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Abstract

We presenta new algorithmfor computingindirectillumination basedon densityestimationsimilarly to photon
mapping We acceleatethe search for nal gatheringby reorganizingthe computationin the reverseorder. We
usetwo treesthat organizespatially not only the position of photonsbut also the positionof nal gatherrays.
Theachievedspeedups algorithmic,the performanceémprovementakesadvantagef logarithmiccompleity of
searchingin trees.Thealgorithmrequiresalmostno usersettingsunlike manyknownacceleationtechniquesfor
photonmapping Theimagequality is the sameasfor traditional photonmappingwith nal gathering,sincethe
algorithmdoesnot approximateor interpolate Optionally, the algorithm canbe combinedwith othertechniques
sud as densitycontrol and importancesampling The algorithm createsa coheentaccesspatternto the main
memory This further improveson performanceand also allows us to useefcient external data structuresto

alleviatetheincreasednemoryrequiremets.

Catgories and SubjectDescriptors(accordingto ACM CCS) 1.3.7 [Computer Graphics]: Three-Dimensional

GraphicsandRealism

1. Intr oduction

Computingindirect illumination in synthesizedmagesro-
bustly andef ciently is well known to be dif cult. The un-
biasedalgorithms(pathtracing, bidirectional path tracing,
Metropolis light transport,for surney see [DBB03]) suf-
fer from high-frequeng noisein the imagesand the re-
quiredcomputatiortimesexceedtypically far thetime lim-
its given by a user For this reasonbiasedalgorithmsare
more popularin practice,including the productionrender
ing [TLO4, CB04.

A popular algorithm computing the indirect illumina-
tion is photonmapping[Jen96 Jen0]. It reproducesnary
globalillumination effects, but computesvariouscontriku-
tionsin differentwaysin orderto improve the ef ciency of
thewhole computationThedirectilluminationis computed
by commonmeanssamplingthe light sourcedSWZ94. In
this paperwe dealonly with computatiorof indirectdiffuse
illumination asit is performedby global photonmapping
combinedwith nal gathering.

Photon mapping decomposeghe indirect illumination
computationinto diffuse and causticsparts,that are com-
putedseparatelyy specialalgorithms First,the photonsare
shotfrom thelight sourcesnto thesceneandthey areclassi-

ed ascausticgphotonsandglobal photons Secondanef -
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cientsearchdatastructuresuchasakd-treeis constructedor
the global photonmapand the causticphotonmap Third,
primary rays are shotfrom the camerato the scene At hit
points of the primary rays with the scenethe illumination
is computedy densityestimationusingk-nearesheighbor
(KNN) searchin the causticsphotonmap.Fourth, for a sin-
glehit ontheobjectwith adiffuseor glossysurfacenundreds
to thousand®f nal gatherrays(FGRs)areshot.For each
FGR the indirectillumination is computedby densityesti-
mationusingkNN searchn theglobalphotonmap.

Ourmainconcerrin this papers the computatiorof indi-
rectillumination on diffuseandmoderatelyglossysurfaces
using nal gatheringwith global photonmaps.This is one
of themethodsusedin the productionrendering KNE 02].
The computationconsistsof repeatedlycomputingthe den-
sity estimationgiven the point in the objectspaceand esti-
matingtheradiancealongFGRs.Thisis themostconsuming
part of the whole rendering.In this paper we shav how to
speedup nal gatheringin the context of photonmapping.
We reversethewhole computatiorof densityestimation\We
storeall FGRsand constructthe searchdatastructureover
the hit points of FGRswith the scene.Thenwe distribute
the enegy from photonsto storedFGRs.A speeduganbe
achievedthanksto thelogarithmiccomplexity of thesearch-
ing. Furthermorewe reoiganizethe computatiorin acoher
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entway, which allows uscachingof only a smallpartof the
datain the main memory while the whole datais storedon
adisk. This makesmainmemoryrequirements$or our algo-
rithm acceptable.

Originally, the photonmappingalgorithmwas designed
to runon acomputewith only 32 MBytesof RAM [Jen96.
For this reasonthe datastructuresfor photonswere highly
optimizedfor storage Nowadays,32-bit computerswith 1
or 2 GBytesof mainmemoryarecommonlyused.Themain
memorychipsgetcheapeover the yearsandthebottleneck
betweenthe main memory and CPU becomeseven more
important. This gave origin to the cache-avareand cache-
obliviousalgorithmsanddatastructure§Dem03. Our algo-
rithmisin factacache-aarealgorithm.By reversingtheor-
derof densityestimationwve achieve analgorithmicspeedup
for searchingby factor 2—3 without ary decreasef image
quality.

In the following sectionwe discussbrie y the related
work. In sections3—6 we presenbur algorithmwith thede-
scription of the datastructuresthe time compleity analy-
sis, the reversedensity estimation,and several algorithmic
improvements.In Section7 we presenthe results.Finally,
Section8 concludeshepapermwith someprospectsor future
work.

2. RelatedWork

The time consumedby diffuse indirect illumination com-
putationis typically a signi cant part in the whole ren-
dering. This issue has beenaddressecdy several papers.
In this paper we focus on the methodthat aims at high

quality solution of the indirect illumination, not allowing

ary artifacts(dueto someapproximationin the algorithm).
We exclude from discussionmethodsbasedon radiosity

suchas[SSS02, aswell asothertechniqueghatexplicitly

work over polygonalrepresentationfMys97], or severely
approximatve algorithmsproneto visible artifacts[LC04].

Therecentglobalilluminationreal-timeorientedalgorithms
suchaslinstantRadiosity[Kel97] andits followers[ WBS02Z

work with sufcient qualityonly for diffusesurfacegradios-
ity) and are not suitablefor high-quality renderingtaking
into accountgeneralight transport.

