally with the
way liquids freezeand crystallize, or metalscool and anneal. At high temperaturesthe
moleculesof aliquid move freely with respecto oneanother If theliquid is cooledslowly,
thermalmobility is lost slowly, too. Theatomsareoftenableto orderthemselesandform a
purecrystalthatis completelyorderedover a distancethatis severalordersof magnitudethe
sizeof anindividual atomin all directions. This crystalis the stateof minimum enegy for
this system.If aliquid metalis cooledquickly or “quenched”;it doesnot reachthis statebut
ratherendsupin a polycrystallineor amorphoustatehaving someavhathigherenegy.

The key in this processs slow cooling, allowing enoughtime for redistrikution of the
atomsasthey losemobility. Thisis thede nition of annealingandit is essentiafor ensuring
that a low enegy statewill be achieved. An analogybetweencornventionalminimization
algorithmslike CG and fast cooling can be made[PT91b], asthey tendto get trappedin
local minimum insteadof nding a global one. Even at low temperaturéhereis a certain
probability of a systemof beingin a high enegy state. Therefore thereis a corresponding
chancefor the systemto getout of alocal enegy minimumin favor of nding abetter more
global,one. Thelesstemperaturethelesslikely is anupwardtransition.

The basicideasof SA areapplicableto optimizationproblemswith continuousN dimen-
sionalcontrolspacese.g., nding theminimumof thefunction in the presencef mary
local minima, where is anN-dimensionalector In this case the valueof the function
is the objective function (the enegy). The control parameter is, asbefore,somethingike
a temperaturewith an annealingscheduleby which it is graduallyreduced. And we need
a generatonof randomchangesn the con guration, a procedureo take a randomstepfrom

to . We useda generatotbasedn the Nelderand Mead downhill simplex method
[PTVF92].

The downhill simplex methodtakes a seriesof stepsdependingon the resultingenegy
(function value) of the new vertex. Thosestepscanbe foundin Figure 3.32 anddescribed
elsavhere[PT91b]. In orderto allow the systemto take a downward stepmostof the time
andanupward stepsometimesa positive, logarithmicallydistributedrandomvariable,pro-
portionalto thetemperatureis addedo the storedvertex functionvalues and,later, a similar
randomvariableis subtractedrom the function value of every new point thatis tried asa
replacemenpoint.

At a nite valueof |, thesimplex expandsto a scalethat approximateghe size of the
region reachedat this temperatureandthen executesa stochastictumbling motion within
thatregion, samplingnew, approximatelyrandom pointsasit doesso.

As annealingschedulewe choosereducing to afterevery moves,where

is determinedby experiment.

3.7.2 Classic strategies behavior

By closeexaminationof thefunctionshapewe obsenedsomevery importantfeatures:
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FIGURE 3.32 Possible movements of the simplex in a single SA step.

The evaluationof the function by a Monte Carlo-basedlgorithmimplies an implicit
variancegSeeFigure3.27)thatmustbetakeninto accounin orderto beableto properly
minimizeits value. This varianceis loweredasthe numberof sampleaisedincreases,
seeSectiorn4.3.

Thereis, atleastin lower dimensionproblems(up to four verticesto optimize),aclear
globalminimumsurroundedy mary local minima.

An extremelyhigh couplingamongthe differentdegreesof freedom(i.e.: the vertices
of there ector, seeabove)is present.

Due to thosefactsaboutour target function, the usageof local descendanmethoddike
Pawvell's or ConjugateGradientdPTVF97 is precluded.This is especiallytrue for the last
one,wherethenoisy Monte Carlomethodmakesthe computatiorof derivativeseithermean-
inglessor, if anappropriatestratey for computingderivativesis used[PT91a],too costlyto
be affordable. This is so by the impossibility to accuratelycomputesmall variationsof the
re ector parametersyhich obviously excludesthe computatiorof dervatives.

And, becausef the high couplingamongthe differentdegreesof freedomby the highly
non-linearshapeof thefunctionto optimize,theoptimizationcannotedoneby incrementally
optimizing differentsubset®f thevertices.It is an“all or nothing” situation.



Chapter 4

General Re ector Design

4.1 Overview of a solution method

Our solutionapproacthstartsby reformulatingthe problemin thefollowing manner:Starting
from aninitial surface(which might be userprovided), iteratvely minimize the distancebe-
tweenthe outgoingradiancedistribution of the currentre ector, , andthe desired
(userspeci ed) outgoingradiancedistribution, desied (S€€Figure2.9),where isavec-
tor of dimension (i.e.: ) andde nes the shapeof the re ector (Figure4.1). Each
representatiomterpretsit asneeded:e.g. splinesseeit asa bidimensionalkrrayof control
points,while height elds usethemasanarrayof surfacepoints.

We aim atthe optimizationof afunction of theform
desied
The function canbe naturallyde ned in termsof a normin the spaceof outgoing
radiancedistributions,as ,where, issomeproperlyde ned norm.

Ourobjectivewill beto minimizethefunction . Theoptimizationalgorithmexplanationcan
befoundin Sectior4.4.

Insidethefunctionto computethe outgoingradiancedistribution for the currentre ector
describedby the functionwe will build anopticalsetanduseit in afunctionthathidesthe
exactde nition of the shapethrougha setof parameters/contrgdoints,containedn . Each
time we requirethe evaluationof that outgoingradiancedistribution, two stepsare taken:

FIGURE 4.1 An example of a re ector in our representation.

115
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FIGURE 4.2 Overall schema of the optimization procedure. A family of re ectors is generated, and the
better ones with superposed variance bars are averaged to obtain the one used at the next iteration.

First, generatea surfacewith the shapespeci edby , asdescribedn Section4.2. Then,a
specialroutinethatwe will call "lighting simulation”is invoked. Seebelaw, in section4.3,
for adiscussiorof differentpossiblechoicesor this function.

Basically thealgorithmworks“around” thechoserstartingre ector by generatingafam-
ily of new onesby iteratively moving eachoriginal componentf . Thosenew re ectorsare
evaluatedby the usageof a Monte Carlo Light Tracingalgorithm,andthe oneswith errors
closeto the onewith the besterror so far areaveragedo obtainthe solutionfor the current
iteration. Actually, “close” in this context refersto all re ectors whoseevaluationgivesa
valuewith a variancethat superposewith the error andthe varianceof the bestone. Once
this new re ector is generatedandif the userde ned tolerancehasnot beenachieved, the
algorithmproceeddy re ning thesurfaceby addingnew controlparametersandrestartshe
optimizationloop mentionedabove. SeeFigure4.2.

4.2 Shape representation

Thechoicefor therepresentationf the shapdas avery dif cult one,sinceanyspeci c shape
haslimitationsto modelfree-formsurfaces.All possibilitiesimply, oneway or anotheysome
sortof restrictionon the shapeshatcouldbe built. For example,therearerealre ectorsthat
presentonly continuity on a sectionof the re ector alongits main axis[EIm7§, while
otherspresenperfectcontinuity, atleastto third degree.

Severalpossibilitiesareoffered,amongwhich the splinesandtheregulargrid representa-
tionsseento bethe mostpromisingalternatves. Otheroptionsincludeawaveletrepresenta-
tion, multirresolutionsurfacesandirregulargrids.
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FIGURE 4.3 Lattice Boundary and Optimizable points.

4.2.1 Representation as splines

A goodchoicefor the shaperepresentatiomnvould be splinesbecausef their mary adwan-
tages:

They presentmuchhighersmoothnesandcontinuitythangrids.

Lesspointsareneededo achieve a highercontroloverthe surface. Thatis, lesspoints
needto be optimized,sogreatlyacceleratingur algorithms.

but, unfortunately

It isdif cult (speakingn termsof thealgorithmused)to makeit t exactlytheboundary
andspecialroutinesmustbe implementedn orderto matchthe surfaceof there ector
with theimposedooundary[HS9J.

Achievingthe  continuitymentionedaboverequiresupto now andto ourknowledge,
somesortof interactionwith the user Thereis not anautomaticwvay to know whenor
wheretheadditionalcontrolpointsmustbeaddedo beableto producehediscontinuity
in thesurfacederwvatives,althoughwe expectto be ableto solve this pointin thefuture.

It is muchmoredif cult to implementa renderingalgorithm, like Monte Carlo Path
Tracingduethe high compleity in ray/splineintersectioralgorithms.

4.2.2 Representation as a regular grid
We chooseto implementtheregulargrid representatioschemebecause:

Allows to avoid undesirablestriationssinceimages(in the optical sens)are formed
behindthere ector [CM97].
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FIGURE 4.4 Close up of tessellated lattice border.

An accuratetemplateor tool to build a physicalre ector from the resultingdatacan
easilybemade[CM97].

