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Abstract. In this paperwe show how MetropolisLight Transportcanbe ex-
tendedboth in theunderlyingtheoreticalframework andthealgorithmicimple-
mentationto incorporatevolumetricscattering.Wepresentageneralizationof the
pathintegralformulationthathandlesanisotropicscatteringin non-homogeneous
media. Basedon this framework we introducea new mutationstrategy that
is specificallydesignedfor participatingmedia. Our algorithmincludeseffects
suchasvolumecausticsandmultiple volumescattering,is not restrictedto cer-
tainclassesof geometryandscatteringmodelsandhasminimalmemoryrequire-
ments.Furthermore,it is unbiasedandrobust, in thesensethat it producessat-
isfactoryresultsfor a wide rangeof input scenesandlighting situationswithin
acceptabletimebounds.

1 Introduction

Many globalilluminationalgorithmshavebeendevelopedfor solvingthelight transport
problem,yet the majority of thesemethodsfocuseson sceneswithout participating
media. Volumetriceffectsdueto clouds,fog, smoke or fire cangreatlyenhancethe
realismof a renderedimage,however, andin many applicationsarethedecisive factor
of thesimulation.Visibility analysisfor traffic or building design,fire research,flight
simulation,andhigh-qualityspecialeffectsin animationsystemsall rely on a realistic
depictionof volumetricphenomena[Rus94].

Global illumination algorithmsfor participatingmediacan be classifiedaccord-
ing to the directionalbehaviour (isotropic/anisotropic,single/multiplescattering)and
spatialvariation(homogeneous/inhomogeneous)of the supportedmedia. Finite ele-
mentmethodsfor isotropicscatteringincludezonalmethods[RT87] andotherexten-
sionsto theclassicalradiosityapproach,suchashierarchicalradiosity[Sil95, Bha93].
Anisotropic scattering was modeled deterministically using spherical harmonics
[KVH84], discreteordinates[LBC94] andpoint collocation[BT92]. All thesealgo-
rithmsrequiresomediscretizationof thevolumeor thedirectionalspaceinto finite el-
ementsandcomputetheinteractionsbetweentheseelements.Thusexcessiveamounts
of memoryarerequiredto effectively capturesharpdiscontinuitiesof the illumination
(e.g.caustics)or unevendirectionaldistributions(e.g.glossyreflections).

MonteCarlomethodsareapromisingalternativeandhavebeenusedextensively in
globalillumination. In thecontext of participatingmedia,variousextensionsto existing
MonteCarloapproacheshavebeenproposed.PattanaikandMudur[PM93] presenteda
MonteCarlolight tracingalgorithmthatgeneratesrandomwalksstartingfrom thelight
sources.They sampleinteractionpointsin thevolumeaccordingto the transmittance
of the medium. LafortuneandWillems [LW96] improvedon this approachby creat-
ing pathsboth from thelight sourcesandtheeye andcombiningall valid connections
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betweenthesepathsin a multiple sampleestimate[VG95]. This led to a bidirectional
pathtracingalgorithmfor non-emittingmedia. A two-passalgorithmbasedon pho-
ton densityestimationwaspresentedby JensenandChristensenin [JC98]. Although
simpleandefficient themethodsuffersfrom variousartifacts(e.g.blurredshadow and
causticborders)andrequiressubstantialamountsof memoryfor difficult lighting sit-
uations.In [VG97] a new global illumination algorithmwasproposed,theMetropolis
light transport(MLT) algorithm.Thisfirst applicationof theMetropolissamplingtech-
nique[MRR � 53] to thefield of computergraphicsresultedin a versatileMonteCarlo
methodfor imagesynthesis.

In thispaperweshow how theMLT algorithmcanbeextendedto includevolumetric
scattering.Section2 briefly reviews the fundamentalequationgoverningtheequilib-
rium distribution of light in sceneswith participatingmedia. In section3 we extend
the pathintegral framework andshow how it canbe appliedto solve the light trans-
port problem. Section4 is concernedwith differentaspectsof samplingandpresents
an improved ray marchingalgorithm. Renderingwith the Metropolis light transport
algorithmis describedin section5, wherewe introducea new mutationstrategy for
participatingmedia.Wepresentour resultsin section6 anddraw theconclusionsin the
final section.

