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Abstract

Radiositymethodshandlelarge scenesand complex objectsusing clusteringtechniques.To reconstructa high
quality image, usuallya secondvery time consumingdfinal gatherpassis appliedwhich exactly recomputeshe
last light transportbefole reating the eye We proposea new final gathertechniquewhich is especiallysuited
for scenewith fine polygonalgeometry In suc scenessubstantialparts of the incidentillumination vary only
smoothlyacrossthe surfacesand canbereconstructedn a mud coarserstructue. We therefore proposea final
gatherreconstructiorbasedon an object-independerD grid. Theillumination of eadh senderis investigated
sepaately: If it variessmoothlyacrossa grid cell, it is interpolatedbetweertheverticesof thegrid cell, or recom-
putedexactly, otherwise We further reducethe numberof required sampleausingview-dependenbptimizations.
Socomple objectswith a very detailedstructule—plantsare goodexamplehere—exhibit strong maskingeffects,
which can be exploited by our method Finally, the estimationof penumba screensizescan be usedto further
reducecostlyvisibility reevaluations.

CatagyoriesandSubjectDescriptorgaccordingo ACM CCS} 1.3.3[CopmuterGraphics]:Picture/lmageeneration

1.3.7 [CopmuterGraphics]:Three-DimensionabraphicsandRealism

1. Intr oduction

HierarchicalRadiosity andits derivatesare meanwhilees-
tablishedin industrylike the automotve industry or archi-
tecture becausethe result can be visualized interactiely
andis thereforewell suitedfor Virtual Reality demonstra-
tions.Furthermorethelack of noiseasproducedy stochas-
tic Monte-Carloapproachess considereda big advantage.
An interesting discussionfrom the view of an architect
can be found at www. cgar chi t ect . conf upcl ose/
[articlel KL.asp.

Clusteringtechnique¥’ 21 make radiosityapplicablesven
to very complex scenesHowever, in particularwith cluster
ing, radiosity solutionsusually still containartifactswhich
arenotacceptabléf high qualityimagesfor examplefor an
animationareneededShadaevs are hardto representn the
triangle meshandthe hierarchicalrepresentatiorf the il-
lumination leadsto artifacts. Additionally, for sceneswith
industrialcompleity, often only a roughradiosity solution
can be producedbecausenf the high computationaleffort
andmemoryconsumption.
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A techniqueto reconstructhigh quality imagesfrom a
radiosity solutionis called Final Gather In a secondview-
dependenstep,a ray tracing passis performed,which re-
computesthe radiosity for eachvisible point. The classi-
cal Final Gathertechniquereevaluatesthe illumination for
eachpixel by recomputingthe area-to-poinformfactorand
the visibility term for all links arriving at the correspond-
ing patch.This stepis extremelyexpensve, typically several
hundredor eventhousand®f visibility raysneedto beeval-
uatedper pixel to obtainhigh quality resultswithout visible
noise.

In this paperwe proposea Final Gatherapproachwhich
is designedfor sceneswith comple objects,suchas fine
triangle meshegepresentinga curved surface,or comple
unconnectegeometrysuchasplants.For theseobjects the
detailedsubdvision is too fine to represenillumination; a
large fractionof the light exchangehappenst clusterlevel,
above thesingletriangularpatcheslin orderto avoid storing
informationat patchlevel in this case pur approachs based
onanobject-independer®D grid coveringtheview frustum.
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For singlegrid pointswe computefrom theradiositylinks a

list of senderscontributing to theillumination in the neigh-
borhoodof thegrid point.If asendedoesnotproducestrong
variationsof illumination nearthe grid vertex, its contritu-

tion is interpolatecbetweemeighboringvertices,otherwise
it is resamplediuringthe Final Gather

Furthermorewe integrateview-dependenbptimizations
for very complex scenesSo we accountfor visual mask-
ing during the Final Gatherto sase computationakffort in
imageareaswheretexturesor otherdetail reducethe visual
sensitvity. Suchmaskingeffects becomeinterestingwhen
detailed,high-contrastexturesareusedor for comples un-
connectedjeometrysuchasthefoliage of trees.Finally, we
presentnovel view-dependentriterionto decreassample
numbergor penumbracomputations.

2. Previous Work

Despitethe factthat high quality imagesfrom radiosity so-
lutionsusuallyrequirea further Final Gatherpassthe num-
ber of publicationson this topic is relatively small. A first
resamplingapproachbasedon a non-hierarchicatadiosity
solution hasbeendescribedn 1. In the contet of hierar
chicalradiosity Final Gathewasfirst describedn 12 (called
‘local pass’),andshortly afterin 20, Using radiosityresults
to generatanimportancgunctionfor apathtracerhasbeen
proposedn variationsin 21422 |n 4, aFinal Gatherstepfor
glossyradiosity hasbeenpresentedFinally, 13 proposesa
final gatherstepin the context of bidirectionaltexture func-
tions(BTFs).

