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Abstract. In this paperwe shawv howv MetropolisLight Transportcanbe ex-
tendedbothin the underlyingtheoreticalframevork andthe algorithmicimple-
mentatiorto incorporatevolumetricscatteringWe presenaigeneralizatiomnf the
pathintegralformulationthathandlesanisotropicscatteringn non-homogeneous
media. Basedon this framevork we introducea nev mutation stratgyy that
is specificallydesignedor participatingmedia. Our algorithmincludeseffects
suchasvolume causticsand multiple volumescatteringjs not restrictedto cer
tain classe®f geometryandscatteringnodelsandhasminimal memoryrequire-
ments. Furthermorejt is unbiasedandrobust, in the sensethatit producessat-
isfactoryresultsfor a wide rangeof input scenesand lighting situationswithin
acceptabléime bounds.

1 Introduction

Marny globalilluminationalgorithmshave beendevelopedor solvingthelight transport
problem, yet the majority of thesemethodsfocuseson sceneswithout participating
media. Volumetric effectsdueto clouds,fog, smole or fire can greatlyenhancehe
realismof arenderedmage,however, andin mary applicationsarethedecisve factor
of the simulation. Visibility analysisfor traffic or building design fire researchflight
simulation,andhigh-qualityspecialeffectsin animationsystemsall rely on a realistic
depictionof volumetricphenomen@Rus94.

Global illumination algorithmsfor participatingmediacan be classifiedaccord-
ing to the directionalbehaiour (isotropic/anisotropicsingle/multiplescattering)and
spatialvariation (homogeneous/inhomegeais) of the supportedmedia. Finite ele-
mentmethodsfor isotropicscatteringnclude zonalmethodgRT87] andotherexten-
sionsto the classicalradiosityapproachsuchashierarchicakradiosity[Sil95, Bha93.
Anisotropic scatteringwas modeled deterministically using spherical harmonics
[KVH84], discreteordinateLBC94] and point collocation[BT92]. All thesealgo-
rithmsrequiresomediscretizatiorof the volumeor the directionalspaceinto finite el-
ementsandcomputetheinteractionsbetweertheseelementsThusexcessie amounts
of memoryarerequiredto effectively capturesharpdiscontinuitiesof theillumination
(e.g.causticspr unevendirectionaldistributions(e.g. glossyreflections).

Monte Carlomethodsareapromisingalternatve andhave beenusedextensielyin
globalillumination. In thecontext of participatingmedia,variousextensiongo existing
MonteCarloapproachebave beenproposedPattanaikandMudur [PM93] presentec
MonteCarlolight tracingalgorithmthatgeneratesandomwalksstartingfrom thelight
sources.They sampleinteractionpointsin the volumeaccordingto the transmittance
of the medium. Lafortuneand Willems [LW96] improved on this approachby creat-
ing pathsboth from thelight sourcesandthe eye andcombiningall valid connections



betweerthesepathsin a multiple sampleestimatdV G95. This led to a bidirectional
pathtracingalgorithmfor non-emittingmedia. A two-passalgorithmbasedon pho-
ton densityestimationwas presentedy Jenserand Christenserin [JC94. Although
simpleandefficientthe methodsuffersfrom variousartifacts(e.g. blurredshadev and
caustichorders)andrequiressubstantiabmountsof memoryfor difficult lighting sit-
uations.In [V G97] a new globalillumination algorithmwasproposedthe Metropolis
light transpor{MLT) algorithm.Thisfirst applicationof the Metropolissamplingtech-
nique[MRR*53] to thefield of computergraphicsresultedin a versatileMonte Carlo
methodfor imagesynthesis.

In thispapemwe shav how theMLT algorithmcanbeextendedo includevolumetric
scattering.Section2 briefly reviews the fundamentakquationgoverningthe equilib-
rium distribution of light in sceneswith participatingmedia. In section3 we extend
the pathintegral framework and shov how it canbe appliedto solwe the light trans-
port problem. Section4 is concernedwith differentaspectof samplingand presents
an improved ray marchingalgorithm. Renderingwith the Metropolislight transport
algorithmis describedn section5, wherewe introducea nev mutationstratey for
participatingmedia.We presenburresultsin section6 anddraw the conclusionsn the
final section.

