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Abstract

Despitéts popularityamongreseachers theradiositymethodstill sufers of somedisadvantgesoverotherglobal

illumination methodsBesideghefactthat the original methodallowsonly for solvingthe globalillumination of

ervironmentsonsistingof purely diffusesurfacesthemethods rathercomputationallydemandingin theseach

for possiblespeed-ugedniquesone of the possibilitiesis to take also the characteristic featues of the human
visual systemBeingaware of how the humanvisual perceptionworks,one may computethe radiosity solution
to lower accumacy in termsof physicallybasederror metrics,but beingsure that the physicallycorrect solution
won't bring anyimprovementsn theimage for the humanobserver

In thefollowing reportwe briefly summarizexchievementsn theradiosityreseach in the pastyears and present
the stateof the art in perceptualapproadesusedin computergraphicsnowadaysWe will give an overview of

knowntone-mappingnd perceptually-basedmage comparisorntedniquesthat can be usedin the scopeof the

radiositymethodto further speedup the computationaprocessin the secondpart of the reportwe concentate

on knownradiosity methodsthat alreadyusetheseperceptualapproadesto predict different visible errors of

the resultof the radiosity computation e will not speakaboutimportance-driverradiosity solutions,as those
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methodsare basedon usinggeometricvisibility ratherthanon usinghumanperception-awae techniques.

1. Intr oduction

Radiosityis aglobalilluminationmethocdthatis ableto com-
pute physically correctlighting for closedscenesconsist-
ing of usuallydiffusesurfaces As thefirst physicallybased
methodfor computingglobalillumination,it hasbeenanall-

time favorite of all computergraphicseventsover the past
decade Despiteits ability to producehigh-qualityimages
of virtual ervironmentsthe methodputsheary demand®n

computationgpowverandmemoryspaceneededor thecom-

putation.

The radiosity methodusescriteria basedon radiometric
valuesto drive thecomputation— to decideaboutsuficient
meshquality or to estimatethe error of the simulationpro-
cess.This is absolutelycorrectfor the caseof radiometric
simulationwhentheuseris interestedn actualvaluesof ra-
diometricquantitiesOntheotherhand theradiositymethod
is very oftenjustusedto generaticturesfor thehumanob-
senerandthosepicturesdonotrequireto becorrectphysical
simulationsthey justhave to look the samefor theobserer.

Thereforat seemseneficianyto take thebehaiour of the

humanvisualsysteminto accountwhenproducingradiosity
imagesandusingthis knovledgecombinedwith theknowl-

edgeaboutthe displaytransformatiorto develop criteriain

a perceptuallymappedspacein orderto decidewhatactu-
ally causes visible errorin the radiosity outputand what
canbe safelyignored.Exploiting the fact that currentdis-
play devicescannotby largereproduceherealworld range
of luminancespr knowing which differencein contrastor
colourcanbenoticedby a humanundergivenviewing con-
ditions,we hopeto reasonablylecreas¢hetime neededor

aradiositysimulation.

In the following report we briefly summarizeachieve-
mentsin the radiosityresearchn the pastyearsandpresent
thestateof theartin perceptuadpproachet imagesynthe-
sis. In the secondpartwe concentraten radiositymethods
that use perceptualpproacheso further speedup the ra-
diosity computation.
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2. Radiosity methods

Theradiositymethod(seé: 16 39 for anintroduction)belongs
to the broad family of finite elementmethods.In general
the methodworks asfollows: The light propagationin the
scenas describedisingaradiometricquantitycalledradios-
ity. The sceneis given asa meshof planarpatcheswhich

malesit possibleto approximatehe original integral equa-
tion describingthe propagatiorof radiosityin the spaceby

a setof linear equations.The influenceof radiosity some
patchleaveson othersis describedy a setof form factors.
The radiosity function representindhe light distribution in

the sceneis thencomputedby solving the systemof linear
equations.

First methodsusedGauss-Seidedr Southwellrelaxation
to solve the equationsystem.Early approacheso com-
puteform factorsusedZ-buffer-like approacheandsufered
form aliasingproblems This sectiongivesa shortoverviev
of radiositymethodghatarein usenowvadays.

Using a simple meshstructure,one often computesra-
diosity transferghathave a very smallinfluenceon thefinal
errorof theradiositysystemsolution.Moreover, if thescene
is large, the numberof form factorsthat have to be com-
putedgrows rapidly, slowving down the computationto the
very edgeof usability A first steptowardsimproving this
situationwas a two level hierarchyproposedogetherwith
adaptve meshrefinementtechniquesFrom this algorithm,
more sophisticatedilgorithmsof rapid hierarchicalradios-
ity have beendevelopedin the early 90s by Hanrahanet
al.18. Followupsto this work includeadoptingthe concepts
to wavelet radiosity parallelizationof the methodand us-
ing clusteringstrat@iesto furtherspeedip the computation
(Gortleretal.l?, Smitset al.40, BohnandGarmans, Stuttard
etal 42, BekaertandWillems?).

In themeantimeafasteMonteCarloapproacho solving
integral equationshasbeenappliedto radiosity (Pattanaik
and Mudurs, Neumannet al.28 33), Furtherimprovements
include better samplingtechniquegKeller2t, Neumannet
al.32) andhierarchicalmethods(Tobler et al 44, Bekaertet
al.t).

Astheradiosityscengygrowsin compleity, it is becoming
lessdesirableto computea radiosity solutionfor the whole
complex scene,since the obserer is often interestedin
theimageof his/herimmediateervironmentonly. For such
casesmportance-dsien radiosity solutionshave beenpro-
posedthatusea patchpropertydualto radiosityto express
importanceof a patchfor the obserer. Extensiongto this
methodinclude the combinationof progressie refinement
andimportanceadiosity hierarchicaimportance-dsienra-
diosity and the combinationof stochasticand importance-
driven radiosity (Smits et al4!, Bekaertand Willems?3,
Neumanretal.27).

Nowadays, higher order elementsand Galerkin ap-
proacheso solvingradiosityareoftenused(Zatz8, Fedao).

Form factorsin hierarchicalradiosityare usuallycomputed
usingstochastiaay-casting(Wallaceet al 46, Keller20), the

stochasticadiosityapproachiloesnotevenrequireformfac-

torsto beexplicitly computedA fasthybrid algorithmcom-

bining a stochasticsolutionwith hardware-acceleratecen-

deringhasalsobeenpresentedKeller22).

3. Perceptual approachesn imagesynthesis

In otherareaof computegraphicsasimageprocessingnd
codingor imagereproductionhumanperception-aare ap-
proachehave alreadybeenusedto drive the comparisorof
theimagesto predictthedistortionof compressetmagesor
totransformahighrangeof imageluminance®ntoanarrav
contrastrangeof displaymaterial.As thosemethodsorm a
goodbasisfor algorithmsthat canbe usedin perceptually-
drivenradiosityapproachesye give anovervien of themin
this section.

In the areaof image processingperceptualerror met-
rics are usedfor imagecomparisorandimagecoding that
enableto betterpredictdifferencesetweentwo imagesas
opposedo the perceptuallyinappropriateand widely used
mean-square@rror metrics. All the metricsare basedon
thefactthatif someimagefeatureis physicallyimportantit
doesnot imply thatthis featurewill alsodisturbthe human
obserer. As the metricsareusuallybasedon someapprox-
imate model of first stagesof the humanvision, the com-
parisonsin perceptuakpaceyield principally betterresults
than classicalcomparison®f radiometricvaluesstoredin
theimage(Daly®, Teoand Heeger3, Boker®, Rushmeieset
al.37, Gaddipattietal 13).