All theseapproacheseducethe numberof links to be
resampledHowever, they suffer from continuity problems
alongpatchboundarieswhena sendeiis resampledor one
patch,but notfor its neighboradiscontinuityis likely to ap-
pear Evenif this discontinuityis very small, it canbe well
percevedby anobsenrer. This deficieny hasbeenlifted by
16, whereimportancedistributionsarecontinuouslyinterpo-
latedover patcheshowever, astheauthorsstate thisinterpo-
lation on patchlevel becomesnefficientfor complex geom-
etry. Themethodpresentedh this paperborrowns ideasof 16,
howevertheuseof anobject-independer®D-grid decouples
its efficiency from scenecompleity. In this contet, Pho-
ton Maps 1° and IrradianceVolumes? arerelated,because
they storeandinterpolatelluminationin object-independent
spatialdatastructures A 3D grid which is placedinto the
boundingbox of complex objectshasbeenusedby 5 for in-
terpolationof so calledmacro-scalevisibility (shadevs due
to far away blockers)betweergrid vertices.

Theideaof exploiting propertieof humanvisualpercep-
tion hasbeenintroducedin 3 and 5. In their work mod-
els for humanvision were developedwhich are usedto
guide a Monte-Carlo basedglobal illumination solution,
sinceMonte-Carloapproachesllowed thema simple, spa-
tially varyingaccurag control.

3. Motivation

Radiositymethodshandlecompleity of sceneshy hierar
chicalrefinementvhich subdvidesexisting patchesandby
clusteringwhich completeghe hierarcly 'above’ the patch
level. Complex objectsaregroupedo aclusteror ahierarcty
of clusters A lot of computatiortime aswell asmemoryis
savedif thelight transportis approximatedy the transport
betweerclusters.

Clusteringmakes it possibleto computeradiosity solu-
tions even for complex sceneshowever it also introduces
problems.For complex scenesthe majority of links is not
refinedto patchlevel butarrivesatclustersThesearemainly
links carryingindirectlight but alsolinks from distantlight
sourcesHowever, the formfactorandthevisibility informa-
tionin thelink is veryimprecisef theclustercontaingmary
objectsor coversawide area.Oftenthevisibility is only de-
terminedoutsidethe cluster visibility inside the clusteris
just approximatecdby a coeficient 1218, The self-link of a
cluster i.e. the light exchangewithin a cluster is also ap-
proximatedvery roughly. Furthermorethe precisionof the
links andhencethe quality of theradiositysolutiondepends
on the quality of the clusteringhierarcly. Clusteringalgo-
rithmswhichautomaticallycreatea’good’ clusteringhierar
chy arehardto designi. FaceClustering?4, which groupstri-
angleswithin afacesethathave similar normals,ntroduces
abetterhierarcly onwidely connectedacesetHowever, for
objectswith a’fuzzy’ structurdik e plantsthismethodis less
beneficial,becausecontinuousareaswith similar normals
are very small. To summarizewe can say that the results
of aradiosityclusteringalgorithmusuallydo not meethigh
quality requirementsso a costly Final Gatherstepis almost
mandatory

OptimizedFinal Gatherapproachesequireinterpolation
of illumination. Onesolutionis to performthe Final Gather
at patchlevel. In 18, it is proposedto pushdown all links
to thetrianglelevel for all visible triangles.For the pushed
down links, the formfactoris recomputedwhich is neces-
saryto obtaina high quality interpolation),but not the visi-
bility estimateThisis alsopossiblewith clustering,but be-
causevisibility is approximatedrery roughly insidea clus-
ter, arecomputatiorof visibility becomesecessaraswell.
Also the self-link, which would resole into thousandof
links, imposegproblemsThepushdown of links is notonly
time but alsomemoryconsuminggvenif finally only links
which needexact resamplingare storedwhich is a small
fraction of the total numberof links. Additionally, the push
down of links to trianglelevel is often unnecessargswell.
As statedn 24, for illumination oftenamuchcoarsetriangle
meshis sufiicient thanit is needfor geometry For detailed
geometry the contritution of mostsenderscan be smooth
over awide rangeof triangles.Thetrianglemeshis thennot
suitedto representheillumination.

Instead,we decidedto basethe Final Gatherstepon a
threedimensionalrid coveringthevisible partof thescene.

(© TheEurographic#ssociationandBlackwell Publisher2002.
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The approachis similar in spirit to 16, but the resampling
informationis not gatheredat the patchvertices,but at the
grid vertices.So for eachgrid vertex we computea slowly
varyingirradiancecomponentyhich canbe safelyinterpo-
latedwithin the grid cells,andallist of senderghatresultin
astronglyvaryingillumination andthusrequireresampling.

