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Abstract

Samplingcompleilluminationin theform of ervironmenimapshasreceived lot of attentionin computergraph-
ics.Recentvorkin thisareahasdemonstatedthatdrawingsamplesromtheproductof light andBRDF produces
superiorresultsto other samplingstrategies. However, existing methodsin this area consideronly individual
framesand do not take advantae of coheencein animations.in this paper weintroducea sequentiasampling
approad for dynamicervironmentmapillumination. Our algorithm efciently sampledrom the productof illu-
minationand BRDF, while exploiting tempoal coheence We demonstate signi cant performancedene tsover
existingmethods.

Keywords: MethodsandApplications— Monte Carlo TechniquesRendering- Ray Tracing;Rendering- Global
lllumination.

CategoriesandSubjectDescriptorgaccordingo ACM CCS) 1.3.7[COMPUTERGRAPHICS]:Three-Dimensional

GraphicsandRealism Raytracing.

1. Intr oduction

The samplingof comple direct illumination in the form
of high dynamicrange (HDR) ervironmentmapshasre-
ceived signi cant attentionin recentyears,with major ap-
plicationsin realisticrelighting. The bestknown techniques
for directillumination samplefrom the productof the in-
cident illumination and the surface re ectance [BGHO5
CJAMJO05, TCEO]. With advancementin HDR acquisition
technologies HDR video environmentsare becomingin-
creasinglyavailable. This availability has spavned recent
work on samplingdynamicillumination from such HDR
video sequencefHSK 05 WWLO05]. However, thesetech-
niguesonly take the dynamicimportanceof the illumina-
tion into accountwhile proposingsampledfor the video se-
qguence Suchtechniquesare problematicin the presencef
high frequenciesn boththeillumination aswell asthe sur
face BRDFs. While one can producenoise-freeimagesby
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usingonesetof sampledor all surfacelocations,doing so
eliminategheimpactof dimmerlight sourceswhich should
dominatethere ection for certainsurfaceorientations.

In this work, we aim to ef ciently samplefrom the prod-
uct distribution of the illumination and the BRDF in a
video sequencevith dynamicillumination usinga Sequen-
tial Monte Carlo (SMC) samplingstrategy. The basicidea
is to generatesamplesaccordingto the product distribu-
tion in the rst frameof the sequenceandthereaftetto |-
ter thesesamples(particles)in the subsequenframesac-
cordingto thedynamicproductdistribution. This sequential
samplingmechanismis more ef cient than independently
re-rggeneratinghe sampledor every time step(Figure 1),
especiallyfor sceneswith high frequenciesn both the dy-
namic illumination and the BRDF. At the sametime, our
methodavoids systematiainderestimationof re ections at
certain angles,which is commonto dynamic importance
methodsgeneratingpoint light approximationf the envi-
ronment.

Our solutionto samplingfrom the dynamicproductdis-
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Figure1: Qualitycomparisorof our SMCsamplingalgorithmwith bidirectionalimportancesamplingfor a sky probesequence
Left: 1% framerendeed usingbidirectionalimportancesamplingin 8 secondsCenter:5" frameof sequenceendeed using
SMCsamplingin 4 secondsRight: Comparisonmage for 5th framegeneatedusingbidirectionalimportancesamplingin 4

seconds.

tribution is a two-stepapproachWe assumethat we have
alreadyobtaineda samplesetaccordingto the productdis-
tribution of the previous frame. For the rst frame of the
animation,we generatethis sampleset with bidirectional
importancesampling[BGHOS. In the rst stepof our al-
gorithm, samplesdistributed accordingto the productdis-
tribution of the previous time stepare propagtedin time
usingsequentialimportancesampling.The productdistribu-
tion at the new time stepis incrementallyestimatedusing
the weightsof the sequentiaimportance.The secondstep
extendsthe path of eachof thesesamplesusinga Markov
Chain Monte Carlo (MCMC) kernel whoseinvariant dis-
tribution is the tamget distribution at the currenttime step.
The MCMC kernelis implementedusing the Metropolis-
Hastings(MH) algorithm[MRR 53]. No visibility testsare
performedduringeitherof thetwo stepsVisibility is nally
testechttheendof thesecondstepin orderto obtainaMonte
Carloestimateof thedirectillumination. This approachtas
thefollowing bene ts:

We needto propagteonly a smallnumberof samplesn
time to estimatethe directillumination asthesesamples
aredistributedaccordingto thetargetdistribution ateach
time step.This makessamplepropagtionvery ef cient.
Thenormalizationconstanfor the productdistribution at
eachtime stepcanbe incrementallycomputedusingthe
sequentiaimportanceweights. Thus, the normalization
constant,.e. the un-occludedre ected radianceat each
time stepcanbe estimatedvery ef ciently without draw-
ing alarge numberof samples.
Samplegeneratiortostateachtime stepis independentf
the costof samplingfrom the BRDF representatiosince
thealgorithmonly requirego evaluatethe BRDF but does
not requireto samplefrom it. Thus,ary complex BRDF

representationanbeusedwithoutimpactingsamplegen-
erationcost.

The methodcreatessampleson the y anddoesnot re-
quireary expensve precomputation.