Tonereproductioroperatorknonn from imagesynthesis
male it possibleto mapa bright scaleof imageluminances
ontoa narrav scaleof CRT luminancesn sucha way that
the perceved CRT image can be thoughtof as producing
the samementalimageasthe original image(Tumblin and
Rushmeie®, Chiuetal.”, Schlicks, Ward47, Larsonetal 23,
Neumanret al.29.30).

Modelling featuresof the humanvisual systemallow us
to simulatethe effects of visual maskingand light adapta-
tion dependenbn currentlighting conditions,and usethe
simulationresultsto determingheacceptablerrorthatmay
be introducedby our computation but staysunnoticedby
theobsenrer (FerwerdaPattanaiket al 11 12 35),

3.1. Terminology

Thefollowing termswill beusedoftenin thefurtherdiscus-
sion:

Luminancel is a photometricequialentof radiancej.e.
it describesvisual sensatiorproducedby the electromag-
netic spectrunthat canbe physicallyquantifiedwith given
radianceTheluminanceunitis callednit, but theequialent
unit of cd/ m? is alsofrequentlyused.
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Since our visual systemdoesnot perform equally un-
der all lighting conditions,the adaptationlevel of the hu-
manvisual systemusuallydenoted._;, malkesit possibleto
describeits the currentworking conditions.The adaptation
level is given by the luminanceto which the humanvisual
systemis adaptedo.

As the adaptionluminancechangesthe minimum dis-
cernibledifferencesn luminancechangeaswell. Just no-
ticeabledifferencetells us which minimal differencein lu-
minancesanbedetectedat a givenadaptatiorevel.

3.2. Tonemapping

The physicalaccurag in renderingtself doesnot yet guar

anteethat the displayedimageswill have a realisticvisual

appearanéé. Nowadaystypical CRTs canonly displaylu-

minancesn therangel to 100 cd/m? andtypical print re-

productionmaterials(film slides,paper)evenless,whereas
the rangeof luminancesfound in the real world canvary

betweenl0-° to 10° cd/m? 1445, Dueto humanvisualsys-
tem adaptationwe canachieve thatthe subjectve levels of

brightnessaandcontrasthatoccurin arealenvironmentcan

be reproducedn a display device, evenif the luminances
themselescannot.This adaptatiorprocesss simulatedby

tonereproductionopemtors.

The aim of tonereproductioroperatorss to computein-
tensitiedfor displayon adevice suchasa CRT, sothatwhen
thoseintensitiesare viewed by an obserer, the mentalim-
agethey form is ascloseaspossibleto that of a real world
sceneln the next sectionswe will briefly presenthe most
widely knowvn tonereproductioroperators.

3.2.1. Tumblin & Rushmeier's mapping

Tumblin andRushmeies modefs usesresultsobtainedby

StevensandStevensregardingthebrightnessssociatedith

a luminanceat a particularadaptationlevel. The tone re-

productionis consideredor gray-scale@magesonly, since
in this ervironmentthe spectralradianceis uniform for all

wavelengthsandthe luminanceis thereforejust a constant
timesthe uniform spectraradiance Anotherreasorfor this

limitation is that for eachgray input value the display de-
vice givesa uniqueoutputluminance which is not true for

colour systemswheremary differentcoloursmay have the

samduminance.

The whole operatorconsistsof three transformations:
First,therealworld luminances transformedo thetruereal
world brightnessThen, usinginversedisplay obserer and
inversedisplay device transformationghe value of display
input that generateshe desiredreal world responsés ob-
tained.

Theoriginal mappingof arealworld luminancevalueLy
to the correspondinglisplay valuen from interval (0,1) is

describedas

w (%)
() e (2] o

whereay, and By are constantsxpressingthe real world
obserer adaptationgy andy areconstantexpressinghe
display obserer adaptation,Lqmax is the maximum dis-
playableluminanceof the displaydevice, Cnax is the maxi-
mum achie/able contrastof the displaydevice andyj is the
gammaecorrectionvalue.

I—d ,max

For agivenadaptatiorievel L, the adaptatiorcoeficients
05 andB, canbewritten as

aa = 04 Ioglo(l_a) -|—292 (2)
Ba = —0.4 [log;o(La)]? —2.58 log;o(La) +2.02 (3)

The displayedandthe real world luminancesare bound
togetherby the formulaof

%ﬂl Bw —Bg
Lo ={(Lw) =Lw* -10 % , “4)
where(() is thetonemappingfunction.

GibsonandHubboldreportpoorperformancef the Tum-
blin andRushmeimodelin mesotopicand scotopiccondi-
tions— they obsenrationsshav thattheimagesappeamuch
lighterthanthey should4.

3.2.2. Non-uniform extensionby Chiu etal.

Chiu et al.” proposedhe mappingfunction to be spatially
non-uniformin orderto enlage the dynamicrangeof the
displayedimage. Their mappingexploits a fact that if we
presere the qualitiesof the imagethat the visual system
is particularly sensitve to, suchas local contrast,we can
changeimagecharacteristicshat the visual systemis par

ticularly insensitve to, suchasoverall luminance.

Theauthorsstatethataslow spatialvariationin luminance
isto someextentignoredby thehumaneye. Thisimpliesthat
we candisplaypictureswith awiderrangethanthedynamic
rangeof thedisplayandthataslong asthe scalingfunction
hasalow magnitudegradient,we shouldnot seethe scaled
imageas‘looking” very differentthanthe unscaledmage.

3.2.3. Schlick’smapping

Schlicke® testedseveral widely usedmappingapproaches
(gamma-correctelihearmapping gamma-correctedamp-
ing, logarithmicandexponentialmapping)in the searchfor
a simpleandfastmappingoperatorfor high dynamicrange
imagesHe proposes rationalmappingfunction asthe op-
erator Theadwantageof suchafunctionis thatfor agivenin-
putthereis only oneparametethatinfluencests behaiour.
This parametecorrespondt thenumberof differentinten-
sity valuesvisible on thedisplayandto the overall dynamic
rangeof theimage.
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Schlick also proposes non-uniformmappingextension
of thetechniqueln generalhe modifiestheactualmapping
functionaccordingo anaveragedifferencen thegivenarea.
Surprisingly the bestresultshave beenachieved with the
areasizesetto one,i.e. takinginto accountthe given pixel
only. This producesa uniform rationalmappingagain,this
time with a modifiedparameteselectiorfunction.

The adwantageof Schlick’s approachs straightforvard:
sincehe usesarationalfunctionasthe mappingoperatotis
mappingapproachis fast. Furtheron, the picture doesnot
have to be computedn the absoluteunits,asno knowvledge
aboutreal world adaptationis required.However, the pa-
rameterselectionrmechanisnfails in somecasegqe.g. small
brightareain alow contrasimage)producingparameteriza-
tionsthatdo notreproduceheimagecorrectly

3.2.4. Ward’smapping

Anothersimplemodelwasproposedy Ward*” whotriedto

find amappingfunctionthatwould exhibit similarbehaiour

asthemappingof TumblinandRushmeiet, but thatwould

be lesscomputationalydemanding His model attemptsto

matchthe just noticeabledifferenceson the display device

andin therealworld andto producea linear mappingfunc-

tion. He tries to find a constantof proportionalitybetween
displayluminanceandworld luminancethat would yield a

displaywith roughlythesamecontrastisibility astheactual
sceneThismeanghatWard'stonemappingoperatotriesto

presere the perceved contrastasopposedo the Tumblin-

Rushmeiestonemappingoperatothatpreseresperceved

brightnesof animage.