4. Algorithm
4.1. Overview

The proposedalgorithm describesa methodfor rendering
a high quality imagefrom a hierarchicalradiosity solution
with clustering Raysaretracedfrom thecamerahroughthe
pixels of the imageuntil they hit the first object. We check
for eachlink arriving at the hit object, if the contritution

of thelinks’ sendeiis smoothandcanthusbe interpolated
or really requiresresampling For this purposea 3D grid is

establishedn the scene At the verticesof the grid a list of

all senderds built usingthe links arriving at the cluster(s)
aroundthegrid vertex. Eachsendercontritutionis examined
andthesendeiis classifiedeitherasto beresampledr asto

be interpolatedwithin the grid. After the classificationwe

obtaina (small)list of senderswvith significantcontritutions
or which causevisibility problems.

For the uncritical sendersyve evaluatethe irradianceex-
actlyatthegrid verticesandinterpolatehesevaluesbetween
neighboringverticesduring Final Gather For the sendergo
be resampledan importance-dsien sampledistribution is
establishedor eachvertex. For a pointinsidea grid, we in-
terpolatethe samplenumbersof the grid verticespersender
in orderto obtaina continuoussampledistribution acrossall
grid cells,justasit is donein 16,

The methoddescribedhereis particularly suitedfor re-
constructionof links arriving at clusterlevel. Links which
have beenrefinedto the patchlevel by the first radiosity
passarebetterprocessedby a Final Gatherwhich operates
onsurfacedirectly. Wewill describén Sectiord.5, how we
combinethesetwo approaches.

4.2. Grid

The new Final Gathertechniquerequiresa 3D grid in the

sceneWe useanon-hierarchicalperspectivegrid, wherethe

grid cell sizevarieswith the distanceto the cameraNearby
grid cells are small, distantcells are larger We obtainthis

grid by generatinga uniform grid in post-perspeocte space
(i.e. the 3D spaceafter the perspectie transformationhas
beenperformed),and applying the inverseperspectie and
cameratransformation.Due to this construction,the grid

just coverstheviewing frustum;eachgrid cell is atruncated
pyramid(seeFigurel).

Theadwantageof this perspectie grid is thatthegrid dis-
tanceis ratherconstanin screerspaceThus,for nearbyob-
jectsthe classificationstepis performedon a finer grid (in

(© TheEurographic#ssociationandBlackwell Publisher2002.

Figure 1: Perspectivegrid, seenfrom above and from
nearby Thecamer viewpointis at theapex of thegrid pyra-
mid.

object space)which decreaseshe risk of missingfine de-
tail. The methodcan of coursework with a regular, view-
independengrid aswell.

We alsoconsideredisinga hierarchicalgrid, andrefining
grid cellsin areaswith stronglychangingllumination. Sim-
ilar to atrianglemeshwe thenneedto insert'T-vertices’into
thegrid to make acontinuousnterpolationpossible—which
resultsin significantoverheador the bookleepingof there-
sultinggrid. Furthermorefor objectswith a comple struc-
ture (e.g.,atree),extremelyfine refinementof grid cellsis
necessaryo capturamostof theillumination detailsandthus
reducethe resampling This resultsin a higherstoragecon-
sumptionandanincreasedlassificatiortime which quickly
outweighsthebenefit.

4.3. SenderClassification

In orderto reconstructilumination ata scenepoint, we have
to find the grid verticesof the surroundingcell. For eachof
thesevertices,the senderlist hasto bee computed,if this
informationis not storedin the grid vertex yet.

To computethe sendetlist, we startwith thelinks which
arrive at the clustersin the neighborhoodf the grid ver-
tex. If theradiositysystemusesa hierarcly of clustersalso
links from clustersn thehierarcly abose aregatheredEach
suchlink storesa formfactorandyvisibility estimatewhich
areusedto determineanimportancedistribution for sample
numbers.For this we collect the setof senders € S. The
numberof sampleNs for asendessis thensetto:

Ns = Nls/ ZSIS, 1)
se
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whereN is the total numberof samplesand Is is the un-
occludedirradianceas storedin the links. We use unoc-
cludedirradiance becausgartially occludedsendershould
not receve lesssamplesWe skip senderswhich arecom-
pletely occluded accordingto the link information. For
non-conserative visibility classificationduring the radios-
ity passthisinvolvestherisk of missingasendemhichwas
wrongly classifiedasoccluded.

Next, we determinea separat@pproximatiorof theform-
factorandthevisibility termto eachsendeaswell asanes-
timateof their variation.We chooseNs samplepointsinside
thegrid cellssurroundinghevertex andon eachsenderand
computethe formfactorkernelandthe visibility termusing
thesesamplesTheaverageof thesevaluesgivestheapprox-
imation of the formfactorandthe visibility term. The error
estimateof theformfactorDE for sendersis obtainedby:

DE = pBs(Fmax— Finin)Vis, )

whereBs is the radiosity of the sender p the averagere-
flectanceat the receiers, Fyax/min the maximal/minimal
formfactorandvis thevisibility term.Sincewe computethis
informationfor aregionarounahegrid cell, we donotknow
thereceier's normal. Thus,Fyay/ min do not containthe co-
sineattherecever andarethusin factthe solid angleof the
senderThe cosineattherecever will thenbe computedon
thefly.

