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Abstract

Producinghigh quality animationsfeaturingrich object
appearancand compellinglighting effectsis very time
consumingusing traditional frame-by-framerendering
systems.In this paperwe presenta numberof globalil-
luminationandrenderingsolutionsthatexploit temporal
coherencen lighting distribution for subsequerframes
to improve thecomputatiorperformancendoverall ani-
mationquality. Our stratey relieson extendinginto tem-
poraldomainwell-known globalilluminationtechniques
suchasdensityestimationphotontracing, photonmap-
ping, and bi-directionalpathtracing, which were origi-
nally designedo handlestaticscene®nly.

Keywords: Globalillumination, temporalcoherence,
densityestimation,irradiancecache bi-directionalpath
tracing

1 Intro duction

Synthesiof imagespredictingtheappearancef thereal
world hasmary importantengineeringapplicationsin-
cludingproductdesign,architectureandinterior design.
One of the major component®of suchpredictive image
synthesiss globalillumination, which is very costly to
compute. The reductionof thosecostsis animportant
practicalproblemin particularfor the productionof ani-
matedsequencebecause vastmajority of the existing
globalillumination algorithmsweredesignedor render
ing staticscenes.In practicethis meangshatwhensuch
algorithmsare usedfor a dynamicscene,all computa-
tions have to be repeatedrom scratcheven for minor
changesn the scene.This leadsto redundantomputa-
tions which could be mostly avoided by taking into ac-
countthe temporalcoherenceof global illumination in
the sequenceof animationframes. Anotherimportant

problemis thetemporalaliasing,which is moredif cult

to combatef ciently if temporalprocessingf globalil-

luminationis not performed.Many smallerrorsin light-
ing distribution cannotbe perceved by the humanob-
sener whenthey are coherentin the temporaldomain.
However, they maycauseainpleasanick eringandshim-
meringeffectswhensuchacoherencés lost.

In this paperwe discussglobal illumination and ren-
dering algorithms, which were developed by us and
designedspeci cally to exploit temporalcoherencen
lighting distribution betweenthe subsequenanimation
frames.For acompletesuney of researclon off-line and
interactve globalsolutionsfor dynamicervironmentse-
fer to arecentpaperby Damezetal. [2003].

In Section2 we recall a densityestimationparticletrac-
ing algorithm, which was originally designedfor static
scenes. We extend this algorithm into temporal do-
main by sharingphoton hit points betweenthe subse-
guentframesandusingadwancedspatio-temporallters
for lighting reconstructior(Section2.1). Even moreef-
cient identi cation andupdateof invalid photonpaths
(dueto changesn the scene)canbe obtainedusing se-
lective photontracing(Section2.2).

In Section3 we discussthe photonmappingtechnique
andwe focuson the problemof ef cient renderingusing
the so-calledirradiancecacheapproach.We extendthe
irradiancecacheinto the temporaldomainby re-using
cachelocations (Section 3.1) and selectiely updating
their valueswheneer affectedby changedn the scene
(Section3.2).

In all solutionsintroducedsofartemporalcoherencevas
exploitedin the objectspace.In Section4 we presenta
renderingarchitecturefor computingmultiple framesat
onceby re-usingglobalillumination samplesn the im-
agespace. For eachsamplerepresenting given point
in the scenewe updateits view-dependentomponents
for eachframeandaddits contrikution to pixels identi-
ed throughthe compensationf cameraandobjectmo-
tion. We demonstratehat preciseand costly global il-
luminationtechniquesuchasbi-directionalpathtracing
becomeaffordablein this renderingarchitecture.

In Section5 we concludethis paperandwe suggessome
applicationsfor which our techniquegpresentedn Sec-
tions2—4arewell suited.



2 Space-Time Photon
Estimation

Density

Figure 1: Density estimationphotontracingalgorithm:
the lighting function is known implicitly asthe density
of photonhit pointsfor eachmeshelementn the scene.

In this section we describean extension of a sim-

ple histogram-basephotondensityestimatioralgorithm
into thetemporaldomain. The original algorithm[Vole-

vich et al. 2000] for static sceneqreferto Figurel) is

similarto otherstochastisolutionsin which photonsare
tracedfrom light sourcesowardssurfacesin the scene.
Theenepy carriedby every photonis depositedatthe hit

pointlocationsonthosesurfacedHeckbert1990;Shirley

etal. 1995;Walter1998]. A simplephotonbucketingon

a densetriangularmeshis performed,andevery photon
is discardedmmediatelyafterits enepy is distributedto

the meshvertices. Ef cient objectspace Itering sub-
stantially reducesvisible noise. Excessie smoothing
of the lighting function can be avoided by adaptvely

controlling the local Iter support,which is basedon

stochastically-devied estimate®f the localillumination

error[Volevich etal. 2000;Walter1998].

