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Chapter 1

Intr oduction

RecentlythePhotonMap ! hasbeenintroducedntothe eld of photorealistizenderingn aseriesof papers
([JC954, [Jen9], [JC954, [Jen96d [Jen96h, [JCO], etc.). Becausaf its strongimpact,thegoalof thiswork
wastheimplementatia of the photonmapandits integrationinto anexisting renderingplatform. While doing
this, severalproblemsarosewhichwere rst dismissedasimplementatiorproblemsput which weresoonafter
revealedto beintrinsic aws of the photonmapmethod. Sincetheseproblemshave not yet beensufciently
documentedthey have beenprofoundlyinvestigatedn this work.

The aim of this work is to analyzeandto improve the original method,makingit rst necessaryo name,
quantify classifyanddocumenits aws. We startby brie y summarizinghe basicsof globalilluminationin
section2.1,followedby somenotesonef cient implementationsf thephotonmapalgorithmsn section2.3.1,
2.3.2and2.4. Theintegrationof the photonmapinto anexisting distribution ray traceris presentedn section
2.5,togethemwith a brief summaryof how the photonmapis usedin the original papers.A detailedanalysis
of the photonmapfollows in chapter3, wherebothits advantagesandits disadwantagesare discussed After
outlining the problems several approacheso improve the photonmapare proposedand examinedin chapter
4. Finally, chapter5 presentsseveral of the sceneausedin our experiments,eachwith a shortdiscussiorof
theresultswhenrenderingit with the photonmapandits differentextensions.The conclusionsaredravn in
chapter®.

'PhotonMap s aregisteredrademarlof mentalimages Gesellschaft"ur Computer Im und Maschineninteijerz mbH & Co
KG., D10623Berlin, Germay. In thesequelthe signwill be omitted.
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Chapter 2

The Photon Map

2.1 Basicsof Global lllumination

In orderto understandhe photonmapandits problemswewill rst discussomeof thebasicsof photorealistic
rendering,by de ning the radianceequation: The basicquantity describingthe percevableillumination in a
sceneis theradiance . For a deepercoverageof the fundamentalsof global illumination, togetherwith

a completede nition and physicalderiation of the term radiance see[Kel98, [CW93] and [Kaj86]. The
radianceequationwas rst derivedin [Kaj86] andis a physicallybasedmodelfor describingthe transportof

radiancan asceneUsingthenotation

. thesurfaceof thescene,

: thehemispheref all directions atsurfaceposition ,

. theradiancdeaving into direction :
. theirradianceatx, i.e. theradiancereaching from direction ,
. theexitantradianceemittedfrom into direction ,and

. thebidirectionalscatteringdistribution function,

the radiance is the sumof the emittedradiance andall radianceincidentin  andre ected
into direction

(2.1)

Let denotetheraycastingunction,i.e. is the closestintersectiorbetweerthe suriace

of the sceneanda ray startingat position with direction . Then,restrictingour problemto vacuum
radiationtransport, theirradiancecanbe substitutecby , Whichyields

(2.2)

Therestrictionto vacuum-transpoiis choserfor reasonf simplicity, sincevolumetriceffectsarenot coveredin this work. For
extensionf the PhotonMapto participatingmedia,see[JC99.
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The radianceequationis a secondkind Fredholmintegral equation. With  asthe kernel of the integral
operatoyit canbewrittenin operatorform as

(2.3)
Insertingequation2.3into itself yields

(2.4)

(2.5)

which is calledthe Neumann-series A more profoundderivation of the Neumann-seriesan be found in
[Kel9g, which shavs bothits correctnessndits corvergenceundercertainconditions.

The kernel  of the integral operatoris the bidirectional scatteringdistribution function (bsdf), which
describegheinteractionof light with thesurface. Thebsdf isde nedas

anddescribesvhich fraction of the radiancecomingfrom direction is scatterednto direction . The bsdf
is a probability densityfunction and canbe viewed as describingthe probability of a photonwith incoming
direction to bescatterednto direction .

Ourimplementatiorusesthe Wardre ection model[War94, where is modelledto consistof a diffuse,
aspeculamandaglossypart

Usingthelinearity of theintegral operator ~ canbeexpresseds
(2.6)

Diffuseinteractiondi.e. applicationof arecalledregular, while bothspeculaandglossyinteractionsare
calledsingular. Slightly glossyinteractionsnayalsobeapproximatedby regularinteractionsyhichintroduces
somesmall error, but greatlysimpli es computationsn sceneswith lots of slightly glossyobjects. As stated
above, the bsdfis a probability density function, and even though our implementationonly usesthe Ward
re ection model,the photonmapis generallycapableof handlingary arbitrarypdf.

Using2.6,equation2.3 canbesplit into severalterms

Thesetermswill in the sequelbe calculatedseparately: is the objects emittance,given by the material
de nition, describesspecularand glossyre ections, and is the diffusely re ected
radiance. canbefurtherly splitinto
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The rst term is called direct illumination, while the secondterm representsoft indirect

illumination Thelastterm describesaustics Causticsareillumination detailscreatedvhen

light hits adiffusesuriaceafteratleastonesingularinteraction.Usingthelight pathnotation,where denotes
a light source, denotesa singularinteraction(i.e. an applicationof ), and denotesa regular

interaction causticsaarecreatediy light pathsof theform Therefore photongresultingfrom such

light pathsare called causticphotons all other photonsare called diffuse photons. Note that Jenserusesa

differentde nition by consideringonly direct causticg ) (see[JC95H), which areonly a subsetof our

de nition.

2.2 Generatingthe Photon Map

The photonmapis a discretedensityapproximation([Kel9g]) of the irradiancein the scene. This discrete
densityis createdby usinga randomwalk ([KMS94]), by emitting photonsfrom light sourcesand tracing
themthroughthe scene:Wheneer a photon interactswith the surfacein , its
new position  itsincomingdirection  andits enegy arestoredin anarraycalledthe photonmapdata
structure.

void PhotonMapShader::RandomWalk() {
for each LightSource LS {
/I calculate nr of photons on source LS

for {
= LS.StartPhoton();

singular = false;
for (pathLen=0; pathLen<maxLen; pathLen++) {
if (obj == null) break; /I particle lost...
(interaction, , ) = Interaction ;
if  (interaction is singular) {

singular = true;
} else {

if  (singular)

causticMap.AddPhoton( )

else

diffuseMap.AddPhoton( )

singular = false;
}

if  (interaction == absorbed) break; // particle absorbed...