Similar, the errorestimatefor visibility DY'S is:

) 0, vis=1
D{®={ BsFavg, O<vis<1 3)
0, vis=0

By computingvisibility from randompoints aroundthe
grid vertex, aproblemarisessuppose planarsurfaceis the
only objectnearthe grid vertex andit is fully visible to the
sender(compareFig. 2). If we randomlyselectnearbysam-
ple positions,the objectis hit by a fraction of the visibil-
ity rays.If we interprettheseraysasoccludedwe obtaina
wrongyvisibility classificationNotethatthis problemwould
not exist if samplesarealwaysspavnedfrom a surface,but
finding a randomsurfacepointin a grid cell is costly Our
solutionis to countthe numberof objecthits. Only visibil-
ity testrayswith morethanonehit for doublesidedor more
thantwo hits for single sidedobjectsare consideredasoc-
cluded(seeFigure2).

If thesendesis aclustercontainingthegrid vertex, form-
factorandvisibility errorscanbecomearbitrarily large.On
the other side, the contrilbution of suchclusterscannotbe
significantor causesignificantdetail, otherwisethe corre-
sponding(self-)link would have beenrefined. Thuswe al-
waysinterpolatetheir contritution. We thereforeshootrays
from thevertex into randomdirectionsto determinetheirra-
diancedueto s. Thisirradianceis thenaddedto the slowly
varyingirradiancefor laterinterpolation.Again, thenumber

Figure 2: Misibility computationTop row: doublesidedob-
jects: shadowsexist, only if a ray hits more than one ob-
ject. Bottomrow: single sidedobjects: shadows(and self-
shadowsgxist,onlyif arayhitsmore thantwo objectbound-
aries.

of sampleausedis not critical, becausehis operationis not
performedoften.We usuallyshootabout100samples.

The two error estimatesfor the formfactor and for the
visibility, are usedto classify how the illumination dueto
thesendeshouldbecomputedlIf theerrorestimategxceed
auserspecifiedhresholdSect.5 describe$ow thisthresh-
old canbechosertakingvisualperceptiorinto account)the
sendeiis classifiedasto be resampledptherwiseits contri-
bution is determinedby interpolationbetweerthe grid ver
tices. We completely separatgformfactor and visibility; a
sendemight hencehave thefollowing classifications:

Resamplé/isibility & Resampld=ormfactor

Resamplé/isibility & InterpolateFormfactor
InterpolateVisibility & Resampld=ormfactor
InterpolateVisibility & InterpolateFormfactor

4.4. Rendering

The resultof the classificationprocedureare two lists for
eachvertex. Thefirst list containsthe setof sendersvhich
have to beresampledndthe correspondingiumberof sam-
ples.The secondist consistsof the contribution of senders
which canbe interpolated.In the secondlist, we storefor
eachsendetheincidentradianceandthedirectiontoits cen-
ter, so we canaccountfor the cosinebetweenthe incident
directionandthe surfacenormallater Dueto the low num-
ber of grid verticesthe storageoverheadfor this list is not
significant. Alternatively, it would be possibleto storejust
averagellumination valuesfor apredefinedetof directions
similar to thelrradianceVolumess.

For renderinga point we interpolatethe samplinginfor-

(© TheEurographic#ssociationandBlackwell Publisher2002.
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mation of surroundinggrid vertices.To reducethe compu-
tational effort, the following 'trick’ is used:eachgrid cell
canbesubdvidedinto five tetrahedravithout insertingnewv
vertices(seeFig. 3). Insteadof queryingand interpolating
betweenthe eight verticesof the cell we only usethe four
verticesof the correspondingetrahedronwhich surrounds
theobject.

middle tetrahedron

Figure 3: Subdivisiorof a grid cell into 5 tetrahedon

4.4.1. Resamplingof Senders

For resamplinga particularsenderfirst the numberof sam-
ples is determinedby interpolating the sample numbers
storedat the four verticesdependingon the positionof the
point inside the tetrahedronThis avoids discontinuitiesat
grid boundariesiueto discontinuousmportancefunctions.
Thesamplenumbeiis thenusedto recomputehelight trans-
portbetweerthe senderandthe point on the object.

Samplepoints on the senderare chosenrandomly but
oncechoserthepositionof thesampless fixed,i.e.thesam-
ple positionsdo not changerom onepixel to theother This
introducesias,but we foundthatbiasis muchlessdisturb-
ing thanthe noisewhich appearsvhenthe samplepositions
arechoserdifferentlyfor eachpixel.