In the following sectionswe describeour extensionsof
the algorithmby Volevich et al. to handledynamicen-
vironments. The key ideais to re-usephotonhit points
betweernthe subsequerframes.The main problemhere
is to avoid re-usingnvalid photonpathsdueto changen
thescene We addresghis problemusingvariousspace-
time photon ltering techniquegSection2.1) andselec-
tively updatingthoseinvalid paths(Section2.2).

2.1 Space-Time Bilateral Filtering

In our space-time density estimation algorithm
[Myszkowski et al. 2001] direct lighting is com-
puted from scratchfor each frame. To reconstruct
indirectillumination photonshitting eachmeshelement
are collected in temporal domain for the previous
and subsequentframes until signi cant changesof
illumination due to moving objectsis detectedor a

sufcient numberof photonsare collected. Initially,
the indirect lighting function is sparsely sampledin
spacefor all frameswithin a given animationsegment.
Then, basedon the obtainedresults,a decisionis made
whether the sggment can be expanded/contractedn
the temporaldomain. Since the validity of samples
may dependon the particularregion in the scenefor
which indirect lighting conditionschangemorerapidly;
different sgment lengths are chosenlocally for each
mesh element (used to store photon hits), basedon
the variations of the lighting function. Enegy-based
statisticalmeasure®f suchlocal variationsare usedto
calculatethe numberof precedingandfollowing frames
for which samplesanbe safelyusedfor a givenregion.
More samplesare generatedf the quality of the frames
obtainedfor a given sgmentlength is not sufcient.
The perception-baseAnimation Quality Metric is used
to decide upon the stopping condition for the photon
tracing dependingon the perceptibility of stochastic
noise(resultingfrom collectingtoo few photons)in the
reconstructedlumination.

In [Myszkowski et al. 2001] we emphasizeon the per
ceptualaspectf steeringthe global illumination com-
putation and the processingof photonsis simply lim-
ited to sharingthose photonsbetweenframes. In the
follow-up work [Weberet al. 2004] we focuson spatio-
temporalphoton Itering. It is aimedat improving the
quality of reconstructedurfaceillumination by reducing
the amountof spatialandtemporalblur, while keeping
the stochasticoisebelaw the percevablelevel.

The temporalblur is a result of collecting photonsin

temporaldomainin thosesceneregionsin which light-

ing changegyuickly. In suchregionssomephotonpaths
computedor previousframescanbeinvalid for the cur

rently processedrame due to dynamicchangesn the
scene. To reducethe temporalblur suchinvalid pho-
tons shouldnot be considered. If too few photonsare
collectedin the temporaldomainto satisfy noise error
criteria, the remainingphotonsmustbe collectedin the
spatialdomain. This in turn may lead to spatial blur

in the reconstructedllumination. To reducethis ef-

fect the missing photonsmust be collectedonly in the
neighboringsceneregions exhibiting similar illumina-

tion. Collecting photonsacrossthe edgesof high il-

lumination contrastinherentlyleadsto lighting patterns
blurring. Similarly, collecting photonsin the temporal
domainfor abruptly changinglighting leadsto tempo-
ral blur. Clearly a photondensityestimationmethodca-
pableof reducingstochastimoisewhile detectingsuch
abruptspatio-temporathangef lighting over meshed
surfacess needed.

We proposeto extendtraditionalphotondensityestima-
tion methodsby usingspatio-temporabilateral Itering
to reducestochasticnoise, while preventing excessie
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(c) Bilateral Itering

(b) Gaussianltering

(d) Bilateral Itering

Figure2: Causticreconstructiorfor the GLASS scene.Notice that the shapeof causticsis affectedby the polygonal

structureof theglass.

blurring in reconstructedighting. For lighting estima-
tion of eachmeshelement photonscollectedfor neigh-
boring meshelementsn space-timelomainare consid-
ered. However the in uence of elementswith signi -
cantlydifferentilluminationis suppressely bilateral |-
tering. Thismeanghatextremelynoisyillumination esti-
mategoutliers)aswell asestimatesesultingfrom abrupt
changesof illumination distribution both in spaceand
time domainsare Itered out. As aresultbetterspace-
time resolutionof lighting patternsis obtainedwhile at
the sametime spatio-temporahoiseis signi cantly re-
duced. Also, the computationef ciency is signi cantly
improved by reducingthe numberof photonsrequiredto
producehigh-qualityanimationswhencomparedo tra-
ditional frame-by-frameenderingapproaches.