2 Light Transport for Participating Media

We considertheradiancedistribution in a finite volume ��� IR3. ∂ � is theboundary
of � , i.e. a finite setof surfacesdescribingthe objectsof the scene.The spacebe-
tweenobjectsis denotedby � 0 : ���	� ∂ � , andcanbefilled with participatingmedia.
Accordingto the theoryof radiative transfer[Cha50], the equilibrium distribution of
radianceL in � 0 is givenby theglobalbalanceequation

ω 
 ∇L � x � ω �� Le� � 0 � x � ω �� σs � x����
2

fp � ω � x � ω �� L � x � ω �� dω �� σa � x L � x � ω  � σs � x L � x � ω �� (1)

It describesthespatialvariationof radiancedueto emission,in-scattering,absorption
andout-scattering.Le� � 0 is thevolumeemittancefunctionthatdefinesvolumetriclight
sourcessuchasfire or plasma. � 2 is the unit sphereof all directions,σs andσa are
the scatteringandabsorptioncoefficients,respectively, and fp is the phasefunction,
which describesthe scatteringcharacteristicsof the medium. If fp is independentof
direction,wehaveisotropicscattering,whichis analogoustoperfectlydiffusereflection
onsurfaces.If σa andσs areindependentof position,wehaveahomogeneousmedium.
To obtainacompletedescriptionof L in � weneedto specifytheboundaryconditions
for x � ∂ � , givenby the local scatteringequation

L � x � ω �� Le� ∂ � � x � ω  � � �
2

fs � ω � x � ω �  L � x � ω �  cosΘx dω � � (2)

where fs is the bidirectionalscatteringdistribution function (BSDF), Θx is the angle
betweenω � andthe surfacenormalin x, andLe� ∂ � definesthe emittanceon surfaces.
We now derive theFredholmintegral equationof thesecondkind, describingthelight
transportin the presenceof particpatingmedia. The resultingintegral equationwill
be solved usingthe Neumannseries. Incorporatingthe boundaryconditions(2) into
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equation(1) [Arv93] yieldstheintegralequation

L � x � ω !� τ � x∂ � � x L � x∂ � � ω  (3)� � x

x∂ " τ � x� � x$# Le� � 0 � x� � ω �� σs � x�  � �
2

fp � ω � x� � ω �  L � x� � ω �  dω �&% dx� �
wherex∂ � : � h � x � � ω '� ∂ � is theclosestsurfacepoint from x in direction � ω deter-
minedby theray castingfunctionh. Equation(3) expressesradianceasthesumof the
exitant radianceatx∂ � andtheaccumulatedemittedandin-scatteredradiancebetween
x∂ � andx. Thesecomponentsareattenuatedby thepathtransmittance

τ � x � x�  : � e(*) x+
x σe , x+ + - dx+ + �

which accountsfor absorptionandout-scatteringwith theextinction coefficient σe : �
σa � σs. We definethe incidentsurfaceemittance(with x∂ � asabove)as

Li � ∂ � � x � ω  : � τ � x∂ � � x Le� ∂ � � x∂ � � ω ��
the incidentvolumeemittanceas

Li � � 0 � x � ω  : �.� x

x∂ " τ � x�/� x Le� � 0 � x�0� ω  dx�/�
thesurfacelight transportoperator as� T∂ � L 1� x � ω  : � τ � x � x∂ �  � � 2

fs � ω � x∂ � � ω �  L � x∂ � � ω �  cosΘx∂ " dω � �
andthevolumelight transportoperator as

� T � 0L 1� x � ω  : � � x

x∂ " τ � x� � x σs � x�  � �
2

fp � ω � x� � ω �  L � x� � ω �  dω � dx� �
Usingthesedefinitionswecanrewrite equation(3) in operatornotationas