Theroutinesfor bordermatchingarevery simple: Only thegrid pointsinsidetheborder
areavailablefor optimization(the onesmarkedwith dotsin Figure4.3). Whenassem
bling the surface,the polygonsthat join the grid pointsthat de ne the surfacein the
interior of the borderwith the borderitself are created making a polygonalapproxi-
mationto the originally givenborder seeFigure4.4. In orderto do this, the borderis
intersectedvith thegrid linesandtheintersectiorpoints(markedwith circlesin Figure
4.4)areusedto build thepolygons.Thosepolygonsarecreatedollowing a patternlik e
theoneshavnin theFigure.

Ontheotherhand,regulargrid representationgresenthe following disadwantages

continuityatall thetrianglelinesin Figure4.4,thatareall overthesurface.

To be exible to adaptto the illumination requirementsmposedby the
radiancedistribution, the surfacebuilt needsmary verticeswhichincreasesomputing
times.

A ne gridis neededo achiese the smoothnesaeededy the manufcturingstandards
of theindustry

4.2.3 Choice of Representation

As mentionedearlier our currentimplementatiomaturallyveri es constraintof type 1 and
2 enumeratedn the previous chapter Constraintsof type 3 aretreatedby addingthemas
penalizingtermsto the objectve function, thus transformingthe constrainedprobleminto
an unconstrainedne. The penaltyimposedto the objective function is the squareof the
constraintviolation. This way inequality constraintsare handledthrougha penaltyfunction
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that “turns on” whenthe constraintis not satis ed. For example,the inequality constraint
givenby resultsin apenaltyterm

(4.2)

when is greaterthan andzerootherwisg KPC93, with  being
a convenientweightingfactorde ned asa systemconstantwith a very large value. Thus,in
the nal optimizationprocessa slightly differenterroris usedinsteadof the onepresentedn
Equation3.10,takinginto accounthe de ned constraintor eachvertex:

(4.2)

where is afunctionthatreturns when andzeroother
wise.Here,wemake toreturnthevalueof evaluatingeEquatior4.1. By usingthis

insteadof the original we areableto solve a constrainegroblemalmostin thesame
way we would do for anunconstrainedne.

Anotherpoint thatis worth mentioningis thatwe decidedto usearegular, isotropicgrid
to de ne our shape.Thus,the grid spacingis the samein both directionsat the planeof the
boundary Fitting thegrid is performedby letting the userchoosea numberof intervalsin the

directionandusingthemto computethe spacing.This spacingis calculatedastheratio of
the boundarywidth vs. numberof intervals. Unfortunately asthe spacingis choseno be
equaltothe spacingsomeof theverticesto optimizein the axiscouldbetoo closeto the
boundarywhichis speciallytruefor theverticeswith  closerto 0. Suchvertex con guration
would leadto severenumericalunstabilities asthosecon icti ve vertices closeto the border
areableto move throughlarge regionswithout producinga signi cative changen the shape
of thetrianglesthey de ne, andthus,withoutgenerating signi cativeimpactontheresulting
outgoinglight distribution. So,in orderto avoid suchunstabilitiesthe grid wascenteredn
the directionin suchaway thatno particularvertex is too closeto aboundary

4.2.4 Other Possibilities

One of the most promisinglines for future researchs wavelet hierarchicalcontrol of the
surface,sinceit allows to work from a roughapproximationn rst iterationsto controlthe
detailsin successieiterations.

Anotherhighly promisingpossibilityto implements thenonregulargrid, which allowsto
performadaptve placemenof grid verticesasneeded Of coursejn this casespecialroutines
to closethe boundariesandto build the nal surfaceswill be neededalthoughthe usageof
Delaunaytriangulationsvould be, without any doubt,of greathelpfor thetask.
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From/ what | shooting | gathering
eye shootingimportance| Monte CarloPath Tracing(light)
light source| Light Tracing(light) gatheringmportance

TABLE 4.1 Light Propagation possibilities according to what is traced

% Optical Set

1x1 camera

FIGURE 4.5 Location of the small camera when generating the distribution.

4.3 Light Simulation

In this sectionwe will evaluateand discusssomedifferentalternatvesfor this step,which
basicallyis the heartof our algorithms,asit representshe main partof the evaluationof the
above mentionederror function. This stephas,asits main objective, the computatiornof the
outgoing  radiancedistributionfrom a givenre ector shape.

4.3.1 Analysis of Light propag ation methods

As we cansee therearebasically4 alternatvesfor this step,eachonewith their advantages
anddisadantageshut with someapproacheappearing:learly betterthanothers:

Monte Carlo Path Tracing As a rst choice,a Monte Carlo Path Tracing basedap-
proachwaschoseno be at the heartof our generatorroutines:for eachdirection

, asmall-apertureameravasputin aregionvery far from there ector, oriented
towardsthe optical setandusedto gathertheincomingradiancefrom there ector, see
Figure4.5. An averageof severalsamplesvasusedto reducethe inherentvarianceof
themethod.

This methodwasinitially chosenbecauseave alreadyhad a working implementation
of a Monte Carlo Path Tracingwith Next Event Estimation[Laf96] thatwe couldrely

on sinceit wasthoroughlytested[MPP99, focusingour efforts on the optimization
methodandleaving the studyonimprovementson light propagatiormethoddor later.

Unfortunately this possiblyis oneof the worst choicesto be made,sincemoreor less
half of theraysthatcamefrom the cameravherelostandonly onehalf hit there ector.
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From this proportionof rays, it is almostimpossibleto nd raysthat, oncere ected,

wentthroughthepointlight source.So,BRDF evaluationwasneededvith thedirection
calculatedasthe direction of the ray that joined the intersectionpoint with the light

source. If the BRDF is highly specularprobabilitiesare that mostof the evaluations
resultedn analmostnull contribution, andthis situationclearlygetsworseastheBRDF

becomesnorespecular

Shootingimportance This algorithm propagatesimportance” from the eye towards
thelight source obtaininga “desiredlight sourcedistribution” thatmustbe compared
to the given light sourcedistribution andthus develop the desiredoptimization. The
overall performanceof this algorithmroughlyis the sameto the previous approachas
basically they areequivalentmethods.

Gatheringlmportance This algorithmstartsfrom thelight sourceandpropagatefrom
it towardsthedesireddistribution, getstheintensityfrom the“desiredlight distribution”
andcomparesheresultof back-trackinghisthroughtheopticalsetwith thelight source
radiancedistribution (a typical “gathering”con guration[PM93, Pat93 SAS92]).

Light Tracing this algorithmis, by far, the mostef cient andstraightforvardto code
from the four approachementionedaspropagateshe radiancerom thelight sources
to the restof the optical set, and thento the outgoingradiancedistribution. In this
methodeachray red contributesto the nal result,sothereareno lostrays. And, if
light raysaresampledat the light sourceaccordingto its enegy distribution per solid
angle,we shootmorerayswheremorelight is emitted. this way, we getan optimal
usageof the computationakffort of tracingrays,aseachray propagate$rom thelight
sourcecontributing signi catively to the nal result. As aresult,we needseveralorders
of magnitudelessrays (and lesscomputingtime) to achiese the sameaccurag and
guarantea variancesmallenoughto make our resultsbelievable.

As we cansee,several possibilitieswere studied,arriving to the conclusionthat Monte
CarloLight Tracingis the bestoption.

Unfortunately suchamethodrequiresoo mary samplego limit thevariance sowe have
alsoimplementeda secondight simulationalgorithmthat sacri cesaccurag throughsome
approximationgo gainspeedpnly for testing/deelopingpurposes.

This speci cally-tailoredalgorithmis basedn thefollowing hypothesis:

PerfectSpeculasurfaces.No attenuatiorcomputedn the BRDF
No attenuatiordueto propagation.
No visibility computationgreperformed.

As aconsequenceo interre ecionsarecomputed.
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FIGURE 4.6 Picture of our approximate but fast light propagation test algorithm.