Ward’s operatorconsistof alinearformula
ALy =mLy, ®)

wherel g is theluminanceto bedisplayedandL,, is thereal
world luminanceof theimagepixel. As thegoalof theoper
atoris to presere the perceved contrastthe scalefactorm
bindstogethetheminimumdiscerniblduminancechanges,
i.e. thejust noticeablduminancedifferencesAL, atthedis-
play andworld adaptatiorevels Ly, andLya:

AL(Lda) = mAL(Lwa)7 (6)

Whenthe parametemiis valid for the given viewing condi-
tions,theluminancemappingaccordingo Equation(6) will
mapthe differenceghatarejust visible in therealworld to
the differenceghatarejust visible on our display In order
to determinea good approximationof m for the given pic-
ture and usualviewing conditions,we have to supply two
luminancevalues:theworld adaptatiodnuminanceLya, and
the maximumdisplayluminance Ly max. The displayadap-
tationluminancel 4, is estimatedrom themaximumdisplay
luminanceas

1
Lda= 5

2 Ld7max (7)

andthescalefactorm canbe computedas

L max 04723
N (M=)
" Tomax | 12197 L33

(8)

3.2.5. Proposalsof Ferwerda, Pattanaik etal.

Ferwerdaet al1! proposedanothertonereproductiortech-
niguethatis alsobasedon the conceptof matchingjust no-
ticeabledifferencedor a variety of adaptatiorlevels. Their
modelcaptureshechangesn thresholdvisibility, colourap-
pearanceyisual acuity (sometimesalled contrastsensitv-
ity) andtime-courseof adaptatiorof the humanvisual sys-
tem.

As their work is basedon experimentalthresholddetec-
tion data,they basedtheir model on Ward's tone mapping
operator Their extensionconsistof takinginto accountnot
only the conecharacteristic¢asWard did), but alsotherod
thresholddata. Moreover, their model also countsfor the
wholerangeof viewing conditionsfrom scotopicover meso-
topic to photopiclevel. Using the adaptatiordependent/i-
sualacuityfunctionthey areableto remove thoseimagede-
tailsthatcannotbenoticedby thehumanobserer atagiven
adaptatiorevel. Also, usingthedatameasuredor thetime-
courseof the light and dark adaptatiorthey canreproduce
imagessothatthey correspondo whatthe humanobserer
would have seerwhenenteringadarkor brightervironment.

In the followup to this work!2, the authorsstudythe ef-
fectsof texturemaskingon maskingoutdifferentartifactsin
theresultingimage.Theirmodelconsistof four stagesim-
ilar to thatof commonmodelsof early phase®f humanvi-
sionprocessThey first transformthe spectraradiancesnto
responsef a colour spaceproducinga colourrepresenta-
tion of theimage.In the next stagethis colour representa-
tion is decomposethto patternrepresentationthataccount
for differentspatialfrequeng andorientationtriggeredde-
tection mechanism®f the humanvisual system.Then an
appropriatenaskingfunctionis appliedto eachof thesede-
tectionmechanismso accountor theeffect of visualmask-
ing. In the last stagethe resultsof maskingare compared
by the detectiormethodto determinevhethertheinputarti-
factswould be visible or whetherthe maskingbehaiour of
thehumarnvisual systemwill maskthemout andthe human
obsererwill notnoticethematall.

Theirmostrecentwork3s presents computationamodel
of adaptatiorandspatialvision for realistictonereproduc-
tion. Themodelallows theoperatotto addresshetwo major
problemsn realistictonereproductionwide absoluteange
andhighdynamicrangesceneganbedisplayedandthedis-
playedimagesmatchour perception®f the scenesat both
thresholdand suprathresholdevels to the degree possible
givenaparticulardisplaydevice.
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3.2.6. Visibility presering mapping of Larson et al.

Larson et al.23 presenta techniquethat combinesadwan-

tagesof the previous ideasallowing us for correctdisplay
of scenewith wide dynamicrangedor differentadaptation
levels. Themappingoperatoiis uniformandtriesto presere

thevisibility of objectsin theimage.

The taskis achiered by using more then a single view
adaptationlevel, which is in fact coherentwith the mech-
anismof humanvisual systemadaptationThe authorsno-
ticed that image luminancelevels tend to be clusterized
ratherthanto beuniformly distributedthroughouthewhole
dynamicrangeof the picture.They statethataslong asthe
bright areasare displayedwith higherluminanceghanthe
dim areasthe absolutalifferencein the luminanceis notso
important.

Larsonetal. first computea luminancehistogramandcu-
mulative distribution function of all local adaptationlumi-
nancedoundin the imageanddiscorer clustersof similar
adaptatiorlevels. The adaptatiorluminancesare computed
for commonlyaccepted® field of view.

The histogramis thenadjustedn orderto minimize the
visible contrastdistortions.The clustersare mappedto the
display valuespreservinglocal contrastof the cluster The
methodusesalso knowledge aboutveiling luminance(i.e.
glare effects), colour sensitvity and visual acuity to count
for imperfectionsof the humanvision.

3.2.7. Miniumum lossmethods

Neumannet al 30 presentan interestingand simple exten-
sionto the linear mappingprinciple. In their mappingthey

look for sucha colourintenal in theimagehistogramthat
canbe linearly mappedwith the given clipping contrastin

a way thatthe minimum informationis lost from the input
datadueto clipping. They presentwo slightly differentap-
proacheso thismethodin thefirstapproacthey try to min-

imize the numberof colourhistogrambinsthatareclipped,
in thesecondnethey try to minimizethenumberof image
pixelsaffectedby clipping.

3.3. Perceptual differ encemetrics

Nowadays,the mean-squarednd root mean-squaredrror
(MSE,RMSE)of the colour valuesis still widely usedas
a convergencemetric for radiosity computation.The fact
that this error metric may producetotally misleadingre-
sultswhenjudging the similarity of two imagesperceved
by the humanobserer hasbeenwidely discussedh theim-
ageevaluationliteraturein the pastyeard3 15,24 37, Theonly
work from thefield of globalillumination thatdoesnot ig-
norethis factis therecentpaperby Myszkowskizs.

3.3.1. Contrast sensitvity function

It is well knowvn that the humanvisual systemis not able
to resole arbitrarydetailsin the perceved image.The vis-

Normalized contrast sensitivity

©
N}

ibility limit for low contrastpatternscan be predictedus-

ing a measurecalled contrast sensitivity 37, which is de-

fined asinverseof the contrastthresholdfor a given spatial

frequeng. This measureells us how fadedor washedout

canimagedetailsbe beforethey becomeindistinguishable
from auniformfield. It is afunctionof thesizeof imagefea-

tures,or the spatialfrequeng of visual stimuli producedoy

thesefeaturesThe contrast sensitivityfunction (CSF)plots

the contrastsensitvity for all spatialfrequencieandgiven

viewing conditions Two popularCSFsareplottedin Fig. 1.
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Figure 1: NormalizedViannosand Sakrisons contrastsen-
sitivity functior?4 andnormalizedDaly’s contrastsensitivity
functior? computedor adaptationlevel 50 cd/n?.

The contrastsensitvity valueswere determinedas fol-
lows: At thegivencontrastevel, a sine-wavedstripepattern
with thegivenspatialfrequenyg werepresentetb thehuman
obserer. Whenthestripeswereverythin, i.e. thespatialfre-
queng of thestimuli wasvery high (above 60 cyclespervi-
sualdeggree),thetestsubjectwasnot ableto distinguishbe-
tweenparticularstripes As thestripefrequeng droppedthe
thresholdcontrastabose whichthestripesweredistinguish-
able, droppedtoo. However, after achiering a peakvalue
of approximately4—8 cycles per visual degree,depending
ontheadaptatiorievel, the thresholdcontraststartsto growv
again An examplefigureof Campbell-Robso@ontrastSen-
sitivity Chart4 illustrating this phenomenoris depictedin
Fig. 2.