In the rst casestudy experimentwe evaluatethe qual-
ity of a reconstructedausticfor a sceneshawvn in Fig-
ure 2d. Figure2ashavs anun ltered causticthatresults
from simplebucketingof photonhit pointsfor eachmesh
element. Figure2b shavs theresultof Gaussianltering

with adaptve spatialsupportss. Theresultof bilateral

Itering shawvn in Figure 2c was obtainedfor the same
settingof s¢. Asit canbeseerbilateral ltering produces
the bestresults. The noiseis signi cantly reducedwith
respecto the non- Itered imagein Figure2a. Notealso
thattheexcessve blur visiblein Figure2bis avoided. All
imagesshavn in Figure 2 were obtainedusing557,000
photons.

In anothercasestudy experimentwe evaluatethe per
formanceof bilateral ltering for ananimatedsequence.
Figure 3b shavs a sampleanimationframe obtainedus-
ing bilateral ltering for 30temporallyprocesseftames.
This scenecontainsmary smallmeshelementghat col-
lect a small numberof photonsand thereforeexhibit
signi cant noisein the lighting function. This leadsto
strong uctuations of illumination betweenmeighboring
triangleswhich bilateral Itering interpretsasimportant
lighting detailsandtendsto presere. To overcomethis
problemwe relax the in uence parameterof the bilat-
eral Iter (which decidesupon the suppressiorof out-
liers) for thosemeshelementshat collect a very small
numberof photons.In practice this meanghatfor such
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Figure3: Space-timdighting reconstructiorfor the SALON sceneusing622,200photonsperframe.

elementsltering characteristicadaptvely evolves to-
wardsGaussianltering whenthenumberof photonsde-
creases.Figure 3a shaws the correspondingesultsfor
the samenumberof photonswithoutary ltering. With

traditionalframe-by-frameomputatiorand ltering per

formedonly in the spatialdomain,in orderto obtaina
quality of framessimilar to the oneof Figure3b, atleast
tentimesmorephotonamustbetraced.However, tempo-
ral ick eringis very dif cult to eliminatewhenthe pro-
cessingof photonss limited only to the spatialdomain.

In our space-time density estimation solutions
[Myszkowski et al. 2001; Weber et al. 2004] dis-
cussedn this sectionwe try to limit the useof invalid
photonsdue to changesin the sceneby the adaptve
choice of lter parameters. However, this does not
guaranteeconserative results. To improve on this, in
thefollowing sectionwe discussnalgorithm[Dmitriev
et al. 2002]in which photonhit pointsarealsore-used
in the temporal domain but invalid photon paths are
detectecandupdatedwith avery high probability.

2.2 Selective Photon Tracing

In [Dmitriev et al. 2002] we have presenteda selec-
tive photontracing (SPT) methodfor global illumina-
tion computatiorwhichis speci cally designedor inter-
active applications,suchasproductdesign,architecture
and interior design,and illumination engineering. The
methodis embeddedhto theframevork of Quasi-Monte
Carlo photontracinganddensityestimationtechniques.
Temporalcoherencef illumination is exploited by trac-
ing photonsselectiely to the sceneregionsthatrequire
indirectillumination update.Suchregionsareidenti ed
with a high probability by a small numberof so-called
pilot photons Basedon the pilot photonswhich re-
quireupdating theremainingphotonswith similar paths

in the scenecan be found immediately This is possi-
ble dueto the periodicity propertyinherentto the multi-
dimensionalHalton sequencdHalton 1960], which is
usedto generatghotons.

The SPT algorithm usesgraphicshardware to compute
direct lighting with shadevs using the shadev volume
algorithm. Using the functionality of moderngraphics
hardwarewe canprocesaup to 4 light sourceswith go-
niometricdiagramsduring a singlerenderingpass. The
indirect lighting is computedasynchronouslyusing a
quasi-randonphotontracing (similar to Keller [1996])

anddensityestimationtechniquegsimilar to Volevich et
al. [2000]; referto a shortsummaryin Section2 andto

Figure1). Theindirectlighting is reconstructedt ver-

ticesof a x ed meshandcanbereadily displayedusing
graphicshardware for ary cameraposition. The most
uniquefeatureof the SPTalgorithmis exploiting thetem-
poral coherenceof illumination by tracing photonsse-
lectively into the sceneregionsthatrequireillumination

update.