2. RelatedWork

The computationof the directillumination in a sceneis a
costlytask,especiallyin thepresencef comple real-world
light sourcessuchas ervironmentmapsand otherimage-
basedrepresentationsvuch effort hasbeenfocusedon the
developmentof ef cient techniquedor completingthis task
in the presencef staticaswell asdynamicillumination.

2.1. Sampling from EnvironmentMaps and BRDFs

The easiestway of dealingwith this situationis by sam-
pling from either the ervironment map or the BRDF,
but not both. To sample from the enegy distribution
of the environment, researchershave used point relax-
ation schemes[CDO01, KKO03], hierarchical distribution
schemes[ODJ04 Deb04, or inversion of the cumula-
tive density function (CDF) [LRRO5 SHS02. Agarwal et
al.[ARBJO3 introducedasamplingmethodfor environment
mapsthattakesinto accountboththe enegy distribution in
theernvironmentmapandthesolid angleseparatinghe sam-
plesto avoid oversamplingpf brightregions.

All thesemethodswork bestfor high-frequeng illumina-
tion, but low-frequeny BRDFs.In casesvherethe BRDF
containshigh frequenciesbut the illumination doesnot,
samplingform the BRDF reduceghe variance.Depending
ontheBRDFrepresentatiorifferentstratgiescanbeused,
for examplefor analyticaBRDFs(e.g.[Shi0Q), or takulated
BRDFs[MH97,LRR04.
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Whenboth the environmentandthe BRDF containhigh
frequencies,neither of these methodsworks very well.
Veachand Guibas[VG95 werethe rst to considerthis
problem.Their multiple importancesamplingcombineddif-
ferentsamplingdistributionssuchasilluminationandBRDF
distributionsusingbalanceheuristics.

However, asshavn recently samplingdirectly from the
product of light and BRDF produceseven better results.
Severalstratgieshave recentlybeenintroducedto this end.
Burke et al. [BGH05 presenttwo algorithmsfor sampling
accordingto the productdistribution, one basedon rejec-
tion samplingandthe otherbasedon sampling-importance-
resamplingSIR), the latter of which is alsousedby Talbot
et al. [TCEOY. Clarbeg et al. [CJAMJO05] presenta tech-
nique for ef ciently samplingthe productof the illumina-
tion andthe BRDF usinga hierarchicalwaveletrepresenta-
tion. Their methodis very ef cient for tatulatedBRDFsbut
requiressigni cant precomputatiorfor ervironmentmaps
makingit unsuitablefor dynamicillumination. Lawrenceet
al. [LRROY presentan approachfor compressingumula-
tive densityfunctionsfor ef cient inversionandapplyit to
samplingfrom mary precomputedervironmentmap PDFs
for differentsurfaceorientationsThis canbe seenasan ap-
proximationof the productdistribution.

Our proposedSMC mechanisnfor samplingdynamicil-
luminationis verygenerabndcanbeappliedin combination
with ary samplingschemediscussedabore for proposing
samplesin the rst time step.In fact, sequentialsampling
would alsohelp overcomethe precomputatiomequirements
of someof thesetechniquedor a dynamicsequenceln our
work, we employ Burke et al's SIR algorithmfor bidirec-
tional importancesampling[BGHO0Y5 in the rst frame of
thesequence.

2.2. Sampling from Dynamic lllumination

Several researcherfiave consideredthe problem of sam-
pling from dynamic illumination. For example, Sbert et
al. [SSSK04 presenteda methodfor reusinglight paths
computedn oneframeof alight animationsequencén all
otherframesusingmultiple importancesampling.Theindi-
rectillumination in eachframe of the sequences approx-
imated as weightedcontrikutions from theseprecomputed
virtual point lights. This methodworks on moving point
lights, not complex environments.

SomeresearcherBave lookedat pathre-usagén thecon-
text of globalillumination for a sequenc®f cameraanima-
tion via reprojectionof the primaryray hits onto theimage
plane.Here,techniqueghatarepossiblybiased HDMSO03
aswell asunbiasedechnigue§ MFSSKO0§ using multiple
importancesamplinghave beenproposedfor the path re-
usageOur proposedSMC samplingmechanisntanalsobe
appliedto acameraanimationsequencéor samplepropag-
tion in anunbiasednanneywhile beingmoreef cient than
multipleimportancesampling.
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Recentwork on dynamic ervironmentmaps,including
Wan et al. [WWLO05] and Havran et al [HDS03, approxi-
mateservironmentswith a setof pointlights thataredravn
accordingo theenengy distributionin theervironmentmap,
andevolve smoothlyover time. However, this proceduren-
troducesa systematierrorfor speculamaterialsif noneof
the chosenpoint lights residesinside the specularobe. In
this case,onewould expectto seea speculare ection of a
dimmer part of the environment,but thesemethodscannot
producethis result.