MannosandSakrisof4 studiedtheeffectsof contrassen-
sitivity on image coding. In their papera proposalto the
functionalfit to the experimentaldatais presentedTheir
CSFhastheform of

A(f;) = (0.05+ 0.2964f; ) - exp[—(0.114f, )] (9)

andpredictsthe perceptuakensitvity to a visual stimuli of
spatialfrequeng f,. This CSFform hasbeenprovento be
applicablefor image compariso#¥:13. Also ratherpopular
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Figure 2: Campbell-Robsonontrastsensitivitychart.

is the adaptationevel dependenCSF proposedby Daly?®,
which forms a part of his perceptually-dsien image com-
parisonmethod.

Another measureof ability to perceve spatialdetailsis
known as visual acuityt.23, The visual acuity tell us the
maximumresohable spatialfrequeng at the given adapta-
tion level.

3.3.2. Metric proposals

To develop a imagecomparisormetric that would provide
resultscorrespondingo theresultsobtainedrom humanob-
senersis avery difficult task.Therearehowever approaches
thatarealreadyableto provide uswith to someextentmean-
ingful results.This sectionwill briefly discussperceptually
drivencomparisormetricsthatareusedin computergraph-
icsnovadays.

Visible Differ encesPredictor. Thevisible differencespre-
dictor (VDP) introducedby Daly® is an algorithmfor de-
scribingthe humanvisual responselts goalis to determine
thedegreeto whichthephysicaldifferencedbetweenwoim-
ageshecomevisible to thehumanobserer. Theblockstruc-
ture of thealgorithmis depictedn Fig. 3.

TheVDPisarelatve metric— it doesnotdescribeheab-
soluteimagequality, but ratherdescribeshevisibility of dif-
ferencedetweentwo inputimages.The algorithmconsists
of threemajorcomponentsacalibrationcomponentusecto
transformtheinputto valuesunderstoody theseconccom-
ponentwhichis amodelof the humanvisualsystemHVS).
The differenceof HVS responsess thenvisualizedby the
differencevisualizationcomponentOutput of the VDP is
animagemapcontainingthe probabilitiesof HVS detecting
thedifferencesdetweertheinputimagesor every pixel.

The calibration block obtainsthe image data and cali-
brateshemsothatthey have ary meaningo thesubsequent
HVS modelblock. The calibrationprocessakes a number

Viewing parameters

!

Image 1 —™| Calibration

Output image
Difference > of
visualization visible

differences

HVS model

Image 2 —™| Calibration

Figure 3: Theblod structuee of the visible differencesre-
dictor.

of input parametersjescribinghe conditionsfor which the
VDP will becomputedThe parametergcludetheviewing
distanceof thehumanobserer, the pixel spacingandneces-
saryvaluesfor the displaymapping.

The HVS model concentrate®n the lower-order visual
systemprocessingi.e. on the visual cortex. The modelad-
dresseghreemainsensitvity variationsof the humanvisual
system:the dependencef sensitvity on the illumination
level, on the spatialfrequeny of visual stimuli and on the
signalcontenttself.

The variationsin sensitvity as a function of light level
areprimarily dueto light-adaptve propertieof theretina—
they areoftenreferredto astheamplitudenonlinearityof the
humanvisualsystemThevariationsasa functionof spatial
frequeng areexpressedy the contrastsensitvity function
(seeSection3.3.1).Thedependencof sensitvity onthesig-
nal contentss dueto the postreceptorateuralcircuitry and
is usuallydescribecasmasking(seealso!2).

Thedifferencevisualizatiorblockallowsfor two different
visualizationtechniquesdisplayingthe differenceprobabil-
ities eitherasa gray scalevalue on a uniform field of gray
or displayingthe probabilitiesin colourin the contet of the
referencémage— in this caseit is easietto judgethecorre-
spondencéetweerthe predicteddifferencesandthe differ-
encesactuallyobsened betweerthetwo inputimages.

Teoand Heeger TeoandHegyer3 presentiperceptuatlis-
tortion measurdasedon sothe callednormalizationmodel
of earlyphase®f humanvision. Their modelfits theempir
ical measurementsf the neuronresponsegropertiesin the
primary visual cortex andthe psychophysic®f the spatial
patterndetection.

They usea setof linear sensorghat aretunedto differ-
entspatialorientationandfrequenciesasa modelfor early
stageof the humanvision. Theresultof the combinedsen-
sorresponses squaredandtransformedo normalizedcon-
trastvalues— this yields a responsehatis closeto there-
sponsef neuronsn thevisualcortex. Thesimulatecheuron
responseso the both imagesare then comparedusingthe
usualmeansquaresrrormechanism.
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Comparison experimentsof Rushmeieret al. Rushmeier
etal. statecbasicrulesfor perceptuametricbehaiour3’:

1. If we arecomparingthe imagewith itself, die predicted
differencehasto bezero,M(A, A) = 0.

2. Thedifferencebetweentwo imagesmustnot dependon
their orderin thecomparisonM(A,B) = M(B, A).

3. M(A,C)/M(A,B) >> 1 for A and B appearingsimilar
andA andC appearinglifferent

4. M(A,C)/M(A,B) ~ 1for A, BandC appearingimilarto
oneanother

5. M(A,B)/M(C,D) = 1 for the differencebetweenA and
B appearingimilarto the differencebetweerC andD

Two of the threemetricsproposedby 37 gave promising
results Both of the metricstransformtheimageluminances
with fastFouriertransform(FFT) into the frequenyg space
anduseCSFin imageluminancego accounfor theeye sen-
sitivity on luminancevariations.

The first promisingmodelhasbeenderived form the vi-
sualfidelity criterionof MannosandSakriso@4. Theimage
luminancesare first normalizedby the image meanlumi-
nanceA cubedrootis thenappliedto thenormalizedvalues
in orderto accountfor nonlinearityof the humanpercep-
tion. In the next step,a FFT of the resultingvaluesis com-
putedtransformingheimagedatainto the spatialfrequeny
spaceTheFFT resultis filteredwith the contrastsensitvity
functionA( fr) (9). Thepixel-baseMSE differencebetween
theresultingfiltered valuesis thenusedto obtainthe metric
value.

The secondmodelis inspiredby the first part of Daly’s
VDP? andis similarto thepreviousone.However, theimage
luminancesare not normalized— insteadof that, a pixel-
basedtransformationof luminancesthat countsfor both
adaptationand nonlinearity of humanperceptionis used.
Then,asin the previous model,a FFT of the transformed
valuesis computedandthe resultis filtered usingthe adap-
tationlevel dependen€SFcomputedor adaptationevel 50
cd/m?, thathasbeenproposedy Daly in his paperThere-
sultsfor bothimagesarethencomparedisingthe MSE.

Wavelet comparison metric. Gaddipatti et al.13 use a
wavelet-basednetricfor thedecisionwhethertherendering
of two subsequentageshasbroughtsomeperceptuallyno-
ticeabledifferenceor not. Sincethecomparisorinvolvesthe
wavelettransformationjmagecomparisoroperateson dif-
ferent“levels of detail” in eachstep.Usingthis comparison
we are ableto comparethe rough featuresof both images
first andto refinethe comparisoron detailsof the wavelet
pyramidin furtherstepsThisfactallows usto avoid theun-
desiredfeaturesof the mean-squaredrror approacheses-
peciallythesensitvity to thehighfrequeng blur andbright-
nessshifts.

Boker's experiments. Boker® statesthatthe humanvisual
systemperformsnearto an optimum value for an ideal

trichromaticsystemcomposedf threelinear components.
His experimentsvith anunconstrainetbur factormaximum
modelseemgo fit significantlybetterthanathreefactorun-

constrainednodel,suggestindghat a colour metricis better
representeih four dimensionghanin a threedimensional
space.