}
}
}
}

Interaction(x, ,bsdf)  correspondgo an applicationof asin the previous section. It usesthe bsdf
in to calculatethe interactionof the incoming photon with the surface. To preventan in nite numberof
interactionsof a photon,we usethe 'RussianRoulette'approachaspresentedn [AK90] to choosewhetherthe photon
is absorbedr not. This methodis alsousedto choosethe type of interaction(i.e. or ). Theout-scattering
directionis generatedaccordingto the choseninteractiontype. Interaction returnsboththe new direction and
, Where s either or . A new photonwith randompositionanddirectionon source
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aregeneratedby =L S.StartPhoton() . Thephotonscanalsobegeneratedby usingQuasi-randonmumbergas
presentedh [Kel9§).

Thiskind of randomwalk is only a pureforwardsimulationandthereforeyields severalproblemswhich arecovered
in section3.3.7.

To be ableto storelarge amountsof photons,a very memory-efcient storagetechniqueis required. Therefore,a
photonis storedin acompressetbrm similar to the oneproposedn [Jen96b]:

class Photon ({

float position[3];
unsigned char theta, phi;
rghe energy;

3

The positionof the photonis directly storedas3 oats (usingdoubleswould nearlydoublememorycostby gainingfew
accurag), its enepy is storedcompresseth Wardsrealpixel representatioisee[War91K), andtheincomingdirection
is discretizednto two charactersazimuthanddeclinationangle:

theta
phi

(unsigned char) (255.0 * acos( ) )
(unsigned char) (256.0 * atan2( , ) | 2*M_PI;

Thedirectioncanthenbe decompressehly

= Vector(sinTheta[theta]*cosPhi[phi],
sinTheta[theta]*sinPhi[phi],

cosTheta[theta]);
where
cosThetali] = cos(i * M_PI / 255.0);
cosPhi[i] =cos(i * 2* MPI/ 256.0);
sinThetali] = sin(i * M_PI / 255.0);
sinPhi[i] =sini * 2 * M_PlI / 256.0);

arelook-uptablesfor ef cient decompressionThelossin accurag by discretizingdirectionandenegy wastestedto be
negligible. Usingthis representationpnly 18 bytesper photonare needed.Someof the later proposedextensions(see
chapter) requirethe storageof additionalinformation,for exampleinformationabouttheorigin ~ of aphoton.

To gain e xibility, the photonmap datastructurewasseparatedrom the actualphotonmapshader This allows to
usethe abstractdatastructurein differentapplicationsfor examplewhenneedingmultiple mapsor importancemaps.
Therefore the PhotonMap classonly suppliesmethodsor the storageof a photon(AddPhoton ) andfor the nearest-
neighbourquery(Query ). Directly afterhaving generatedll the photons the acceleratiorstructurefor the k-nearest-
neighbourgqueryis generatedy calling PrepareForQuery . In [Jen96b],Jenserproposedhe useof a linked list of
arraysof 64k photons.Comparedo asinglearray this approachs lessef cient dueto unneccessarilincreasingaccess
times. Sincethenumberof photonss notknown in advance purimplementatiorusesdynamicarrays[Sed98]for storing
the photonmaps:Dynamicarraysautomaticallyadaptto the growing memoryrequirement$n the randomwalk, andare
especiallyusefuldueto the factthatthe numberof photonswill nolongerincreaseftertherandomwalk is complete.

class PhotonMap {
Photon *photon; // dynamic array of photons

int N; /I current  number of photons
virtual void AddPhoton(Photon  p);
virtual void PrepareForQuery();

virtual void Query(Point  x,PhotonHeap &q);
/I search gk nearest Photons around x, store them in q
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The abstractde nition andthe object-orienteddesignallow for differentimplementations:Both a versionbasedon a
left-balancedkd-tree(asproposeddy Kellerin [Kel96 andJenserin [Jen96b]),aswell asaversionbasedon a regular
grid have beenimplemented.Hybrid methodsseempromising,but have not yet beentestet. Otherimplementationsare
availableaswell (seee.g.[VBS99)).

2.3 The 3d-TreePhoton Map

2.3.1 Efcient Construction of Balancedkd-Trees.

KD-Trees([Ben75], [BF79]) arek-dimensionabinary search-treegfor our application, ): Eachsubtreewith its
rootnode inlevel is partitionedwith respecto dimension .2 suchthateachnode in theleft subtreeof
is smallerthan , andeachnode in theright subtreds largerthan (with respecto dimension ):

2.7)

4 14 7 /5\
e < XA
| l
§ S - o7
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12 4 /3 11 7 10
> 14
| o i
; 1 11
—e— o

Figure2.1: A samplekd-treefor (notbalanced).

In ourimplementationthe photonsarestoredin aleft-balancedcompletekd-tree.Balancingthetreeallows for very
ef cient storageandaccesaswell asfor ef cient querieshecausef aminimizedtreedepth( ).
If atreewith  elementds complete,all its levelsare lled, exceptfor the nal one,whichis lled from left to right”
[Sed9§. It canthenbestoredef ciently in anarrayof N photons.Choosingheroot-nodesindex to be 1, themethods

Valid(node) = (node N)
LeftSon(node) = (2*node);
RightSon(node) = (2*node+1);

allow for ef cient accesgo the photons.Valid(node)returnswhethemodeis still avalid index in the photonmaparray
Thisrepresentatiodoesnot needary additionalmemory(suchaspointers)for representinghetree.

Thesplitting dimensiormayalsobe choserin adifferentway, for exampleby subdviding thedimensiorin which theboudinglmx
of the subtreehasthe largestextent. This requiresonly minor modi cations andmayyield additionalperformanceyainsespeciallyin
settingdike SCENE10, wherethe scenegxtentis x andy dimensionis muchlargerthanin z dimension.
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The algorithmfor building the balancedkd-treeworks by choosingthe root elementsuchthat condition2.7 holds.
Then,bothsubtreesreprocessedecursvely. Findingthe properrootelementof a subtreeas doneasfollows: Knowing
that- to ensureabalancedree- elementhaveto bestoredn theleft subtreetheproblemof nding therootelement
consistof nding the th medianwhich canbe determinedn severalways(for example,see[VBS99]). While theidea
is moreor lessstraightforwardproblemsarosefrom thefactthatthe elementsn a subtreearenot storedsequentially(see

gure 2.2).