2.3. Metropolis Sampling for Global lllumination

Our methodincludesa Metropolissamplingstrateyy. Veach
& Guibas[VG97] rst appliedMetropolis samplingto the
problemof imagesynthesisanddevelopeda generalyobust
and unbiasedalgorithm called Metropolis Light Transport
(MLT) thatwaswell suitedfor hardcasedor samplingbe-
causeof its localizedexplorationand pathre-usageproper

ties.Fanetal. [FCLOH recentlyappliedtheMetropolisalgo-
rithm for ef ciently samplingcoherentight pathsfor photon
mapping.

Cline et al. [CTEOY presentedan efcient unbiased
methodto solve correlatedintegral problemswith a hy-
brid algorithmthat usesMetropolis sampling-like mutation
stratgies in a standardMonte Carlo integration setting,
overcomingthestartupbiasproblemof MLT. They applyen-
emy redistrikution over the imageplaneto reducevariance
of pathtracingfor globalillumination. Ourwork is similarin
spirit in the senseof usinginitial Monte Carlo samplingfor
proposingsampledor the subsequertime step followedby
Metropolissamplingin orderto explorethe new directillu-
minationtargetdistribution.

3. SequentialMonte Carlo Sampling

As mentionedin the introduction,we proposea sequential
Monte Carlo (SMC) samplingalgorithm for samplingac-
cording to the dynamic productdistribution of the illumi-
nation andthe surfacere ectanceduring an animationse-
guence.Traditional SMC algorithmsin the literature deal
with the casewherethetargetdistribution of interestattime
n, de ned on W, is of a higherdimensionthanthe tamget
distributionattimen 1[DdFGO]. A classicalexampleof
thisis an SMC algorithmappliedto sequentiaBayesiarin-
ferenceln ourcasethetametdistributionateverytime step,
i.e. thedirectillumination integral, is de ned on acommon
spaceof thehemispheref directionsW. Hencewe employ a
classof SMC samplersecentlydevelopedfor acommondo-
main[dMDJO0{ to theproblemof samplingirom theproduct
distribution of incidentillumination andBRDF in the pres-
enceof dynamicillumination.

Our SMC samplingalgorithmis a two-stepapproachwe
startwith samplesreatedaccordingto the productdistribu-
tion in the previous time step,and propagtethemin time
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using sequentiaimportancesamplingfollowed by a possi-
ble resamplingstep.We thenemplgy anappropriateMCMC

transitionkernelto redistrilute the samplesaccordingo the
productdistribution at the new time step.Thereafterthese
samplesnow distributedaccordingto the new targetdistri-

bution, areusedfor visibility testing.

Considerthedirectillumination at a point for a givenob-
ser\erdirectioznwr:

Lr(wr) = Wfr(wi! wr) cosgili(wi)V (wi)dw;; (1)

with L; denotingthe incidentillumination from anerviron-
mentmap, fr representingheBRDF, andV beingthebinary
visibility term.Notethatwe treatL; and f, asscalarvalued
functionshereandthroughouthetext. In practice L; and fr
arecolorvaluedfunctions,from which we derive the scalar
valuedoneshy averagingthe color channels.

The target distribution of interestfor directillumination
is the productdistribution p of incidentillumination andthe
BRDF:

N o= g r(wi! wicosgli(wi) _ B(wi).
pow) = “wir(wi o owr) cosgiLi(wi)dw; — Lns @

Here, p(wi) = fr(wi !' wr)cosgili(w;) '!§ the un-
normalized importance function, and Lns =y, fr(w; !
wr) cosgiLi(w;)dw; is the un-occludede ected radiancen
the viewing directionandis the normalizationconstantof
the tametdistribution. Burke et al. [BGHOS referto Lns as
“radiance no-shadows"

Our SMC algorithmworks asfollows: we startwith sam-
ples Wi(;]n) , and WeightsWrEJ)l; j = 1N, suchthat the
weightedsamplesare proportionalto the productdistribu-
tion of BRDFandilluminationin framen 1.Thesesamples
representheincidentlight directionsfor onesurfacepoint,
thatis, thepointvisible ataspeci c pixel. Forthe rst frame,
thesesamplesareobtainedby bidirectionalimportancesam-
pling, andall weightsare1=N. Thetwo stepsof our method
arethensamplepropagationfollowed by MCMC transition
to adjustthe samplego the productdistribution in the next

frame.

Step 1: Sample Propagation: We propogte the samples
Wi(;’rf , in time using sequentiaimportancesampling.The
un-normalizedncrementalweight Wn of every samplefor
sequentiaimportanceat time n is given by the following

ratio:

5 ()
(] Pn(wizy 1)
W = ©)
pn l(Wi;n 1)
This weight s just the ratio of the target function eval-
uated at the samplepoint at time n to that evaluatedat

timen 1 for the samepoint, andrepresentshe changen
weightingof a sampledueto changesn the tamgetdistribu-
tion. Thenormalizedweightsfor theN samplesttimen are
thengivenby:

D wi)
Wn 1 Wn . (4)
(k)

2 N (k)
ak=1Wn 1 Wn

wih =

This trackingof weightsto represengvolving targetdis-
tributions is called SequentialMonte Carlo Sampling or
SMC for short[dMDJO0q. Note that we canusethe SMC
mechanisnfor samplingfrom a dynamicsequenceven if
we usea different proposaldistribution q insteadof p for
the rst frame.The only differenceherewould be that we
would have to appropriatelyweightthe samplef the rst
framefor sequentiaimportanceTheun-normalizedveights

W(lj) would thenneedto be computedas:

iy Bl
TN
ql(wi;l)

andthennormalizedo obtainele(j) .