In the SPT algorithm, pseudo-randonsequencestypi-

cally usedin photonshooting,arereplacedy the quasi-
randomHalton sequencgHalton 1960]. This provesto

be adwantageous. Firstly, as shavn by Keller [1996],

quasi-randonmwalk algorithmsconverge fasterthanclas-
sical randomwalk ones. Secondly a periodicity prop-

erty of theHaltonsequenc@Niederreiterl992] provides
a straightforvard way of updatingindirectillumination

asthescenechangeslLetusbrie y discusghis periodic-
ity property whichis fundamentafor ef cient searching
of invalid photonpathsin dynamicscenes.

The Halton sequenceeneratioris basedon the radical
inversefunction[Halton 1960] h, appliedto anintegeri.

Thesequencef multidimensionapointsit generatesan
beorganizedn Ng groupsfor whichthedistancenetween
pointsis bounded. If h;; is the j-th coordinateof the



Haltonpointwith index i, it canbe shovn that[Dmitriev
etal. 2002]:

1

i Ngemig i < g0 if No = Ik 1
]

ij

whereb; is the baseprime numberusedto computethe
j-th coordinateof Halton points, k, |, and m are inte-

gerssuchthatk 0 andl > 0. For instance,setting
Ng = biob!abi2bs yieldspointsin whichthe rst four co-

ordinatescloselymatch. The closenes®f this matchis

governedby the correspondingoawersky; k;; Ky, Ky (the
larger power valuesare selectedthe closermatchis ob-

tained). If the scenesurfacesand BSDFs are reason-
ably smooth,quasi-randonpoints with similar coordi-
natesproducephotonswith similar paths,which is de-
pictedin Figure4.

(-

@ (b)

Figure 4: Structureof photon paths, correspondingo
quasi-randonpoints with similar coordinatega) simi-
larity of rst two coordinates(b) similarity of rst four
coordinates.

By selectingquasi-randonpointswith suchan interval
Ny, thatthe similarity of coordinates = Oandj = 1is
assuredphotonsareemittedcoherentlyinsidea pyramid
with its apec at light sourceposition. However, those
photonsdo not re ect coherently(Figure4a). By addi-
tionally increasingNg to obtain a similarity of coordi-
natesj = 2andj = 3, photonsareselectedothatthey re-
ect coherentlyinsidea morecomple boundingshape,
asshavnin Figure4b.

The lighting computationalgorithm considersa pool of
photonsof x edsizeZ for thewholeinteractie session.
The photonsare tracedduring the initialization stage.
Then the pathsthat becomeinvalid due to changesn
the sceneare selectvely updated. This is performedby
tracingphotondor the previousscenecon gurationwith
negative enegy and tracing photonsfor the newv scene
con gurationwith positive enegy. To detectthe invalid
photonpaths,pilot photonswhich constitute5—10%of
Z, areemittedin thescene For eachpilot photoni which
hitsadynamicobjectandthereforerequiresupdatingthe

remainingphotonsn the pool Z with similar pathsin the
scenecan be found immediatelyby addingthe offsets
mN, to i, wherem areintegerssuchthati+ mNy < Z
(referto Equationl).

The photon updatecomputationsare performeditera-
tively. Eachiteration consistsof reshootingone coher

entphotongroup. The orderin which the photongroups
areupdateds decidedusinganinexpensve enegy- and
perception-basecriterionwhosegoalis to minimizethe
percevability of outdatedllumination.

The frameratein an interactve sessionusingthe SPT
algorithmis mostly determinedby the OpenGL perfor
mance.For renderingwith shadevs from multiple light
sourceswith goniometricdiagrams frameratesranging
from 1.1to 8 fps. arereported(referto Figure5). Indi-
rectillumination is updatedncrementallyandthe result
of eachupdatds immediatelydeliveredto theuser Most
lighting artifactscreatedyy outdatedllumination arere-
movedin the rst 4-8secondafterthe scenechangelf
photonsareupdatedn arandomorderatleast2—4times
longercomputationgreneededo obtainimagesof simi-
lar quality. Betterperformancesanbeexpectedor more
compl scenespr whenusermodi cations have more
localized consequencesThe unique featureof SPTis
that while the temporalcoherencen lighting computa-
tionsis strongly exploited, no additionaldatastructures
storingphotonpathsarerequired.