/1
2
\ (other
half
/4 /5 omitted)

/\

/
\9
/\

10

SNINININY

/\/

32 33 34 35 36 37 38 39 40
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w
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Figure2.2: Non-sequentiahumberingof nodesin a subtree.The nodesin the subtreewith root node4 are4,
8,9,16,17,18,19,32,...

Therefore anothermethodwas developedwhich is basedon a modi ed QuickSortalgorithm: Eachsubtreeis rst
partitionedby a modi ed QuickSort-partitioningstep,suchthat condition2.7 holds for this subtree. After that, both
subtreesare built recursvely. The completeBuildTree algorithmis presentedverleaf. Its averagecompleity canbe
derivedfrom thecomplity of QuickSort(see[Sed9§) andist therefore

Thealgorithmworksin placeandcanbe consideredptimalin bothtime compleity andmemoryconsumptionAs one
canseein table 2.1, initialization time is neggligible even for moderatelysizedphotonmaps. Even a tree of 10 million
photonscanbe constructedn about3 minuteson oneMIPS R10000/250MHzprocessoof an SG102000.

photons|
100k 5s 7s
200k Os 13s
400k 17s 26s
700k 30s 48s

Table2.1: Initialization time for Random\&lk andBuildTree Measuresave beentaken with SCENE6, on a
DEC alpha/333Largerphotonmapresolutionscould not be testeddueto lack of memory
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BuildTree(Photon *p, int N, int root, int level)
/I partition the subtree under root such that
/I kd-condition holds.
{
if  (IValid(root))
return; /I terminate recursion...
splitDim = SplitDimension(level); /I ie. level % 3;

Index minL(LeftSon(root));
Index minR(RightSon(root));

Index | = minL;
Index r = minR;
while(1) {
double splitval = p[root][splitDim];
while  (Lnode <= N && p[l.node][splitDim] <= splitval)
while  (r.node <= N && p[r.node][splitDim] >= gplitVal)
if (lnode > N && r.node > N)
break; // kd-condition now holds for root
if (lnode > N) {
minR = r; | = minL; Swap(p,root,r.node); ++r;
} else if (rnode > N) {
minL = I; r = minR; Swap(p,root,l.node); ++;
} else {
Swap(l.node, r.node); ++; 4+
}
}
BuildTree(p, N, LeftSon(root), level+1);
BuildTree(p, N, RightSon(root), level+1);
}
KD::BuildTree(Photon *p, int N)
{
BuildTree(p,N,1,0)
}

class Index {
int  mask, node, level,
Index(int root) {

/I initialize to root element
node = mask = root; level = 0;
}
void operator++() {
/I step to next element in subtree
node++;
if ((node >> level) I= mask) {
level++;
node = mask << level;
}
}

k

Algorithm BuildTree  for efciently building a left-balancedcompletekd-tree. Index is a classwhich providesa

methodfor ef ciently iteratingthroughall nodesof a speci edsubtreen level-order
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2.3.2 Efcient Nearest-NeighbourQueryin akd-Tree

The nearesneighboursare storedin a priority queue(classPhotonLis}, which is ef ciently implementedasa heap
(see[Sed98). This organizationallows for direct accesgo the elementwith the greatestdistance,sincein a heap,
MaxDistance()==dist[Q] Process(candidate, distance) insertsa new candidaténto the queueandremoves
theitem with the greatestlistancef thelist alreadycontains elementsProcess mayalsodo somebasicplausibility
testsbeforestoringa photon,seesection4.1.

class PhotonList  {

Photon nearest[K_MAX];

double dist[K_MAX];

int k; // current nr of elements

double MaxDistance();

void Process(Photon candidate, double dist);
%

The Queryin thekd-treeis doneby recursvely scanninghetreein amodi ed in-order:

1. determineandrecursvely scanthe subtreewvhichis closerto query-pos
2. if nodecannotbeculled,processode
3. if distantsubtreecannot be culled,recursvely scandistantsubtree

This is in fact a backtrackingapproach([Mad]), which splits the problemof scanningthe currentsubtreein several
smallerproblems- left andright subtreeandcurrentnode- andprocessethesen theorderof their probablityof yielding

photonswhich are closerthanthe currentcandidates.The ef ciency of the algorithmresultsfrom culling: The distant
subtreedoesnot have to be scannedf the minimal distanceof a photonin the distantsubtrees greaterthanthe current
maximumcandidatedistance. This minimum distanceis approximatedasthe distanceof the root-photonto the query-
positionin the currentsplitting dimensionsplitDim . Sincethistestonly considerghedistancen the currentsplitting

dimensionthe minimumdistanceis usuallyheavily underestimatedgsultingin sub-optimalculling. However, this test
waschoserfor speedandsimplicity. More involvedtestshave beenexamined but the performanceyainedthroughbetter
culling hasalwaysbeenoffsetby the higheroverheadf thesetestsQuery wasalsoimplementedasaniterative version.
Sincea signi cant speedupould not be obsered, the codeis omittedhere. Using least-cost-searctjiMad]) insteadof

backtrackinglid notyield fasterquerytimes.

Query(PhotonList &neighbours, Point , int  node, int level)

{
if (Valid(node))
return; /I terminate recursion...

splitDim = SplitDimension(level); /I ie. level % 3;
Vector dist = photon[node] - ;
projDist = dist[splitDim];

if  (projDist > 0)
{ Il left subtree is closer

Query(neighbours, , LeftSon(node), level+1);
if ~ (projDist < neighbours.MaxDistance())
{
if < neighbours.MaxDistance())
neighbours.Process(node, );
Query(neighbours, , RightSon(node), level+1);
}
} else {

/I right subtree is closer
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2.4 The GridPhotonMap

Sincealargepartof therenderingime is spentin thenearest-neighbotguery animplementatiorwhichis fasterthanthe
kd-treewould resultin a signi cant speedupTherefore additionalalgorithmshave beendevelopedandtested,n which
the most promisingapproachwas usinga regular grid for storingthe photons. The grid needsadditionalmemoryfor
representinghe voxels: In ourimplementationthisis exactly onepointerandoneinteger (for tagging)pervoxel, which
is negligible whenusinga reasonableatio of photonsto voxels (evena ratio suchlow as 10:1 would yield a memory
overheadf lessthan5%).