2 Light Transport for Participating Media

We considerthe radiancedistribution in afinite volume %’ C IR3. 4/ is the boundary
of v, i.e. afinite setof surfacesdescribingthe objectsof the scene. The spacebe-
tweenobjectsis denotedby 4/° := 9/\ 8%/, andcanbefilled with participatingmedia.
Accordingto the theory of radiatve transfer[Cha5(Q, the equilibrium distribution of
radiancel in 70 is givenby theglobal balanceequation

@ OLGW) = Layo(x)+0s(x) /Szfp(w,x,w’)L(x,oJ)dw’
—0a(X)L(X,w) — Os(X)L(X, w). @)

It describeghe spatialvariationof radiancedueto emission,in-scatteringabsorption
andout-scatteringL, 40 is thevolumeemittancefunctionthatdefinesvolumetriclight

sourcessuchasfire or plasma. $? is the unit sphereof all directions,os ando, are
the scatteringand absorptioncoeficients, respectiely, and f, is the phasefunction,

which describeghe scatteringcharacteristicef the medium. If f, is independenof

direction,we haveisotropicscatteringwhichis analogouso perfectlydiffusereflection
onsurfaceslIf o, andos areindependentf position,we have ahomogeneousiedium.
To obtaina completedescriptiorof L in 7’ we needto specifytheboundaryconditions
for x € 37/, givenby thelocal scatteringequation

L(X,w) = Le e (X, 0) + /2 fs(w, %, W' )L(x, w') cosOy duy, 2
K}

where fs is the bidirectionalscatteringdistribution function (BSDF), ©y is the angle
betweenuwf andthe surfacenormalin x, andL, definesthe emittanceon surfaces.
We now derive the Fredholmintegral equationof the seconckind, describingthe light
transportin the presenceof particpatingmedia. The resultingintegral equationwill
be solved usingthe Neumannseries. Incorporatingthe boundaryconditions(2) into



equation(1) [Arv93] yieldstheintegral equation

L(XJ(*)) = T(XO'VaX)L(Xﬁ‘VJ(’o) (3)
+ " e [Lwo(x,w)msoo [, oo )L 0)aed | ae.
Xyq) 52

wherexyq = h(x,—w) € a7 is theclosesturfacepointfrom x in direction—cw deter

minedby theray castingfunctionh. Equation(3) expressesadianceasthe sumof the
exitantradianceat x4, andthe accumulate@mittedandin-scatteredadiancebetween
Xy @andx. Thesecomponentsireattenuatedby the pathtransmittance

T(x,x) 1= e K o)

which accountdor absorptionandout-scatteringvith the extinction coeficient ge :=
0a + 0s. We definetheincidentsurfaceemittancgwith x5, asabore)as

Li 997 (%, W) :=T(X39, X) Le gar (Xg0, W),
theincidentvolumeemittanceas
X
Li.0(%, ) :=/ (X, X)Lg y0(X, w)dX,
X

thesurfacelight transportoperator as

(TarL)066) = 100 x00) [, (500,04, ) coSy,, dod,
andthe volumelight transportoperator as

(T ol) (%, ) ::/X: T(x’,x)cs(><’)/52 fo(w,X, W)L(X, ) defdX.
Vv

Usingthesedefinitionswe canrewrite equation(3) in operatomotationas

L= (Ligp+Ljg0)+(Tay+Tqo)L,

N L, - v

-~

=i =T

which clearly exhibits the Fredholmintegral equationstructure Giventhat||T?|| < 1,
a € IN, which holdsfor all physicallyvalid scenemodelswhereno perfectreflectorsor
transmittersexist, the Neumanrseriescanbe applied:

L = %TiLi:%(Taq/"'Tq/O)j(Li,afV‘*'Li,q/O)
= =

= Li,aq/+Li,’V0+Ta’VLi,a'V+TfV0Li,aq/+"' (4)
3 Generalized Path Integral Formulation

To generateanimageof sizeM we needto computea setof measurements,... , Iy,
whereeachl; correspondso a pixel value. By defininga setof sensoresponsiity
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Fig. 1. A typical transportpath, definedas an orderedsequencef vertices. In this example,
X0,X1 andxg areon surfaces(e 07), while x, is in the volume (€ 1%). The pathX = XgX1X2X3
thushasthe characteristit = 1013, = 11,i.e. x€ Q3.

functiond W& , We canexpresdj asa scalamproductin the measuementequation

| = Mzwé”(x, W)L (x, ) do dV/(X). (5)

In orderto applythe Metropolissamplingalgorithm,we needto represent; asa path
integral. This formulationhasbeenintroducedin [V G97] for sceneswithout partici-
patingmedia. We now generalizethis schemej.e. we definethe pathspaceandthe
measuremertontribution functionnot only for interactionpointson surfacesbut also
for pointsin thevolume.