In the casestudy examples(refer to Figure 5) we con-
sideredthe coherenc®f photonsonly up to their second
bounce.This provedto besufcient to ef ciently update
theillumination for the studiedscenesWhensucha co-
herencedor a highernumberof bouncess required,the
numberof coherenphotongroupsy increasesxponen-
tially. Thisresultsin a proportionalincreaseof the pho-
ton pool sizeZ. Interactive updateof suchanincreased
pool of photonsmight not be feasibleon a single PC-
classcomputer The major problemwith our algorithm
is lack of adaptabilityof the meshusedto reconstructhe
indirectillumination in the scene.Also, only point light
sourcesreexplicitly handledn our hardware-supported
algorithmfor thedirectillumination computation.

Selectve PhotonTracing can be usedin the contet of
of ine globalillumination computationaswell. In par
ticular, this techniqueseemdo be attractve in all those
applicationsthat requirelocal reinforcemenibf compu-
tationsbasedon someimportancecriteria. An example
of suchan applicationis the ef cient renderingof high
quality caustics which usually requiresa hugenumber
of photons.After identifying somepathsof causticpho-
tons,morecoherenparticlescaneasilybe generatedis-
ing this approach.The dravback of mary existing pho-
tonbasedmethodss thattoo mary particlesaresentinto
well illuminatedsceneegionswith asimpleillumination



(a) 12,400triangles

(b) 377,900triangles

Figure5: Exampleframeswith globalillumination effectsobtainedusingSelectve PhotonTracing.Onal.7 GHz Dual
P4 Xeoncomputemwith anNVIDIA GeForce364 MB videocardtheframerates8 fps and1.1 fps have beenachieved
for (a) and(b), respectiely. In orderto remove all visible artifactsin lighting distribution resultingfrom objectchanges
in the scene4—8second®f the selectve photonupdatecomputatiorareusuallyrequired.

distribution, andtoo few photonsreachremotescenere-
gions. This de ciency could easily be correctedusing
the SPTapproachhy skippingthe tracingof redundant
photonsandproperlyscalingtheenegy of theremaining
photons.

3 High-Quality Rendering Using
an Irradiance Cache

In therenderingof productionquality animation,global
illumination computationsare usually performedusing
two-passmethods.In the rst (preprocessingpass.the
lighting distribution over scenesurfacess sparselycom-
putedusingradiosity[Lischinskietal. 1993;Smits1994;
Christensenet al. 1997], or photon mapping [Jensen
2001; Christenser2002] methods. In the second(ren-
dering) passa more exact global illumination computa-
tion is performedon a per pixel basisusingthe results
obtainedin the rst pass. The algorithm of choicefor
this nal renderingof highqualityimagesds theso-called
nal gathering[Reichert1992; Lischinski et al. 1993;
Smits 1994; Christenseret al. 1997]. Usually the di-
rect lighting is computedfor a surface region covered
by a given pixel, and the indirect lighting is obtained
throughthe integration of incomingradianceswhich is
very costly Thosecostscanbereducedy usingtheirra-
diancecachedatastructuregWardetal. 1988;Wardand
Heckbert1992] to storeirradiancesamplessparselyin
the objectspace.Within this methodirradiancesamples
arelazily computedandsparselycachedn objectspace
for a given camergposition (a view-dependenprocess).
The indirect illumination is interpolatedfor eachpixel
basedon thosecachedirradiancevalues,which is sig-
ni cantly fasterthanthe nal gatheringcomputatiorfor

eachpixel. Theirradiancecachetechniqueef ciently re-

movesshadingartifactswhich arevery dif cult to avoid

if theindirectlighting is directly reconstructedasedon

a radiosity meshor a photonmap. However, the price
to be paidfor this high quality lighting reconstructioris

long computatiortimes,which aremostly causeddy the
irradianceintegration that is performedfor eachcache
locationin thescene.

In the following sectionswe extendthe conceptof irra-
diancecachefor dynamicervironmentsto improve the
renderingperformanceand reducethe temporalalias-
ing [Tawara et al. 2002; Tawara et al. 2004b]. In our
approachwe usea two passphotonmappingalgorithm
[Jenser2001; Tawaraet al. 2004a],which we extendto
malke the globalillumination computatiormoreef cient
for suchdynamicervironments.