He mentionsthatthe visual systemwould attemptto pre-
sene, as much as possible,the covariancespresentin the
distribution of photonenegiesgeneratedy the productof
theilluminant spectrawith reflectancespectrarom objects
presenin the ervironment.The visual systemadaptgo dif-
feringbrightnessindoverall spectratontentof illumination
sourcessuchthata perceptiorof colour constancyis main-
tainedwithin a wide rangeof ervironmentallighting condi-
tions. If colour constang is to be achieed, the interaction
betweerthe meanandvarianceof eachwavelengthmustbe
removed in orderto presere aninvariantpatternof covari-
ancedetweenwavelengthgeflectedrom objectsin theen-
vironment.It is this patternof covarianceghatwould define
theperceved colourof anobject.

Stochastic metric by Neumann et al. Neumannet al3!
presenta stochasticapproachto image comparison.Their
basicideais to placealimited numberof random-sizedect-
anglepairsin both comparedmagesandto determinethe
averagecolourin eachrectangleFor everyrectanglgpairthe
averagecolourdifferencas computecandweightedaccord-
ing to the rectanglesize and the contrastsensitvity func-
tion. Theresultof theimagecomparisons thenobtainedoy
combiningthe CSFweightedcolourdifferencedor all tested
rectanglesTheuseof quasirandonmumbersnalesthefinal
methoddeterministic.

4. Perceptually-driven radiosity

By ensuringthat only thosefeaturesof the radiosity solu-
tion thatareperceptuallyimportantarecomputedo a great
accurag, we hopeto beableto producevisually acceptable
imagesfasterandmoreefficiently.

Becauseghe mechanisniby whichwe perceve theradios-
ity valuesis nonlineay ary metric usedinsidethe radiosity
systemthatis basedsolelyonradiometriccomparisonsan-
not guaranteghat additionalerrorswill not be introduced
during the display processDifferencesn radiosity values
that passthe refinementtest (and thereforecausesubdvi-
sion) may in factbe undetectablafterthe displaytransfor
mationhasbeenperformed.

In casethatwe aremoreconcentratedntheresultingim-
agesthenon the actualradiometricvaluesobtainedduring
the global illumination simulation,one of the ways of im-
proving the existing radiosity methodsis to computeonly
the necessaryhings thatmeansto concentrat@ur compu-
tationaleffort on placeswherethe errorsarevisible anddis-
turbing. To achieve the maximal effect novadayssolutions
use
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e perceptualapproachego hierarchysubdvision that in-
cludeperceptuakrrormetricsasa partof the subdvision
oracle,

e perceptualcorvergence metrics instead of radiometric
metricsbasedon the meansquarederror.

4.1. Existing solutions

If we excludeimportance-dsien radiositymethodghatare
sometimeglassifiedas perceptuallybased applicationsof
humanperception-aaretechnigueso theradiositysystems
arestill ratherrare.Justrecentlythereappearedereral pa-
persthat use humanperception-aare techniquego guide
thecomputationsTechniqueslescribedn themcanbe sub-
dividedinto two groups.

The first group of perceptually driven radiosity ap-
proachesworks directly in object space.Both algorithms
belongingto this groupestimatethe perceptuatransforma-
tion from luminanceto displayintensity beforethe radios-
ity simulationstarts.This makesit possibleto usepercep-
tually driven oracle functionsin hierarchicalradiosity or
to cull perceptuallyunimportandiscontinuitylines (Gibson
andHubbold4, Hedley etal 19).

The secondgroup of algorithmsis image-spacéased.
The two algorithmspresentedn this group comparesome
featurepresenin imagesesultingfrom the radiositysimu-
lation. Thisinformationis thenusedto drive thehierarchical
refinemeniof patcher to estimatethe convergenceof the
method(Martin etal.25, Myszkowski26).

4.1.1. Perceptually-driven hierarchical radiosity

GibsonandHubbold# presentanimprovementto the hier
archicalradiositymethodthatusesperceptuallypasednea-
suredo controlthegeneratiorof view independentadiosity
solutions.

In their paperthey describea new oraclethatstopspatch
refinemenbncethe differencebetweersuccessie levels of
elementsbecomesperceptuallyunnoticeableThe authors
also shav how the perceved importanceof ary potential
shadev falling acrossa receving elementcan be deter
mined.Thisimportancas thenusedo controlthenumberof
raysthatare castduring visibility computationsandallows
to significantlyreducethetotal numberof raysrequiredfor a
form factorsolutionwithout significantlossin visibleimage
quality. They alsodiscusshowv a methodsimilar to the re-
finementoraclecanbeusedto join elementof theradiosity
meshwhenthe differencesbetweenelementsat successie
levelsbecomeunnoticeable.

Theimprovementsareachievedusinganapriori estimate
of the real world adaptatioduminance makingit possible
to incorporatea tonemappingalgorithminto the simulation
process.Then, using Tumblin-Rushmeies tone reproduc-
tion operatof® in perceptuallyuniform L*u*v* colourspace

totransformuminancevaluego displaycolourvaluesthose
aspectof the displayedsolutionthatarevisually important
canbedeterminedAs the abore mentionednodeldoesnot
performwell underscotopicand mesotopicconditions—
which areactuallytheviewing conditionsin usualcomputer
laboratories— more completetone reproductionoperators
(suchasthat of Ferwerdaet al.11 or Larsonet al.23) should
be probablyusedto represenimagesatlow levelsof illumi-
nationmoreaccurately

In thefollowing paragraphsve will discusghethreeper
ceptuallydriven parts of the Gibsonand Hubbolds algo-
rithm in moredetail.

Adaptive refinement. The underlyinghierarchicalradios-
ity methodusedby the authorsworkswith CIE XYZ colour

values.However, this colour spaceis not perceptuallyuni-

form — colourswhich have the samenumericaldistance
do not have to be perceptuallyequidistantThis meanghat

thecomparisorof two colourdifferencesn the XYZ colour

spacanaysuggesbothdifferencesarethesamegvenif one

would be perceved assmallerthanthe other For perform-

ing colourcomparisonst is thereforebetterto transfornthe

colourvaluesfrom XYZ to L*a*b* or L*u*v* colourspaces,
which are more perceptuallyuniform (CIE L*u*v* hasa

nonuniformity ratio of approximately6:1, but the nonuni-

formity rationof CIE XYZ spaces 80:1).

For an adaptve refinementest,oneneedso constructa
numericalmeasureghat boundsthe perceved differencein
intensity betweensuccessie levels of elementsubdvision.
Therearetwo differentcaseghathave to bedistinguisheda
receving elementeingfully or partially visible to a source
element.

Whenareceving elements fully visibleto a planarcon-
vex light source the luminancefunction over that element
will beunimodalandcontinuousn all derivatives.Consider
a pointv on areceving elemente, with luminanceL, and
diffusereflectiity pe, anda sourcepatchs with luminance
Ls. The perceved colour at v afterthe radiosityfrom s has
beentransferredwill bel4

Cv = {(Lv+ pe[FusLs+La)) (10)

whereFys is the unoccludedpoint to areaform factor be-
tweenv ands, and( is the tone mappingfunction. The in-
clusionof theambientcorrectiontermL is necessaryo ac-
countfor the effect of lateriterations— whennot used the
first few iterationswill be transferringlight to completely
dark recevers, the perceptualimportanceof the transfers
will be artificially high which would trigger excessie re-
finement.Theambienuminancel ; is usedduringelement
refinementindshadev testingandit is recalculatedfterev-
eryiteration.