4.4.2. Inter polation

For interpolationof uncritical contrikutions,we computethe
cosinesat the recever for the differentirradiancesamples
and sum up the resultingirradiancesfor eachgrid vertex.
Theseirradiancevaluesare then interpolatedaccordingto
thepoint’s relative positionin thetetrahedron.

If onevertex hasclassifieda senderasto beinterpolated
but anothervertex of the tetrahedronclassifiedthe same
senderasto be resampledwve do both and interpolatethe
two resultsafterwards.By this, continuityin the solutionis
maintainecandnovisible switchesattetrahedrotoundaries
appear

(© TheEurographic#ssociationandBlackwell Publisher2002.

4.5. Combination with Surface-basedrinal Gather

As mentionedpreviously, thegrid based-inal Gatheris best
suitedfor thereconstructiorof illumination arriving at clus-
ter level. Sincethe objectsinsidea clusterarenot necessar
ily connectedpur spatial,object-independengrid is used
asbasisfor interpolation.For fine hierarchicalsubdvisions
of large initial patcheg(for examplethe walls in a room),
it is morenaturalto usethetrianglemeshobtainedfrom the
subdvisionfor interpolationonthesurface whichis already
adaptedo lighting detail.

We thuscombinegrid- andsurface-basefinal Gather If

a sceneobjectis subdiidedto a patchsizesmallerthanthe
grid distanceat the patch,we apply a surface-basedrinal
Gatherfor thispatch.If thesmallessubdvisionof theobject
is still coarsethanthegrid or if it belonggo a clusterwhich
wasnot refined,grid-based~inal Gatheris used.This typi-
cally is the casefor comple clusteredsceneobjects,where
thegeometriccompleity is largerthanthecompleity of the
radiositysolution.

5. Integration of View-Dependent,Perceptual Aspects

In the algorithmdescribedso far the Final Gatherwasonly

steeredy view-independeninformation,namelylink infor-

mation from the radiosity passplus additional formfactor
and visibility testraysfor classification.However, several
aspectsvhich arisefrom the limitations of the display de-
vice ontheonehandandfrom visualperceptiorontheother
handwould allow usto reducetheeffort for the Final Gather
even furtherwithout decreasingjuality. In particularmask-
ing effects,i.e. the reductionof the eye’s sensitvity dueto

concurrenfrequencieshave beenexploitedalreadyin com-
putergraphics' 3.

The Final Gathercontainstwo critical factorswhich di-
rectly influencetheimagequality andthe computatiortime:
1. the determinationof critical senderswvhich needresam-
pling and 2. the numberof visibility testsfor a senderin
thefollowing we will showv how the decreas®f visual sen-
sitivity dueto maskingeffectscanbeexploitedto reducethe
numberof critical sendersieedingesamplingAdditionally,
we investigate how the numberof visibility testscanbe ad-
justedto the currentview. We startwith a brief overvien of
factorswhich influencevisual sensitvity.

5.1. Contrast Sensitvity and Visual Masking

Texturesor comple structuresanhide smallimperfections
in the reconstructionConsiderfor examplethe left smooth
shadav in the first row of Figure4: it is clearly visible on
theuniformly coloredfloor on theleft but hardto recognize
onthetexturedfloor on theright. Furthermorethe obserer
will hardlynoticeif smallshadavs in the plantaremissed.

The effect describedhereis known as visual masking



Sdheel,Stammingr, and Seidell Grid basedFinal Gatherfor Radiosity

Figure 4: Maskingby textures and complex objects.Top Row: Final gatherresultwithout masking(left) and with masking
(right). Middle row: Numberof visibility samplesvithoutmasking(left) andwith masking(right). Bright regionscorrespondo
high samplenumbes. On the textured floor, lessshadowdetail is visible, solesssamplesare suficient. Bottomrow: Masking
image (left) Maskingper patch/grid cell (right). Bright regionscorrespondo high maskingeffectsor thresholdelevation.

This phenomenonwas investigated and describedinten-
sively in literature; a nice comprehensie summarywas
givenin 7. We will thereforeonly briefly describethe rel-
evant aspectf the humanvisual systemand the masking
modeland concentrateghenon the practicalapplicationof
themaskingmodel.

First of all, the perceptionof contrastdependson the
adaptatiorluminance e.g.the brightnesf the background
to which the eye is adaptedThe threshold-vesus-intensity
(TVI) functiondescribeshisrelationship Over awide range
of luminancesthe thresholdincreasedinearly with back-
groundluminance but for brighterbackgroundshe thresh-
old increasesion-linearly(seefor examplef).

Theability of thehumaneye to detectcontrastsn patterns

differs dependingon the spatialfrequeng andthe orienta-
tion of the pattern.The sensitvity for spatialfrequenciess
describedby the Contrast Sensitivityfunction, which hasa
peakat approximately4-5 cycles/dgreeand dropsoff for
higherandlower frequenciesAdditionally the eye is tuned
to particularorientationsand again this tuning differs with
the spatialfrequeng of the pattern.