Theirradiancecachd WH92] interpolatesndirectillumi-
nationover diffuse surfacesThe solutionworks ef ciently
for slowly changingindirectillumination. The indirectillu-
minationis computedonly sparselyacrossthe imageplane
andthe irradianceis storedin an octree.For otherraysis
possiblyinterpolated Usually, the irradiancecachingis ac-
ceptableandit accelerateby oneorderof magnitude How-
ever, it canintroducevisible artifacts,in dependencen the
sceneandusersettings.

ChristenserfChr99 proposeso precomputethe irradi-
anceat the positionsof photonsfor one quarterof all pho-
tons. While the storagespacerequiredfor photonmapsis
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increasedthe irradiancefor FGRsis approximatedby a

piece-wiseconstanfunction. Insteadof the densityestima-
tion basen kNN searchtheclosesphotonwith thenormal

similarto theoneatthe FGRhit is foundandused.Thetech-
niqueoffersthe speedugrom 25%to factorsof 500—-800%,
if thenumberof nal gatheraysis 10-100timeslargerthan
the numberof photons However, the problemis the approx-
imative natureof the algorithmandthe dependeneon the

scene.In orderto improve on performancenhile avoiding

artifactsthe useris requiredto tune usersettingssuch as
"similar enough'for photonnormals.In our experiencewe

have alsofoundthatthe speedupariesstrongly

Several other techniques are discussed by Chris-
tensen[Chr0J. He discusseghesetechniquesbetteresti-
mateof theinitial radiususedfor KNN searchtheiterative
algorithm for kNN search,and the techniquedescribedn
the previous paragraphFurtheron, he describeghe density
estimationvia the corvex hull estimateand combiningthe
resultsfrom severalphotonmaps.

Further possibilities are describedin the samecourse
notesby Kato et al. [KNE 02], for Kilaueaparallelglobal
illumination renderetbasedn the photonmapping Several
tricks for moreefcient FGRevaluationfor transparenina-
terialsare discussedSecond the ef cient techniquebased
onirradiancecachingreducingseverely numberof FGRsis
proposedThird, the reprojectionof FGRsis describedor
purpose®finterpolation Theauthorsstatethattheproposed
techniquesndtheir variantscanresultin bothgoodspeedup
andalsoslowdown comparedo simple nal gatheringn de-
pendenc®ntheusersetting.More importantly theinappro-
priate settingscanresultin inferior quality of renderedm-
agesand unacceptablartifacts.This canbe correctedonly
by recomputinghewholeimagewith differentsettings.

ChristensemndBatali[CB04] proposedheconcepbf an
irradianceatlasas approximatve irradiancerepresentation.
They associatehe photonmapwith every objectandusing
cachingthe kNN searchis limited to a single photonmap.
They proposeanirradianceatlasrepresentedy brickmaps:
the precomputatiorof irradianceat every photonsimilarly
to [Chr99. It enablego renderhugescenesisinghundreds
of millions of photons.

The SIGGRAPH'02coursenotes#43 containmary de-
tails aboutusing photonmappingin practiceand possible
problemsandsolutions.Thecontritutorsshow theproblems
metin theindustry Further they shav thatthe secondary-
nal gatheris often necessaryvhenthe distancetraveled by
FGRsis too smallin orderto avoid artifacts.lt is obvious
from the coursenotesthat there are mary openproblems
for photonmapsandtheachieved speedupsby varioustech-
niguesarehighly dependentn sceneandusersettingsThe
userhasto rely on his or herintuition andexperiencdor set-
ting parametergor basicphotonmappingalgorithmandac-
celerationtechniquesA simple photonmappingalgorithm
with asinglebutton"Render"is needed.
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Figure 1: Visualizationof kerneldensityestimation(a) fromthe perspectivef nal gatherrays(normalphotonmapping)and
(b) fromthe perspetive of photons(reversephotonmapping).Symbolr marksreversephotons(hits of nal gatherrays,in
black color), symbolp marksphotons(in redcolor), and R is theradiususedfor the search.

In this paper we proposean acceleratiortechniquethat
requiresvirtually arny usersettings We computea relatively
high numberof FGRswhich guaranteesufcient image
quality. Thenwe acceleratéhe computationfor FGRs.An
algorithmic speedugor searchingrequiredby the density
estimationis achieved at the expenseof increasednemory
requirementsThe proposedalgorithmis not a heuristic,but
an algorithmically valid conceptthat alwaysleadsto de-
creaseof computationtime dueto fastersearchingcarried
out during densityestimationfor alarge numberof queries.
No additionalartifactsareintroducedby our algorithm.

Below we discusssome settingsfor nal gatheringas
usedin practice. The numberof FGRs per pixel is 600—
4,255 [Chr02 KNE 02, TL04]. The numberof pixelsin an
imageis typically 1-3 millions. This givesin total 10° to
10'° FGRsto be computedlt involvescreationof theFGRs
via BRDFimportancesamplingtracingtheraysthroughthe
sceneandestimatingthe radiancefor every FGR at the hit
pointwith thescene.

Finally, we would like to mention that density esti-
mation as a non-parametricestimationof quantitiesis a
well establisheanathematicalhemesintroductorytexts on
the density estimationare accessiblealso for applied sci-
enceqSil86, WJ9g.

3. ReversePhoton Mapping

In this sectionwe give an algorithmoverview followed by
moredetaileddescriptionof thealgorithm.

3.1. Algorithm Overview

Thebasicideaof this paperis to reoiganizethe computation
of the densityestimationfor diffuseindirectillumination in
the reverseorder Below, we call by normal photon map-
ping the way how the global photonmapis usedtradition-
ally [Jen01]. The photonsare shotto the scenethe photon
mapis constructedFor every primary ray hitting objectsin

the sceneFGRsare shot. For every nal gatherray hitting
an objectthe irradianceis computedoy densityestimation
basedn kNN search.