The subdvision oraclefor atriangle patchandlinearba-
sisfunctionscanevaluateEq. (10) atthe cornerverticesand
edgemidpointsto obtaina tone-mappedolour C, for six
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Figure4: Determiningheperceiveddifferencen luminance
betweensuccessivdevels of elementrefinementThe dot-
ted line showsthe luminancerepresentationfor the par-

ent element,the dashedline showsthe luminancerepre-

sentedby the successivéevel of elementsAfter Gibsonand
Hubbold4.

pointsv, ve {A B, ...,F} of thetriangle(seealsoFig. 4). If

thelinearelementat level i wasrenderedi.e. triangle ABC)
insteadof four linear elementsat level i + 1 (i.e. triangles
ADF, BED, CFE, andDEF), the coloursCip, Cig, andCir

at positionsD, E andF would be equivalentto linearly in-
terpolatingthe cornerluminances

Ca+C

Cp = =572, (11)
Ca+

ce = 21, (12)
Ca+

Ce = A2CC. (13)

If Cp, Cp, Cg, Cig, Ck andCig are representedn CIE
L*u*v* colour spacewe cancalculatethe perceved differ-
encel},, for eachcolourpaira andb as

No=/(La-Lg2 + (U2 + (V-2 (19)

Thelargestof the six 4}, valuesgivesa numericalbound
on the perceved differencein luminanceobtainedwith and
without the extra subdvision. This bound is then tested
againsarefinementhresholdandtheelemenis subdvided
if thethresholds exceeded.

Selectinganappropriatesubdvision thresholdfor a hier
archicalradiosityalgorithmis adifficult task.Theperceptual
radiosity methodallows for easyselectionof the threshold
by settingit equalto the just noticeabledifferencein per
ceivedluminance— i.e. settingit to the minimum value of
A}, thatwill be visible to the userat the given adaptation
level. Authorsreporta thresholdof AY,,, = 2 suitedthe com-
putationwell. As A, = 100for a differencebetweerrefer
enceblackandreferencevhitein theL* u*v* coloursystem,
this value corresponds$o the commonlyused2% threshold
visibility level.

If the sourceelementis only partially visible to the re-
ceiver, the luminancefunction over the receving element
canexhibit mary changesn continuity In additionto this,

calculatingheexactportionof thesourcehatis visiblefrom
the receving elementis an expensve operation.Sincethe
methodemplag/s aray castestimateof visibility (seebelow),
therefinementestfor thesesituationeeddo bemorecon-
senative thanthatusedwhenthe sourceis totally visible to
therecever. Oncepartialvisibility is detectedheperceptual
differencebetweenthe vertex m of the recever with mini-
mumluminance

Cm={(Lm+peLa) (15)

andthe vertex n with the maximumluminanceplusthe ra-
diosity transferredrom the sourcepatchs

Ch={(Ln+pe[Fnsbs +L4)) (16)

is computedThe notationis the sameasfor Eq. (10). This
assumeghat vertex m is occludedfrom the source,and
so doesnot receve ary radiosity and vertex n is totally
visible. Then, both Cy, and C,, are transformedto L*u*v*
colourspace Ay, calculatedandtestedagainstthe subavi-
sionthreshold.

Shadov testing. Computing patch-to-patchform factors
usingMonte Carlo integratiorfé involves castinga number
of raysbetweerthe two patchesjntersectingeachray with
ary potentially blocking objects,and countingthe number
of raysthat are found to connectunoccludedpartsof the
patchesVisibility detectionis oftenthe mostcomputation-
ally intensie phaseof the form factorcomputationReduc-
ing the numberof rayswould reducethe computatiortime,
but it canalsointroduceunpleasanartifactsin the radiosity
solution,suchasaliasingor noisecausecy pointsampling
errors. If the perceptualimpact of light being transferred
from the sourcepatchto the receving one could be deter
mined,alsotheperceptualmpactof ary shadw castecbver
therecever could bedeterminedThis informationcanthen
b usedto selectanappropriatenumberof raysto usefor the
visibility testing.Shadavs thatarenot likely to be noticed
could be testedfor very cheaply and more effort focused
towardsthosethataremorevisible.

Gibsonand Hubbold usethe coloursat a vertex before
andafterlight from a sources consideredCqg andCpew, to
estimateheimportanceof a possibleshadov:

Cold = {(Le+pela), (17)
{(Le+ pe[FusWsLs+ La] ). (18)

The notationis the sameasin Eq. (10). Theresultshave to

be convertedto L*u*v* colour spacein orderto determine
the perceved difference A, betweerthesequantities This

differencegivesa measureof the perceptualmportanceof

ary potentialshadev boundarycausedy thelight from the

sourcearriving at the vertex. Also in this casethe ambient
correctionhasto beincludedin the transformatiorin order
to estimatethe importanceof the shadev takingin account
theradiosityrecevedin lateriterations.

Cne/v
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Having obtainedthe A}, value,the next stepis to deter
mine the numberof raysthat shall be castbetweerthe el-
ementsin the courseof the form factor computation.The
methoddescribedy GibsonandHubboldworkswith lower
and uppererror thresholds AT and AT, that againde-
pendon justnoticeabledifference Provideday,, < A", the
testfor shadavs consistf castinga singleray betweerthe
recever andsource For changesbove the upperthreshold
AT g userspecifiedhumberof rays,N, is usedfor shadav
testing.For changesnbetweenthe numberof rayslinearly
dependenon A, givenby

14 {(N— 7). (19)

Aﬁv — Aum\jn
AR~ DR
isused.

This modelof shadav importancecanalsobe improved,
as it does not take in accountthat the just noticeable
differencesvary accordingto adaptationlevel and viewer
distance 11,

Mesh optimization. The final application of perceptual
awarenessliscussedy GibsonandHubboldis the process
of meshoptimization.They noticedthatthe resultingmesh
from a progressie radiosity solutionwill be far from opti-
mal, sinceelementefinementriggerecby somesourcemay
becomeunnecessarwhenalsothe light arriving at the re-
ceiving elementduring later iterationscontritutedto its ra-
diosity. The authorsshav how perceptuameasuresanbe
usedto detectwhere meshrefinementhasbecomeunnec-
essaryand how to apply this knowledge eitheras a post-
processor duringthe courseof theradiositycomputatiorin
orderto consere memoryoccupiedby theradiositymesh.

In orderto reducehenumberof elementsn amesha pos-
teriori, onecancomparehetone-mappethtensityrepresen-
tationsof the parentandchildrenelementsn the hierarchy
in thesameway; asit wasdoneduringadaptve refinementn
casef full visibility. Whenthedifferenced;, betweerthe
two representationis lessthanthejustnoticeabldifference
the leaf elementscanbe remaoved without visualimpacton
theimage.

The authorsstatethat they have found it beneficialto
performthis optimizationafter every primary light source
patch,exceptthefirst one,hasdistributedits light, andthen
onceagainattheendof the simulation.

4.1.2. Discontinuity culling

In orderto improve the visual quality of the radiosity sim-
ulation, discontinuitymeshingis often usedto improve the
meshingquality in areasvherediscontinuitiesn theradios-
ity distribution occur However, this methodusually pro-
ducesatoo densemeshof elementghatslows down further
computationsand may posedifferentnumericalproblems.
Differentdiscontinuityculling techniquesrethereforeused,
that male it possibleto discardthosediscontinuity mesh

edgesthat do not improve the solution very much. Gibson
andHubbold# proposedisingtheknowledgeaboutthe per
ceivedimportanceof light from asourceslementhatarrives
atareceverto decidewhetheror notthe elementshouldbe
subdvidedalongthe discontinuitylines.

At thesamdime,Hedley etal.1® proposednen approach
to culling the discontinuity lines. They use a perception-
basedmetricto determinewhich discontinuitiesareimpor
tantandwhich canbe safelyignored.They notedthateven
if the discontinuityline itself may not necessarilybe visi-
ble, it may exert a perceptiblanfluenceon the meshdueto
improving thegeneratriangulationor stoppingartifactslike
shadav or light leaks.

In their approachthey samplethe illumination informa-
tion alongthe discontinuityline andalsoin a smalldistance
at eithersideof the discontinuity They recordradianceval-
uesbeforeandafterthe currentlight sourcehascontrituted
enepy at several pairsof pointslying asidethe discontinu-
ity line. Then,for every samplepoint they computediffer-
enceshetweentone-mappeaolour valuesin the perceptu-
ally uniform L*u*v* colourspacelf they find suchasample
point wherethe differenceexceedsa given threshold they
assumehediscontinuityline makesvisible differenceto the
meshandthereforeit shouldbeincluded.Otherdiscontinu-
ity linesarethenculledandthe algorithmproceedsvith the
next shootingpatch.