Stepla: Resampling As thevariancebetweerthe proposal
distribution gn and the tamget distribution pn tendsto in-
creasawith n, thevarianceof theun-normalizedmportance
weightstendsto increaseresultingin a potentialdegener
agy of the particle approximation.This degenerag canbe
measuredisingthe criterion of effectivesamplesize (ESS)

@ LW)2) 1[LCog]. The ESStakesvaluesbetweert
andN. If the ESSis belov a pre-speci edthreshold,say
N=2, we resamplethe N samplesaccordingto the weights

Wrsj) and set the weights of the resampledsamplesequal
to 1=N. This resamplingstep discardssampleswith low
weightswhile copying the sampleswith high weightsmul-
tiple times,thuskeepingthe samplesaccordingto thetarget
distribution. Note that the mutationsin the next stepmalke
surewe do not keepmultiple identicalsamples.

Step2: MCMC Transitions. After samplepropagtionand

potentialresamplingwe applyanMCMC kerneI_Kn(wi ;wio)
of invariant distribution pn to every samplewi(;Jn)
der to obtain new sampleswi(;jn). The new samplesw;., are
mamginally distributedaccordingto

1 In or-

Z
pn(wd) = P 2 (W) K (Wi; W) dwi: (5)

We employ the Metropolis-Hastingslgorithm (MH) for
thesetransitions,with a mix of local randomwalk moves
andindependenproposalmoves.For a detaileddescription
of the MH algorithm, we refer the readerto the chapter

¢ TheEurographicsAssociation2006.
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Symbol | Description

w) j'" sample(incidentdirection)

Wrﬁj) Weightfor jth samplen framen

Wﬁj) Unnormalizedwveightfor jth samplen framen

N Numberof samplegper pixel

Pn TamgetPDFfor framen

Pn Unnormalizedmportancgproductof illuminationandBRDF)

On Proposatistributionattime n

pﬁzpl:n Thek™" of P intermediatedistributionsbetweerframen 1 andframen

Table 1: Summanpof notationusedin this paper

on Metropolis Samplingby Pharrin the SIGGRAPH2004
coursenotes[DJA 04]. Whenusingthe MH algorithm,the
MCMC kernelKn of invariantdistribution py, is describedn
termsof anacceptancerobability of a proposedransition:

p(wf a1 wy
D, o, & ©)
Br(w; )a(wi ™ b w)

a(wi“) ! Wiqn) = minf 1;

Wherewi(j) isthecurrentsample,ng) is the proposedsam-
ple using the transitionkernel g, and a is the acceptance

probability of the proposedransition.

We mix local walk moves with independentproposal
moves astheseindependentnoves are requiredto prevent
the SMC sampledrom getting stuckin local possiblynar
row modesof thetargetdistribution. For high frequeng dy-
namic lighting, we chooselocal walk moveswith uniform
randomdirectionalperturbationsf up to a few degreesof
the sampleswhile choosingsamplesrom the ervironment
map (EM) for the independenproposalmoves. When us-
ing local randomwalk maves,thereis an equalprobability

of transitionbetween/vi(j) andwfm, i.e. q(wi(j) ! wiqj)) =
g™ 1wy, Thus, the acceptancerobability ajocy of

thelocalwalk movesis givenby:

. . )
oca) 1wy = minf 1 PN gy
Pn(w; ™)

When using independenproposalmoves from the EM,
thetransitionprobability of the Feroposedsampleis givenby
q(wi(‘) ! wiq’)) = Li;n(wiq’)): wLi:ndwi. Hencethe accep-
tanceprobability of theindependeninove is givenby:

I R
minf 1: ﬁn(W?fl))Ll:n(WfJ)):ANLl:ndWl
' ﬁn(Wi(]))Li;n(Wim)): wLindwi

den(ul? 1wl =

£ (w1 W,)cosqio“)g,
f (w1 wp)cosg? ¥

minf 1;

®)
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In practice we proposesereral MCMC movespersample
for goodexplorationof thetametdistribution.

Note the SMC algorithmasdescribedabove is unbiased:
Step1 corresponds$o animportancesamplingstep,which
produceghecorrectdistribution attime n usingthedistribu-
tion attime n 1 asimportance.The varianceof this dis-
tribution is reducedby applying the MCMC algorithmin
Step2. SinceMCMC algorithmworks on an unbiasedlis-
tribution, startup-biags avoided.A formal agumentcanbe
foundin [dMDJO04.