L �2� Li � ∂ � � Li � � 0 3 4�5 67 :Li

�8� T∂ � � T � 0 3 4�5 67 :T

L �
whichclearlyexhibits theFredholmintegralequationstructure.Giventhat 9 Tα 9;: 1,
α � IN, whichholdsfor all physicallyvalid scenemodelswherenoperfectreflectorsor
transmittersexist, theNeumannseriescanbeapplied:

L � ∞

∑
j 7 0

T jLi � ∞

∑
j 7 0

� T∂ � � T � 0  j � Li � ∂ � � Li � � 0 � Li � ∂ � � Li � � 0 � T∂ � Li � ∂ � � T � 0Li � ∂ � �<
=
>
 (4)

3 Generalized Path Integral Formulation

To generateanimageof sizeM we needto computea setof measurementsI1 �>�=�=�?� IM,
whereeachI j correspondsto a pixel value. By defininga setof sensorresponsivity
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Fig. 1. A typical transportpath,definedasan orderedsequenceof vertices. In this example,
x0 @ x1 andx3 areon surfaces( A ∂ B ), while x2 is in thevolume( ACB 0). Thepathx̄ D x0x1x2x3
thushasthecharacteristicl D 1011b D 11, i.e. x̄ A Ω11

3 .

functions1 W , j -
e , wecanexpressI j asa scalarproductin themeasurementequation

I j : � � �FE � 2
W , j -

e � x � ω  L � x � ω  dω dV � x�� (5)

In orderto applytheMetropolissamplingalgorithm,we needto representI j asa path
integral. This formulationhasbeenintroducedin [VG97] for sceneswithout partici-
patingmedia. We now generalizethis scheme,i.e. we definethe pathspaceandthe
measurementcontribution functionnot only for interactionpointson surfacesbut also
for pointsin thevolume.

3.1 Path Space, Measure and Characteristic

A light transportpathx̄ of lengthk is representedby k � 1 verticesxi , andis classified
accordingto its pathcharacteristicl � IN, whichdetermineswhetherverticesarein the
volumeor onasurface.For thispurpose,let bi � l ��CG 0 � 1 H representthevalueof thei-th
bit of thebinary representationof l , suchthatb0 denotesthe leastsignificantbit. We
definethepathcharacteristicl of apathx̄ suchthatbi � l �� 1 if vertex xi is ona surface
andbi � l *� 0 if xi is in thevolume.Thesetof all pathsof lengthk with charateristicl
is thengivenas

Ωl
k : �JI x̄ � x0x1 
=
=
 xk KKKK xi �8I ∂ � if bi � l �� 1� 0 if bi � l �� 0 L �

for 1 M k : ∞ and0 M l : 2k� 1 (seefigure1). A measureµl
k onΩl

k is definedby

µl
k � D  : � �

D

k

∏
i 7 0

dµl
k � i � x̄��

whereD N Ωl
k and

dµl
k � i � x̄ : �OI dA � xi �� if bi � l P� 1

dV � xi �� if bi � l P� 0

1Thesedefinetheresponseof thesensor, e.g.afilm plane,to light incidentuponit.
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for a pathx̄ � x0 
>
=
 xk. Now wecandefinethepathspace

Ω : � ∞Q
k7 1

2k R 1 ( 1Q
l 7 0

Ωl
k �

asthesetof all finite-lengthpathswith theassociatedpathspacemeasure

µ � D  : � ∞

∑
k7 1

2k R 1 ( 1

∑
l 7 0

µl
k � D S Ωl

k ��
3.2 Measurement Contribution Function

The measurementcontribution function canbe defineddirectly in termsof pathsand
pathverticesby transformingthe integrationdomainof the inner integrationof equa-
tion (3) from � 2 to � . The correspondingconversionof measuresis reflectedin the
generalizedgeometricterm2