A grid of resolution 3 canbe storedandaccessetly

struct  Voxel ({
Photon *photon;

int tag;
} voxell I
Voxel( ) = voxel ]
voxel[(k*K+j)*K+i]
voxel[] y
|/ ‘ \\ \\ \ painters ta cells / ‘ \[\
photons in photons in :
photons voxel i,j,k voxel i+1,j,k 1
photon([] J

As comparedo a kd-tree,the regular grid is not adaptve, and thereforereachesptimal performanceonly when
photonsarewell distributedin the scene.While this is often the casefor diffuse photons,it may be problematicwith
causticphotonswhich tendto be clustered.Specifyinga maximumsearch-radiugields performance-gainevenin this
case.

Constructinghe regulargrid is done'in place'in a very straightforwardway, by usingQuickSorts in the different
dimensionsandlinking pointersinto thearray Sincetheimplementationis straightforwardthe codeis omittedbecause
of its length.Having voxels,theaveragecompleity for building thegrid is

Finding the nearesneighboursn the grid is doneby processinghe voxelsin an ordersimilar to a 3-dimensional
seed- Il. The seedvoxel is thevoxel containingthe query-point . Theimproved performancds dueto the fact
thatthe photonsin the seedvoxel arealreadyvery closeto the query-pointandthereforevery likely to be candidatesAs
aresult,the currentmaximumcandidatedistancediminishesquickly, andresultsin fastculling, sinceonly voxelscloser
than have to beprocessed.

3In non-cubicalscenesgachdimensionof the grid canbe subdvided with a differentresolutionto matchthe scenes different
extentsin differentdimensions SCENE10, for example,is bestvoxelizedin aresolutionof where
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Queryworksasfollows:

Query( , neighbours)
{

currentTag = currentTag+1; /I generate a new tag for this query
Get Voxel which contains
Clear(neighbours);

ProcessVoxel( , , heighbours)

}
ProcessVoxel(V, , heighbours):
{
/I first: tag current  voxel...

V.tag = currentTag;

/I second: process all photons in current voxel
for each photon

if ( <= neighbours.MaxDist())
neighbours.Process( );
/I finally: recursively process the neighbouring voxels
for each neighbouring voxel V' to V:
if (MinDistance(V', ) <= neighbours.MaxDist()
and V'tag = currentTag)
ProcessVoxel(V', ,neighbours)

}

Already visited voxels have to betaggedin orderto preventmultiple processingf voxels. Theimplementatioris quite
easybut lengthy andsothe codeis omitted.

After processinghe seedvoxel, the orderin which the following voxels are processeds almostarbitrary sincea
goodchoiceof requiresonly few voxelsto be processedAn implementatiorbasedon least-cost-searciMad], see
section'Branch andBound') wasalsotested.This branch-and-bounthethodprocessesoxelsin orderof their distance
to andyieldsadditionalperformancegainsif mary voxels have to be processedh a query i.e. whenthe numberof

photonspervoxel is smalland is high. In the generalcase however, few voxels have to be scannedandthe higher
overheadn nding the next voxel offsetstheimprovedculling.

As canbe seenin the following table,the GridPhotonMapyields considerablgoerformancegainsover the kd-tree,
especiallyfor large photonmaps.Performanceainshighly dependontheparameters , and . Thereforeamethod
for choosing optimally asafunctionof and would bevery helpful.

N k || 3d-Tree | Grid
K=30 K=35 K=40
100k 10 70s 51s 51s 52s
100 274s| 271s 229s 242s
iM 10 155s| 119s 108s 111s
100 567s| 305s 295s 307s

In our experimentsthe following obsenationshave beenmade:

1. Theimpacton purequerytime is muchlarger, sincerenderingtimescontainsomeoverheacdot affectedby faster
guery-timesij.e. ray-intersectionandshadingof thefound photonsmakeup about50% of thetime.

2. Initializationtime is negligible with bothmethods.
3. Performancés parametedependent.

4. Themorephotonsused thegreaterthe speedup.

Multilevel-methodssuchas using a coarsegrid on the base,togetherwith kd-treesor ner grids in overly lled

voxelsshouldfurtherimprove performancdespeciallywhenphotonsareunevenly distributed)while requiringonly minor
modi cations.
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2.5 The PhotonMap Shader

The photonmapshadeis built into anexisting distributionray tracer the McRenderproject(see[K el9g) asa shadeffor
localillumination. Shadersaremethodswhich arecalledby the distribution ray tracerto calculatethe diffuselyre ected
radiance  Thedistribution ray tracer ([CPC84,[C0086],[SW92) calculates by splitting it into several termsand
calculatingtheseseparatelyAs statecbefore, canbeexpresseds

The lastterm - - describediffusely re ected indirectillumination, andis the only term actually calculatedby
the photonmapshader All othertermsare handledby the distribution ray tracer:  is given by the objectsmaterial
de nition andrequiresnofurthercalculations Speculare ections arecalculatedoy simplyfollowing there ected
ray andrecursvely calling the distribution ray tracer Glossyre ections requireMonte Carlo integrationandcan
be calculatedef ciently by importancesamplingproportionalto . Heretoo, the samplesarecalculatedby recursvely
calling thedistribution ray tracer This recursve spavning of raysresultsin lots of shadercallsandyields highrendering
timeswhenhaving highly glossyscenedike MMACK or INVISIBLEDATE. Low samplingratesfor glossyre ections
introducenoiseinto the image(seechapter5), while higher samplingratesmay manifold renderingtimes. To reduce
this effect, glossyre ections areapproximatedy lesstime-consumingpeculawor diffusere ections(dependingn their
strength) atleastafterreachinga certainrecursiondepth.

In eachrecursveinvocationof thedistribution ray tracer thediffuselyre ectedradiance is calculatedby
calling the photonmapshader:Having the discretedensityapproximation of theirradiance there ected
radiance canbeevaluatedby usingasensor as

Assumingthat all photonshave passedhrough , we canapproximate . Using the ball which
containghek nearesneighbourdo yieldstheradianceestimatefrom the photonmapas

where isthesetof the nearesheighbourso and istheradiusof thequery-ball:

This radianceestimategeneratesereral artifacts,which are examinedin the following chapter As opposedo the
termshandledby the distribution ray tracer the estimatefrom the photonmapis only aroughapproximationwhich - if
is x edin advance- doesnot cornvergeto thecorrectresultby takingmoresamples.
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To enableindependentreatmentof causticsand diffuse illumination, singularand regular photonsare storedin
differentmapsasmentionedearlier Thesemapsare calledthe causticmapandthe diffusemap Theimplementations
quitesimple:

Color ShadePhotons(Intersection , PhotonMap , int )

{
PhotonList ;

= intersection.Object.bsdf. ;
p.Clear( );
map.Query( )i
return

}

Color PhotonMapShader::Shade(Inters ection )

{

return  ShadePhotons( , : )
+ ShadePhotons( , : );

}

In calculating , thephotonmapshademay alsoincorporatesuchextensionsasthe separatealculationof directlight
or thelocal pass.Theseextensionshowever, will themselesusethe abore methodgor calculatingthe estimate.