We proposea reversephotonmappingalgorithm.We use
the sameset of FGRsand the sameset of photonsas for
normalphotonmapping.Theideais to computethe density
estimationin reverseorder For a photonwe nd all the hits
from FGRsanddistribute the enepgy to correspondingix-
els.Thereverseorderresultsin fastercomputation.

The differencebetweendensity estimationstartingfrom
FGRs(normal photonmapping)and startingfrom photons
(reversephotonmapping)is shovn in Figure 1. Below, we
describea simpleversionof the proposedalgorithmwithout
issuegelatedto cachingfor the sakeof simplicity.

3.2. Construction of ReversePhoton Maps

In the rst stepwe shootall the FGRsandstorereversepho-
tons correspondingo hits of FGRswith the sceneobjects
in thereversephotonarrayAr. Thereversephotonsaresim-
ilar to the conceptof importons[PP9§. Sincewe usere-
versephotongdifferently thanimportons,we prefera differ-

entnameto distinguishbetweertheseconceptsThereverse
photoncontaingthefollowing information:

Positionin 3D — 12 Bytes.

Spectraleight— 12 Bytesfor 3 spectrg XYZ or RGB).
Incomingdirection— 2 Bytes(compressed).

Pixel positionontheimage— 4 Bytes.

The storageof reversephotonrequires30 Bytes, however,
for betteralignmentin themain memory32 Bytesareused.
In additionto photonsthe reversephotonscontainthe po-
sition of the pixel in the image.This way the reversepho-
ton cantransferthe radianceto theimagepixel during nal
gather Next we constructthe reversephotonmap an ef -
cientdatastructureover reversephotonswhich allows usto
computeefcient x ed-radiusor KNN search.

¢ TheEurographics\ssociationandBlackwell Publishing2005.
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3.3. Ef cient SearchusingaKd-tr ee

In the secondstep,we constructan ef cient datastructure
for x ed-radiussearchover the reversephotons.\We tested
differentsearctdatastructuresuchasa balancedd-treein

varioustraversalorder (inordet preorder),as well asgrids

and recursve grids. We evaluatedas the most time and
spaceefcient a kd-treeconstructedwith sliding-midpoint
rule analysedtheoretically[DDGO(. Unlike the balanced
kd-treeproposedor photonmaps[Jen0], wherethe inte-

rior nodesand leavescorrespondo single photons the re-

versephotonsare only pointedto in the leaves of our kd-

tree. Both the interior nodeand leaf of the reversephoton
kd-treetake8 Bytes.Similar approachwasusedby Wald et

al. [WGS04. Thekd-treeis constructedverthearrayAr in

sucha way that a singleleaf can containa contiguousse-
quenceof photonsin thearrayAr. The maximumnumberof

photonsin a leafis Tm. The maximumdepthof the treeis

Th. The pseudocodéor therecursve top-dovn kd-treecon-

structionstartingattherootnodeis:

If thenumberof photonsassociateavith thecurrentnode
H is smallerthanthresholdTm or the depthof the treeis
equalto Ty, declareH aleaf. Return.

Selectthe axis a — the longestside of the cell associated
with thecurrentnodeto besplit.

Computea spatialmedianpositionPy alongaxisa.

Sort by swappingin O(N) time photonsin the array Ar
sothatall the photonswith coordinaten axisa< Py are
ontheleft sideof Ar andtheoneswith Py ontheright
side.

If eithertheleft or right halfspacegivenby splitting plane
P in axisa doesnotcontainary photonsmove thesplit-
ting planeto thenearesphotonon theright or ontheleft
(sliding-midpointrule).

Createtwo child nodesof thecurrentnodeH.

Recurseor theleft andright child of the currentnodeH
usingtheappropriatdboundingbox andsubarrayof A;.
Return.

Thetime compleity of this kd-treeconstructioris O(N
log,dN=Tme).

3.4. Memory Layout for Kd-tr ee

The interior node of the kd-tree storesthe splitting plane
position (32 bits), a singleindex to its right child (28 bits),
andthe type of the nodeplus the splitting planeorientation
(2+2bits). Theleft child of theinterior nodedirectly follows
the parentnodein the memory(preorderdayout).

Theleaf of the kd-treecontainstheindex to the rst re-
versephotonin the array Ar (30 bits) plus the type of the
node (2 bits sharedwith interior nodes).Further we store
the numberof the reversephotonsassociatedvith the leaf
(8 bits), andthelengthof thediagonalof a spatialcell asso-
ciatedwith theleaf (24 bits). The useof the diagonallength
is explainedin Section6.1

¢ TheEurographics\ssociatiorandBlackwell Publishing2005.

The sliding of the splitting plane,if one child doesnot
containary data,is akey issuefor goodperformancef the
kd-treefor non-uniformdistribution of point data.Although
sucharule looks quite simple,it wasprovedto be bounded
in theworstcaseby a polylogarithmictime for approximate
geometricsearchquerie§ DDG00, MM99].

A singleleaf canreferenceseveral reversephotons.This
resultsnotonly in aslightimprovementof searchingerfor
mancebut alsoin asubstantiatiecreasef constructiortime
andmemoryspaceTheimpactof having severaldataentries
(photons)in the leaves of a kd-treefor searchingvasstud-
ied by TalbertandFisher[TFO(. They concludethat10-30
photonsdoesnot decreas@erformancebut the memoryre-
quirementsanbehighly reducedby upto afactorlog, 30).
As a result, the total memory consumedby the proposed
memory layout for kd-treeis in fact smallerthan for bal-
ancedkd-treelayout usedby JenserfJen0]. The memory
requiredby the nodesof the kd-treeis 30—-60timessmaller
thanthe memoryfor reversephotonsThewholetreecanbe
storedin the main memoryof a standard®C even for high
numberof reversephotons.