3.1 Static Irradiance

Cache

and Dynamic

We focus on exploiting the temporalcoherencef pho-
tonsto speeduphe costly irradiancecachecomputation
and to improve the quality of indirect lighting recon-
struction. We introducethe notion of static irr adiance
cadche, which is computedonce for an animationsey-
ment. For the static irradiancecachecomputationwe
remove all dynamicobjects(i.e., objectschangingtheir
position,shapeor light re ectancepropertiesasa func-
tion of time) from the sceneand we tracethe so-called
staticphotons

The illumination componentreconstructedfrom the
staticirradiancecachds perfectlycoherentn thetempo-
ral domainandresultsin ick erfree animations.How-
ever, thedynamicillumination componentausecdy an-
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Figure6: Processingo w in the computationof global illumination for an animationframe: (a) the nal frame, (b)
directlighting, (c) indirectlighting, (d) staticindirectlighting computedusingthe staticirradiancecache (e) dynamic
indirectlighting computedusingthe dynamicirradiancecache and(f) the dynamicindirectlighting computedhrough
the photondensityestimationandsummedwith the staticindirectlighting whichis shavn in (d).

imatedobjectsmustalsobe consideredFor this purpose
thedynamicgphotonsvhichinteractwith dynamicobjects
arecomputedor eachframeandarestoredin aseparate
photonmap. The mapmay storephotonswith negative
enegy [JenserR001], which are neededo compensate
for occlusionsof the staticpartsof the sceneby dynamic
objects(for example,in the regionsof indirect shadevs
castby dynamicobjects).

Figures6 illustrate the illumination reconstructionus-
ing our technique. Figure 6a shaws the nal animation
framewhoselighting was composedrom the directil-

lumination and specularre ection (Figure 6b) and the
diffuse indirect illumination (Figure 6¢). The dynamic
componentof the indirect lighting is reconstructecat
two levelsof accurag dependingonthein uence of dy-
namic objectson local sceneillumination. In regions
with higherin uence, the dynamicirr adiancecade is
recomputedwhich leadsto a betteraccurag of recon-
structeddynamiclighting (refer to Figure 6e). In the

remainingsceneregions as shavn in Figure 6f the il-

lumination storedin the staticirradiancecache(shavn
in Figure 6d) is correctedby addingits dynamiccom-
ponentreconstructedrom the dynamicphotonmapus-
ing densityestimation.A directvisualizationof the dy-
namicillumination componenis not shavn becausets
valuesarerathersmallfor the mostpartsof thesceneand
arenegative in theregionsoccludedby dynamicobjects.
We blendlighting reconstructedsingthosetwo different
methodg(Figures6e and 6f) to assuresmoothtransition
of theresultinglighting.

As a resultsigni cant speedupof the computationwas
achievedby localizingin thescenespacecostlyrecompu-
tationof theirradiancecache Also, thetemporalkliasing
wasreducedby introducingthe conceptof staticirradi-
ancecachewhich canbereusedacrossmary subsequent
framesduringwhich thescendighting conditionsdo not
changesigni cantly.

In the following sectionwe proposean algorithm in



whichtheirradiancecachdocationsarenotonly re-used,
but alsothe cachevaluesareselectvely updatedollow-
ing changesn dynamicervironments.

3.2 Selective Irradiance Cache Update

The key ideaof our selectve cacheupdatealgorithmis

inspiredby the obsenationthatmary gatheringraysare
shotfor eachframe andtheir sampledvaluesare simi-

lar betweenthe neighboringframes. For the ef ciency

andcorrectnes®f the nal gathering,the integrationof

irradianceis performedover a strati ed domain. In our
algorithm,theincidentradiancethedistanceo the near

estintersectionpoint and the refreshingprobability for

eachstrati ed samplingdirectionatthelocationof anir-

radiancecachearestoredin a harddisk duringthe gath-
ering stage. To selectthe updatingdirectionsfor each
cachethe cumulative distribution function (CDF) of the
refreshingprobabilityis built andamodi ed randomper

mutationalgorithmis used. The directionsselectedare
updatedby recastingthe gatheringrays. Although ary

arbitrary probabilisticdistribution could be used,in this

work we updatethe CDF basedon the sampleage(i.e.

thenumberof framessincethe samplewascomputed)

Figure7: Distributionof incomingradiancesamplesver
the hemispherdor a selecteccacheocationonthe oor

(shawvn asthe greendot in the bottomimage): a) the
frame-by-framecomputatiorandb) our method(10% of
sampless refreshedor eachframeaccordingto the ag-
ing criterion).