Re BRDF| 0 |0.05|0.44| 1

A 2.68| 2.68| 2.68| 2.78
B 2.57| 257|257 2.65
C 2.76| 2.76| 2.78| 2.80

TABLE 4.2 Average path lengths found for the used re ectors (See Figure 4.14).

distributionsarecomputecdatin nity , sotheorigin of raysis nottakeninto account.
Polygonalapproximatiorfor there ector surface.
Isotropicpointlight sourcelocatedat the origin

With all theseassumptionsnd simpli cations, a fast, speci c light propagatioralgorithm
canbedeveloped,whichis fastenoughfor usto testour optimizationstrateies(seeSection
3.7) without losing the main propertiesof the functionto evaluate,seeFigure4.6. This fast
renderingalgorithm proceedsby computingthe re ection of the light sourceon the plane
of eachtriangle,andby computingthe illumination at the outgoingradiancerepresentation
directly from thelight source.Thisis, without furtherinterventionof there ector geometry
But, in orderto performour testswith an algorithmthat hasvariancepropertiessimilar to
thoseof a Monte CarloLight Tracingalgorithm,we did not usethedirectanalyticalsolution.
Instead,we computedthis distribution by ring a numberof sampleraysfrom the source
througha sphericakriangleboundedoy the original trianglefrom there ector. Theresulting
algorithmshaws the samevariancebehaior asour main renderingalgorithm, but only at a
fraction of the cost. Neverthelessit is importantto mentionthat,in the caseof there ectors
usedn ourexperimentsandin thecaseof therealonesusedby theindustry theapproximation
of notcomputingnter-re ectionsis severe.Interre ectionsareneededo accuratelycompute
theresultingdistributionresultingfrom the opticalset,ascanclearlybeseerfrom theaverage
pathlengths,shavnin Table4.3.1.

In any casepuralgorithmsweretestedwith bothmethodsshoving thesamecorvergence
propertiesn bothcases.
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Otherpossibilitiesthat shouldbe consideredor future work include hybrid approaches,
wherethelight propagates bothdirectionjoining in someintermediatereal or virtual sur
face like a PhotonMap approactJC98].

4.4 Optimization Strategy

In this sectionwe will describethe optimizationstratgy developed. The highly nonlinear

natureof the function to optimize mustbe taken into account,aswell asthe factthatit is

plaguedwith local minimahiding theglobalonewe aresearchindor.
Thealgorithmdevelopedcanbe simply describeds:

Reflector = create a low-res reflector
while (not converged) and (not userDefinedStop)
FreeVertexList = all vertices in Reflector
WrappedRefl := wrap(Reflector, FreeVertexList)
while (not converged) and
(FreeVertexList IS not empty)
addVertices(WrappedRefl, FreeVertexList)
optimize(WrappedRefl)

if (not converged)
increaseResolution(Reflector)

We startwith alow dimensionate ector (generallya cols  rowsre ector), andtry to
optimizeits shape.n orderto both alleviate the exponentialnatureof the changen re ector
resolution(numberof verticesto optimize),andalsoto allow amoreprogressie reductionof
theerrordistancewe introducedawrappingschemehatallows a progressie introductionof
verticesto optimize,seeFigure4.9.

Wrapping the surface

Basically a surfacewrapperis a datastructurethat wrapsaroundthe polygonalsurfaceto
optimize,exposingonly afew parameterto the optimizationalgorithm. Theway eachshovn
parametepf that setaffectsthe underlyingsurfacedependsn the exact wrapperde nition.
For example,a wrappercanexposea certainregion of the underlyingre ector for the opti-
mizerto focusonthis area,nterpolatingtherestin away transparento therestof thesystem.
SeeFigure4.7.

As mentionedabove, a wrappingstratey wasintroducedin orderto avoid bothto shov
anexponentialgrowth in the numberof verticesat eachiteration(seenext subsections)and
to build a too large searchspace. This was donebecauseaddingtoo mary verticesat one
time introducestoo mary variablesto be handledandthusforcesthe algorithmto perform
searchesn a broaderoptimizationspace. Suchstrategy consistson iteratively addingonly
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FIGURE 4.7 A wrapper shows a selected set of vertices, interpolating the others.

a few verticesuntil corvergenceis achiezed or a nev changein resolutionis neededwhich
occurswhenthereareno free verticesleft for the additionto thewrapper
We cananalyzethe two component®f this wrappingstratgy separately:

Thesurfacewrapper: this componentonsistson a basicwrapperwhich is initialized
with the verticesoptimizedat the previousresolutionof there ector (function“wrap’
in thecodeabove), andwhich interpolateghe othervertices.In our currentimplemen-
tationwe areusingthewell known Akima polynomialinterpolator

Theadditionof new vertices:eachtime thesurfaceneedsmore e xibility (optimization
hasnotcornvergedwith thecurrentsetof vertices) hew verticesareaddedby sortingthe
alreadyusedverticesaccordingo their (seeequatiorB.16),andchoosinghe
verticeswith worstvalues.For eachof thesejts surroundingverticesareselectedorm
the Free\értexList, andthe  with maximumre ector free areacoverageareaddedto
thewrapper

Using this strategy hasa small dravback that must be taken into account: it introducesa
limit to the minimum achievable sincethereis a certaindifferencebetweenthe
unwrappedsurface and the surface after wrappingis imposed. Of course,this difference
diminishestowardszeroasthe algorithmaddsnew verticesat eachiteration.

Global Optimization Algor ithm

As mentionedearlier traditionalnumericaloptimizationalgorithmsfail in solvingthis prob-
lem dueto the high couplingamongthe differentdegreesof freedom(i.e.: the verticesof the
re ector, seeSection3.6.3),the noisy natureof the Monte Carlo evaluationof the radiance
distribution (seeSectiord.3) andthe mary local minimapresentn the shapeof thefunction.
Thus, we wereforcedto switch to a global procedurehat performsa brute-forcesearchin
a subsebf the searchspace.At the coreof the algorithm,we conductedestsof the perfor
manceof eachmembeiof afamily of re ectorsobtainedoy iteratively combiningtheaddition
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of anincrementto eachoneof the vertices.For this to be practical,the sizeof this generated
family of re ectorshasto bekeptmanageableObviously, thedesiredaccurag givenby these
incrementaddedo thevertices(trying to ensurehatthefamily containsatleastonere ector
closeto the desiredtarget),andthe sizeof suchfamily arecloselyrelated.

This basicalgorithm makestoo mary unnecessargomputationsso a more intelligent
versionwas developed,which sortedthe verticesaccordingto their and put more
effort wherea larger errorwasfound. This is possibleas canbe seenasthe vertex
differentialin uence on the differencebetweenhe actualanddesiredoutput, but it mustbe
remarled thatthis local measureof the erroris only usedto give a hint to the optimization
algorithmon whereto put moreeffort andby reducingthe searchspaceof possiblere ectors
to test, but the global optimizationis still guidedby a global criteria, asis the
mentionedbefore. The verticeswere groupedin setsandthe subsetof verticeswith worse
behaior was more nely sampled. This can be donebecause gives hints on the
overallshapeerrorin avertex neighborhoodsowe shift theefforts of theoptimizationtowards
thoseregionsthatshow the biggestdeviationsfrom the desiredshapgseeSubsectior8.5and
Figure3.12).

The nal searchspacewashbuilt from thesetof vectors ,with  The
numberof verticesto optimizeand thevectorwhosecomponentare .
Thevaluesfor aretakenfrom , and is the numberof stepsfor
eachdegreeof freedomresultingby the sorting. This meansthatit is guaranteed
that if . In this equation, is theresultingparameter
spacdrom the previousiteration. It is importantto mentionthat,in this earlierversionof the
algorithm,the wherechoserarbitrarily following anad-hocsuccession
of numbersthat weretunedto work well for our experiments. Thus,the rst vertex in a7
vertex optimizationprocedurgthe onewith worst ), wasgiven,in anarbitraryway, 5
possiblepositionsto span(the middle onebeingits default positionat the basere ector), and
thefollowing onesweregivensuccessie lower numberdn a pairwiseorder:5, 5, 4, 4, 3, 3.
As canbeclearly seenthis proceduras clearly ad-hocandwaslaterimproved (SeeSection
5.2.6).

Ontheotherhand,following thediscussioron Section3.6.5,we wantedthis searclspace
to be asrich aspossiblefrom the informationalpoint of view. Thatis, we wantedour sam-
plesto carryasmuchinformationof the shapeof theunderlyingfunctionaspossible without
interferingwith eachother Thus,we neededhatary two measureso be stochasticallyin-
dependentso we mustevaluatethem separatedby a distancelarger thanthe rangede ned
from the semvariogram.Thatis, in our experiments , with  therangeof the
semvariogramseeSection3.6.5.