G � x T y : � V � x T y Dx � yU
 Dy � x9 x � y 9 2 τ � x T y��
whereDx � y : �OVωxy 
 n̂ � x�V , if x � ∂ � . ωxy is theunit directionvectorfrom x to y and
n̂ � x thesurfacenormalin x. For x �W� 0 we setDx � y equalto one. Dy � x is defined
symmetrically. Thevisibility functionV � x T y is oneif x andy aremutuallyvisible,
i.e. if theconnectingray is notblockedby anobject,andzerootherwise.Wedefinethe
measurementcontributionfunctionas

f j � x̄ : � Le � x0 X x1  G � x0 T x1 U
 (6)
ZY k ( 1

∏
i 7 1 [ f̂ � xi ( 1 X xi X xi � 1  G � xi T xi � 1 >\1]^
 W , j -

e � xk ( 1 X xk 1�
wherex̄ � x0 �>�=� xk,

Le � x X x�  : � I Le� ∂ � � x X x�  x � ∂ �
Le� � 0 � x X x�  x �_� 0

and

f̂ � x X x� X x� �  : �JI fs � x X x� X x� �  x� � ∂ �
σs � x�  fp � x X x� X x� �  x� �_� 0 �

Now wecaninserttheNeumannseries(4) into themeasurementequation(5), yielding

I j � ∞

∑
k7 1

2k R 1 ( 1

∑
l 7 0

�
Ωl

k

f j � x̄ dµl
k � x̄�� �

Ω
f j � x̄ dµ � x̄�� (7)

EachintegraloverΩl
k of theaboveequationcorrespondsto exactlyoneaddendof equa-

tion (4). In physicalterms, f j describesthedifferentialflux that is transportedalonga
pathtowardspixel j. Equation(7)definesameasurementasanintegralovertheinfinite-
dimensionalpathspace.Thisallowsfor awholenew setof integrationtechniquesto be
appliedfor solvingthelight transportproblemin thepresenceof participatingmedia.

2Weusethecommonarrow notationfor specifyingadirection.The ` symbolindicatessymmetryof the
arguments.
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4 Sampling

In orderto evaluatethepathintegral (7) we needto build transportpathswith respect
to an appropriateprobabilitydensityfunction (pdf). We split the generationof paths
into an alternatingsequenceof scatteringandpropagationevents: A scatteringevent
choosesa directionat a givenvertex x by samplingaccordingto thephasefunction fp

(for x �8� 0) or the BSDF fs (for x � ∂ � ). A propagationevent determinesthe next
interactionpoint x� in a given directionω startingfrom x. This is doneby sampling
thedistanced betweenx andx� accordingto thepathtransmittanceτ. Thepdf of the
wholepathis thensimply theproductof all scatteringandpropagationpdfs,asthese
areindependentof eachother.

4.1 Line Integral Computation

Propagationin theabsenceof participatingmediais straightforward,asthenew interac-
tion pointis uniquelydeterminedby theraycastingfunctionh. If araypassesthrougha
medium,wegeneratethenext interactionpointwith theinversionmethod[HM72], and
weobtainanexpressionfor thedistanced by normalizing,integratingandinvertingτ.

Homogeneous Media. The homogeneouscaseis simple,becauseherewe have the
explicit expressiond � � ln � 1 � ξ ba σe, whereξ is auniformly distributedrandomvari-
ablein c 0 � 1 . All we needto do is comparethe sampledd with the distances to the
closestsurfacepointx∂ � . If d : s, wesetx� : � x � d 
 ω, otherwisewechoosex� : � x∂ �
andadapttheprobabilitydensityaccordingly.