Figure 7 depictsthe valuesof incidentradiancesamples
over the hemispherdor a selectedcachelocation. The
samplesare capturedin the middle of an animationse-
guencein orderto checkwhethererrorsin their valuedo
notaccumulatesafunctionof time. As canbe seernthe
directionaldistribution of sampleds very similar for the
frame-by-framecomputationand our method. Figure 8
shavs anexampleof a complex scendan which boththe
motion of light (sunposition)and objects(rotatingfan)
are simultaneouslyconsidered. In this test sceneindi-
rectlighting changesjuickly andthosechangesffect a
large portion of the scene which is a dif cult casefor
our algorithm. The averagerenderingspeedugfor our
selectve cacheupdatetechniqueamountsto ve times
perframewith respecto the frame-by-framdrradiance
cacheapproach.We expectthatin mostpracticalcases
theindirectlighting changesaremoremoderateandthe
performancef our algorithmwill beevenbetter

Figure 8: Selectedframe for the ROOM animationse-
guence.

4 Spatio-T emporal
Bi-Directional Path Tracing

In the previous sectionswe discussediensityestimation
algorithmsin which spatio-temporabrocessingvasper
formedin the objectspace.In this sectionwe consider
a view-dependentalgorithm called bi-directional path
tracing (BPT) [Lafortune 1996; Veach1997] which we
extend to handledynamic ervironments[Havran et al.
2003]. In this algorithm, the bookkeepingof globalil-
luminationsampless organizedin theimagespace We
considerthe BPT algorithmwithin a more generalren-
deringframawvork for computingmultiple framesatonce
by exploiting thecoherencéetweerimagesamplegpix-
els) in the temporaldomain. For eachsamplerepre-
sentinga given point in the scenewe updateits view-
dependentomponentsor eachframe and we add its
contrikution to pixels identi ed throughthe compensa-
tion of cameraandobjectmotion.

In this sectionwe describein more detailstwo major
challengeshatwe facein our framework: The visibility



andglobalillumination computatiorin dynamicenviron-
ments. Also, we discusssomestandardenderingtasks
suchasshadingandmotionblur.

The visibility computationin our rendering frame-
work is basedon a multi-framevisibility data structue
(MFVDS). TheMFVDS providesfor agivenraythevis-
ibility informationfor all framesconsideredat once. A
kd-treedatastructureis usedto implementthe MFVDS.
Static objectsare storedin a global kd-tree. Dynamic
objectsareinstantiatedor every frame. Theinstantiated
objectsare processedising a hierarchicalclusteringal-
gorithm to separatehemin space. For eachclusterof
instantiatedbbjectsa separatéd-treeis constructedand
is insertedin a global kd-tree, which is re ned in spa-
tial regionswheredynamickd-treeshave beeninserted.
During processingf visibility queriesthe performance
of theMFVDS is improvedby intensive cachingof inter
mediateresults.

A singlevisibility query using our datastructurespro-
videsarayintersectiorinformationfor agivenframeand
marksthoseframesfor which this informationbecomes
invalid due to dynamicchangesn the scene. This al-
lows usto avoid redundantomputationfor eachframe
if theray doesnot hit ary instantiatecbbject. In regions
not populatedoy animatedbjectsthe sameray traversal
costis achiezedasfor completelystaticscenes.

The global illumination computationin our framework
is basedon the BPT algorithm [Lafortune 1996; Veach
1997]andusesheMFVDS to queryvisibility for all con-
sideredframesat once.Eachbi-directionalestimateof a
givenpixel color is reusedor severalframesbeforeand
after the oneit was originally computedfor. To reuse
theseestimatesthe BRDF valuesat the rst hit point of
theeye pathneedgo berecomputedo take into account
the new viewpoint (referto Figure9). The correspond-
ing estimatesarethenaddedto the pixel throughwhich
this hit point canbe seerfor the consideredrame. Since
it involves only the evaluationof direct visibility from
the viewpoint anda few BRDF recomputationsteusing
asamplds muchfasterthanrecomputinganew onefrom
scratch.Reusingsampledor several framesalsomakes
the noiseinherentto stochastianethods x ed in object
space,which enhanceshe quality of the resultingani-
mations.