3.5. Establishmentof Coherent Accesses

In additionto the reversephoton map we also constructa
secondkd-tree,which we call herea kd-tree over photons
We shootphotonsfrom thelight sourcesand storethemin
the photonarray Ap if they hit a diffuse surfaceexactly as
it is carriedout for normalphotonmapping Exceptthatwe
do not useit for searchingBy building up the kd-treeover
photonswe spatiallysortthephotonsn the photonarrayAp.
Queriesformedby sequentiallytraversingthe photonarray
Ap establistspatialandthereforememorycoherenticcesses
to thereversephotonmap.

3.6. ReverseDensity Estimation

For reverse density estimationwe have highly coherent
queriesin the reversephotonmap. For every photonposi-

tiony; we nd all reversephotonsnotfartherthantheradius
R;j. The precomputatiorof radiusR; usesdiagonallength
of cell mentionedearlierandis describedn Section6.1 In-

steadof theclassicakNN densityestimationwe useakernel
densityestimation(KDE). KDE with adaptionto the local

densityproducesslightly betterresultsthankNN densityes-
timation,sinceit betterpresereshighdensitygradientsand
doesnot suffer from heavy tailsin low densityregions.The

KDE methodsarewell studiedin statisticq Sil86, WJ95.

We computeEuclideandistancebetweenphotonandre-
versephoton.Using an arbitrary kernel (box, cone, Gaus-
sian,Epanechnikeg, etc.),we distribute the ux after multi-
plicationby theweightgiven by the kernelfunction.

Below we recallthe renderingequationin the context of
nal gathering,wherefor every primary ray hit we shoot
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N nal gatherrays (FGRs)using BRDF importancesam-
pling. Theradiancecontritutedby diffuseindirectillumina-

tion alongaprimaryray in thedirectionwp hitting a surface
atpointx with normaka is computeds:

1 N
Lg(Wo;X) = N é_ LiOgw;) fr(wiswo) (A wi) (1)
i=1
For normal photon mappingthe radiancealong the FGR
Li(x;;w;) usingdensityestimatiorwith K nearesheighbor
ing photonsfoundatmaximumdistanceR; from thehit point
Xj is computedas:

DF p(yp; Wp) .

Ko ooy
Lioiw) = & K PR

IR _Yolly £, (x; wp; wi)
p=1 R

(2)

whereK(:::) is thekernelfunctionusedin the densityesti-

mation. The radiancealongthe FGR L;(x;w;) is computed

usingreversephotonmappingasfollows:
V DFi(y;:w;
Li(xiwi) = & I(yiiR)) fr(Yj?Wj;Wi)ng);
j=1 p RJ

where J(X;;Vi;Rj) =
(4:Y5iRy) 0; otherwise

for all photonsthatduringthe searctifoundthereversepho-
tonat positionx; atthe maximumdistanceR; from the pho-
tonpositiony;. Thenumberof all photonds V. Theanalogy
betweemormaldensityestimationandreversedensityesti-
mationis shovnin Figurel.

4. Time Complexity Analysis

In this sectionwe explain the sourceof the speedupfor
searchingusing reversephotonmappingcomparedo nor-
mal photon mapping.Let us denoteby G the number of
FGRsshotper pixel, by | the numberof pixelsin the im-
age,by K the numberof photonssearchedor normalpho-
ton mapping,and by R the radiususedby reversephoton
mappingfor x ed-radiusearchFor theanalysisve assume
the ideal KNN search nding alwaysK nearesfphotonsin
O(K + log, V) time.

4.1. Normal Photon Mapping

For normal photonmappingwe shootV photons,we con-
structthekd-treein time T{py = ¢1 V log,V. During ren-
deringweshootF = G | FGRs.ForeveryFGRwe nd and
processheK nearesphotonsntimec, K+ cz log,V. The
totalnumberof foundphotongor all FGRsisU = F K. The
total computatiortime for normalphotonmappingwithout
constructiortimeis then:

TNem = C F K+cg F log,V (4)

Theconstant; is a factorbehindthe sortingof the photons
during the constructiorof the tree, ¢, is the factor for pro-
cessingasinglephotonfound,andcs is thetime requiredfor

Search speedup
100000
10000 4
1000 -
c
E:’" 100 —+1e5 photons
2 © -=-1e6 photons
> 1 1e7 photons
S , —-1e8 photons
3 . T T T T
8 f/; 7 8 9 10
w 014
0.01
0.001
logyo F)
Total speedup (Tgpy / Toypu)
4
3.5
3
; 25 A —+—1e5 photons
-1: 5 -=—1e6 photons
H 1e7 photons
",'f s —1e8 photons
14 /
0.5+
0
5 6 7 8 9 10
logyo( F)

Figure 2: Thespeedupetweercomputationof the normal
photonmappingand reversephotonmapping The number
of pairs photon-everse-phdon (all photonsfound for all

FGRsin normal photon mapping)is the same The con-
stantsareK = 100, ¢, = 0:1, andcz = 1:0. (top) Theoetical
speeduponly for searching. (bottom) Total speedupaking
into accountthe necessityo processhefounddata.

asingletraversalstepin thekd-treeduringkNN searchThe
spaceneededor the photonmappingis O(V).