The brute force proceduredescribedabore is not enoughwhentaking into accountthe
noisynatureof the Monte Carloalgorithmsusedin thelight simulationstep(seeSectioré.3),
asacertainvariancds associateavith eachevaluationof the function. Thus,perform-
ing thebruteforce searchandretainingonly the bestvalueis notright, aseachevaluationhas
anerrorassociatethatcannotbedisrggarded.So,a nal versionof thebruteforcealgorithm
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FIGURE 4.8 The Optimization Algorithm: an overview.

wasdevelopedwhich dealswith thissituation:eachtime avalueis computedits erroris taken
into accounby comparingts valueminusits associategtariancewith respecto thebestsofar
plusits respectre associatedariance(remembemwe areminimizing towardszero). Thatis,
if :
thevalueis keptin alist thatrepresentall valueswhich mayimprove with respecto thebest
sofar (consideringhe respectie variancebars). To obtainthe associatedariancebars,the
algorithmusesa pre-computedable of standarddeviationsindexed by the numberof rays
usedin thelight simulation.Finally, atthe endof a Brute Forcepassthelist retainsa certain
numberof candidatesvhoseerror barsoverlapwith the bests one. To chooseone, the list
is progressiely Itered athigheraccurag by increasinghe numberof red raysatthelight
propagatiorcomputationsuntil only onevalueremainsin the list or until we have reached
our maximumtolerableaccurag. In thelater case we canconsiderthe valuesassamplesof
thesameidealre ector, andaveragethemto getthe nal value.SeeFigure4.8.
Thecodeis depictedn thefollowing algorithm:

{ Brute Force Pass }

ErrorBar = Error Bar at Current Accuracy

For each reflector R in the restricted SearchSpace
evaluate R
if  (Error_used(R) - VarianceBar <=

Error_used(BestAtList) + VarianceBarForBest)
add (R, VarianceBar) to List
{ Filtering Pass }
while not at maximum accuracy
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FIGURE 4.9 Number of vertices at each iteration and resolution changes (axially symmetric re ec-
tors). The dotted rectangle shows the actual re ector resolutions used for optimizations.

increase  accuracy
filter List at new accuracy
return  (Average reflectors in List)

Increasing the resolution

Eachtime the algorithmruns out of new verticesto addto the wrapperand the achiered

resultdoesnot satisfythe corvergencecriteria,a changen there ector resolutionis needed.
This is simply performedby doublingthe grid resolutionin both axes simultaneouslythus

gettingan overall quadraticbehaior in the numberof new verticesaddedat the outerloop

in the algorithmdescribedabove. This bringsaboutthe needof the wrappingschemeabove

describedo alleviatethe growth, asdepictedn gure 4.9.

4.5 Used BRDFs

As mentionedabove, we testedour algorithmswith several differentBRDFs, rangingfrom

the purespeculamoneto a mostly diffuseone. In the lastcase the BRDF usedis a classical

PhongBRDF, which for anincidentdirection , anoutgoingdirection andalocal normal
,is:

where and . Thediffusecoefcient , the
specularcoefcient, andtheroughness for theusedBRDFscanbefoundin
Figure4.10. Thenumberghatidentify eachBRDF aretheresultof calculatingthe Diffuseto
Specularatio

4.6 Numerical Accur acy

Theresultingvariancesanbefoundin Figure4.11for thefastbut approximateenderingal-
gorithm,andfor Light Tracingwith a purespeculamodel,while in Figure4.12thevariances
for thedifferentPhongmodelsusedarepresentedSeesectiord.5.
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BRDF
0 0.4 0 0.3
0.05 0.9 0.045 0.2
0.44 0.9 0.4 0.14
1 0.4 0.4 0.075

FIGURE 4.10 Coef cients for a Phong BRDFs.

rays/BRDF| FnD Specular
100 | 1.41499 0.981798
1000| 0.346972 | 0.321069
10000| 0.102837 | 0.100027
100000| 0.0326542 | 0.0334613
1000000| 0.0107903 | 0.0121
10000000} 0.00398319 0.00707415

FIGURE 4.11 Variance Tables for the used experiments, Light Tracing with pure specular BRDF and

our fast but inaccurate rendering algorithm

Numberof rays | O 0.05 0.44 1
100 | 0.94091 1.33486 3.89215 | 4.9403
1000| 0.304718 | 0.486283 | 1.32524 | 2.29954
10000| 0.0942964 | 0.140659 | 0.387511 | 0.592163
100000| 0.0303306 | 0.0432293 | 0.129884 | 0.209771
1000000| 0.00928873 0.0130925 | 0.0427793| 0.103114
10000000| 0.00317985 0.00448643 0.0140232| 0.0294611

FIGURE 4.12 Variance Tables for the used experiments, Phong BRDFs.

As a nal remark,we can clearly seethe closerelationshipbetweenthe diffusiveness
of a BRDF andits variance,asthe more diffuse a BRDF is, the highervarianceit shaws.
This hasanimmediateeffectin our computationsasthe variancemustbe controlledall over
the optimizationprocesdn orderto guarantee certaincorvergence. It is clearthat, at ary
time in the processthe optimizationstepscannot go furtherthanthe respectre variancefor
the currentnumberof rays. This imposesa limit on the minimum achievable error, asno
procedurecandistinguishvaluesthatarecloserto zerothanthe variance.
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FIGURE 4.13 Graphical comparison of the variances for the used BRDFs.

4.7 Results

Our algorithmwastestedagainsta setof testproblemsbuilt with simulateddata,aswell as
real  distributionsusedin industrialprojects.For theformercasesanisotropiclight source
wasused,while arealonewasusedfor the latter The shapeof thetestobjective re ectors
canbefoundin theleft columnat Figure4.14.As canbeseenn Table4.3,it performedwell
for thoseproblems bothwith our fastbut inaccuratdight propagatiormethod,andwith the
muchmorepreciseandgeneraLight Tracingalgorithm.Examinatiorof thistableshowvsthat
theiterations nished with re ectorsthathadbetweenl0%and14% of theinitial error, after
only two iterationsof the externalloop, andtwo iterationson theinternalone,asdescribedn
Section3.7.

Theresultinglight distributionsfrom thosere ectors canbefoundin Figure4.15.

Onecanseethe initial light distribution andthe nal light distribution for one of such
casegC)in gures 4.16and4.17

We alsoperformeda testwith varying BRDFs,rangingfrom a purespeculaito a almost
diffuse surface,seeTable 4.4. The usedBRDF is the previously describedPhongModel
widely usedin the ComputerGraphicsRenderingcommunity andthe variationswhereper
formedby changinghediffuseandspeculameightsin themodel. The rst thingto noticeis
therisein thevariancen thefunctionevaluationsasthe BRDF goesmoreandmorediffuse,
somethinghatwasclearly expected. The consequences that, the morediffusethe surface,
themoreraysareneededo achieze a smallincreasen accurag, which leadsto forbiddingly
high computingtimesfor a very diffuse surface. Also, for very diffusere ectors, it makes
theresultsof our algorithmuntrustworthy, sincethe functionvaluebecome®f thesizeof the
variance.n this contet, we canseethatit hasno senseo useanyoptimizationalgorithmfor
highly diffusesurfacesascanbeseenin thelastrow in Table4.4.

It is importantto mentionthat the processof wrappinga surfaceintroducesa limit for
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DesiredRe ector | Final Re ector

FIGURE 4.14 Our desired objective re ectors (left column) and the ones obtained as nal result of
our optimization procedure (right column). In the rst row it is shown the starting re ector shape used
in our algorithm. This starting re ector produces the light distribution shown in gure 4.16, while the
distributions for case C can be found in Figures 4.15 and 4.17

theminimumachiezableprecision sincethe wrappedsurfacecannotbe equalto the original,
however similar. In Table4.5it is possibleto seethe abose mentionedlimits for our test
con gurationsin the caseof our roughlight propagatiormethod,andthis valuesshouldbe
takeninto accountvhensettinganobjectvefor optimization.For thisreasorwe canconclude
that, at the level of approximationused,the nal valuesin Table 4.3 cannotbe expectedto
be lower thanthe valuesshown in Table4.5 andare,underthis light, very acceptable.The
analysisof this error mustbe madetakinginto accountthe varianceof the simulationfor the
givennumberof red rays,seeSection4.6.

With respectto the previous work donein the eld, andto the bestof our knowledge,
thisis the rst algorithmgeneralenoughto dealwith genericBRDFs, inter-re ectionsinside
the optical setanda piecavise polygonalapproximatiorto the surface,thusperformingary
comparisorwith ourresultsis dif cult, if notimpossibleandprobablymeaningless.
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FIGURE 4.15 Resulting light distributions from the re ectors in Figure 4.14

From our experimentswve canconcludethat the presentedalgorithmis stableandrobust
for purespeculamandhighly glossyre ector surfaceswhile its corvergencediminishesasthe
BRDF goesdiffuse. This happendecausaliffuse BRDFstendto blur the informationout,
makingit impossiblegfor theoptimizationalgorithmsto distinguishthedominantfeatureshey
aretrying to x. This phenomenortaneasilybe predictedby studyingthe behaior of the

variancedor a givenBRDF with respecto thenumberof red rays.

From the above, we canconcludethat our objectve of presentinga rst feasiblealgo-
rithm ableto treatthefull inversere ector designproblem(generaBRDFs,Interre ections,
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Initial FnD: Final LTR: Final | lter.