Inhomogeneous Media. Theserequiremorework, sinceweneedto computed from
theimplicit equationln � 1 � ξ d�fe d

0 σe � x � tω  dt. This is donewith a raymarchingal-
gorithm[PH89], whichaccumulatesσe alongtheray � x � ω  until thethresholdln � 1 � ξ 
is reachedor thesurfacepoint x∂ � is hit. In effect, a ray marchingalgorithmapproxi-
matesaone-dimensionalintegralby dividing therayinto anumberof disjointsegments
andevaluatingσe atcertainpointswithin eachsegment.Equidistantsamplingtraverses
the ray with constantstepsize∆, which producesvisible artifactsdue to aliasing,as
depictedin figure2 (a). Theexplanationfor the layersin thecloudis simple:Light is
emitteddownwardsfrom thelight sourceattheceilingandhitsthecloud.As thetraver-
salof theclouddata3 startsat thetopsurfaceof its cubicboundingbox,theinteractions
in the mediumoccurroughly within the samehorizontallayers,whosevertical spac-
ing is determinedby thesizeof theray segments∆. Consequently, differenttransport
pathsthatcontributeto thesamepixel arecorrelated.Theseeffectscanbeeliminated
by randomlyperturbingthe samplepoint within eachray segment,a methodknown
as jittering. This leadsto stratified sampling, a MonteCarlo techniquefor numerical
integration.While stratifiedsamplingreducesaliasing(seefigure2 (b)), it is not a par-
ticularly efficient samplingmethodfor this kind of integrationproblem. MonteCarlo
integrationis particularlysuitablefor high-dimensionalintegralswith discontinuities
in theintegrand.Herewe have a one-dimensional,rathersmoothcontinuousfunction,
favouringdeterministicapproaches.Thereforewehave implementeda combinationof
equidistantandstratifiedsampling. Insteadof usingindependentrandomsamplesin
eachray segment,we choosean initial randomoffset that is appliedto all subsequent

3We storeinhomogeneousmediaon a three-dimensionalgrid with intermediatevaluesbeingcomputed
throughtri-linear interpolation.
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∆

σe g xh
xi i i j ∆ x

ξ1

x

σe g xh
xi ikg i l ξi h ∆
ξ0 ξξξξ

xi ikg i l ξ h ∆ x

σe g xh

(a)equidistant (b) stratified (c) randomoffset

Fig. 2. Differentray marchingstrategies. The lower pictureshows thesamplingmethod,illus-
tratedfor box integration. In theupperrow is animagegeneratedwith this method.Equidistant
samplingclearlyrevealsaliasingartifactswhichareno longervisible in therandomizedversions
of theraymarchingalgorithm.

samplesof thecurrentray (see2 (c)). Thisbreaksthecorrelationof differenttransport
paths(andhencereducesaliasing)but keepsthe integrationessentiallydeterministic
andthusmoreefficient. In generalwe foundanefficiency gainof 30-45%for random
offsetsamplingascomparedto stratifiedsampling.Sinceabout25%of thetotal com-
putationtime of figure2 arespenton samplingthemedium,this leadsto anessential
decreasein overall renderingtimeof about10%for this scene.Thesamplesgenerated
thiswaycanbeusedasinput for anadaptiveraymarchingschemeasusedin [JC98].

5 Rendering

In [VG97] VeachandGuibaspresentedthe MetropolisLight Transport(MLT) algo-
rithm for scenesin vacuum.We have extendedthis approachto incorporateparticipat-
ing media,basedon thegeneralizedversionof thepathintegralasdefinedin section3.
MLT makes useof the Metropolis samplingalgorithm [MRR � 53], a very powerful
methodfor thesimulationof randomvariables.Thebasicideais to generatea random
walk x̄0 � x̄1 �>�=�=� throughthepathspaceΩ anddepositacertainconstantamountof energy
at eachpixel a pathpassesthrough.Thedesiredimageis obtainedby distributing the
pathsproportionallyto their contribution to thefinal image.Metropolissamplinggen-
eratesthis distributionby first proposinga mutationof thecurrentpathandcomputing
thecorrespondingacceptanceprobabilityα. Samplingα thendetermineswhetherthe
mutatedpathis acceptedor rejectedasthenext sampleof therandomwalk. Notethat
thepathsgeneratedthis way arecorrelated,which allows variousformsof coherence
to beexploited.On theotherhandwearefacedwith a potentialincreasein varianceas
comparedto independentsampling.