3.1 Path Space, Measure and Characteristic

A light transportpathx of lengthk is representetdy k+ 1 verticesx;, andis classified
accordingo its pathcharacteristicl € IN, which determinesvhetherverticesarein the
volumeor onasurface.For this purposelet bi(l) € {0, 1} representhevalueof thei-th

bit of the binary representationf |, suchthatby denoteghe leastsignificantbit. We

definethe pathcharacteristi¢ of apathx suchthatb;(l) = 1if vertex x; is onasurface
andb;(l) = 0if x; is in thevolume. The setof all pathsof lengthk with charateristid

is thengivenas

ol = {)?:xoxl...xk‘xi c {?ng :; E:E:;zcl)}

for 1< k<o and0< | < 2¢1 (seefigurel). A measurey on Q| is definedby
| K
H(D) = [ [] ki (9,
D il:!n !

whereD C Q} and

dA(x), ifbi(l)=1
dig; (%) := { dv((i?i)), i biglg =0

1Thesedefinetheresponsef thesensare.g. afilm plane,to light incidentuponit.



for apathx = xg- - - x. Now we candefinethe pathspace

0 +11

=U U %%

k=1 1=0
asthesetof all finite-lengthpathswith theassociategpathspacemeasue

0 2k+1 1
Z) W (DNQY)

3.2 Measurement Contribution Function

The measurementontribution function can be defineddirectly in termsof pathsand
pathverticesby transformingthe integrationdomainof the innerintegrationof equa-
tion (3) from 52 to V. The correspondingorversionof measuress reflectedin the
generalizedyeometrictern?

Dx(y) - Dy(x)
lIx—=ylI?
whereDy(y) = |wyy- Ai(X)], if X € 0. wyy is theunit directionvectorfrom x to y and

A(x) the surfacenormalin x. For x € 1° we setDx(y) equalto one. Dy(X) is defined
symmetrically Thevisibility functionV(x <> y) is oneif x andy aremutually visible,
i.e. if theconnectingay is notblockedby anobject,andzerootherwise We definethe
measuremerdontribution functionas

fi(X) = Le(Xo— X1)G(Xo > X1)- (6)

G(xery) ==V(x+y) (X y),

K—1
[U (Fxic = % = %+ 1)G% ¢ %i+1)) | W (et = %),

wherex = Xg... Xk,

Legy(X—=X) x€dV
. 07
Le(x—=x) = { Lego(x—X) xe 7

and
: n._ [ fs(x—=x =X X €90V
fx—=xX 2 x7):= { os(X) fo(x =X = x") X € 1P
Now we caninsertthe Neumanrserieq4) into the measuremergquation(5), yielding
o 2K+1_q
lj = / (A = [ 1) )
2 &

Eachintegral overQL of theabove equatiorcorrespondso exactly oneaddencdf equa-
tion (4). In physicalterms, f; describeshe differentialflux thatis transportecilonga
pathtowardspixel j. Equation(7) definesameasuremeratsanintegral overtheinfinite-
dimensionapathspace This allowsfor awholenew setof integrationtechniqueso be
appliedfor solvingthelight transporfproblemin the presencef participatingmedia.

2We usethecommonarrav notationfor specifyingadirection. The +» symbolindicatessymmetryof the
arguments.