A|18 0.1 |0.278 0.004| 0.17 0.03] 2/2
B[22 0.1 |0.287 0.004|0.19 0.03]| 2/2
C|20 01 |0.262 0.03 |0.16 0.03|2/2

TABLE 4.3 Comparative Results for several experiments. Here, FnD refers to our fast but rough light
propagation algorithm, while LTR is the full Light Tracing computation for this step. The “Iterations”
column shows the number of outer-loop/inner-loop iterations needed until convergence was acceptable
by user's criteria.

Diff. to Initial Final ratio
Spec.Coef

0 0.25 0.09|0.09 0.09]| 2.8
0.05 0.3 0.1 0.14 0.04| 2.1
0.44 0.6 04 04 04 1.5
1 0.8 0.6 0.6 0.6 1.3

TABLE 4.4 Comparative Results for different BRDFs, ranging from a pure specular one (rst row) to
a diffuse one (last row). The Diffuse to Specular coef cient is the ratio between those coef cients in a
regular Phong BRDF formula.

usingtheunwrapped
surfaceasreference
A | 021 0.01

B | 0.23 0.01

C | 013 0.01

TABLE 4.5 Errors introduced when wrapping a surface, measured with respect to the same surface
prior to the wrapping process. In this case, the number of vertices added to the wrappers are the same
that the ones at the end of our simulations.

generalight bulbs, etc),andtakinginto accountindustryrestrictions hasbeenachieved.

Themaindravbackof our currentsolutionis its speed executiontimesarein theorderof
days),but waysof improving its performancereclear(seenext Section).Neverthelessour
solutionin its currentform is alreadyusefulfor light designersincethe traditionalmethods
take severalweeksto provide a solution.
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FIGURE 4.16 Initial Light Distribution on a diffuse at surface.
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A A

B B

C C
DesiredDistributions Distributions nally obtained

FIGURE 4.17 Desired and nal light distributions for cases A, B and C (Figure 4.14) on a diffuse
at surface. The right column shows the distributions obtained by our algorithm, starting with the
distribution shown in Figure 4.16.



Chapter 5

User Guided Optimization

In this chapterwe will describethe way optimizationcanbe improved by taking advantage
of the users knowledgeof the re ector to be built. Thisis donein a two-fold manner:on
oneside,usea userprovided shapeasstartingpoint for the optimizationprocedureand,on
the other hand, usethe con dence boundsthe usergave with the shapeas boundsfor the
optimizationprocess.Thoseboundsareintendedto be usedto focusthe optimizationon the
family of possiblere ectorsto the onesaroundthe userprovidedstartingshape.

5.1 UserInput

Basically knowledgefrom the useris givenby providing a referencestartingsurfaceanda
measureof con dence. Thatinitial shapeis provided asa setof heightsfor the prescribed
grid locations which could be hand-generatedr built by usingary of the availablere ector
shapeeditors. On the otherhand,the users toleranceis introducedby providing two real
numberghatrepresenthe upperandlower boundgo theheightsprovidedin the le de ning
the surfaceshape.This boundsarethentakenasanadditive upper/laver limit onthe heights
eachvertex couldtake with respectoits initial position.We cansaythatthistwo realnumbers
represenbffsetsfor thebasicsurface,generatingwo new surfacesalowerandanupperone,
which arethe newv boundingbox for the future optimizationcomputations.SeeFigure5.1.
Extensionswvherethe userprovidescon dencelevels at a vertex-wise level could easily be
incorporatedn the systemdescribedn this chapter

5.2 Userguided optimization

Here we will explain the speci cally tailored userorientedoptimization procedure. This
procedureconsistsof two nestedoops, the externalone responsibleof the multi-resolution
changeon the shapg(SeeSection4.4), andthe otherone consistingof two basicstepsthat
executeauntil acornvergencecriteriahasbeenachieved. Thesetwo stepsare(SeeFigure5.2):

Overall Accommodatior(Section5.2.1)

135
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FIGURE 5.1 The user-provided tolerance is used as a bound on the space of attainable shapes.

Vertex Optimization(Section5.2.3)

Of course pothstepsmustpresere the userprovidedboundsandin Section5.2.5a detailed
descriptionof theway thiswasensuredn the optimizationprocesss presented.
Theresultingalgorithmlookslike

Reflector .= User defined reflector
while (not converged) and (not tooManylterations)
while (not converged) and (enough change in error)
Overal Accomodation(Reflector)
error = Vertex Optimization(Reflector)
if not converged
increaseResolution(Reflector)

5.2.1 Overall Accommodation

This stepconsistsof trying to modify the original surfacewhile trying to retainits original
shapeat the sametime. This is donebecauseve considerthatthe userprovided a shapehat
is closeto the desiredone,sowe try to take maximumadwantageof this information. Thisis
doneby takingtheoriginal surface,de ned asafunctiononthe plane:

andchangingit by introducinga linear modi cation in eachpossibledimension. This way;,
thesurfacenow becomes function of and of theform
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FIGURE 5.2 The Optimization Algorithm: an overview.

where and introducelinearvariationin the axis,while the otherfour new variablessene

aslateral/longitudinabccommodatiofinear correctionterms/fictors.SeeFigure5.3.
Unfortunately this 6-degreesof freedomoptimizationwould representoo long calcu-

lation timesif we aretrying to reducethem, so it wasreplacedby a two-stepoptimization

process:In the rst one,only the® ” variableis modi ed, sincethis is the mostimportant
dimensionto look at. Thisresultsin atwo-stepprocess:

First,theoptimizationof and in theexpression

(5.1)

leaving thevariables  asconstantsvith respecto the optimizationprocess.Thisis
donewith the usageof a Grid AccommodationNrapper seenext Section.

Then,the directionsarelooked at, resultingin the optimizationof and in
theexpression

With and actingnow asconstantsith respecto the optimizationprocess.
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FIGURE 5.3 The usage of the variables and

Specialcare must be taken when settingthe boundsfor the optimizationof thesefour
variablesasno vertex mustbere-locatedo a placeoutsidethe shapeboundary

Thisis donethroughthe usageof asetof classexalledAccommodationNrappersEach
of thoseclassegSeeSection4.4) hasspeci ¢ rolesduringthis optimizationstage.In particu-
lar, we useda “Grid Accommodatiorwrapper’duringthe optimizationof the variables
above mentioned and in the rst round,and and for thesecondne).Thiswrap-
peronly shaws thosedegreesof freedom,hiding the remainingverticesfrom the restof the
application.Theresultsof this stagearekeptfor theremainingof the mainoptimizationloop
into a “Fixed Grid Accommodationwrapper”, which modi es the underlyingsurfacewith
thosevalues,while exhibiting the the individual vertex choserfor optimizationto the restof
the optimizationalgorithm. This way, the optimizationproceedsasbefore,but the resulting
generatedurfaceshave those variablesasdiscussedn next section.

5.2.2 Accommodation Wrapper s

Basically the AccommodationWrappersare built from a hierarchyof wrappersformed by

threeclasses:a GenericGridAccomodationWrappandits two subclassesthe GridAcco-

modationWrappeandthe FixedGridAccomodationWrappebeeFigure5.4.
Thosewrappersvork by alteringnotthe shapedatastored but thelocationof thevertices
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GenericGridAccomodationWrapper

A

GridAccomodationWrapper FixedGridAccomodationWrapper

FIGURE 5.4 Accommodation Wrappers.

Optimization Algorithm

|
o

Base Surface
Wrapper

FIGURE 5.5 Working of the Grid Accommodation Wrapper.

generatedvhende surfaceis built for testingjust beforethelight simulationstep. This way,
we areableto alterthe dimensionswithout really changingthe internal datastructures.
Sincethis steponly affectsthe way the outgoinglight distribution is computedthis change
hasno sideeffectson therestof the optimizationprocess.

The main differenceamongthe two type of AccommodationWrapperss the degreesof

freedomthey shaw to the optimizationprocess:The GridAccomodationWrappeworks by
letting the systemoptimize the above mentioned and variables,although,as
mentionedabove, the six variablesareoptimizedin two setsof two ( and ) andfour (
and ) degreesof freedomeach. SeeFigure5.5. On the otherhand,the GridFixedAccomo-
dationWrappemworks in a completelytransparentvay towardsthe restof the optimization
process:Onceit is initialized with the above mentionedsix values,it modi es the way re-
ectors arebuilt at the light simulationstep, passingthroughthe usualdegreesof freedom,
i.e. the heights( ) for eachlocationon thevertex grid. Thisway, therestof the optimization
canproceednuchin a similar way aswasdescribedor the generalcasewhile retainingthe
resultsof the previous stepin the iterative processasdescribedn Section4.4. SeeFigure
5.6.