MLT requiresaninitializationstepwhichdeterminesthetotal imagebrightnessand
generatestheseedpathfor theMarkov chainof paths.Similar to [VG97], our initial-
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izationusesbidirectionalpathtracing,which we extendedto incorporateparticipating
media[LW96]. A moredetaileddescriptionof Metropolissamplingandits application
to evaluatethepathintegralcanbefoundin [Vea97].

5.1 Mutation Strategies

Generatinga new mutationandcomputingthe correspondingacceptanceprobability
is centralto theMLT algorithm. We usea setof differentmutationstrategiesfor this
purposeandrandomlyselectoneof themto createtheproposedmutation.

1. Bidirectionalmutationsdeletea contiguoussectionof the currentpathandre-
placeit with anew pathsectionby appendingverticesto bothendsof thecreated
subpaths.Adaptingthe bidirectionalmutationstrategy describedin [VG97] to
ourgeneralizedpathintegral framework is straightforward,soweomit adetailed
discussionhere.

2. Perturbationsexploit thefactthatsmallvariationsto thepathmostlikely leadto
similar imagecontributionsandhencea high acceptanceprobability. We distin-
guishtwo typesof perturbations:

(a) Scatteringperturbationsdisplacethedirectionvectorata certainvertex,
(b) Propagationperturbationsdisplacetheinteractionpointalongacertainray

segment.

Themutatedpathis thencreatedby retracingtheoriginalpath,while preserving
the pathcharacteristic.In a sense,scatteringandpropagationperturbationsare
complementary. Thefirst perturbsadirectionhopingto obtaina similiar interac-
tion point,while thelatterperturbsaninteractionpointhopingto obtainasimilar
direction. The ideaof both is to samplepathspacelocally. Oncean important
pathhasbeenfound,neighboringpathsareexploredaswell. This is especially
beneficialfor brightareasof theimage,suchascaustics.Anotherimportantfea-
tureof perturbationsis that they alter the imagelocation. This leadsto a better
distribution of pathsover theimageplaneandsignificantlyreducesthevariance
of thegeneratedimages.

We have implementedtwo scatteringperturbations:Sensorperturbationsalter the lo-
cationon theimageplane4 andretracethepathtowardsthelight source.Thismutation
strategy combinesthelensandmulti-chainperturbationsof [VG97]. Causticperturba-
tionsretracethepathtowardstheeye,afterperturbingthedirectionvectorof thesecond
pathedgefrom theeye.

Propagation Perturbation. Thismutationstrategy is specificallydesignedfor partic-
ipatingmedia. Let x̄ � x0 �=�>� xk denotethe currenttransportpath,wherex0 is a point
on a light sourceandxk is a point on thesensor. Similarly, ȳ � y0 �=�=� yk is theproposed
mutationof x̄. If xk ( 1 is aninteractionpoint in themedium,i.e. xk ( 1 �_� 0, this vertex
is displacedalongthe line from xk ( 2 to xk ( 1 to obtainyk ( 1. This new vertex is then
connectedwith theeyepointto determinethenew sensorlocationyk. xk ( 1 is moveda
distanceD in eitherdirectionalongxk ( 2xk ( 1 accordingto thepdf

p � D  ∝
1
D
� D �mcDmin � Dmaxn �

4Weusethecommonpinholecameramodel,specifiedby aneyepointandanimageplane,suchthateach
pointof theimageplanecorrespondsto exactlyonepixel of thefinal image.
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whereDmin andDmax specifytheminimal andmaximaldistance,respectively (seefig-
ure3). If yk ( 1 falls outsidethemedium,or xk ( 1 a�o� 0 themutationis rejected,i.e. its
acceptanceprobabilityis settozero.Notethatpropagationperturbationis computation-
ally very cheapasit only requiresoneocclusiontestto checkwhethertheconnection
with theeyepointis unobstructed.

sensoreye light source

Fig. 3. Propagationperturbation.The interactionpoint is spatiallydisplacedaccordingto the
indicateddistribution.