In [Jen96a],Jensenutilizes the photonmapto get a coarseapproximationof global illumination. Basedon the
in uence of the sampleon theimage,heuristicsareusedto decidewhetherthe estimatefrom the photonmapis usedor
whethera morecomplex computatioris done. If the contribution of the sampleis small,i.e. becausét is only a single
sampleayin thelocal passor becausét is attenuatedby asmallbrdf, thenthephotonmapapproximatioris useddirectly.
Otherwise,if the ray is a primary ray or the point was reachedby several perfectre ections, the point is considered
important,andthe shadings doneby moreaccurateMonte Carlointegration,whichin factis a local pass.This notably
improvesimagequality, but is very time-consumingand canonly be appliedundercertainconditions. Jenserapplies
Ward'sirradiancecaching([WH92]) onlambertiansurfacesvhich achievesfasterrenderingtimesby interpolation.

Becauseof the fact that the radianceestimateis only usedasan approximationin more correctMonte Carlo inte-
gration,its quality is far lessimportant. In this caseblurring canevenbe seenasan adwantage'([Jen96a])for reducing
noise.Artifactsin theestimatearepartly smoothedaway by thelocal passandpartly dominatedy directlight. However,
acloserlook oftenrevealsremainsof theseartifacts,mainly noiseandblurring, especiallyin causticsywheretheradiance
estimatehasto be visualizeddirectly. Artifacts like enegy-bleedingor overmodulationdid not appeatrin the original
paperdecausof suitablymodelledscenes.

Direct illumination is calculatedusing shadev photons,asdiscussedater. This, however, is alsoonly applicable
undercertainconditions. Causticsaretreatedseparately They arerendereddirectly by the photonmap. Jenseradmits
thatparameterbaveto beadjusteto nd atradeof beveenblurredcaustidbordersandnoisein thecausticgsegJen96b]:
“If theparametersrebadly chosenthecausticwill eitherbecomeoo blurredor too noisy”). To improve causticsmary
morephotonsareusedto representausticghanareusedfor diffuseillumination. Jensemusesprojectionmaps([JC951)
to increasehe numberof causticphotonsby emitting photonsdirectly from the light sourcesowardsspeculambjects.
This methodis only capableof producingdirectcausticsput performswell underthis limitation.



Chapter 3

Analysis of the Photon Map

3.1 Efciency of the Photon Map

The ef ciency of the photonmapis believed to dependonly on the ef ciency of the radianceestimate which mainly
depend®n the numberof photonsused,andwhich is otherwiseindependentf scenecompleity andgeometry Thisis
proposedisoneof the mainfeaturesf the photonmap,makingit seeminglypossibleto renderhighly complex scenest
moderatecost.

However, thoughit is true that the largestportion of the renderingtime is spentin the radianceestimate(querying
and shadingof the photons),the overall time spenton the estimateds the productof the time spentper estimateand
the numberof estimatesvaluated.Therefore the “ef ciency of the photonmap” dependon boththe ef ciency of the
estimateand ontheef ciency of therestof therendereiin keepingthe numberof estimatesmall. Therefore the overall
renderingime depend®n 3 factors:

ef ciency of thedistribution ray tracerin keepingthe numberof shadercallssmall
ef ciency of theshadeiin keepingthe numberof estimatesmall

ef ciency of theestimate.

Theargumentof ef ciency beeingindependentrom scenecomplexity only appliesto thelastitem. Theef ciency of the
distribution ray tracerinto which the photonmapshadeis built (seesection2.5) hasgreatin uence onrenderingime: If
the scends highly comple, renderingtime will increasebecaus®f moreexpensve ray intersectionsAdditionally, lots
of specularandglossyobjectswill spavn lots of recursve callsto the distribution ray tracer manifoldingthe numberof
shadercallsindependentlyrom the photonmap.

Thesecondactoris thetime spentin the photonmapshader:Using alocal passmanifoldsthe numberof estimates.
Independentalculationof directlight mayalsoincreaseenderingcostundercertaincircumstancesnainly whenhaving
mary light sources. Thesetwo itemsimply that realistic scenes which are highly comple« sceneswith several light
sourcesand lots of specularand glossyobjects- will requirehigh renderingtimesindependentiffrom the numberof
photonsused(seediscussioron MMACK in chapters).

Renderingcostfor the photonmapestimatealsoconsistof a preprocessingart(Random\&lk andBuildTred, which
canbe consideredo be constantsinceit is not affectedby the numberand compleity of shadescalls. Preprocessing
costis generallysmallcomparedo renderingime: Eachphotonrequiresexactly oneray intersectiorin therandomwalk
step,whereaghe distribution ray tracergenerategl million raysalonefor the primary raysin a PAL-resolutionimage
with anoversamplingrate of 8 sampleper pixel. However, several of the later proposedalgorithmswill requirehigher
preprocessingimes.Whenusingakd-treeor aregulargrid, thetime for building the acceleratiorstructureis neggligible.

15
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The costof the radianceestimateis small even with moderatelysizedphotonmaps(up to about250.000photons).
The dominatingcostin the estimateis the costfor nding the nearestneighbourdo . As Jensercorrecly states,
increasinghe numberof overall photons (while keeping x ed)increasesenderingcostbut slightly. Thisis veri ed
in thefollowing table,andis dueto the fact thatthe costfor the queryis closelyrelatedto the depthof the tree (which
is ): Take,for example =391sand =614s,wherel10-folding
the numberof photonsresultsin a mere55% increasean renderingtime. (Notethatfor eachparametepair in thetable,
exactly the samenumberof raysareshot).

(insec) | k=10 | k=100 | k=1000
N=100k| 72 ‘ 391 1823

N=1M 156 614 4413

Contraryto this, Jensers conclusiorthattheresolutionof thephotonmapcouldbeincreasedvithoutnotableincrease
in renderingime couldnotbecompletelyveri ed, sinceincreasing requiresncreasing by thesamefactortoyield the
sameimage,sincechangingthe ratio affectsthe nal image(see gure 3.1in section3.3.1). Therefore rendering
costwill very well increasevhenusingmorephotonssincein uence of on is atleastlinear. In theabove
example =391swould become =4413s.Whenusingalocal pass, can
bekeptsmallwhenincreasing , sincechanginghe ratiowill thennotchangehe nal imageasvisibly; soJensen
is partially correctin this case.