Finally, the presencef onefrequenyg caninfluencethe
perceptionof otherfrequenciesThis effect is known asvi-
sual masking The recognitionof contrastis mostdifficult
for patternswith similarfrequenciegndorientationsandfor
high contrasts.

In our methodwe usethe thresholdmodeldevelopedby
15 for a similar purpose Here, the modelwasusedto steer

(© TheEurographic#ssociationandBlackwell Publisher2002.
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the indirect light calculationwith a pathtracingalgorithm.
They first createcanimagewhich containednly directlight

which is relatively inexpensve to computeand containsal-

readymostof thelighting detailandaddedanambientterm
to accountfor indirect light. For this image the threshold
modeldeterminesnaskingeffectsdueto textures,comple

structuresandlighting detail.In areaswith highmaskingthe
numberof rayscouldbesignificantlyreducedbecaus@oise
waslessvisible. Next, we will describehow we apply this

thresholdmodelto the Final Gather

5.2. Application of the Masking Model for Sender
Classification

As alreadyindicatedonecritical point of the Final Gatheris
hov mary sendersanbe classifiedassuitablefor interpo-
lation. So far we usedjust a userdefinedthresholdfor this
decision.In this Sectionwe describehow the thresholdcan
be raisedaccordingto maskingeffects without introducing
noticeableartifacts.

After the radiosity computationwe obtain a simple ap-
proximation of the final result by using gouraudshading.
Thetonemappeimageis usedastheinputinto the masking
model.It doesnot containfine illumination detail like sharp
shadaevs, but neverthelessalreadyhastheright illumination
level, texturesandall objectdetail.

The outputof the maskingmodelis a thresholdelevation
factorfor eachimagepixel which describeghe elevation of
the eye’s contrastdetectionthresholdfor optimal viewing
conditionswhich is given by the TVI function. Therefore
we first have to determinethe TVI thresholdbasedon the
luminance®f thetonemappedadiositysolution.We usethe
TVI datagivenin 23, Thenthe thresholdis multiplied with
theelevationfactorof the maskingmodel.

Recallfrom theprevioussectiorthatwe gettwo erroresti-
matesP5 andDY* for theformfactorandthevisibility term,
respectiely, which estimatehemaximumchangen radios-
ity expectedacrosshe grid cell. After tonemappingve can
directly compareDE andDY'S againstthe new threshold.

As describedpreviously the senderclassificationis not
donefor eachpixel but only per grid vertex, which is then
valid for all grid cellssurroundinghevertex. Thereforethe
maskingbasedthresholdis only neededht the vertices.We
usethe averagemaskingvaluesin the adjacentgrid cells
asmaskingthresholdfor the vertex. Similarly, for the patch
basedrinal Gathewe determineonemaskingthresholdper
trianglevertex.

In our examplefrom Figure 4 the total numberof visi-
bility andformfactorsamplesvasstronglyreducedvhena
maskingbasedhresholdwasused—withoutdecreasingi-
sualquality of thesolution.Table1 shavs the numberof vis-
ibility andformfactorsamplesaswell ascomputatiortimes
for visibility andformfactortermsfor this testscene.The

(© TheEurographic#ssociationandBlackwell Publisher2002.

total computationtime which includeseverything (radios-
ity, classificationmaskingcomputationandrendering)vas
nearly halved. The time for the maskingcomputationand
modificationof the maskingthresholdis about5 sec.The
middle row of Figure 4 visualizesthe numberof visibility

sampleg(being far more critical than the numberof form-
factorsamplesithout andwith masking.Especiallyin the
smoothshadav areaon the floor the numberof sampleds
muchlowerwith maskingwhich correspondsvell to theper

ceptionof thetexturedscenewheretheshadav is hardlyno-
ticeable.

Method samples rendertime

vis ff vis illum total
Withoutmask. 76 107 273s. 10s. 310s.
With masking 47 68 158s. 6s. 169s.

Table 1: Samplenumbes and computationtimeswith and
withoutmasking

For resultson more complex scenespleaserefer to the
mainresultsSection6.

5.2.1. Discussion

Ourinputimageto the maskingmodelcontainsonly thera-
diosity solutionwith very blurredshadavs, but the shadavs
thatwill be addedby the Final Gathercanhave completely
differentfrequenciesFollowing thetheoryon masking only
patternsof similar frequenciesand orientationsinfluence
eachotherstrongly How strongtheshadaev-frequencieswill
influencethe sensitvity of the eye can thus not be deter
minedexactly by the modelbecausehey arenot known in
adwance.To attenuatehis problem,onecouldtry to approx-
imatethe mostimportantshadev detailsbeforehandy ap-
proximatingthe strongestrealight sourcesas point lights
and using visibility maps.However, our resultsshowv that
the applicationof the maskingmodel alreadyworks well
without this step.Note thatthe approactof 15 facesa sim-
ilar problem: They try to estimatein adwanceif the noise
introducedby the pathtracerwill be masked out by other
frequencieof theimage.If the imagecontainsmostly dif-
ferentfrequencieshanthe noisethe reductionof sensitvity
might belower thanexpected.