4.2. ReversePhoton Mapping

For reversephotonmappingwe constructtwo kd-treesthe

kd-tree over V photonsand the reverse photon map kd-

tree over F reversephotons.Since we increasethe num-
ber of photonsin a single leaf to Tm, the construction
timeis Ty = €1 (V log,dV=Tme+ F log,dF=Tme). The
searchesre carriedout in the reversephotonmap. Let us
assumehatthetotal numberof foundpairsphoton-everse

photonis alsoU. Sincethe numberof searchess V, the
numberof reversephotonsfound per searchis on average
Kr = F K=V. Thesearchimein thereversephotonmapfor

asinglephotonisthenc, K+ c3 log, F. Thetotal compu-
tationtime for reversephotonmappingis then:

TRem = C V (F K=2V)+c3 V log,F

¢ TheEurographics\ssociationandBlackwell Publishing2005.
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= ¢ F K+cz V log,F 5)
Thespacefor thereversephotonmappingis O(V + F).

In our analysisthe computationtime to processall pairs
photon-everse-phdonis the samefor both normalandre-
versephotonmaps(factorc, F K in formulae4 and5).
However, the searchingime is signi cantly smallerfor re-
versephoton mapping.The theoreticalspeedupexcluding
thefactorc, F K is shawvn in Figure?2 (top). Theratio of
computatiortimes Tpy =Tipy areshavn in Figure2 (bot-
tom) for variousnumberof total FGRsandseveral settings
for numberof photonsv.

Fromthe analysisit follows thatthe reversephotonmap-
pingdecreasethesearchindime only if thenumberof nal
gathermraysto processs by ordersof magnitudehigherthan
the numberof photons.This is a standardcasefor render
ing images,n particularhigh resolutionimagesusedin the
productionrenderinglt shouldbementionedhatif thecom-
putationtime for processindhefoundpairsphoton-reerse-
photonc, F K dominateshecomputationthereversepho-
ton mappingdoesnot give ary speedup.

5. Algorithm Work ow

In this sectionwe describethe algorithm work ow along
with the ef cient organizationof the datastructuresfor re-
versephotonmapping.The algorithmdecomposethe com-
putationto tasksto deal with increasedmemory require-
ments.Thereare several algorithmic designgoalsful lled
by our algorithm.First, the computatiorover the datastruc-
turesresultsin highly coherentaccessn the mainmemory
mostly read only. Second the write-backtrafc from the
CPUcacheo themainmemoryis ef ciently reducedThird,
the algorithm requirementdor the main memory are ac-
ceptable Fourth, the increasednain memoryrequirements
arealleviatedby anef cient cachingschemeusingthe disk
and/ortiling of thescreen.

5.1. Task Scheduler

Renderingimagesin high resolutionand high quality re-
quiresalarge numberof reversephotongi.e. FGRs)thatdo
not t in the physicaimemoryof consumeilevel computers.
Todays,the physicalmemoryof PCsis oftenlimited by 1—
4 GBytes.Onewayto solwethisissueis to subdvide theex-
ecutionin mary tasksandcombinetheresultsof thesetasks.
Themajorpartis thecomputatiorof theradiancealong nal
gathermrays.Sincethe computatiorof densityestimationvia
reversephotonmappingdoesnot dependon the numberof
FGRsor the numberof pixels, we cansubdvide the whole
computationacrossthe imageto tiles and/orthe numberof
FGRsperpixel.

In orderto makeit practicalto theuserwe hidetheburden
for settingtheseparametersnanually Therefore we imple-
menteda memoryschedulethatdoesthe job of computing
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the numberof tiles and nal numberof gatherraysfor the
tasksin advance.The input for the scheduleiis the size of
availablememoryfor therenderertheimageresolution the
numberof FGRsperpixel, the numberof samplegerpixel,
andtheuserpreferencessa trade-of betweenmagequal-
ity andthetile size.Thelattergivesfasterresultswith lower
quality andvice versa.

As aresultthe schedulercreateghe sequencef tasksto

becomputedy therendererThetaskis speci edby theim-
agetile coordinatesnumberof samplegerpixel, numberof
nal gatherraysfor asampleray, weightfor thistile (i.e. its
contrikution to the overall image),initial randomseed etc.
The order of taskscan also allow progressie previewing:
rst thewholeimageis computedwith somesmall number
of FGRsperpixel, andthenthequality is improved by com-
puting the tiles, increasingthe numberof FGRsper pixel.
The proposedschedulingof tasksis a naturalcandidatefor
parallelization Notethatthe photonsfrom light sourcesare
computednly for the rst taskandreusedor all subsequent
tasks.Whenthetile is computedall the computediles are
combinedo asingleimage.Thiscanimplementprogressie
previewing.

5.2. Data Work ow

Below we describethe algorithmalongwith the datawork-
ow for a singletask given by the schedulerThe overall
schemeof processings depictedn Figure3: data o w view
on theleft anddatastructureview ontheright. The compu-
tationhasthreephasespreprocessingyrocessingandcom-
pletionphase.

In the preprocesing phasephotonsare shotandthe kd-
treeover photonss constructedonly for the rst task).Sec-
ond,for eachtaskgivenby the schedulerthe FGRsareshot
to the sceneandreversephotonsare saved to the array Ar.
Thenthereversephotonmapis constructed.

In the processingphasethe density estimationis com-
putedin thereverseorder The photonsfrom the photonar
ray Ap are processedsequentially which createsa highly
coherentsearchpatternin the reversephotonmap.The en-
emy from a processegbhotonis distributedto the entriesin
the write-backcache-arrayAw. The entriesof Ay mapone
to oneto the entriesof Ar. Note, thatduring the searchthe
kd-tree over photonsand the reversephotonmap are used
for read-onlyaccessOnly the write-backcache-array\y is
readto the CPU cacheandwritten backto the main mem-
ory. This cache-avare dataorganizationef ciently reduces
the datathroughputetweerthe mainmemoryandthe CPU
cachefor themainpartof thecomputationWe checkedhat
accumulatingheenepy into thepixelsdirectly producesoo
mary cachemissessincethewholeimagetile doesnot t to
the CPUcache.