4 Sampling

In orderto evaluatethe pathintegral (7) we needto build transportpathswith respect
to an appropriateprobability densityfunction (pdf). We split the generatiorof paths
into an alternatingsequencef scatteringand propagatiorevents: A scatteringevent
chooses directionat a givenvertex x by samplingaccordingto the phasefunction fp
(for x € /°) or the BSDF fs (for x € 07/). A propagatiorevent determineshe next
interactionpoint X' in a given directionw startingfrom x. This is doneby sampling
the distanced betweenx andx’' accordingto the pathtransmittanca. The pdf of the
whole pathis thensimply the productof all scatteringand propagatiomdfs, asthese
areindependentf eachother

4.1 Linelntegral Computation

Propagatiorin theabsencef participatingmediais straightforward,asthenew interac-
tion pointis uniquelydeterminedy theray castingfunctionh. If aray passeshrougha
medium we generatehenext interactionpointwith theinversionmethodHM72], and
we obtainanexpressiorfor thedistanced by normalizing,integratingandinvertingt.

Homogeneous Media. The homogeneousaseis simple,becauséherewe have the
explicit expressiord = —In(1— &) /oe, where is auniformly distributedrandomvari-
ablein [0,1). All we needto do is comparethe sampledd with the distances to the
closessurfacepointxy, . If d < s, wesetx' := x+d- w, otherwisewe choosex' := x4,
andadaptthe probabilitydensityaccordingly

InhomogeneousMedia. Theserequiremorework, sincewe needto computed from
theimplicit equationin(1—2¢) = f(? Oe(X+tw)dt. Thisis donewith aray marchingal-
gorithm[PH89, whichaccumulates, alongtheray (x, w) until thethresholdn(1—g)
is reachedr the surfacepoint x4, is hit. In effect, a ray marchingalgorithmapproxi-
matesaone-dimensionahtegral by dividing theray into anumberof disjointsegments
andevaluatingoe at certainpointswithin eachsegment.Equidistantsamplingtraverses
the ray with constantstepsized, which producesvisible artifactsdueto aliasing,as
depictedn figure 2 (a). The explanationfor the layersin the cloudis simple: Light is
emitteddownwardsfrom thelight sourceattheceilingandhitsthecloud. As thetraver
salof theclouddat& startsatthetop surfaceof its cubicboundingoox, theinteractions
in the mediumoccurroughly within the samehorizontallayers,whosevertical spac-
ing is determineddy the sizeof theray sgmentsA. Consequentlydifferenttransport
pathsthat contribute to the samepixel arecorrelated.Theseeffectscanbe eliminated
by randomlyperturbingthe samplepoint within eachray segment,a methodknown
asjittering. This leadsto stratified sampling a Monte Carlo techniquefor numerical
integration.While stratifiedsamplingreducesliasing(seefigure 2 (b)), it is nota par
ticularly efficient samplingmethodfor this kind of integrationproblem. Monte Carlo
integrationis particularly suitablefor high-dimensionalntegralswith discontinuities
in theintegrand. Herewe have a one-dimensionakathersmoothcontinuousunction,
favouringdeterministicapproachesThereforewe have implementeda combinationof
equidistantand stratifiedsampling. Insteadof usingindependentandomsamplesn
eachray sggment,we chooseaninitial randomoffsetthatis appliedto all subsequent

3We storeinhomogeneoumediaon a three-dimensionajrid with intermediatevaluesbeingcomputed
throughtri-linear interpolation.
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(a) equidistant (b) stratified (c) randomoffset

Fig. 2. Differentray marchingstratgies. The lower picture shavs the samplingmethod,illus-
tratedfor box integration. In the upperrow is animagegeneratedavith this method.Equidistant
samplingclearlyrevealsaliasingartifactswhich arenolongervisible in therandomizedrersions
of theray marchingalgorithm.

samplef the currentray (see2 (c)). This breaksthe correlationof differenttransport
paths(and hencereducesaliasing)but keepsthe integration essentiallydeterministic
andthusmoreefficient. In generalwe found anefficiency gainof 30-45%for random

offsetsamplingascomparedo stratifiedsampling.Sinceabout25% of thetotal com-

putationtime of figure 2 are spenton samplingthe medium,this leadsto an essential
decreasén overallrenderingime of about10%for this scene.Thesamplegienerated
thisway canbe usedasinputfor anadaptve ray marchingschemeasusedin [JC94.