140 CHAPTERS. USERGUIDED OPTIMIZATION

‘ Optimization Algorithrﬁ

Base Surface
Wrapper

FIGURE 5.6 Working of the Fixed Grid Accommodation Wrapper.

The optimization processitself is performedby the global optimizationalgorithm de-
scribedbefore,with boundssetaswill bedescribedn Section5.2.5.

Thepseudocodéor theinnerloop presentedbove canactuallybe rewritten asfollows:

Refl := User defined reflector
WrappedRefl := GridAccomodationWrapper(Refl)
XYZfactors = optimizeXYZ(WrappedRefl)
WrappedRefl := GridFixedAccomodationWrapper(R efl,X YZfa ctor s)
While (not converged) and (not tooManylterations)
error = Vertex Optimization(WrappedRefl)

If not converged
increaseResolution(Refl)

5.2.3 Vertex Optimization

Oncethe overall shapewas optimizedas much as possiblein the previous step,andif the
obtainederroris not lower thanthe desirederror, the optimizationstratey proceedgo per
form a minimizationof the resultingerror on a pervertex basis. But, beforedoing that, the
verticesthataremostsigni cativefor theoptimizationshouldbeidenti ed, in orderto beable
to useamodi cation of thealgorithmsalreadydescribedor thenon-useguidedoptimization
[PPV04. Thesealgorithmsarebasednanoptimizationprocedurdasednthe Akimainter-
polationalgorithm. The maindifferencewith thealgorithmsdescribedn the previouschapter
is thattherewe startedwith anextremelylow-resolutionsurface,progressiely re ning it and
addingnew verticesto the optimization.Herewe arein the situationwherethe userprovides
a high resolutionre ector to startwith, sothereis no previous surfaceto useasa reference,
andwe do not know a priori which verticesshouldwe startwith for theinitial optimization
process.
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5.2.4 \Vertex selection

In orderto nd the setof verticesto be usedto controlthe rst iterationof the optimization
procedurewe usea purely geometriccriterion, trying to selectthosethat ensurethe high-
estcontrol of the underlyingsurface. Then,in successie iterations,verticesare addedas
describedn Section4.4.

This criterion is basedon choosingthe verticesthat minimize the geometricdistance
( ) to all otherswhile maximizingthe distanceto thosealreadychoserby the algorithm.
In orderto do that,the distancebetweerto vertices  isde nedas

where and arethe coordinate®f theverticesin thegrid. For ary givenvertex , we
cande ne thevalue

Then,the verticesarechoserby executingthefollowing algorithm

sort vertices i by weight(i)
while  (more vertices needed)
f =0
found := false
while (not f=endOfVertices) and (not found)
if not hasChosenNeighbor(f)
put vertex f in chosen list
updateVertexWeights(f)
found := true
f++
if not found
haltWithError(NOT_ENOUGH_VER TICES AVALAB LE)

andthe procedure'update\értexWeights(f)” subtractdo all vertex-associatedveightsa
termproportionalto the distancefrom eachvertex to thenew choserone:

where is a corvenient, positive weighting factor and is the index of
thevertex recentlychoseno actasanoptimizationvertex. The condition“hasChosenNeigh-
bor(f)” is usedto ensurethatno two neighboringverticesarechosensinceit wasfoundto be
a badpracticeto usethis type of verticesin orderto controlthe surfaceshapean theinterpo-
lation processasa concentratiorof optimizableverticesin aregionreduceshe e xibility of
theachievablesurfaceby thevertex interpolatoraterused(see[PPV04).
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5.2.5 Bounded Optimizations

As mentionedabove, the optimization must respectand presere the userde ned bounds
aroundthe original shape This meanghatthe shapemustverify

for every point inside the shapeboundary In mostcases, IS negative.
Remembethatin our currentimplementationwe are dealingbasicallywith a discretegrid
of heights,andthusthis conditioncanbe controlledonly onthosegrid locations.Fortunately
sinceboththeusersurfaceandtheworking surface(theonetheoptimizationalgorithmworks
with) arede ned overthesamegrid locations thisdoesnotrepresenary problemin thesense
that, asintermediatepointsareinterpolatedrrom thosevertices,they cannotgethigherthan
theuserde ned surface(plusbounds)f theirinterpolantdo notdo so.
Theboundsfor the optimizationprocessarecontrolledin afew steps:

First,in theOverall Accommodatiorstep(describedn Section5.2.1), and in Equa-
tion 5.1arecontrolledby nding themaximum(andminimum)possible and values
that the optimizationcould use,and usingthis as boundsfor the global optimization
procedure.This is donein a conserative way, by computingthe minimum andmaxi-
mum and valuesfor eachvertex andkeepingthe oneswith smallerabsolutevalue.
Caremustbetakenas is amultiplicative factorthatshouldremainin the proximities
of 1. Thus,anew value is keptasanew lowerboundfor if andonlyif theabsolute
valueof oneminus is smallerthanthe bestvaluesofar. Thisis valid asall values
for the lower boundare alwayssmallerthan1. The sameis true for the upperbound,
but this time comparing , asall valuesare alwaysbiggerthan1. Then,the
resultingboundsfor  arethe best amongall evaluatedvalues. Similar steps
shouldbetakenwith , but thistime performingjustaminimizationof absolutevalues,
as variesaroundo.

At the Vertex Optimizationstage,describedn section5.2.3,oncethe GridFixedAc-
comodationWrappeis used,the and valuesoptimizedin the previous stepof the
iterative proces@reset,andthus,for therestof theiterationeachvertex is givenabound
thatis the correspondingalue given by the userplusits bounds,taking into account
thevertex currentpositionandthealreadymentioned and factors.In thisway, each
vertex hasanlower/uppemboundgivenby the correspondingiserprovidedvertex plus
its original lower/upperboundminusits currentvalue at the presentteration, always
modulatedby the and previously computed.

5.2.6 Contr ol of Vertex Displacements

The algorithmin [PPV04 useda x ed spacingfor the vertex movementsput it wasfound
out thatusingthe relative error not only to establishthe ordering,but alsoto adapt
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the numberof stepseachvertex spansvasextremelybene cial for the optimizationprocess.
This improvementcomesfrom the fact that the relative error describeds a measureof the
local errorin shapethat eachvertex contritutesto the overall error, andit seemdogical to
useit asa guide of whereandhow mucheffort is neededor eachvertex. The algorithmfor
choosingthe numberof stepsfor the verticesstartsby choosingan approximatebudgetof
re ectorswe arewilling to evaluate(about18000in thetestsperformed).It is easyto realize
thatthe productoverthe verticesto optimize mustequalthe given , if we assume
eachvertex will spananumber of positions:

Then,if  is approximatelyproportionalto its status:

(with aproportionalityconstant)we have thatthe budgetwould be givenby

andthustheconstant canbefoundoutas

Fromthere,it's easyto computethe numberof stepsfor eachvertex as

Thus,in practice therealnumberof re ectorstestedis “around” the prede nedbudget. For
example,in our experimentsthe original budgetwas setto 18000re ectors, anda number

rangingfrom 13000to 21000re ectorswasbetested.Of course|f the is to betaken
asan absolutelimit for our numberof testedre ectors, the function shouldbe
usedinsteadof in thelastexpression.

5.3 Results

In this sectionwe will presentthe resultsobtainedwith the new algorithmdescribedn this

chapterandcompardt to previousresultsfrom therespectie previoustechniquesin Figure

5.7,thedifferentdesiredre ectors areshavn, andin Figure5.8, atableshaving the desired
(1strow) andtherespectre userprovidedre ectorsaredravn. As it canbe seenthosepro-

videdby theusershawv asimilaritieswith thedesiredresults asexpectedrom anexperienced
userwith a goodknowledgeof whatto expectfrom the givenrequirementsFor later analy-

sis, the respectre averagepathlengthsof the tracedraysfor the re ectorsin Figure5.7 are

presentedn Table4.3.1.
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C
DesiredRe ector

FIGURE 5.7 Our set of desired objective re ectors (See Figure 4.14)

A2

A3

FIGURE 5.8 First row shows the desired re ector, and the lower rows show user provided starting
re ectors .
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In Figure5.9 a comparisorof theresultswith andwithout userhelpis presentedor case
A. It is importantto obsene that the variancefor the userguidedalgorithmis muchlower
thanthatfor thegenerabne,becausd 0timesmorerayswereused.Ilt wasnotpossibleto use
thesamenumberof raysasthe generakaseastheinitial valuefor the userprovidedre ector
was small enoughto be comparablgo the associatedariancefor that numberof rays. So,
thealgorithmusesa highernumberof raysfor the optimizationin orderto bereliable(it was
foundin practicethatthe error valuesusedat ary time shouldbe not higherthanaboutone
third of the currenterrorvalue). As we cansee the resultson the userguidedalgorithmare
guitepromising,ascomputatiortimes(lastcolumn)reducedrom theorderof 10 daysto only
one,evenwith theincreasan thenumberof red rays. It mustbetakeninto accounthatthe
useris requiredto provide a surfaceclosein shapeto the shapeof the nal solutionin order
to getthosecomputationtimes. Also, it mustbe notedthat the resultingerrors(in column
four) are presentedt the computationgrecision. This providesa measuref the quality of
the resultsachiezed by the optimization. So, whatis mostimportantaboutthis tableis the
factthatthe userguidedalgorithmstartedwith an errorwhich is, moreor less,the sameas
the onefor the generalversionof the algorithm, giving muchbetterresultsat the enddueto
thebetter userprovided, startingpoint used.