The perceptuametricfor discontinuityculling presented
in the paperuseseither Tumblin-Rushmeies operatof> or
the linear mappingintroducedby Ward*’. The world adap-
tationlevel is computeceitherwith the approachsimilar to
thatof GibsonandHubbold4 (seealsoSection4.1.1)or —
for non-closedcervironments,wherethe enepgy lost during
the radiosity computationsvould resultin an overestimate
of theworld adaptationevel — it canbespecifiednanually

4.1.3. Image-space efinementcriterion

Martin et al.25 presenta refinementriterion for the hierar

chicalradiositymethod which triesto improve imagequal-
ity takinginto accounthe smoothnessf thesolutionbased
on pixel intensity valuesinsteadof enegy ones,and visi-

bility changeslongthe surfacesfor high gradientdetection
(sharpshadws).

Similar to the obserationsof Gibsonand Hubbold,the
authorsoticedthatmostexisting oraclefunctionsarebased
on the computationof radiometric magnitudesin object
space— suchasform-factorsandenepgy values.Theseor-
aclefunctionsdo not take theimagespaceeaturessuchas
the pixel intensitiesinto account.The obsenationssuggest
thatsomerefinementsn theenepgy transfemwill have alittle
noticeableeffect on the result of the radiosity simulation.
Martin et al. thereforeproposea refinementcriterion that
progressiely improves image quality working directly on
therenderedsouraudgshadedmagedisplayingthe resultof
theradiositycomputation.
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Martin etal. proposdwo differentoracledor receverand
shooterrefinementWe will discussthemin more detailin
thefollowing two paragraphs.

Recever oracle. The oraclefor recever refinementtakes
into accountthe smoothnessf the Gouraudapproximation
andthe possiblevisibility artifacts.Besidethe shadingcon-
straint, the authorsalso assumethat the radiosity system
workswith triangularpatches.

If this is true, the luminancevalue L at a given pixel X
is obtainedby linear interpolationof the trianglevertex lu-
minancedor thetrianglethatcoversthe pixel X. Thevertex
intensitylik(T) for the k-th basisfunction and somevertex
T thatbelongsto patchi is computedby applyinga tone-
mappingfunction () to the luminancevalue LF(T) atthe
vertex:

IK(T) = &(LK(T)). (20)

In the paperthe tone-mappingoperatorof Tumblin and
Rushmeie¥ hasbeenused.

T

Luminance

Ty

T,

Patch 1 Patch 2

Figure 5: The slopedifference The anglea measuesthe
discontinuityin Gouraudshading After Martin etal.25

The subdvision oraclesupposeshatthe transitionin the
Gouraudshadingatthesharededgebetweertwo neighbour
ing patcheof a samesurfaceis continuousThis meanghe
changein the intensityalonga scanline acrosstwo copla-
naradjacentpatchess expectedto be the sameat the right
sideandthe left side of the separatingedge.As the reader
canseein Fig. 5, the angleincluding the two linear inten-
sity distributionsat ary point onthe separatingedgecanbe
usedasameasuref theshadingdiscontinuity If thesurface
is curved, theanglevaluedepend®n the geometricabngle
containingboth patchesaswell.

As the proposedsubdvision criterion is basedon con-
tinuity in Gouraudshading,anotherquestionappearsis it
possiblethat continuousGouraudshadingacrosstwo adja-
centmeshelementsappearslsoin casesvhentherecever
shouldbe subdvided?Unfortunatelythe generalansweris
yes— this canreally happen.The possiblecasesare de-
pictedin Fig. 6.

Thefirst difficulty is thatmary differentpatchesactingas

Common
edge

. Total A D
. energy

-
- — .-

///f\““{shootera
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Patch i  Patch j

a) b)

B
c)

Figure 6: Different casesof Gouraud shadingfailing in
identificationof refinementandidatesAfter Martin etal.25

shooterscontritute to a givenradiosityvalue. Thesecontri-
butionsmaycompensateachotherwhenthey areaddedup.
Thus,nonlinearcontritutionsof eachpatchseparatelynay
giveagloballylinearradiositydistribution. Thisisillustrated
in Figure 6a, wheretwo shootersa andb are contrikuting
to recever patches and j. Theradiosityfunctionresulting
from addingthe two shootercontritutionsseemto be con-
tinuousacrossthe edgeseparatinghe two recevers. How-
ever eachisolatedshootercontribution shaws a high slope
changeacrosghe sharededge.The contritutionsareoppo-
site in sign though,andthey compensateachotherwhen
they are added.Therefore the oraclehasto testthe inter-
polationcontinuityfor eachshootercontribution separately
As a consequencaot all shooterdnteractingwith a given
patchmay causediscontinuityand thusthe recever patch
refinemenshouldbe realizedonly for the shootingpatches
which causat.

A secondaspecto be considereds illustratedin Fig. 6b:
A shadw is projectedover two adjacentpatchesn sucha
way thatverticesA andD areoutsidethe shadw areaand
verticesB andC areinside. If the radiositiesat A and D
are approximatelythe sameandthe radiositiesat B andC
alsohapperto benearlythe samethe Gouraudshadingwill
shav asmoothtransitionbetweerthe patchesandfail in de-
tectingthatthey shouldbe subdvided. Fortunatelythis case
canbeeasilydetectedasit correspondso adiscontinuityin
thevisibility alongtheedge Thereforetheoraclehasto take
into accountthe differenceof visibility of the edgevertices
towardsthe shootingpatchedeadingeventuallyto a subdi-
vision.
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Finally, aswith otherradiositymethodsthe initial mesh
usedby the methodof Martin et al. musthave a minimum
densityin orderto avoid precisioncasessuchasillustrated
in Fig. 6¢. The authorsstatethattheinitial meshmustbe at
leastsuchfine thatthe maximumpatchsizeis lessthanthe
minimum projectionsizeof the smallesiobjectin ary scene
surface.However, in practice,the initial meshingsize will
befixedto someuniformvalue.

Takingin accountthe aboze mentionedcasesthe oracle
function proposedoy Martin et al. teststhe Gouraudshad-
ing continuity at the edgeshetweenadjacentreceving ele-
mentsandchecksthe visibility of the edgeverticestowards
theshootingelementTheoracledecidesvhethelisis neces-
saryto subdvide thereceverelementaandif so,theradiosity
algorithmsubdvidesit andestablishesew links. As thera-
diosityis representetly linearbasisfunctions,new links are
createbetweerthe shooterandthe new samplingpoints.

T

Ty

Ts

Tz

Figure7: Vertexgeometryfor computingheslopeestimator
After Martin etal.s.

In the pape?s, the following recever oracleis proposed.
The oracle implementsideasoutlined above and in addi-
tion usesview importanceto influencethe hierarchicalre-
finementprocess.The methodsearchesll the edgesover
eachmeshand performsthe following threestepsfor every
shootematchk thatcontritutesto a pair of adjacenpatches
atthegivenhierarchylevel:

1. For the edgesharedby the pair of adjacentpatchesthe
visibility differenceAVy betweernits verticesT, and T,
andwith respecto the shootelk is computedas

AVk = ‘Vk,Tl _Vk,Tz ‘7 (21)

whereAV € (0,1) andAVy = 0 if thereis no changein
thevisibility betweerl'; andT, andshootingelemenk.
ThevalueAVy = 1indicateghatonepointof thepairT,
T, is completelyoccludedfrom the shooterk, while the
otheris visible from thewhole shootingelement.