3.2 Advantagesof the Photon Map

The photonmap hasseveral advantagesover mary otherillumination algorithms. Sincemostof theseadwantagesare
alreadysufciently publishedin theoriginal papersthey areonly brie y summarizedere:

High quality: Incorporateslmostary illumination featuresjncluding causticsaandvolumetriceffects
Flexibility: Allowsfor the useof arbitraryobjecttypesandarbitrarybsdfs

Adaptive to localillumination density

Ef ciency (of theestimate)s independendf scenegeometry

Simplicity of code

Easilyunderstandable

The photonmap- asproposedn the original papers is generallyableto renderhigh-qualityimagesof highly complex
scenewhile usingonly amoderateamountof resourcesThe photonmapis evenableto producecomple illumination
featuredike causticdn a realisticallylooking way which are otherwisevery expensve to compute.The high quality of
therenderedmagesmainly resultsfrom thefact thatthe photonmapis ableto producealmostary illumination feature:
Somefeaturesare dueto the distribution ray tracer which createseffectsresultingfrom specularor glossyre ections.
Notethatlenseffectssuchasmotionblur or depth-of- eld arealsodueto the distribution ray tracer Diffuseillumination
andcausticarerenderedy the photonmapshader The photonmapis alsocapableof renderingvolumetriceffectssuch
asfog or volumecausticgsee[JC98]),which arenot coveredin thiswork.

One of the main advantagesover otherrenderingalgorithmsis that the photonmapis ableto handlearbitraryil-
lumination modelsaswell asarbitrary objecttypes- objectseven don't have to be parameterizableThis allows even
for suchcomplex representationasrecursvely, fractally, implicitly or procedurallyde ned objects. Additionally, the
photonmapdoesnotrequirethescendo betesselatedasopposedo nite elemenimethodsmainly Radiositymethods),
which enableghe photonmapto rendercomplex sceneswith very compactscenerepresentationsThe photonmapis
alsogenerallycapableof usingarbitrarybsdfs,which wasnottestedn ourimplementation.

As comparedo nite elemenimethodsthediscretedensityautomaticallyadaptgo local changesn theillumination
density This eliminatesthe problemof nding a suitabletesselationwhich hasalwaysbeena major problemfor these
methodsThisis especiallyusefulfor representingausticswhich have high locality.

Anotheradvantageof thephotonmapis thatthetime spenin theestimatas independenfrom scenecompleity: With
the samenumberof photons,increasingscenecompleity will only increasehe time spentfor ray-scene-intersections,
while mostof thetime is spentin nearest-neighbotgueriesandtheradianceestimatewhich arenotin uencedby scene
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complity. Notethatin reality, however, increasingscenecompleity would requiremorephotongto be usedto achieve
comparablequality, andwould alsoincreaserenderingtime dueto the distribution ray tracer asdocumentedn section
3.1. Thereforethis advantagecouldnotbefully veri ed.

Thesimplicity of the photonmapallows for a quickimplementationAfter therathertechnicaimplementatiorof the
datastructuresandquery-algorithmsthe codefor the randomwalk andthe estimates easilycreated.Sincedistribution
ray tracersare alreadycommonlyused,this partis often givenin adwance. This allows for the photonmapto be easily
integratedinto ary existing distribution ray tracer Flexibility andsimplicity of the photonmap codealsoallow to use
photonmapalgorithmsanddatastructuresn secondanapplicationsfor examplefor theef cient samplingof directlight
(sectiord.2.3)or for gettinganestimatefor theimportancen ascengsectior4.7).

3.3 Disadvantagesof the Photon Map

While therearealreadyseveral publicationsaboutthe photonmapin generalnoneof thesesufciently analyzeghe aws
of the photonmapmethod. Therefore we will rst give a detaileddescriptionof theseproblemswhich consistof two
classesWhile thephotonmap’s artifacts- which areinvestigatedateronin this chapter- aremostvisibly to the viewer,
thephotonmapalsohasseveralintrinsic problems:Oneof theseis thatthe photonmaphighly depend®nthe parameters
for theestimatgseesection3.3.1). Secondlytheforwardsimulationusedn therandomwalk is problematiaundercertain
circumstancesyhich is coveredin section3.3.7. Someof the alreadycommonlyappliedextensiondike directlight or
local passarealsoonly applicablen suitablesettings seethediscussionn therespectie sectionst.2and4.3. Finally, the
ef cieny of thephotonmaphighly depend®ntheef ciency of thedistribution raytracer asalreadysufciently discussed
in section3.1.
Theseproblemsmay resultin very poorperformancen morerealisticscenes.
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3.3.1 Dependenceon Parameters

The quality of the estimatehighly dependn the parameteranainly the numberof overall photons  andthe number
of queriedneighbours . While it is clearthatincreasing affectsthe quality of the estimate the in uence of is

lessobvious. The critical parametewasfound to be the ratio of : Using smallervaluesfor  will requirefewer
neighbourdo bequeried resultingin a smallerquery-ballandincreasindow-frequeng noisein theimage.Ontheother
side,increasing producedarge query-balls taking photonsfrom a larger volumeinto accountandthereforeresultsin

increasedlurring. So,the choiceis eitherblurring or noise(seeimage3.1).

=50k =100k =500k

Figure3.1: Sampleémageswith differentparameters and . Notetheincreasedlurring of theshadavs with
decreasing ratio.

The'optimal’ ratiodepend®nthescendo berenderedWhile wasfoundto beareasonable
valuein mostof our expirementsthis valueis subjectto changewith severalotherscenesin the INVISIBLEDATE scene
(seechapters), only a smallfraction of the photonsreachegheroomto berendered.Usingthe same ratio asin
SCENE6 wouldresultin ahugequery-ballin therenderedoom.

Theratiois lesscritical whenusingalocal pass sincebothblurring andlow-frequeng noisearereducedoy thelocal
passEventhen,smaller 'swill increaseMonteCarlonoisein thelocal passrequiringmoresampleraysto beevaluated.



3.3. DISADVANTAGES OF THE PHOTON MAP 19

Larger valueswill increaseotherartifactslike enegy-bleedingvisible bandsat geometrybordersor overmodulation
(seelaterin this chapter).Theseartifactswill negatively affectthe quality of thelocal pass.