BRDF | test| Initial | Final | time

old 0.25 0.1 0.09 0.09 10days
0 Al | 0.06 0.03 | 0.05 0.03 | 20h41'46.5"
A2 | 0.05 0.03 | 0.04 0.03 |21h24'39.4"

A3 0.1 0.03 0.05 0.03 | 31h35'45.4'

old 03 0.1 0.2 0.1 10days
0.05 Al | 0.17 0.04 | 0.16 0.04 | 26h37'50.2"
A2 | 0.22 0.04 | 0.17 0.04 | 40h08'34.1"
A3 | 0.23 0.04 | 0.16 0.04 | 22h17'00.4"

old| 055 04 04 04 10days
0.44 Al | 0.35 0.13 | 0.27 0.13 | 34h05'36.0"
A2 | 1.02 0.13 | 0.31 0.13 | 20h53'22.9"
A3 | 056 0.13 | 0.28 0.13 | 28h19'54.7"

old 0.8 0.6 0.6 0.6 10days
1 Al 0.5 0.2 0.4 0.2 24h29' 28.5"
A2 1 0.2 05 0.2 25h38' 46.0”
A3 0.9 0.2 04 0.2 20h44' 28.0"

FIGURE 5.9 Comparison of the results without (old algorithm) and with user help. The second column
shows the results obtained. The experiments are labeled following the names given in Figure 5.7

Figure5.11furtherillustratesthoseresultsby plotting the desiredlight distribution ( rst
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Re BRDF| 0 |0.05/044 1
Al 2.71| 2.73| 2.75| 2.78
A2 2.75| 2.76| 2.81| 2.84
A3 2.81| 2.8 |2.98|3.01
Bl 281| 2.8 |2.85|2.89
B2 2.88| 2.86| 2.87| 2.89
C1 3.09| 3.07| 3.10| 3.14

TABLE 5.1 Average path lengths found for the optimization with used user-de ned starting re ectors
(See Figure 5.7) and Table 4.3.1 for a comparison with the desired objective re ectors .

column), the startingdistribution for the generalalgorithm (secondcolumn, rst row), the
nally obtaineddistribution (secondcolumn,secondow), the distribution for the startingre-
ector for the userguidedmethod(secondcolumn,third row) andthe resultingdistribution
after the optimizationof the re ector shape(secondcolumn,forth row), aswell astheir re-
spectve errordistributionswith respecto thereferenceone(third column).It is importantto
noticethat, althoughthe generalalgorithmgave a reasonablygood performanceon the gen-
erateddistributions, the userguidedalgorithmoutperformsthe generalone by generatinga
distribution shawving errorsmuchsmallerthanthe onesobtainedbefore.

In Figure 5.12 somecomparisonof the performanceof the improvementdescribedin
Section5.2.6(labeledwith “b”) with respecto thegeneralersion(labeledwith “a”) canbe
found. This old versionusesa x ed numberof auxiliary re ectors thatis the sameasthe
budgetusedfor the new algorithm,soit is expectedthat,in average both algorithmswould
evaluatethe samenumberof re ectors. As canbe clearly seen the newer, status-baseday
of distributing there ectorsto testleadto equalor betterresultsthanthe previousone,andin
mostcaseswith aconsiderableeductionin thetime neededOf coursejt mustbetakeninto
accountthe fact thatthe original spandistribution was carefully chosento optimize mostof
theexperimentswve initially did, thusleadingto satisactorily resultsfor them.

And, nally, at Table5.13we canseethe experimentsperformedto testour algorithms
with differentBRDFsanddifferentstartingandtarget points. The table shaovs thatthe nev
algorithmbehaes quite satisactorily underthoseexamplesaswell, with running times of
aboutoneday, which is signi catively lessthanthe previous version,non-userguidedalgo-
rithm, which took about10 daysfor the optimizationprocess..

It is importantto mentionthat, in thoseuserguided experiments,the usageof a local
illumination-basedenderingmethodis unfeasibleasthe mary bouncesieededo accurately
computethe outgoingradiancedistributionsrequirescarefulcomputationdy usingthe more
generalMonte Carlo methods.This is supportedy the averagepathlengthshown in Table
5.1, clearlyshowving thatlocalilluminationalgorithmsareinadequatéor thissortof problems.
Also, notethatthe numberof bounceshasa smallbut clearincreasewith thediffussvenesof
thesurface.
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Referencdre ector \ Starting/ObtainedRe ector
PreviousMethod[PPV04]

initial re ector

nal re ector
Userguidedoptimization

userprovidedstartingre ector

obtainednal re ector

FIGURE 5.10 First Column: Re ector that generated the desired distribution, Second Column:;
starting re ector for general version of the algorithm [PPV04]. The example corresponds to the original
Example B in Figure 5.7 (with its initial and nal re ectors), and the B1 re ector in Figure 5.8 used as

the starting point for the user-guided optimization.



148 CHAPTERS. USERGUIDED OPTIMIZATION

We canperforma nal analysisof theresultsby draving thetime usedby theoptimization
algorithmvsthenumberof re ectorscomputedn eachcase In Figure5.14 thegeneralinear
behaior canbefound,but adeeperlnalysisgroupingthedifferentexperimentdy theBRDF
or theshapeof there ectorswill shedmorelight onthereasondor thedifferenttimings. As
we canseefrom Figure5.15, the differentBRDFs useddo not in uence muchon the nal
distribution of points,aresultthatis con rmed by examiningagainthe averagepathlengths
showvn in Table5.1. But, if we groupthe experimentsmainly by the rangeof shapethey are
spanningwe would obsenethatthisis averyimportantfactorto explainthe smalldeviations
from the linear behaior shown in Figure 5.14: In Figures5.17 and 5.16 we can seethe
experimentggroupedoby thetarget(desiredye ectorswe aretrying to getandgroupedby the
startinguserprovidedre ectors,respectiely. Fromthose gures, we canconcludethatthere
arecertainshapesreproneto generatdargeraveragepathlengths asraystendto needmore
bouncesuntil they get out of the Optical Set. Also, BRDFshave animportantrole, asthe
morediffusethe BRDF, themorelengthhasthe averagepathlength. Thisis con rmed by the
averagepathlengthsin Table5.1.
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DesiredDistribution

149

Starting/Obtained Distribu- Error Distribution
tion

PreviousMethod[PPV04]
Distribution from Errorfrom
initial re ector initial re ector
Distribution from Errorfrom
the nal re ector nal re ector

Userguidedoptimization

Distribution from Errorfrom
userprovided userprovided
startingre ector startingre ector
Distribution from the Errorfrom
obtainednal re ector obtainednal re ector

FIGURE 5.11 First Column: Desired distribution, Second Column: Distributions of starting re ec-
tors for the general method [PPV04] and the user-guided version of the algorithm, and third column,
the error distribution computed with respect to the reference one. The example corresponds to the
original Example B in Figure 5.7 (with its initial and nal re ectors), and the new example with the B1
re ector in Figure 5.8 used as the starting point for the user-guided optimization.
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test | Initial | Final | time | ReectorsTested
Ala| 0.06 0.03 0.05 0.03 | 20h42'42" 18000
Alb| 0.06 0.03 0.05 0.03 | 18h05'53" 14400
A2a| 0.05 0.03 | 0.038 0.03 | 23h09' 48" 18000
A2b| 0.05 0.03 | 0.037 0.03 | 12h35'57" 14000
A3a 0.1 0.03 0.05 0.03 | 22h48' 43" 18000
A3b 0.1 0.03 0.05 0.03 | 1doOh1' 7" 22680
Bla| 0.1 0.03 | 0.036 0.009| 21h52'31" 18000
Blb| 0.1 0.03 | 0.036 0.009|24h27'48" 20250
B2a| 0.1 0.03 | 0.058 0.009| 22h38'51" 18000
B2b| 0.1 0.03 |0.058 0.009|21h34'50" 17280
Cla| 0.09 0.03 0.06 0.03 | 26h23' 27" 18000
Clb| 0.09 0.03 0.06 0.03 | 26h27' 21" 18000