3.1. Directlllumination Estimate

With thesamplesetsandweightsderivedabore, we cannow
estimatehere ectedradianceat a surfacelocationas

N . .
LN;nsmdWr) = Lnsné VVrgl) V(Wi(;]rz): 9
=1

Equation9 can be interpretedas the scaling of the un-
occludedre ectedradiancd_nsn by theweightedaverageof
N visibility testsperformedalongthe directionscontritut-
ing mostsigni cantly to the radianceat time n. Here, the
normalizationconstant_nsn attime n canbe incrementally
estimatedas

R
Lnsn _ o wPn(Win 1)dWin 1

Lhsn 1

2 (i) &0).
RW W :
whn 1(Win 1)dwin 1 191 1
(10)

Thederivation of this resultis givenin AppendixA. It is
worth pointing out thatthis incrementakstimateof the nor-
malizationconstantnsn attime n accordingto Equation10
provides the crucial advantagefor the SMC algorithm in
termsof computationakxpenseover a pure MC approach
suchasbidirectionalsamplingwherethe properestimateof
Lns requiresdrawing large numberof samplesTo estimate
Lnsn=Lng1, one canusethe productof estimategyiven by
Equation10 from timet = 2 to n. Lpg1 iS estimatedn our
caseduringbidirectionalsamplingfor the rst time step.



A.GhoshA. Doucet,& W. Heidrich / SequentiaBamplingfor DynamicEnvironmentMap lllumination

A summaryof the methodcanbe foundin Algorithm 1.
Thecompleity of this algorithmisin O(N).

Algorithm 1 SMC Samplingfor Dynamiclllumination
1: INITIALIZA TION
Setn= 1. )
For j = 1;::N draw wi(;Jl)

p1 using bidirectional

samplingandsetw” = 1=N.
Iterate steps2 and 3:
2: WEIGHTING AND RESAMPLING
Setn= n+ 1. )
Computenen Weightsw,gl) accordingo Equations3
and 4. )
If ESS< Threshod, resampleandsetwrsj) = 1=N.
3: SAMPLING _
For j= 1;::; N draw Wi(;R Kn(Wi:n 1;Wi:n).
EstimatelLnsn accordingto Equationl10.
Estimatere ectedradianceaccordingto Equation9.

4., Variance Reductionwith Intermediate Distrib utions

Theaimof theSMC samplingalgorithmasdiscusseéh Sec-
tion 3 is to "smoothly" move sampledrom thetametdistri-
butionattimen 1 to thetargetdistributionattime n. More
formally, we have samples

Bn 1(Wi)
I—nsn 1 ’

Wl pn a(w) =

andwe wantto move towardssamples

Pn(wi) .
Lnsn

w pn(wi) =

This transition is smooth under the assumptionthat
pn 1 pn. However, this may not be true in practice,es-
peciallyin the casewherethe dynamicilluminationis in the
form of a high frequeng HDR video ervironment.If the
discrepang betweerthe two successie distributionsis too
high, this will resultin high variancein the un-normalized

incrementaWeightsv”v%j), andthusindirectly resultin high

variancein the normalizedweightsWrEJ). The variancein
\/\45') canbecounteredvith theresamplingstepaftersequen-
tial importancesampling,resultingin goodestimatef the
posteriorpn. However, the resamplingstepdoesnot affect
the variancein the un-normalizedNeightsWﬁJ), which can
leadto high variancein theincrementakstimateof the nor
malizationconstantngn accordingo Equation10.

In this scenariowe introducea sequencef intermediate
distributions| GM98] betweertheoriginal distribution p, 1
andthenew onepn in orderto selectasmoothtransitionthat

the samplecanfollow. Theseintermediatedistributionsare
blendsof the original distributions:

pY W)/ B W) = [Bn 2wl Ipn(wi)] (12)

suchthat

Pr 1n(Wi) = P 1(Wi); PR 1n(Wi) = pn(wi):
In practice,we introduceP discreteintermediatedistri-

new distributions to reducevariancewith little additional
cost. The ideais to reducethe variancein the incremental
weightsWy by computinghemasaproductof P incremental
Weightsv”vk of theseintermediateaistributions.Theconsecu-
tive intermediatedistributions py . (wi) and pl* V= (w)
arecloserto eachotherby constructiorthanp, 1(w;) is to
pn(W;), resultingin atter weightsvvk, ascomparedo Wn.

The SMC algorithmwith P intermediatedistributionsre-

quiresslightmodi cationsto thealgorithmdiscusseth Sec-
tion 3. Insteadof rst computingtheun-normalizedveights

Wﬁj) andthe normalizedweightsW(j) andthen doing the
MCMC transitions the algorithmfor P intermediatedistri-

butionscomputestheun-normalizedNeightswﬁj)_ asaprod-
uctof P intermediatain-normalizedveightsw(}) thateach

involve an MCMC kernel of invariant distribution pﬁzpl:n.

Here, the intermediateun-normalizedweights W) are
computedas:

~k=P Kk L;(j)

V'\*}C(j): Pn 1:n(Wi ) . (12)
sk =P, Kk L(j)y"
Brn 1n (Wi )

Assumingwe have sampled erj)l, wi(;'g 19 approximat-

ing pn 1. Thealgorithmthenproceedssfollows:

Algorithm 2 SMC with IntermediateDistributions

1: INITIALIZA TION:

wewritew) = w? | andsetwf’ = 1.

Computed®() accordingto Equation12.

setiy) = wly) W),

Samplew:‘;(j) Kk(w:( 1;(j);wi(k L0)y of invariant
distribution p™y . (w).