In the completionphasethe accumulatedradianceper
reverse photon (FGR) is multiplied by the corresponding
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Figure 3: Misualizationof the data ow on the left and the data structureson the right. In the processingphasethe density
estimationfor all FGRsis computedtop). In the completionstage(bottom)the contributionto the pixelsis computedpossibly
usinga lter. Themajority of thedataaccessefs eitherreadonly or/andmemorycoheent.

weightgivenby BRDF importancesamplingof FGRsat di-
rectly visible surfacesstoredin Ar. The write-backcache-
array Ay is processedn the sequentiabrder The radiance
is summedo theradiancealongpixel sampleghatarepos-
sibly Itered usingsomecorvolutionkernelbeforethey are
addedto the resultingimage. The time for the completion
phasés negligible.

6. Further Impr ovements

In this sectionwe describeseveraladditionalimprovements
that we apply for reversephotonmapping.We have imple-
mentedthesetechniqguesandusethemin Section?.

6.1. Adaptive-Radius Density Estimation

Insteadof using xed-radius KDE we use the adaptive-
radius KDE, wherethe radiusis derived from the approx-
imate densityof photonssimilarly to normal photonmap-
ping. Recallthatwe storethe diagonallengthof the cell as-
sociatedwith theleaf of thekd-tree,seeSection3.4 We use

the diagonallengthandthe numberof photonsin theleafto
estimatethe gathefradiusover a spatialcell associatedvith
thecorrespondindeaf. This methodcanprovide usapproxi-
matively thedesirechumberof photonsvhensearchinghat
region.

Sincephotondensityfor diffuseilluminationis changing
slowly, the numberof photonsin neighboringspatialcellsis
alsovaryingslowly. We obsenredthatthe standardieviation
for nding the kNN photonsper reversephoton (FGR) is
stablefor differentscenesndvaryingphotondensitiesThe
proposedvayto selecttheradiusfor the densityestimateof
photonsin this contet is computedalmostfor free. It can
alsobeusedfor normalphotonmapping.

6.2. Density Control

Using the adaptve-radiusis one methodto reducesearch-
ing and processingtime while decreasingthe bias. An-
other adaptve techniqueis density control for the photon
maps[SWO0Q. For normal photonmappingdensitycontrol

¢ TheEurographics\ssociationandBlackwell Publishing2005.
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is usuallyusedin combinationwith importancesampling.It
helpsto reducethe size of the photonmapin unimportant
regions(i.e. regionsnot contrituting to theimage).This can
be appliedin reversephotonmapping.The density control
takesnegligible time comparedo the restof the computa-
tion. However, for reversephotonmappingit is muchmore
decisive sincethe time for densityestimationstrongly de-
pendson the numberof photonsV; seeformula 5. For nor
mal photonmapping the numberof photonsV is muchless
importantfor the computatiortime, sinceit mainly depends
onthenumberof FGRs,seeformula4.

We usea simple iterative algorithm for density control
similar to the original algorithm [SW0({. We shootmary
photonsandorganizethemspatiallyin the kd-tree.We pick
uprandomlyaphotonin theleaves(photonsarestoredn the
arrayAp), soin O(1) time. We computethe densityaround
the photonusingkNN search.If the densityis higherthan
a user speci ed threshold(phdon;mz), we distribute its
enegy to neighboringphotons,accountingfor the photons
with similar normalandincomingdirection. We invalidate
the photonfor the next searche thekd-tree.

Note that the densitycontrol doesnot interpolateon the
level of incoming radianceas the irradiancecachingdoes,
sincethe visibility for all FGRsis computed.Thenwe can
computetheimageswithout artifactsthatareintroducedby
irradiancecachinginterpolation.

6.3. BatchedSearchin the ReversePhoton Map

Anotheroptimizationwe have appliedis thetraversalof the

reversephotonmapkd-treefor severalphotonqueriessimul-

taneouslyso photonsare processedh batcthes We nd the

nearbyphotonsin theleavesof kd-treeover photong(which

are alreadyclosein space)and clustertheminto a larger

boundingsphereDuring the processhe boundingspherds

extendeduntil morethanamaximumnumberof photonsare
clusterednsideor until thespheresxceedshemaximumra-

diusdependingon theupperthresholdfor the gatherradius.
We traversein the reverse photon map kd-tree using this

large boundingsphereto nd the rst interior nodewhose
assignedsplitting plane cuts the boundingsphere.This is

the starting node for the kd-tree traversal for all individ-

ual queriesinsidethe boundingsphereThis batchedsearch
avoidsthetraversingin upperlevel nodesin thekd-tree.The
achievedspeedufior thesearchingn thekd-treedepend®sn

the photondensityandthe depthof the reversephotonkd-

tree.We have found out the speedugor traversalbetween
30-65%comparedo traversingof individual photons.

6.4. Ray Shooting Cachefor Final Gather Rays

Ray tracing of nal gatherrays (FGRs)is carried out for
subsequentlgreated=GRsfrom BRDF samplingonvisible
surfacesSincetheir generationis basicallyrandom(Monte
Carlo) processthedirectionsof subsequetly created=GRs

¢ TheEurographics\ssociatiorandBlackwell Publishing2005.

are highly incoherent Accordingto our testsfor visibility

datastructurestheraytracingof highly coherentayscanbe
upto 3 timesfasterthanfor highly incoherentays.We pro-
posea singleorganizationschemeto improve on cohereng

in the spirit of memorycoherentay tracing[PKGH97. We
createa singlecachefor FGRsby subdviding a spheresur

faceto C directionalcells (C = 400). Eachdirectionalcell

is associateavith anarrayto storeQ FGRsto beray traced
(Q = 50). We storecreated=GRsto the cacheandwhenthe
array of a directionalcell is full, we ray traceall the FGRs
in thearrayandcreatereversephotons.