FIGURE 5.12 Results of the performed tests with a highly specular Phong BRDF.
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BRDF | test| Initial | Final | time
Al | 0.06 0.03 0.05 0.03 | 20h41'46.5"
A2 | 0.05 0.03 0.04 0.03 | 21h24'39.4"
0 A3 0.1 0.03 0.05 0.03 | 31h35'45.4'
B1 0.1 0.03 | 0.036 0.009| 28h35'45.4"
B2 0.1 0.03 | 0.058 0.009|25h08'42.0"
Cl| 0.09 0.03 0.06 0.03 | 30h36'47.3"
Al | 0.17 0.04 0.16 0.04 | 26h37'50.2"
A2 | 0.22 0.04 0.17 0.04 | 40h08'34.1"
0.05 A3 | 0.23 0.04 0.16 0.04 | 22h17'00.4"
' B1 | 0.20 0.04 0.12 0.04 | 39h07'57.0"
B2 | 0.22 0.04 0.16 0.04 | 30h31'44.6"
Cl| 0.21 0.04 0.16 0.04 | 30h43'22.0"
Al | 0.35 0.13 0.27 0.13 | 34h05'36.0"
A2 1.02 0.13 0.31 0.13 | 20h53'22.9"
0.44 A3 | 056 0.13 0.28 0.13 | 28h19'54.7"
B1| 0.48 0.13 0.29 0.13 | 22h53'08.0"
B2 | 0.52 0.13 0.33 0.13 | 23h09'57.0"
Cl| 082 0.13 0.37 0.13 | 43h30'55.1"
Al 0.5 0.2 04 0.2 24h29' 28.5”
A2 1 0.2 05 0.2 25h38' 46.0”
1 A3 09 0.2 0.4 0.2 20h44' 28.0"
Bl 0.7 0.2 0.4 0.2 28h58' 05.0"
B2 0.8 0.2 0.5 0.2 22h55'41.0"
C1 2.3 0.2 0.6 0.2 52h40' 19.0”

FIGURE 5.13 Results of the performed tests with different Phong BRDFs.
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FIGURE 5.14 General timing (in seconds) of the experiments with respect to the number of tested
re ectors

FIGURE 5.15 General timing of the experiments with respect to the number of tested re ectors,
grouped by the BRDF of the re ector
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FIGURE 5.16 General timing (in seconds) of the experiments with respect to the number of tested
re ectors , grouped by the starting re ector given by the user

FIGURE 5.17 General timing (in seconds) of the experiments with respect to the number of tested
re ectors , grouped by target re ector
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Chapter 6

Conclusions and Future Work

This dissertatiorhasfocusedon the researclof techniquedor solving the inversere ector
designproblem,bothin afully automatedvay andwith the help of anexpertuser(generally
anillumination engineer).

6.1 Summary of Contr ibutions

The main contribution of the thesisis the developmentof new solutionsto the problemof
building are ector surfacefrom aprescribedight distribution, bothfully automaticandwith
theusers help:

A broadandaccuratestateof the art study of inverserenderingproblemsin general,
which areof extremeimportancein lighting engineeringwherepotentiallycostly mis-
takesusuallymake it unfeasibleto testdesigndecisionson amodel.We have presented
themainideasbehindthis kind of problemsgcharacterizethem,andsummarizeaxist-
ing work in thearea revealingproblemsthatremainopenandpossibleareasof further
research.

A detailedstudy of inversesurfacedesignfrom light transportbehaior speci cation,

which usuallyrepresentextremelycomplex andcostly processedyut theirimportance
is well known. This sort of problemsis very interestingfor lighting and luminaire
design,wheresurfacesare often physicallybuilt for testing,a highly consumingtime

andmoney processHere,we have detailedthe mainideasbehindthoseproblemsand

the commonaspectof their solutions,giving insightinto openissuesandfuturelines

of research.

A new solutionfor the inversedesignof genericre ectorsis presented.The resulting
algorithmis stableand robust for pure specularand highly glossyre ector surfaces,
while its convergencediminishesasthe BRDF goesdiffuse (a logical consequencef

155
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the propertiesof diffuse BRDF). Thus, our objective of presentinga rst feasibleal-
gorithm ableto treatthe full inversere ector designproblem(generalBRDFs,inter-
re ections, generallight bulbs, etc), andtaking into accountindustryrestrictions,has
beenachieved.

A new solutionfor the problemof designingre ectors with userprovided guidelines.
Themaindravbackfrom our previoussolution,its large time costs wasovercomedoy

usingthe users (a lighting engineer)knowledgein the form asa startingshapewith

con dencevalues.

6.2 Future Work and Future Research
6.2.1 Validation

Probablythe rst thingto do is to testour algorithmsagainst‘real world” problems,asthe
mary aspectf the problemshouldbe veri ed in an industrial setting, where light bulbs
have sizescomparableso thoseof there ector, may have acomplex internalstructurewhich
may not be neglectable, BRDFs mustbe measuredrom the re ectors after they suffer the
deformationsntroducedn the constructve processetc.

6.2.2 Parallelism

Acceleratingthe currentalgorithmis of extremeimportancefor the industrialusageof our
algorithms.Oneof thekey moduleghatdirectlyimpingesontotheperformancef thesystem
is the light simulationstep. Thus,parallelizationarisesasa logical alternatve to study This
paralellizationcanbeintroducedn two differentways:

Parallelizationof the presentedalgorithmsover several CPUs,which is sensibleasthe
optimizationstephasa structurethat makesit strongly parallelizableamongseveral
processors.

Anothergoodpossibility of doingthisis by takingadwantageof moderngraphicshard-
ware for the light simulations,asit is ableto processamore than 300 millions of un-
textured polygonsevery second. As our currentre ectors have about200 polygons,
andre ectors for more comple industrial treatmentprobablywould needabout100
timesmorepolygonswe canarrive atthe conclusionthat, with the new graphicshard-
wareavailableat consumetevel, we probablywill beableto processnorethan30000
re ectors persecond.Unfortunately to getthosenumbersby usinghardware,we will
probablywould needto make somesacri ces,asthetypeof BRDF usedor thecalcula-
tion of interre ections. This is not necessarilya badthing, aswe canusetheresulting
re ector asa goodstartingpoint for amoreaccurateMonte Carlosimulation.
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6.2.3 Other surface de nitions

As mentionedabove, splineshave agoodbalancebetweerocal controlvs globaleffect, which
is agoodfeaturewhenconsideringhe high couplingamongthe differentdegreesof freedom
we have foundin our study Unfortunately identifying the potential ~ continuity regions
neededy somedesignsvould bedif cult andspeci cally tailoredalgorithmswould needto
be developedfor this purpose.
Othershapego be testedinclude non-uniformdistributionsof points, plus somesort of

triangularizatiorthatguaranteethe non-«istenceof thin triangles,which arewell known as
beinga sourceof divergencesn numericalalgorithms.

6.2.4 Optimization algor ithm

Although improving the speedof the calculationfor the illumination stepwould drastically
reducecalculationtimes, the core of the algorithmgrows exponentiallywith the numberof
verticescomputed(rememberthat a combinationof all sensiblepositionsfor eachvertex
mustbe calculated).Thus, nding analgorithmthatbehaespolynomially with the number
of degreesof freedomto optimizeis a crucial point to take into accountasfuture work. For
example,we have recentlybeenacquaintedvith recentdevelopment§GO03] [Wan04]in the
solutionof a partialdifferentialequationthatarisesunderthe mathematicalormulationof the
problemwith someextra constraintgpure speculaBRDF, no inter-re ections, no visibility
calculationsthe shapemustbe de ned asaradialfunctionon the spherelinearconstraints).
Thosestudiesshow thatthis restrictedproblemcanbereducedo alinearoptimizationprob-
lem andthatalgorithmsin linear programmingapply. Taking advantageof thatsolutionasa
startingpointfor our, moregeneral problemis aninterestingoptionto explore.

6.2.5 Eror measur es

Althoughduringthisresearchve have studiedandtestedanumberof differenterrormeasures,
it is possibleto take adwvantageof recentdevelopmentsn image metricsbasedon entrogy
measuremen{§-ei]. Findingagoodmeasurdo compare distributionsis crucial,asthe
shapeof thefunctionchangeslirastically producingafunctionbetterbehaedthanour current
one.Of coursepnecannotexpectto completelyremove non-linearitiesput to greatlyreduce
them.

6.2.6 Near-eld

As mentionedbefore,in this thesiswe have focusedon the Far- eld problem,althoughour
methodsareapplicable aswell, to theNear eld problem.Thisapplicability, with theresults
of the preformancef our algorithmsin this casejs goingto be studied.
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