At theendof theP iterationsof intermediatalistributions,

the normalizedweightswrgj) are still computedaccording
to Equation4, andresampledf the ESSis below the pre-
speci edthresholdFinally, thenormalizationconstant.nsn

¢ TheEurographicsAssociation2006.
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andthedirectillumination estimatearecomputedaccording
to EquationslO and 9 respectiely.

In generalthereis greaterbenet in termsof variance
reductionin the estimateof the target distribution with the
introductionof a sequenceof P intermediatedistributions
involving oneMCMC move eachthanwith asingledistribu-
tion involving P MCMC moves,while beingonly a slightly
more expensve in termsof computationtime (Figure 3 in
theresultssection).Thisbene tis becausa sequencef in-
termediatalistributionssimultaneouslyeduceghevariance

in theun-normalizedveightswy W while exploringthetarget
distribution attime n.

5. Unoccludedlllumination Estimatewith Path
Sampling

In this sectionwe exploreanalternatve estimatefor theun-
occludedradiancelns, which canbe usedin placeof the
methoddescribedn section3.1 We obtainthis alternateso-
lution by pathsamplinglGM98]. In the statisticsliterature,
thepathof asamplds de ned asthecontinuoudrajectoryof
asampleovertime. It shouldnotbeconfusedvith light paths
in classicablobalilluminationliterature With thisde nition
of path, path samplingrefersto smoothlymaoving samples
from onedistribution to the next.

Consideringa continuouspathof distributions

P 1:n(Wi)

g H
I-nsn 1n

pg 1:n(Wi) =

thefollowing pathsamplingidentity holds[ GM98]:

dlog(pn 1n(W|)) g
d—g n 1n

Losn (w)dwidg

(13)

In our casethelogarithmof thetargetfunction p is given
by

log(By 1n(Wi)) = (1 @log(Pn 1(wi)) + glog(Pn(wi))
accordingo Equation11.

lo
g( Lnsn 1 0

Thus,thederivative of thelogarithmof thefunctionis

dlog(p; (W) _

pﬂ(WI) .
= oW a4

1(wi)

Whenconsideringa discretepathof P intermediatedistri-
bution, we canapproximateEquation13 with

Lnn - R n |
log(re5) = Ak log( ) piF (wi)dw
o o (WS
I%ak 13?‘ k(])IOQ( p((wk(]))))
(15)
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NotethatEquationl5involvescomputingthe normalized

weightsWX\) for every intermediatedistribution pn 1n,

which is not requiredwhen using the standardorm of the
intermediatedistributions. The un-normalizedntermediate
Welghtswk 1 arestill computedaccordingo Equation12.

Whenusingpathsamplingwe canalsoobtainanestimate
of log(Lns=Lng1) asfollows

Lnsn

log( " )-a og( ”Stl)- (16)

Computingthe normalizationconstantusing path sam-
pling is a bit more expensve thanthe standardntroduction
of the P intermediataistributionsasdiscussedn Section4.
However, the estimateof Lns accordingto Equationl5 gen-
erally haslower variancethanusingP intermediatedistribu-
tionswith the standardatio accordingto Equationl10.

6. Implementation

We have implementedthe algorithm describedabove in a
systemthat offers two renderingmodes:a relighting mode,
andamodethatallows for free cameranovement.

Relighting. In relightingmode thecameraandobjectarein
x ed locations,and only the ervironmentcanchange The
initial frameis renderedisingbidirectionalimportancesam-
pling. For all subsequerframes the sampledor eachpixel
arepropagtedandmutatedasdescribecibove,andformthe
samplesetfor the samepixel in the next frame (Figures4
and5).

Free camera movement. Once the camerais allowed to
move freely, a surfacepoint will projectto differentpixels
in differentframes.We take this into accountby tracking
the motion of the surfacepointsat which the samplesvere
generatedWhenwe ray-tracea samplefor one frame, we
alsostorethecorrespondingnformationinto thenext frame.
To this end,we computewhich pixel the surfacepoint will
projectto at the next time step,andstoreall samplesrom
the currentframeinto that pixel. The memoryrequirement
for this procedures about300 Bytes/pixel. Whenwe want
to computethe illumination for the next frame, most pix-
elswill thereforehave a samplesetfrom the previousframe
associateavith them.We propagiteandmutatethoseasdis-
cussedOtherpixels might not have a samplesetdueto dis-
occlusion,or differencesn samplingrate. We startbidirec-
tionalimportancesamplingfor thesepixelsonly (Figure6).

Generabbjectmovementsanbedealtwith thesamewvay
ascameranovementshy knowing whereobjectpointswill
be locatedin the next time step,we can store samplein-
formation at the appropriatepixel locations.Currently our
implementatiordoesnot supportthis kind of objectmotion.
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Figure 2: Quality comparisorof singledistribution vs sequencef intermediatedistributionswith David model(PhongBRDF
s= 50, ks = kg = 0:5) in GraceCathedal HDR EM. Left: Singledistribution with 10 MCMC moves.Center:10 intermediate
distributionswith Lns computedvith standad ratio. Right: 10intermediatedistributionswith Lns computedvith pathsampling

Renderingimesareidentical (5 seconds).