6.5. External Cachefor Coherently AccessedArrays

The memoryrequirementdor the reversephotonarray Ar
in ouralgorithmcanbehigh. In our currentimplementation,
weallow for Ar upto 2% 1:073 10°entries Thestorage
spacerequiredis thenM = 230 32 3:43 10 Bytes,
whichis far from affordablesizeof mainmemoryfor a con-
sumerevel computersiowadaysThereforewe takethead-
vantageof coherentaccesgo thearraysAr andAw andcre-
ateanef cient cachingschemehatusesexternalmemory(a
disk). Only asmallportionof thearraysAr andAyw is cached
in themainmemory We useatraditionalsoftwarecachem-
plementedria hashing splitting the arrayinto blocksof the
samesize. Thesizeof theblockis 22°Bytesandcacheasso-
ciativity 8. A simplehashingfunctionusesthe index of the
block onthedisk to keeponly a smallportion of the blocks
in themainmemory

ThearrayAr is usedin four steps:arraycreation,spatial
searchingdensity estimation,and summingthe resultsfor
FGRsto pixel samples.During creationof the FGRs,we
save thereversephotongo thedisk. During thereversepho-
ton map(kd-tree)constructiorwe procesghearrayAr from
the rst entryin the currentnodeforwardsandfrom thelast
entry backwardsThis createshighly coherentaccesssince
the sizeof theblockis relatively large. During themainpro-
cessingphasewe needto keeponly a small part of the ar
ray in the mainmemoryfor every leaf nodeof thetree,see
Section5.2. During summatiorof radiancealongFGRs,we
accesshearrayAr andAy alsoin sequentiabrder

7. Results

In this sectionwe give numericalresultsfor renderingus-
ing normalphotonmappingandreversephotonmappingon
eigth sceneof variouscompleity andlighting conditions,
seeFigure4. We computeonly the diffuseindirectlighting
ascarriedout by normalphotonmappingby the globalpho-
ton map. The computedimagesare virtually the samefor
normalandreversephotonmapping.

We have implementechormal photonmappingfor com-
parisonpurposeausing the samedatastructuresas for re-
verse photonmapping.For kNN searchwe useda recur
sive versionof KNN searchdescribedn the book [Jen0].
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Theiterative versionin [Chr0Z decreasethetotal render
ing time by 2-10%. The kd-tree constructedwith sliding-
midpointrule decreasethetotal renderingime by 15%.

The timings for normalandreversephotonmappingare
in Table 1. For reversephotonmappingwe usedadaptve-
radius. In both caseswe useddensity control resultingin
500,000photons.In practicethe total achiesed speedugdor
reversephotonmappingvariesbetweer80-230%in depen-
denceon resolutionand numberof nal gatherrays per
pixel.

SceneNog; res K T,IPM TFIPM speedup
Cornell Box 308 65 605 420 1.44
(120bjs.) 50¢ 55 1,540 710 2.16
CornerRoom 30¢ 30 1,100 860 1.27
(57 objs.) 50¢ 50 2,200 1,610 1.36
MGF Of ce 30¢ 50 941 399 2.35
(5400bjs.) 507 60 3,600 1,125 3.20
Gallery 307 50 1,250 386 3.23
(8,607 0bjs.) 507 50 2,600 1,248 2.08
Sponza 30¢ 50 840 493 1,70
(66,6500bjs) 50 50 2,613 1280 2,04
Apartment 3007 45 810 343 2.36
(722700bjs) 50 45 2,231 926 2.40
Sibenik 30¢ 50 610 460 1.32
(76 6430bjs) 500 50 1,710 1,250 1.36
AizuAtrium 30¢ 55 1,793 541 3.31
(9483710bjs) 50F 55 4,712 1,450 3.24

Table 1: Thetimingsfor 8 scenesusing600 nal gather
raysper pixelandresolution300 300and500 500. The
table containsthe numberof objectsin the scenethe av-

eragenumberof found photonsper nal gatherray K, the
overall computatiortimefor normalphotonmappingTapw.

the overall computationtime for reversephoton mapping
Tapm: and the speedupachieved for reversephoton map-
ping. Thefastessearchingtechniquewasusedn bothcases.

We testedthe reversephotonmappingfor varioussize of
theavailablememory Theresultsarein Table2. Thedepen-
denceis very low. Probablydueto the cachingthe computa-
tion for larger memorysetupss evenslightly slower.

Memory[MBytes] 150 300 500 750 1000 1500
# Tasks 72 30 16 12 9 6
Time [s] 1214 1,172 1,182 1,258 1,284 1,263

Table 2: Thenumberof tasksandtimingsfor sceneSponza
in dependencefthemainmemoryusedfor thereversepho-
tonmaparray Ar andwrite-badk cache-array Aw. Rendeed
in resolution500? pixelsand600 nal gatherraysper pixel.

We also studiedthe dependencen the numberof pho-
tons.Dueto the batchedsearchandthe adaptve-radius(the

numberof pairsphoton-reerse-photonsariesonly alittle),
the timings differed only slightly for the rangeof photons
100,000-1,000,000Thereforewe believe that reversepho-
ton mappingtogetherwith densitycontrol is an important
stepto a parametefree photonmappingalgorithm.