5 Rendering

In [VG97 Veachand Guibaspresentedhe MetropolisLight Transport(MLT) algo-
rithm for scenesn vacuum.We have extendedthis approacto incorporateparticipat-
ing media,basednthegeneralizedersionof the pathintegral asdefinedin section3.
MLT makes use of the Metropolis samplingalgorithm [MRR*53], a very powerful
methodfor the simulationof randomvariables.The basicideais to generatearandom
walk xg, X1, . .. throughthepathspaceQ anddepositacertainconstanamountbf enegy
at eachpixel a pathpasseshrough. The desiredimageis obtainedby distributing the
pathsproportionallyto their contritution to the final image. Metropolissamplinggen-
erateghis distribution by first proposinga mutationof the currentpathandcomputing
the correspondin@cceptanc@robabilitya. Samplinga thendeterminesvhetherthe
mutatedpathis acceptear rejectedasthe next sampleof therandomwalk. Notethat
the pathsgeneratedhis way are correlated which allows variousforms of coherence
to beexploited. Onthe otherhandwe arefacedwith a potentialincreasen varianceas
comparedo independensampling.

MLT requiresaninitialization stepwhich determineghetotalimagebrightnessand
generateshe seedpathfor the Markov chainof paths. Similarto [V G97], our initial-



izationuseshidirectionalpathtracing,which we extendedto incorporateparticipating
media[LW96]. A moredetaileddescriptionof Metropolissamplingandits application
to evaluatethe pathintegral canbefoundin [Vea9]7.

5.1 Mutation Strategies

Generatinga new mutationand computingthe correspondingicceptancgrobability
is centralto the MLT algorithm. We usea setof differentmutationstratgiesfor this
purposeandrandomlyselectoneof themto createthe proposednutation.

1. Bidirectional mutationsdeletea contiguoussectionof the currentpathandre-
placeit with anew pathsectionby appendingerticesto bothendsof thecreated
subpaths.Adaptingthe bidirectionalmutationstratey describedn [V G97] to
our generalizeghathintegral framework is straightforvard,sowe omit adetailed
discussiorhere.

2. Perturbationsexploit thefactthatsmallvariationsto the pathmostlik ely leadto
similar imagecontributionsandhencea high acceptancerobability We distin-
guishtwo typesof perturbations:

(a) Scatteringperturbationgdisplacethedirectionvectorata certainvertex,

(b) Propagationperturbationgdisplacetheinteractionpointalongacertainray
segment.

Themutatedpathis thencreatedy retracingthe original path,while preserving
the path characteristic.In a sensescatteringand propagatiorperturbationsare
complementaryThefirst perturbsa directionhopingto obtaina similiar interac-
tion point, while thelatterperturbsaninteractionpointhopingto obtaina similar
direction. Theideaof bothis to samplepathspaceocally. Onceanimportant
pathhasbeenfound, neighboringpathsareexploredaswell. Thisis especially
beneficialfor brightareasof theimage,suchascaustics Anotherimportantfea-
ture of perturbationss thatthey altertheimagelocation. This leadsto a better
distribution of pathsover theimageplaneandsignificantlyreduceghe variance
of thegeneratedmages.

We have implementedwo scatteringperturbations:Sensoiperturbationsalter the lo-
cationon theimageplané andretracethe pathtowardsthe light source This mutation
stratgy combineghelensandmulti-chainperturbation®f [V G97). Causticperturba-
tionsretracethe pathtowardsthe eye, afterperturbingthedirectionvectorof thesecond
pathedgefrom theeye.

Propagation Perturbation. This mutationstrateyy is specificallydesignedor partic-
ipating media. Let X = Xg...xx denotethe currenttransportpath, wherexg is a point

on alight sourceandxy is a point on thesensar Similarly, y = yp... . yk is the proposed
mutationof X. If x,_1 is aninteractionpointin themedium,i.e. x_1 € 79, this verte

is displacedalongtheline from xx_» to xx_1 to obtainyk_1. This new vertex is then
connectedvith the eyepointto determinethe new sensorfocationyy. Xx_1 is moveda

distanceD in eitherdirectionalongxx_»Xx_1 accordingo the pdf

1
p(D) O D’ D € [Dmin; Dmax,

“We usethe commonpinholecameranodel,specifiedby aneye pointandanimageplane suchthateach
pointof theimageplanecorrespondso exactly onepixel of thefinal image.




whereDmin andDmax specifythe minimal andmaximaldistancerespectiely (seefig-
ure 3). If yx_1 falls outsidethe medium,or xx_1 ¢ 79 the mutationis rejectedj.e. its
acceptancprobabilityis setto zero.Notethatpropagatiorperturbationis computation-
ally very cheapasit only requiresone occlusiontestto checkwhetherthe connection
with the eyepointis unobstructed.

eye sensor light source

Fig. 3. Propagatiorperturbation. The interactionpoint is spatially displacedaccordingto the
indicateddistribution.