Thetradeof betweemoiseandblurring alwaysappliesto causticswhereno local passcanbeapplied(see[Jen96h,
'if theparameterarebadlychosenthe causticwill eitherbecometoo blurredor too noisy").

3.3.2 Low-FrequencyNoise

Low-frequeng noiseis the rst-encounteredandprobablymostpercevableartifactof the photonmap. It appearsvhen
usingtoo coarsearesolutionof the photonmapandtoosmalla for theestimatgseeprevioussection).

Whenusingotherray-basedenderingalgorithms(raytracing, BDPT, metropolis, ), variancecanbereducedoy
usingmore samplesper pixel, which have to be independenbf eachother This independencef sampless no longer
assuredvhenusingthe photonmap: Similar raysresultin hitting thescenen similar positions yielding queriesat similar
positions. Becauseof the static natureof the photonmap- oncethe discretedensityis created,it will never change-
queriesin similar positionswill producevery similar - if notthe same- neighboursets. Therefore theradiancesstimate
variesbut slowly, leadingto thelow frequeng of thenoise.

To getindependensampleseachqueryshouldresultin a new candidateset. This cannotberealizedbecausef the
limited amountof memory: Renderinga PAL-resolutionimage- about800 by 600 pixels - with 10 samplesper pixel,
onegets or about ve million primaryrays. Usinga x ed and assuminghe photonsto be
optimally placed,onewouldneedatleast  million photonsto assurandependensampledor the primaryraysalone.
500million photonswould needabout10 Gigabyteof memoryandhugerenderingimes. In fact, the numberof photons
neededvould evenbe muchhigher

Sincelower frequenciesare easierpercevable to the eye than higher frequenciesthis kind of noiseis especially
percevable.Increasing decreasethefrequeny of thenoise,blurringit, but notremaoving it. The noisein the estimate
canalsobereducedby increasinghe photondensity which will alsoincreaseenderingtime andmemoryrequirements
(seesection3.1). Usingalocal passcompletelygemore low-frequeng noisefrom diffuseillumination, but alsoincreases

1In fact, thevolumeof thescenecould betesselateéhto nitely mary voxelsin which eachpoint hasthe sameneighbours.
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renderingtime andis applicableonly in certainsettings.Noisecanalsobe reducedoy averagingsamplesrom multiple
independentaps,seesection4.4.

It canbe shavn that low frequeng noiseis not affectedby the uniformity of the distribution of the photons. To
demonstratéhis, we createdphotonsdirectly on a plane,andcalculatedthe radianceestimateon this plane. All
photonshave equalenegy anddirection,their locationwaschosedaccordingto seseral samplingpatternsfrom purely
randomto patternswith increasediniformity, includingjittered, n-rooks-sampling@ndthe haltonsequenceOneof these
patternss depictedn theleft imageof thefollowing gure. Therightimageshavsthe'renderedimageanddemonstrates
the noisecreatedby the estimate. The dark bandsaroundthe borderof the imageare dueto a wrong areaestimateas
discussedater. Notethatthis settingis closelyrelatedto thetabletopin SCENES.

.

positionof photons visualizedradianceestimate

3.3.3 Blurring

Blurring resultsfrom the fact thatan entirevolume- the volumeof the queryball - is usedfor the radianceestimateof
asinglepoint. Therefore the higherthe numberof photonsfor the estimatethe largerthe queryball andthe higherthe
blurring effect. In consequencdalurring canbe decreasetly usinglessphotonsfor the estimatewhichin turnincreases
noisein theimage.In [Jen96a],Jenserstateghat’ theblurin thephotonmapis actuallyanadvantagesinceit reducesoise
in the nal gatheringstep... However, increasedlurring notonly requireshigherrendering-timegbecausef increased

, seesection3d.1), it alsoblurrs correctdiscontinuitiedike sharpcausticsor shadev borders. Therefore blurring can
hardly be statedasanadwantage.

As it wasdonein the previous section,blurring canalsobe demonstratedy visualizingthe radianceestimateof an

explicitly generategbattern.Thistime, thephotonsarenotlocatedin the unit squareput on asimplepolygon:

positionof photons radiancesstimatglargek) radiancesstimatgsmallk)

Theleftimageshowvsthepositionsof the photonsfrom whichtheoriginal gure canbeeasilyrecognizedThecenter
imagedemonstrateseveral artifactswhenusinga large numberof photonsfor the estimate:Partsof the gure disappear
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becausef an extremely overestimatedarea(seesection3.3.6). Additionally, the upper'shadev' is extremelyblurred.
The imageon the right shavs how blurring anddark bandscanbe diminishedby queryingfewer photons,which also
increasesoise.

Loss of Sharp Shadavs The mostpercevable effect of blurring is the loss of sharpshadavs, sincethe radiance
estimates unableto producesharpshadev borders:Querying photonsin a shadeved areagrows the query-balluntil

it contains photons however far away andhowever reasonabléhesemay be (alsoseeenepgy-bleeding section3.3.4).
Theenepgy of these photonsacrossthe shadev borderis thereforeblurredinto the shadeved area,resultingin a soft
falloff of enegy insteadof a sharpshadav border(seesketchin gure 3.2,effectsin gure 3.3).

blocked photoAns

IRRRNIngy

Shadow-casting object real spadow border

" : query-position
q_uery-posmon 3 photons (in shadow)
(in shadow) N

A

S

shadowed area

side view : top view

estimated radiance

Figure3.2: Blurring of shadev borders:The queryball is extendeduntil it containsthe requirednumberof
photonsgvenif the query-positioris in completeshadav.

In the extreme this leadsto a completeremoval of someshadavs: If the shadav-castingobjectis relatively smallor

narraw, i.e. theleg of atableor the thin lampin INVISIBLEDATE, the shadav completelydisappearsvhenusinglarge
'sfor theestimatgsee gure 3.3).

Forthelaterdiscussiorin sectiord.2,shadavs have to beclassi edinto 2 kinds: directshadowsandindirectshadows
Directshadavs areshadevsresultingfrom directillumination. In mary scenesthesearethedominatingshadevs,andcan
oftenberenderedef ciently by separatealculationof directlight. Indirectshadevs areshadevs resultingfrom indirect
light. Sinceindirectilluminationis generallylessdirectionalthandirectillumination, indirect shadavs will appeamonly
in specialcasesfor exampleshadavs in a causticor whenhaving a scendlluminatedonly indirectly by a small, highly
enegeticarealike theslit createdby the openeddoorin the INVISIBLEDATE scene.Then,this areabehaesalmostlike
alight source(sefCRMT91]), castingindirectshadavs.