6 Simulation Results

Wehaveimplementedourversionof theMLT algorithmbasedontheexperimentalray
tracingkernelMcRender[Kel98], which supportsfastBSPray intersectionsandoc-
clusiontesting.We usea convex combinationof Schlick’sbasefunctionsto modelthe
phasefunctionof themedium,asdescribedin [BLSS93]. TheBSDFis modeledwith an
extensionof Ward’s reflectionmodel[War92] for isotropicscattering,which includes
singularscattering.Thesescatteringmodelsallow anew directionto begeneratedwith
theinversionmethod,which is essentialfor efficientsampling.

As a minor optimizationwe estimatepathsof lengthone,i.e. directly visible light
sources,with standardray tracingtechniques.Explicit direct lighting calculationhas
not beenimplementedso far andit might beworthwhile to incorporatemethodssuch
asthosedescribedin [War91] or [SWZ96]. This shouldleadto significantefficiency
gainsfor scenesdominatedby direct light. Thepinholecameramodelimposessome
constraintson the useof perturbationstrategies,e.g. the causticperturbationis not
effective for causticsseenthrougha mirror. For the caseof a moregeneralcamera
modelwith afinite aperturetheperturbationstrategiescaneasilybeadaptedsothatsuch
situationsarecovered.If the light sourceandthecameraaperturearesmall,however,
pathsthat containtwo or moresingularscatteringinteractionsseparatedby a diffuse
interactionarenot handledwell by the MLT algorithm. Whenperturbinga direction
vector (in eitherdirection) and re-tracingthe path, the diffuse interactionpoint will
move. Fromthis displacedpositionwe will mostlikely not hit thesensorrespectively
the light source,becausewe mustenforcea singularscatteringto preserve the path
characteristic.Thustheacceptanceprobabilitywill be low on theaverage,leadingto
increasedvariance.All imageswererenderedon a singleprocessorHP C3000with a
PA 8500CPUat 400MHz. We have only usedsceneswithout surfacetexturessothat
the Monte Carlo variance(i.e. noise)and illumination detailscanbe observed more
clearly.

Figure4 (seethecolor page)featuresa renderedcloud lit by anapproximationof
theCIE clearsky model.Figure5 showsa testscenewith a difficult lighting situation.
Theroomis entirely illuminatedby indirect light passingthroughthehalf-opendoor.
Notethatthelight sourceis locatedat thefarendof theadjacentroom,i.e. no light can
reachtheeyewithoutbeingscatteredat leasttwice. Thescenecontainsglossysurfaces,
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e.g. thefloor, transparentobjects,e.g. theglassball, andan inhomogeneousmedium
”streaming”throughthedoor. Mostotherexistingglobalilluminationalgorithmswould
performpoorly in this scene.Bidirectionalpathtracing,for instance,createstransport
pathsby connectingsubpathsthat startboth from the eye andfrom the light sources.
Most of theseconnectionswill beblocked,however, which leadsto increasednoisein
the image.Thephotonmapmethod[JC98] fails for this scene,becausemostphotons
will belocatedin theadjacentroomandthuscannotcontributeto theradianceestimate.
Here,eventheimportancedrivengenerationof thephotonmap[PP98] doesnot help,
becausethedoorslit is too narrow for a sufficient numberof photonsto passthrough
(see[KW00] for a detaileddiscussionof thesetopics). Metropolis light transportis
far superiorin this setting. The locality of theperturbationstrategiesleadsto a better
coverageof therelevanttransportpaths.Theimageof figure5 is 720by 576pixelsand
hasbeenrenderedwith 700mutationsperpixel in approximately6 hours.Notethatthe
tablelegsarethin metalplatesangledtowardsthecenterof the table,which explains
thedifferentextendsof theshadows. MLT will in generalperformbetterif substantial
amountsof thetransportpathswith a high imagecontributionareclusteredin a ”small
region” of pathspace.Thestrongcorrelationof subsequentsamplesof therandomwalk
ensuresthattheseregionsaresampledadequately.