2. Thevalueof V is testedagainsta givenvisibility thresh-
old g,js in orderto decideif thevisibility changds small
enoughto considethechangeof slopeasavalid measure
of smoothness:

a. If AVi < &is, thechangen theslopeitself canbeused
asameasuref smoothnessAs this oracleis applied
mary times during the algorithm, an easybut non-
conserative estimationof the slopechanges usedin
thepaper
Sincethemethodconsidersvaluesin imagespacethe
slopechangds computedusingpixel intensityvalues
insteadof radiosityones.Themappingto thepixelin-
tensitieds nonlineawhichmeanghatalsothecontri-
bution of theothershootersnustbetakeninto account
in orderto estimatethereal changeof slopeproduced
by shootek. Thegreatetheenegy of theothershoot-
ersthesmallertheslopechange.
Usingthegeometryshavn in Fig. 7, theslopechange
is computedas

Bl = 312(La+ L) + Lo+ L) —
2(Ls + L) +2(La+ Lrin) |, (22)

whereLmin is the minimum luminanceof the vertex
luminance®f thetwo adjacenpatchesl.; . .. L4 with-
out consideringhe contritution of the shootingpatch
k. NotethatL; andL, aretheluminanceof thesepa-
ratingedgevertices.

b. If AV, > &is, @ more conserative estimationof the
slopechangéds used basednthedifferencebetween
themaximumandthe minimumpixel intensityvalues
of thefour vertices,againtakinginto accounthecon-
tribution of othershooters

Al = jTﬁﬁZ(Lmin_ Lj )— jg]l'.mZ(Lmin_ L) (23)

3. The estimatorAly is testedagainstthe slopethreshold
€slope Weightedoy theview importance®f thetwo adja-
centpatchesYes andYyight.

If Al - (Yiett + Yright) > Esiope bOth the adjacentpatches
are subdvided andthe links from shooterk are created
onthelower level of hierarchy

Shooteroracle. Theabove describectriterionreliesonac-
curateradiosityvaluesat the vertices.If the vertex radiosi-
ties are not computedwith enoughaccurag is, the oracle
will fail.

Whenalink is initially establishedbetweera shooterand
avertex (associatedb a basisfunctionatagivenlevel), it is
thereforenecessaryo decideif enegy transferat thatlevel
is accurateenoughto guarante@ goodapproximatiorof the
radiosity value at the vertex. If the accurag of the enegy
transferis low, thelink shouldberefined.

Thisleadsto anotheloraclethatdecidesf alink atagiven
levelis accuratenoughTheauthorauseanenegy basedr-
aclethatcomparesheenepy carriedby thelink with agiven
thresholdIf thetransferrec&negy exceedghethresholdthe
interactionhasto be refined.As the input of the oracle,the
maximumof the three productsof shootercoeficients by
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thetransportcoeficients,weightedby theimportanceof the
recevertriangle,is used.

Accordingto the papey the currentimplementatiorre-
sultsshaw thatthe above presentedriteriasignificantlyre-
ducethe numberof links thatare neededor a given accu-
ragy while keepingareasonablenemoryrequirementsf the
method.

4.1.4. Applications of VDP to radiosity

Myszkowski26 studiedrecentlythe applicability of Daly’s
VDP? (seeSection3.3.2)to theglobalillumination process.
His aim wasto develop a suitableimage-spaceriterionto
judgeaboutcorvergenceof theglobal-illuminationsolution,
whichwould helpto predictwhento stopthesimulationpro-
cessHealsoexperimentsvith theinfluenceof texturemask-
ing on anon-uniformadaptve subdvision algorithm.

Perceptualconvergence. Usingthe VDP, quantitatve mea-
suresof differencesbetweentwo imagesare generatedin
addition,imageregionswheresuchdifferenceswill be no-
ticedby thehumanobsererareidentified.If theimageson-
tain variancein indirectlighting, absolutedifferencemetrics
(asMSE) would immediatelyreportthoseimagesasbeing
different. The VDP respondsmore selectvely to this phe-
nomenonaking in accountthe local contrast,spatialfre-
gueng of thevarianceandvisualmasking.

Terminating criteria for image synthesis. If the goal of
the image synthesisprocessis the perceptualaccurag of
the resultingimage and one doesnot have to care about
the actual physicalaccurayg, the global illumination com-
putation should be stoppedin the momentwhen the re-
sulting image quality becomesndistinguishablerom that
of the fully corverged solution measuredby some norm
of the radiosity values.Myszkowski statesthat approaches
like meansquarederror norm (MSE) do not suite to this
task very well, asthey predictratherlarge differencesbe-
tweenimagestone-mappedvith Tumblin-Rushmeies op-
erator Whendiscussinghefeaturesof MSE, healsoobjects
that MSE takesthe global error for the whole sceneandin
factthelocal errormaybemuchhigheratsomeplace.

The authoragainproposesusingthe VDP in the image
spaceas the terminationcriterion and tries to determine
which imagesin the sequencef graduallycorverging im-
agesshouldbe comparedn orderto reliably predictthe ac-
tual convergenceln his experimentshefindsthe VDP com-
parisonbetweenimagesobtainedin time T and 0.5t of the
simulationto be predictthe corvergencewell.

Adaptive meshsubdivision. Myszkowski noticesthat the
researchon perceptually-avare meshingstratgies has up
to now beenalmostexclusiely limited to usingthe tone-
mappingoperatorof Tumblin andRushmeiel* 19 25 to pre-
dict the influenceof subdviding the currentmeshelement.

He thereforeproposes three-steprocesghatusesvDP to
predictthe maskingeffect triggeredafterthe patchhasbeen
textured. The approachis basedon an older methodof the
author which usesnonuniformadaptve subdvision andis
asfollows:

Stepl: Chooseandidatesccordingo thetraditionaltone-
mappedapproachGeneratedges.

Step2: Updatethe lighting recomputingonly the lighting
situationfor the candidatedrom step1. ComputeVDP
betweertheimagefrom thelastiterationstepandthecur-
rentimage.

Step3: Restoreedgesthat do not producevisible differ-
encedetweerbothimages.

Theauthorreportsthatthis approactworkswell for areas
whereillumination change®nly gradually but in proximity
of illumination discontinuitiesthe meshreductionis rather
poor.
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Appendix A: Determiningthe realworld adaptatiorevel

Most tone mappingoperatorsequirethe knovledgeabout
the value of real world adaptationluminancelLay in or-
der to work properly The real world adaptationlevel for
animage-basedpproactcanbeestimatedisingtechniques
describedoy Tumblin and Rushmeiets, Wardt” or Larson
etal.23, However, in object-spacéasedradiositycomputa-
tions,anestimateof therealworld adaptatiorevelis usually
neededpriori. Thisestimatecanbe obtainedrom anambi-
entluminancevalueof every patchwith techniqueproposed
by GibsonandHubbold4.

First, the areaaveragedreflectivity pae and emissvity
LY arecomputed:

N An
Pave = %TQ(JA\'T‘_)I, (24)
i=0
N .| out
Lo — 7Zi§ﬂA':: . (25)
i=0

Here,p; is thediffusereflectvity of patchi with areaA;, and
LiOUt is the emissvity of the patch.An ambientluminance
value canbe found that representshe averageilluminance
onasurfaceafteraninfinite numberof reflections
LOut
ave
1-pave
Theambientilluminancel ymp allows thea priori estimation
of theluminanceof apatchi in thefully corvergedsolution.

I—amb: (26)

To obtainanestimateof thefinal adaptationevel, Gibson
andHubboldtake alogarithmicareaweightedaverageof es-
timatedsurfaceluminanced.;, adjustedsothatbrightnesses
arekeptaroundthebrightnessonstang level of 8.4 dB:

~ SNoAlogyoli

l0g10(Lwa) = ZN A +0.84. (27)
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