7. Results

In this sectionwe comparetheresultsof our unbiasedSMC
samplingalgorithmwith bidirectionalimportancesampling
for renderingfrom HDR video environments.imageswere
generatedvith areasonablyvell-optimizedray tracerusing
avoxel grid astheacceleratiomlatastructurefor intersection
gueries.Our comparisongxaminethe outputquality of the
two renderingalgorithmsfor a x ed amountof computing
time. We performedthesetestson a 3.6 GHz Xeonrunning
Linux SuSE9.0.

Figure 1 presentsa comparisonof our SMC algorithm
with bidirectionalimportancesamplingfor a sequenceof
the sky probegallery [SJW 04]. The imageon the left is
the rst frame of the sequenceaenderedat a high quality
using bidirectionalsampling(N = 16, M = 800)in 8 sec-
onds.The imagein the centeris the 51 frame of the se-
guencerenderedisingour SMC algorithm(N = 16,P = 5)
with path samplingin 4 secondsThe BRDF of the David
modelin theseimageshasa high specularexponent(Phong
s= 50) andno diffuse componentUndertheseconditions
of high frequeng lighting and highly speculaBRDF, our
SMC algorithmdoesmuchbetterthanbidirectionalimpor
tancesamplingfor the samecomputatiortime of 4 seconds.
In this case pidirectionalsamplingcould only usea smaller
numberof samplegM = 200)to estimatelns for the same
computetime (right).

Figure 2 presentshe quality comparisonof renderings
producedwith our SMC algorithmwhenusinga singledis-
tribution (left) versuswhenusingasequencef intermediate
distributionswith standardatio (center)and pathsampling
(right). Theseimagescorrespondo the rst framerendered
by our SMC algorithmafterrotatingthe EM by 1:5 along
the radial direction simulatinga small changein the HDR

illumination of the GraceCathedralThe sequencef inter

mediatedistributions greatly help in reducingthe variance
in the incrementatomputationof Lns comparedo a single
distribution, while pathsamplingimprovesthequality of the
estimatea bit more.Here,the BRDF of the David modelhas
asigni cant diffusecomponentHence theincrementaksti-
mateof the Lns hashighervariancecomparedo Figurel as
the SMC algorithmusesonly a very small numberof sam-
plesto approximateheLns.

Error convergence comparison of single distribution vs. sequence of intermediate distributions

0.058 |- q

0.056 4

T single distribution
b Path sampling -------

RMS error

0052 |- |

0048 | i

0.046 - q

00us ‘ ‘ ‘ ‘ ‘
2 4 6 8 10 12 14 16

MCMC moves/Intermediate distributions

Figure 3: Corvemenceplots of RMSerrors for singledis-
tribution with multiple MCMC movesandsequencef inter-

mediatedistributionswith oneMCMC move ead. Notehow
the RMSerror reducedastwhenusinga sequencef inter-

mediatedistributionswhile the error doesnot really reduce
mud with just onedistribution.

In Figure 3, we presenta comparisorof the convergence
in termsof RMS errorsfor asingledistributionwith multiple
MCMC movesanda sequencef intermediatedistributions

¢ TheEurographicsAssociation2006.
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with pathsampling.The RMS error plot was computedfor
sameframerenderedn Figure2 with our SMC algorithm.It
is clearfrom the plot thatmultiple MCMC movesfor a sin-
gledistribution do nothelpmuchin reducingthevariancen
the incrementalcomputationof Lns, thoughthey may help
in exploring the target function p. A sequencef interme-
diatedistributionswith 1 MCMC move per distribution, on
the otherhand, is effective in reducingthe variancein the
computatiorof Lps.

The introductionof a sequencef intermediatedistribu-
tions alsohelpsin reducingthe degenerag of the samples.
We tracked the sampledegenerayg, in termsof ESS, for
sequencef 100 frameswhile renderingthe David model
(PhongBRDF s= 50,ks = kq = 0:5) in the GraceCathedral
HDR EM with rotationsto the EM by 1:5 perframe.We
obsered that, on an average the samplescorrespondindo
36% of the pixels requiredresamplingvhenusinga single
distribution with 5 MCMC maovespersample This fraction
reducedto 18% when using a sequencef 5 intermediate
distributionsand1 MCMC move persamplewith pathsam-
pling. Hence,the additionalcostof computinga sequence
of intermediatalistributionsis offsetto anextentby having
to resamplefewer samplesin practice,we usedonly up to
5 7intermediataistributionsasthiswasenoughto reduce
the varianceof mostpixels. However, in orderto maintain
thequality of therenderingovertime, we trackedtheincre-
mentalestimateof Lns and explicitly computedLnsn using
alargenumberof samplesvhenaer theratio Lngn=Lns1 al-
teredsigni cantly.