Figures6 to 8 show differentviewsof arealisticarchitecturalmodelwith morethan
240,000geometricalprimitivesand varioussurfacematerials. Theseimagesclearly
demonstratethe robustnessof the Metropolislight transportalgorithmfor participat-
ing mediain complex environments.Thenight sceneof figures6 to 8 illuminatedby
spotlightsandstreetlampscontainsmorethan700arealight sourcesandillustratesthat
MLT easilyhandlessceneswith many light sources.In figure6 thechurchis surrounded
by a thin homogeneousmedium,simulatinga foggyatmosphere.This imageis 720by
490pixelsandhasbeengeneratedwith 640mutationsperpixel in 15 hours.Figure7
shows an exampleof a volumecaustic,createdby light beingfocusedfrom the glass
sphereof thesculptureinto themedium.This imagewasrenderedin 18hourswith 640
mutationsper pixel at 720 by 576 pixels. In Figure8 the homogeneousmediumhas
beenreplacedby a cloudmodelledwith a very large inhomogeneousmedium. Using
640mutationsperpixel theimagehasbeenrenderedin 8 hoursat380by 490pixels.

7 Conclusions

Wehavepresentedanextensionof theMetropolislight transportalgorithmthatprovides
aphysically-basedsimulationof globalilluminationfor radiativelyparticipatingmedia.
Using an improved versionof ray marching,the algorithm handlesinhomogeneous
mediawith multiple,anisotropicscatteringandcansimulatevolumetriceffectssuchas
volumecausticsandcolorbleedingbetweenmediaandsurfaces.Theresultsshow that
high quality imagesareobtained,even for difficult lighting situations,suchasstrong
indirectlight or largenumbersof light sources.

SinceMetropolis light transportis basedon point sampling,no discretizationof
thescenegeometryor thedirectionalspaceis necessaryandnomemory-intensivedata
structuresare required. This makes the algorithm suitablefor complex scenes,e.g.
modelsrepresentedprocedurally, by fractals,or acyclic graphs.Furthermore,it easily
supportsparticipatingmediathataredefinedimplicitly or by proceduralmodels.Par-
allelizing the algorithmis straightforward,e.g. differentprocessescomputeseparate
imagesthatarethenaveragedto obtainthefinal result.

Webelievethatmany optimizationsof thealgorithmarestill possible.For instance,
differentmutationstrategiesareselectedrandomlyaccordingto a discretepdf thatas-
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signsaconstantweightto eachmutationstrategy. Theoptimalvaluesfor theseweights
stronglydependon the specificscene,however. For several testscenes(e.g. simple
sceneslike thecornellbox) bestresultswereobtainedby weightingtheperturbations
a hundredtimesstrongerthanbidirectionalmutations.In thesecasesthe averageac-
ceptanceprobabilityα for bidirectionalmutationsis high enoughto guaranteeaneven
samplingof all pathsx̄ with f j � x̄qp 0 � Yet in otherscenes,e.g. figure5, bidirectional
mutationswill on averageproducea muchlower α. Soweightingtheperturbationsa
hunderdtimesstrongerleadsto an unevensampling,asthe spaceof pathsis not ad-
equatelycovered. For the sceneof figure 5, for instance,singleverticesof the path
degenerateto point light sourcesbecausetheir probabilityof becomingmutatedis too
low. Theseverticeslocatedin theadjacentroomresultin sharpshadow boundaryar-
tifactsinsteadof yielding thecorrectsmoothillumination transition.In orderto avoid
suchsevereartifactsabalancedpdf is muchmoreappropriate.All imagesin thispaper
have beenrenderedwith equalweights,aswe foundthis to bethemostrobustsetting
in general.We arecurrentlyworking on a heuristicfor adaptively determiningthese
weights,whichwill furtherincreaseefficiency.

Thepropagationperturbationis just onepossiblemutationstrategy that is specifi-
cally designedfor participatingmedia.Othervariationsareconceivable,e.g.swapping
from themediumto a surfaceandviceversa.
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