A further critical point of our methodis that we need
a maskingthresholdper grid/triangle vertex and not per
pixel in orderto maintainacontinuougeconstructionln the
maskingimageshavn for examplein Figure4 it canbeseen
thatmaskingcanvary rapidly. Ideally, the maskingvalue of
an objectshouldbe the minimum maskingvalue of all pix-
elsthatseetheobject.In our experimentsyve foundthatthis
ruleis tooconserative, sowe usetheaveragemnaskingvalue
instead.
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5.3. View-dependentNumber of Samplesfor Shadowvs

The Final Gatherusesan importancedriven sampledistri-
bution. More precisely givenatotal numberof samplesN a
sendemproducingirradiancels obtainsNs = Nls/ 3 gls sam-
ples.Hence,sendergproducinghigh irradianceson the re-
ceiver aresampledmore densely For the resamplingof the
formfactorthis criterion achieresgoodresults.The number
of samplesfor visibility is muchmore critical: on the one
handuvisibility testsarethe by far mostexpensve compo-
nentof the Final Gather sothegoalis to useasfew shadav
raysaspossible Ontheotherhand,dueto the strongillumi-
nationvariationscausedy shadavs usuallya high number
of shadev raysis neededo obtaina high quality result.

A view-independensamplenumbeiis farfrom optimalas
the top row of Figure6 shaws. It containstwo views of the
samescenea closeandfar one;for the penumbraapproxi-
mately150visibility raysareshotperpixel towardsthearea
light source Sincewe selectfix samplenthelight source,
stepsbecomevisible in the penumbrajn particularin the
left partof the shadav of the closeview. Whenthe penum-
brais smaller the samplenumberis suficient. So, thelarger
the penumbrgor the lower the gradient)becomeghe more
samplesareneededo represenit withoutvisible steps.

In general,one cansaythat the more pixelsin the final
imagea penumbracoversthe moresamplesreneededThe
numberof pixels coveredcan be taken as an upperbound
on the numberof samplespecausehenthe stepsbecome
smallerthan a pixel and are thus invisible (compareFig-
ure5). Thesizeof the penumbras approximatedrom link
information, if the distanceto the closestoccluderis de-
terminedduring radiosity computationand storedwith the
link 16, Again, this informationcanonly be determinedper
patchvertex or grid vertex andis theninterpolatedn order
to maintainthe continuousreconstruction.

The imagesof the lower row of Figure 6 were com-
putedwith this upperbound.For the closeview now about
200 samplesper pixel (for the large penumbraareas)are
usedwhereas$0 samplesaresuficient for the far view (for
the samepenumbraarea).Additionally the numberof sam-
plesusedchangesacrossthe penumbrarom 20 (5) for the
sharpespartof thepenumbraup to atentimeshighervalue
for themostblurry part.

This very simple way of samplenumberdetermination
doesnot yet respectthe magnitudeof changeof the ra-
dianceinside the penumbra.A darler senderproducesa
smallercontrastbetweenshadev areaandlit areaandthus
fewer samplesarenecessaryo representhis shadav (com-
pareFigure 5, right). Looking at the penumbrastepfunc-
tion, we cansaythat the stepsbecomeinvisible if the step
heightis too smallto bevisible. Thisleadsto anothetbound:
we usejust enoughsampleshat the stepdifferencein the
tonemappedesult is belov the smallestvisible contrast.
Again, this contrasis adjustedoy theelevationfactordueto

masking.The bottomrow of Figure 6 wascreatedcombin-
ing bothcriteria;onaveragelesssamplesareusedcompared
to the brighterscene but still the samplenumberincreases
towardsthe biggerpenumbra.

Samples

lllumination
function

Image

Figure 5: Penumba. Thefix samplepositionson the sender
producea stepfunctionon the receiverwith approximately
asmanystepsassampleslf theilluminationis lower (right)
the stepheightbecomesmaller