6 Simulation Results

We have implementedur versionof the MLT algorithmbaseddn the experimentaray
tracingkernelMcRender[Kel9§, which supportsfastBSPray intersectionsand oc-
clusiontesting.We usea corvex combinationof Schlick’s basefunctionsto modelthe
phasdunctionof themedium asdescribedn [BLSS93. TheBSDFis modeledvith an
extensionof Ward’s reflectionmodel[War97 for isotropicscatteringwhich includes
singularscattering Thesescatteringnodelsallow anew directionto be generatedvith

theinversionmethodwhichis essentiafor efficientsampling.

As aminor optimizationwe estimatepathsof lengthone,i.e. directly visible light
sourceswith standarday tracingtechniques.Explicit directlighting calculationhas
not beenimplementedso far andit might be worthwhile to incorporatemethodssuch
asthosedescribedn [War9] or [SWZ9§. This shouldleadto significantefficiency
gainsfor sceneslominatedby directlight. The pinholecameramodelimposessome
constraintson the useof perturbationstrataies, e.g. the causticperturbationis not
effective for causticsseenthrougha mirror. For the caseof a more generalcamera
modelwith afinite aperturgheperturbatiorstratgiescaneasilybeadaptedothatsuch
situationsarecovered.If thelight sourceandthe cameraaperturearesmall, however,
pathsthat containtwo or more singularscatteringinteractionsseparatedy a diffuse
interactionare not handledwell by the MLT algorithm. When perturbinga direction
vector (in either direction) and re-tracingthe path, the diffuse interactionpoint will
maove. Fromthis displacedoositionwe will mostlikely not hit the sensorespectrely
the light source,becausave mustenforcea singularscatteringto presere the path
characteristic.Thusthe acceptancerobabilitywill be low on the average Jeadingto
increasedsariance.All imageswererenderedn a single processoHP C3000with a
PA 8500CPUat400MHz. We have only usedscenesvithout surfacetexturessothat
the Monte Carlo variance(i.e. noise)and illumination detailscanbe obserned more
clearly.

Figure4 (seethe color page)featuresa renderectloudlit by anapproximationof
the CIE clearsky model. Figure5 shavs atestscenewith adifficult lighting situation.
Theroomis entirelyilluminatedby indirectlight passingthroughthe half-opendoor.
Notethatthelight sourceis locatedatthefar endof theadjacentoom,i.e. nolight can
reachtheeyewithoutbeingscatteredtleasttwice. Thescenecontainsgglossysurfaces,
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e.g. thefloor, transparenbbjects,e.g. the glassball, andaninhomogeneoumedium
"streaming’throughthedoor. Mostotherexistingglobalilluminationalgorithmswould
performpoorly in this scene Bidirectionalpathtracing,for instance creategransport
pathsby connectingsubpathghat startboth from the eye andfrom the light sources.
Most of theseconnectionsvill beblocked,however, which leadsto increasedoisein
theimage. The photonmapmethod[JC99 fails for this scene pecausenostphotons
will belocatedin theadjacentoomandthuscannotcontrituteto theradiancesstimate.
Here,eventheimportancedriven generatiorof the photonmap[PP98 doesnot help,
becausdhe door slit is too narrawv for a sufficient numberof photonsto passthrough
(see[KWOO0] for a detaileddiscussiorof thesetopics). Metropolislight transportis
far superiorin this setting. The locality of the perturbatiorstratgiesleadsto a better
coverageof therelevanttransporpaths.Theimageof figure5is 720by 576 pixelsand
hasbeenrenderedvith 700mutationsperpixel in approximatelyé hours.Notethatthe
tablelegs arethin metalplatesangledtowardsthe centerof the table,which explains
thedifferentextendsof the shadavs. MLT will in generaperformbetterif substantial
amountof thetransporipathswith a highimagecontributionareclusteredn a”small
region” of pathspace Thestrongcorrelationof subsequergample®f therandonmwalk
ensureshattheseregionsaresampledadequately