We carriedout unobtrusve pro ling of the codeexecu-
tion. In the normalphotonmapping,about70% of thetime
is spentonthe kNN search(This is decreasetb about50%
for the kd-treedescribedn Section3.3.). About 15%is re-
quiredfor the densityestimationwith abox Iter, and10%
is takenby visibility computationsand 3% for BRDF im-
portancesampling.Theremaining2% arerequiredby other
operations.

In thereversephotonmappingsearchindwithoutbatched
search}akesabout20-25%of thetotal time. About 37%is
requiredfor densityestimation20%for visibility computa-
tions, 8% for constructingthe kd-trees 6% for BRDF sam-
pling, andtheremaining4% for otheroperations.

Thetime for searchingusing reversephotonmappingis
efciently acceleratedy a factor of 4-7 comparedo nor
mal photonmapping.Thetime requiredfor densityestima-
tion is increasedlthoughthe numberof evaluationfor pairs
photon-re@erse-photoris the same.This is due to the in-
creasedate of write-backoperationsfrom the CPU cache
to themainmemory(thearrayAw).

If the batchedsearchis carriedout, thetime requiredfor
searchings decreasedby anotherfactor of 2—3. The num-
ber of traversalstepsin the reversephotonmapkd-treeby
batchedsearchwas decreasedy additional 35%. In total
thetime for searchingusingbatchedsearchs upto 25times
smallerthanthetime for searchingn normal photonmap-
ping [Jen01.

The speedugfor ray tracing FGRsachieved by the ray
shootingcachefor FGRsfor 400directionalcellsand50 ar-
ray entriesfor one cell varied between45-60%.Note that
numberof pairs photon-reerse-photorwas the samefor
normalandreversephotonmappingandthe kd-treeusedfor
the reversephotonswasadaptedo normalphotonmapping
for the sakeof fair comparison.

We computedan imagefrom the Sponzascenein a res-
olution of 2 Mpixels with 600 FGRs per pixel (1.2 10°
nal gathemrays).Suchsettingis usedin theproductionren-
dering[TLO4]. Although the timingsis 160 minutes(more
than 70 minutesfor both direct and indirect illumination
by similar scenecomplexity in [TLO4]), we computemore
bouncef indirectillumination. Thetimings arealsoquite
comparabldo the renderingwith iradianceatlas[CB04 (
200 minutesfor 73 10° nal gatherrays for large-scale
scene)althoughtheirradianceatlasis clearlymoreapprox-
imative thanour algorithm.We believe thatthe reversepho-
ton mappingwith efcient ray tracingin averageO(logN)
time could be acceptabldor productionrenderingin close
future.

¢ TheEurographics\ssociationandBlackwell Publishing2005.
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CornellBox CornerRoom

Sponza Apartement

MGF Of ce Gallery

Sibenik Aizu Atrium

Figure 4: Visualizationfor 8 scenesusedfor testing Thediffuseindirectillumination rendeed via reversephotonmappingis
shown.Thetonemappingwasappliedto makethe indirectillumination more distinct. ThesceneApartments copyrightedby
LaurenceBoissieuxc INRIA2005.ThescenesSponzand Sibenikwere modeledby Marko Dabrovic.

For measurementse have useda standard®Cwith asin-
gle CPU 3.0 GHz Intel P4 with 512 KB of L2 cacheand
2 GBytesof main memory The programwasimplemented
in C++andcompiledwith GNU g++-3.3with -O3 optimiza-
tion.

8. Conclusion

In this paper we have proposeda reversephotonmapping
algorithmfor diffuseindirectillumination computedwith -
nal gathering.We have reformulatedhe densityestimation
for mary nal gathemraysasefcient sortingandhighly co-
herentsearching while exploiting two kd-trees By reorder
ing the computationthe computationtime requiredfor the
searchfor normal photon mapping[Jen0] is reducedby
morethananorderof magnitude The algorithmicspeedup
of the reversephotonmappingcomesfrom the logarithmic
factor of searchingusingtreesandhighly coherentaccess
patternto the data. Although our algorithm requiresmore
memorythan normal photonmapping,thanksto coherent
accesso thedatawe cacheonly asmallportionof necessary
datain the main memory This makesour algorithmpracti-
cal, even on low-level consumerPCs.In practice,we have
recevedthe speedugrom 2 to 3 for presentedgcenes.

We shawed several improvementsand combinationsfor
the proposedeversephotonmappingwith othertechniques
suchasdensitycontrol. The reversephotonmappingcanbe
appliedfor efcient densityestimationin variousglobalil-
luminationalgorithmsif the numberof nal gatherraysis

¢ TheEurographics\ssociatiorandBlackwell Publishing2005.

high andif we canevaluateradiancedor alarge setof nal
gathermraysin arbitraryorder

Lastbut notleast,we discussedereralnovel techniques.
This is the kd-treewith low memoryfootprint constructed
with the sliding-midpointrule, estimateof the adaptve ra-
diusfor KDE duringthekd-treeconstructionandthe cache
for coherentray tracingof nal gatherrays.The proposed
techniqguesanalsobeadaptedasilyto normalphotonmap-
ping.

The reversephotonmappingtakesthe advantageof stor
ing moreinformationaboutglobal illumination to improve
and acceleratethe computation.Therefore,the combina-
tion with othertechniquesuchasprogressienessandqual-
ity control via adaptve samplingduring rendering,irradi-
ancecaching[WRC88 WH92], and importancesampling
for photonsPP9§ appeardo be relatively straightforward,
althoughwe do not discussit in detail heredueto the lack
of space We believe thatthereis spacdeft for future work
onglobalillumination algorithmsthatprocesglobalillumi-
nationinformationalsoin a coherentvay. Further we think
thatthealgorithmcanbe extendedfor renderinganimations
in the spirit of recenttechniquedTMD 04], which could
bring additionalspeedufy upto oneorderof magnitude.
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