6. Results

Ourfirst testsceneshavn in Figure7 containsseveralcom-
plex objectsand consistsof 250,000trianglesin total. The
walls werecomputedwith the surfacebasedrinal Gatherof
16, but for all otherobjectsFinal Gatherwas computedus-
ing the grid basedmethod.Table? lists the samplenumbers
and computationtimeswith andwithout masking.Without
maskingon averageonly 45 samplesfor visibility compu-
tation have beenused.The total computationtime for the
imageof size 700 by 350 is 314 secondsncluding classi-
fication, maskingcomputationandrendering.Theradiosity
solutiontook about7 secondsBy farmosttime wasspenton
thevisibility computationduringrenderinglf we applythe
maskingmodel,the numberof visibility samplesdecreases
to 37, leadingto a reductionof the computationtime by
60 secondsFigure 7 shavs the resultingimage;belov we
addedtwo renderingsof an image detail without textures
for demonstrationthe top one shows a Final Gathersolu-
tion on the scenewithout textures,the bottomonethe Final
Gathersolutionfrom the large image,but with the textures
removed.It canbeclearlyseerhow theshadaev detailin the
lower right is removed dueto the maskingeffect of thefloor
texture. The smallimageson the right visualizethe visibil-
ity samplenumberswith andwithout masking(top andcen-
ter top). They show thatthe numberof shadev raysis also
reducedat the walls behindthe plantsdue to the masking
effectsof theplants.

Thesecondestscends rathercomple, containsabout80
largearedights (windows andceilinglights),andconsistof
about500,000triangles(see8). Only avery roughradiosity
solutionwascomputedn 70secondsThetwo lowerrows of
Table?2 list thetimingsfor imageresolution630x350.With

(© TheEurographic#ssociationandBlackwell Publisher2002.
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Figure 6: Visibility SamplesNumbes. Top row: Fix total samplenumberThesamesamplenumbes are usedfor thesharpand
theblurry part of the penumba aswell asfor the closeandthe far view (bright: high numberof samples)Middle row: View-
adjustedsamplenumbes. For the closeview thesamplenumbes vary from20to 200, for thefar from5 to 50, for thesharpand
theblurry part, respectivelyBottomrow: If the senderis darker, fewer samplesre neededo representhepenumba. Here the

samplenumbes range from15to 150.

masking,only 94 visibility samplesvere computedon av-
erage.Thetotal time neededor the visibility testswas820
secondsFor both scenesthe grid containedabout10.000
verticesbut only half of themwere actually used.The ef-
ficiengy of our BSP acceleratiorstructurewaslow for that
scenethefine detailin the plantsresultedn alarge number
of sceneobjectsin thetreesleafnodesThememoryneeded
for theFinal Gatherpasswasabout100 MB.

Our models have been downloaded from
www.3dcafe.com, www.inf.tu-dresden.de/ST2/cg/do
loads/publicplants (xfrog models) and textures from
www.fortunecitycom. All sceneswere computedon a
1.1GHz Pentium Linux PC with 768 Megabytes. We
used an adaptve oversamplingtechniquewhich spavns
additionalsamplesat objectborders.

7. Conclusions

We presentedh Final Gatherapproachoptimizedfor com-
plex scenesBasedonthe obsenationthatthetrianglemesh
of mary objectsis muchtoo fine to represenslowly vary-
ing irradiance we reconstrucbn an object-independer8D
grid placedinto the sceneWe classifysendersaccordingto
their contritution. Senderswvhich causesmoothandlow il-
luminationareinterpolatedacrosghegrid cells,only critical
senderareresampledWe furthermoreenhancehe method
by view dependenbptimizationsakinginto accountvisual

(© TheEurographic#ssociationandBlackwell Publisher2002.

Masking samples time (sec.)

vis ff class vis illum total
No 45 168 7 266 25 314
Yes 37 121 7 216 18 252
No 121 206 52 1197 36 1343
Yes 94 162 52 820 28 946

Table 2: Samplenumbes and computationtimeswith and
withoutmaskingfor thescenesn Figure 7 (upperrows)and
8 (lower rows). Adaptedoversamplinggeneiatedabout2.5
sampleger pixel.

maskingof the humanvisual systemandimagesampleres-
olution. A conserative samplenumberfor visibility tests
is determinedwvhich guaranteesa smoothrepresentatiomf
shadavs.

With the resultingmethodwe generatéigh quality Final
Gatherresultswith relatively low samplenumbers.Com-
paredto a full Final Gather we obtain the samevisual
quality with about one third of the numberof reevalua-
tions. By usinganobject-independergrid for our computa-
tions,we decoupleherequiredcomputatiorresourcegrom
scenecompleity, suchthat reconstructioris possiblealso
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for complex geometryEvenif theinputradiositysolutionis
very coarse goodresultsare obtainedfrom the reconstruc-

tion.
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Figure 7: Toy room,containing250,000triangles. Thelarge image showsa final gatherresult.Below two image detailsare
addedshowingthefinal gatherresultsfor the samescenewithouttextures(top) andthe resultfromthe textured scenewith the
texture removed (bottom)for visualizingthe decreasedshadowdetail. On the right: numberof reevaluatedvisibility samples
withoutmaskingtop) andwith maskingmiddletop), maskingmage (middlebottom)and maskingper patc/grid cell (bottom).
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Figure 8: Library, containing500,000triangles.Top: final gatherresult.Bottomrow: Msibility samplesvithoutmasking(left)
andwith masking(middleleft), maskingmage (middleright), and maskingper patc/grid cell (right).
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