Figurest to 8 shav differentviews of arealisticarchitecturamodelwith morethan
240,000geometricalprimitives and various surface materials. Theseimagesclearly
demonstratéhe robustnesof the Metropolislight transportalgorithmfor participat-
ing mediain comple ervironments. The night sceneof figures6 to 8 illuminatedby
spotlightsandstreefampscontainanorethan700arealight sourcesandillustratesthat
MLT easilyhandlescenesvith mary light sourceslin figure6 thechurchis surrounded
by a thin homogeneoumedium,simulatinga foggy atmosphereThisimageis 720by
490 pixelsandhasbeengeneratedvith 640 mutationsper pixel in 15 hours. Figure7
shavs an exampleof a volume caustic,createdby light beingfocusedfrom the glass
sphereof thesculpturento themedium.Thisimagewasrenderedn 18 hourswith 640
mutationsper pixel at 720 by 576 pixels. In Figure 8 the homogeneoumediumhas
beenreplacedy a cloud modelledwith a very large inhomogeneoumedium. Using
640mutationsper pixel theimagehasbeenrenderedn 8 hoursat 380by 490pixels.

7 Conclusions

Wehave presentednextensionof theMetropolislight transporalgorithmthatprovides
aphysically-basedimulationof globalilluminationfor radiatively participatingmedia.
Using an improved versionof ray marching,the algorithm handlesinhomogeneous
mediawith multiple, anisotropicscatteringandcansimulatevolumetriceffectssuchas
volumecausticsaandcolor bleedingbetweermediaandsurfaces.Theresultsshow that
high quality imagesare obtained,even for difficult lighting situations,suchasstrong
indirectlight or large numberf light sources.

Since Metropolislight transportis basedon point sampling,no discretizationof
thescenggeometryor thedirectionalspacds necessargandno memory-intensie data
structuresare required. This makes the algorithm suitablefor complex scenesg.qg.
modelsrepresentegrocedurally by fractals,or agyclic graphs.Furthermoreijt easily
supportgarticipatingmediathat aredefinedimplicitly or by proceduraimodels. Par-
allelizing the algorithmis straightforvard, e.g. differentprocessesomputeseparate
imageshatarethenaveragedo obtainthefinal result.

We believe thatmary optimizationsof thealgorithmarestill possible For instance,
differentmutationstrat@iesareselectedandomlyaccordingto a discretepdf thatas-
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signsa constantveightto eachmutationstrateyy. Theoptimalvaluesfor theseweights
strongly dependon the specificscenehowever. For several testscenege.g. simple
scenedik e the cornellbox) bestresultswere obtainedby weightingthe perturbations
a hundredtimes strongerthan bidirectionalmutations. In thesecasegshe averageac-
ceptancerobabilitya for bidirectionalmutationsis high enoughto guarante@neven
samplingof all pathsx with fj(x) > 0. Yetin otherscenese.qg. figure5, bidirectional
mutationswill on averageproducea muchlower a. Soweightingthe perturbationa
hunderdtimes strongerleadsto an uneven sampling,asthe spaceof pathsis not ad-
equatelycovered. For the sceneof figure 5, for instance single verticesof the path
degeneratdo pointlight sourceshecauséheir probability of becomingmutatedis too
low. Theseverticeslocatedin the adjacentroom resultin sharpshadev boundaryar-
tifactsinsteadof yielding the correctsmoothillumination transition. In orderto avoid
suchserereartifactsa balancegdfis muchmoreappropriate All imagesin this paper
have beenrenderedvith equalweights,aswe foundthis to be the mostrobustsetting
in general. We are currentlyworking on a heuristicfor adaptvely determiningthese
weights,whichwill furtherincreaseefficiengy.

The propagatiorperturbationis just one possiblemutationstratey thatis specifi-
cally designedor participatingmedia.Othervariationsareconcevable,e.g. swapping
from themediumto a surfaceandvice versa.
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