Shades addrich appearancef objectsand can be ef-
ciently computedin our animationframewvork. We
split our shadingfunctionsinto view-independentand
view-dependentomponentswherethe formeris com-
putedonly oncefor a given samplepoint andthe latter
is recomputedfor eachframe. It is worth noting that
in our BPT techniquewe needto recomputethe view-
dependentomponenbnly for samplepointsthatarehit
by primary rays, while for the remainingpathsegments

light
source

screen

Figure9: Bidirectionalestimationdor a givenpixel can
be usedfor severalcamergpositions.Only directvisibil-
ity andthe BRDF correspondingo connection€,;, C, ,,
andC,, needto berecomputed.

shadingresultsarejust reused.

Figure 10: A sampleanimationframe computedusing
space-timebi-directionalpathtracingfeaturingalsomo-
tion blur.

Motion blur is animportantvisual effectin high quality
animatiorrenderingwhichis extremelyeasyto obtainin
our framework. A fragmentof the motion-compensation
trajectorytraversedby a given BPT samplewithin the
camerashutteropeningtime is computedand projected
to eachframe. The sampleradiancecontritutesto each
pixel traversedby the projectedrajectoryroughlyin pro-
portionto thelengthof traversedpath. In practice weuse
the 2DDA algorithmfor pieceavise-linearapproximation
of thistrajectory andlinearinterpolationof sampleradi-
ancebetweera pair of frames,which leadsto very good
visualresults(referto Figure10).

We usedisc cading, insteadof storingin memoryall
frames, which makes the resolutionof our animations
limited only by thedisc capacity Sincethe computation
for subsequerframesis localizedin coherentegionsin
theimagespacdocatedalongthe motion-compensation



trajectory we achieve a pretty high cache-hitratio. As a
consequencalisk accessesnly increasethe total com-
putationtime of our methodby about10%on average.

The main adwvantageof our framework is a signi cant
speedupof animationrendering,which is usually over
one order of magnitudein respectto traditional frame-
by-framerenderingwhile the obtainedquality is always
muchhigherdueto a signi cant reductionof ick ering.
Many standardasksin renderingsuchasshadingtextur-
ing, andmotion-blurcanbe ef ciently performedin our
renderingarchitecture.

5 Conclusions

We presentedh numberof globalillumination andren-
deringsolutionsthatexploit temporalcoherencéetween
subsequerdnimationframes.Oursolutiondedto signif-
icantimprovementsf the computatiorperformancend
animationquality (throughthe suppressiorof temporal
aliasing). A practicalquestionarises: which presented
techniqueshouldbe choserfor a givenapplication?

Thespatio-temporgbhotondensityestimatiortechnique
(Section2.1) seemsto be the most suitablefor practi-
cal animationsystemswherethe renderingspeeds the
key factoreven at the expenseof lower accurag in the
lighting computation.This methoddoesnot requirestor
ing photonhit positionsbetweerthe subsequenframes.
Photoncountersfor eachmeshelementare sufcient,
which reducessigni cantly the memory requirements.
We implementedthis techniqueas a plug-in for the 3D
StudioMaxsystemandour experiencesvith theexploita-
tion of this techniquein the animationproductionare
very good.

The selectve photontracing (Section2.2) is suitablein
particularfor interactve renderingapplications.Also, it
leadsto moreaccuratdighting computatiorthanthepre-
vioustechniguebecausein practice,invalid photonsdo
not contributeto the simulationresult.

The renderingtechniguesusing irradiancecache(Sec-
tion 3) aresuitablefor all applicationsn whichthe qual-
ity requirementsare very high. The photon mapping
techniquebasedon static and dynamic photons(Sec-
tion 3.1) is suitablein particularfor thoseapplications
in which scenechangesio not affect signi cantly light-
ing distribution (a vastmajority of photonscanbeclassi-
ed asstatic). Selectve updateof irradiancecache(Sec-
tion 3.2) is suitablefor ary two-passglobal illumina-
tion solutionincluding radiosity densityestimationand
photonmappingandleadsto signi cant reductionof the
computatiorcost.

The renderingframeavork proposedn Section4 is suit-

able for ary view-dependentglobal illumination al-
gorithm and we demonstratedits efciency for bi-
directionalpathtracing. The framevork allows for ex-
ploiting temporal coherencen visibility, lighting and
shadingcomputationsand motion blur. We hopethat
in future a similar framework canbe usedin the profes-
sionalproductionof high-qualityanimations.
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