Figure 4 presentghe quality comparisorbetweenbidi-
rectionalsamplingand our SMC samplingalgorithmfor a
dynamicervironmentsequencéom dawn to duskfrom the
sky probegallery [SJW 04]. We usedthe sampleHDR sky
probeimagesfrom the gallery thathave beencapturedat 10
minuteintervals askey framesof our sequencandinterpo-
latedto create3 additionalframesbetweeneachkey frame.
TheDavid modelin theseimageshasthe samehighly spec-
ular BRDF asin Figure 1, andin this situation,our SMC
algorithm performsmuch better than bidirectionalimpor
tancesamplingfor the samecomputatiortime of 4 seconds.
The SMC samplesalsohave alot moretemporalcoherence,
greatlyreducingick eringin theanimation(pleasereferthe
video).

Figure 5 presentghe quality comparisorbetweenbidi-
rectionalsamplingandour SMC samplingalgorithmfor the
samesky probesequencérom sunriseto sunsetgxceptthat
the BRDF of the David modelnow hasa signi cant diffuse
componentPhongBRDF s = 50, ks = kg = 0:5). In this
case,the differencein the quality of renderingsproduced
by the two algorithmsis not much as the SMC algorithm
needgo estimatethe re ected radiancedueto a wider lobe
with a small numberof samplesHowever, the imagescor-
respondingo the SMC algorithmstill have lower variance

¢ TheEurographic#Association2006.

thanbidirectionalsamplingwherever the specularcontriku-
tion is high.

In Figure6, we presenexamplerenderingsvith our SMC
samplingalgorithmadaptedor changingviewpoint asdis-
cussedn Section6. Werenderedsequenc&ith thecamera
moving from right to left of the David modelwith 2 rota-
tion of the camerabetweenevery frame.Theimagesin the
bottomrow arefalsecolor visualizationsof the pixels cor
respondingo re-projectedpointsthat usedSMC sampling
(green)andnew exposedpixelsthatusedbidirectionalsam-
pling (red)for the two viewpoints.As shavn here,in a se-
guenceinvolving a slovly moving cameramostpixels can
effectively usesamplegpropagtedfrom neighboringpixels
in subsequerframes.

Figure 6: SMCsamplingfor a camen animationsequence
with the David modelin the Grace Cathedal EM. Top row:
Images rendeed with SMC sampling for dynamic view-
points. Bottom row: False color visualization of bidirec-
tional samplegred)and SMCsampleggreen).

Thespeedughatwe getin the caseof moving camerass
lower thanthe speedugor relighting, sincewe cannotuse
SMC for all pixelsdueto occlusion,andsincethe reprojec-
tion of samplesinto the next frame consumegime. While
we nd aspeedupf abouta factorof 2 for relighting, the
speedugor moving camerass only 1.6.Notethatamoving
camerais in somesensethe worst casescenariosinceall
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Figure 4: Quality comparisorbetweerbidirectionalsamplingand our SMCsamplingalgorithmfor a specularBRDFin the
sky probegallery sequencelop row: Bidirectionalsampling(N = 16, M = 200). Bottomrow: SMCsampling(N = 16, P = 5,
pathsampling) All imagestookthe samecomputetime of 4 seconds.

pointsin the scenemove. In generalsceneswith only few
objectsmoving, onewould expecta speedugomeavherebe-
tweenthe extremesof relightingandthe cameranovement.

8. Conclusions

In thispapemwe haveintroducedheuseof SequentiaMonte
Carlo methodsfor efciently computing direct illumina-
tion in the presenceof both high frequeng Illumination
andBRDF. By propagting samplesover time, the method
makesef cient useof coherencacrossrames.We demon-
stratethatthis approactresultsin signi cantly reducedvari-
ancefor the samecomputetime comparedo otherstate-of-
the-artmethods.

SequentiaMonte Carlo samplershave beenthe focusof
recentresearclactiities in statisticsandmachinelearning.
The samplingstratgjies usedin this paperare at the lead-
ing edgeof methodsdevelopedin thoseareas.We believe
thatthesemethodsarepromisingfor solvingothersampling
problemsin computergraphicsfor examplefor globalillu-
minationwith photonmaps.
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Appendix A: NormalizationConstant

The normalization constantLngn at time n can be in-
crementally estimatedaccordingto Equation 10 in Sec-
tion 3.1 This result can be explained as follows: the
weightedempirical distribution fW,fJ)l;wi(;Jg 1.nd Obtained
after the MCMC sampling step is an approximationof
Pn 1(Wi:n 1)Kn(Wi:n 1;Wi:n) accordingto Equation5. The
expectationE(Wn) of the incrementalweightswn with re-
spectto thisjoint distribution p, 1 Knis

E(W
(Zn)Z
= WnPn 1(Wizn 1)Kn(Win 1;Wizn) dWin Wiy 1
ZWZW
Pr(Win 1
= W W%pﬂ 1(Win 1)Kn(Wiin 1;Win)
dwi:n dwisn 1
1 Z Z
= L Pn(Wi:n 1)Kn(Wi:n 1;Wiin) dwWi:n dwin 1
nsn 1 _W W
Z
1 ~
= L Brn(Win 1) dwin 1
nsn 1 W
_ _Lnsn .
I—nsn 1.

TheMonte Carloestimateof this expectationis givenby

N . .
awd, . (17)

=1

E(Wn)
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