Indirectshadavs cannot be handledby separatealculationof directlight.
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Blurr ed CausticsBorders For caustichordersthe sameargumentatiorholdsasfor shadev borders.Queriesclose
to a causticwill extendthe ball into the caustic,blurring the causticborder Blurring of causticsis generallyharderto
handlethanshadavs: Sincecausticsdo not resultfrom directlight, they cannotbe improved by separatealculationof
directlight. Neithercanthey be handledby alocal pass.Quality of causticscanonly beimproved by usingmorecaustic
photons seesectiord.6.

Figure3.3: Lossof shadavs: Shadavs underthetableandon the chairsin SCENE6 arecompletelysmoothed
away. For a descriptionof the depictedscenesandsomemorecorrectlyrenderedmages,seechapters. The

lower imageshawvs INIVISIBLEDATE. Heretoo, shadevs from table, sofa and lamps(as canbe seenin a

Metropolis-rendredmasterimagein section5) aremissingcompletely Theseshadavs areindirect,andcan
notberenderedyy separatealculationof directlight.

Other Effectsof Blurring  Blurring mayalsoappeain otherforms,i.e. by blurring thecolor. This did notappeain
our scenesbut couldbe seenin several otherpapersgvenin very simplesettings Enegy bleedingis alsocloselyrelated
to blurring.
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3.3.4 Energy-Bleeding

Enegy-bleedings aneffectwhereenegy contritutesto theillumination of alocationfrom whichit is physicallyblocked
by geometrylt is aconsequencef notregardingany geometricor topologicrelationsin theestimate’A queryatposition
returnsthe closestphotonsto  without knowing whetherthesephotonsreally 'belong’ to the query positionin a
physicalsenseor not (e.g. whetherthey areblockedby awall assketchedn gure 3.4). This effect canbereducedy
betterplausibility tests which will, however, introducenew problems(seediscussiorin section4.1). Enegy-bleedings
closelyrelatedto blurring, with the only differencethatit is usuallymuchstrongerandthatenegy will evenbe'blurred'
throughblockinggeometrymakingit muchmorepercevablethan'normal’ blurring, especiallyin thelocal pass.

all

invalid photons

AR o

un‘ery—point

eye ray to be shaded

invalid photons \

on hidden side\\\

query-point

WO 7T

query-ball

enegy bleedingthroughawall enegy bleedingthroughatable
Figure3.4: Enegy bleeding:A queryonawall whichis highly illuminatedfrom the hiddenside.

Figure3.5: Effectsof enegy bleeding:Enegy from the backsideof the wall bleedsthrougharoundthe edges
of thewall (left side,smoothedy the skippingmethod). This artifactseven persistsvhenusingalocal pass,
asdemonstratedntheright. Enegy-bleedings alsoresponsibldor the excessie amountof noisein thelocal

passgvenafterover 6 hoursof renderingtime.
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In the INVISIBLEDATE scenefor example,enegy bleedingproducesan entirely highlit wall, if no stepsaretaken
to preventthis. Whentestingsurfacenormaland photondirection, this effect still appearat the edgesof the wall, when
photonsonthe oor andceiling arefound(see gure 3.5). Enegy-bleedings still problematicevenusingalocal passas
canbeseenin theright image.Enegy-bleedingalsoappearsn smallerscale for exampleevenin suchansimplesetting
as SCENEG: Whendeterminingthe radianceestimateon the chairswith alarge , the query-ballgrows until it contains
someof the photonsfrom the top of the desk. Then,enegy from the top of the table bleedsthroughto the chairs,as
sketchedn gure 3.4. A methodwasimplementedvhich removesenegy bleeding(seesectiond.1.1);its cost,however,
is extremelyhigh,andcanonly bejusti ed for suchseverecasesasINVISIBLEDATE.

3.3.5 Overmodulation

Overmodulatioris anartifactwhichappearasanoverly illuminatedarea.lt is dueto thefactthatthedivision by

resultsin a large radianceestimatewhenradiusgetssmall. This often happensn areaswherelarge clustersof photons
arestored,e.g. becausef geometrywhich is closeto light sourceslike the polygonal'exit' letterson the exit signin
gure 3.6. Insteadof limiting overmodulatiorto thelightsourcestheblurring effect extendssuchovermodulategartsof
thesceneover largerareas.

Figure 3.6: Effectsof overmodulatbn. The high photondensityat the light sourceleadsto an entirely over-
modulatedarea. In the lower imagedepictsthe areaasit looks whenovermodulatio is removed by a local
pass.
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3.3.6 Artifacts Resulting From a Wr ong Ar eaEstimate

Artifactsin the estimatesometimesppeamashighlightedor darkenedandsat geometrybordersandedgesij.e. ataround
the bordersof thetabletop or in the edgesof theroom,ascanbeseenin gure 3.8. Theseartifactsaredueto awrongly
estimatedarea: Sincethe radianceestimatds in fact a densityestimationproblem,an estimatefor the enclosedsurface
areais needed.This is approximatedasthe areaof the query-ballprojectedonto a planeandis therefore |, resulting
in the previously usedradianceestimateof ——. SCENE6 is an especiallygood examplefor the in uence of the area
estimate:Here, the randomwalk resultsin all photonshaving aboutthe sameenegy, andthe changein the radiance
estimateresultssolely from the changeof queryball's radius. Becauseof this strongin uence of the areaestimatea
wrongareaestimatamplies afaulty radianceestimate.

area estimate
correct

is larger than
esimate

E ; covered area

area covered by the sphere is a circle

estimate is correct covered area

is still too large

L

area estimate
correct again

.

the same effect when approaching
a corner (side view)

estimated area (full circle) is larger
than the area actually covered

\

radiance estimate

Figure3.7: Wrongestimationof coveredareaat geometrybordersandedges.
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Theareaestimatds correctwhere&erthespherdully coversa at surfaceareabut will highly overestimatéhearea
(andthereforeunderestimateadianceat geometryborders wherethe areaactuallycoveredis only a fractionof acircle
(seesketchin gure 3.7). Thisresultsin avisible falloff of enegy neargeometrybordersascanbe seenin gure 3.8.
The oppositecasehappensf the spherecoversa surfacelargerthan , i.e. if the spherecoversboththe oor anda
tableleg, or botha sidewall andthe oor (alsosketchedn gure 3.7).

SCENEG enlagedtableborders

enlagedroomedges

Figure3.8: Visible bandsat geometrybordersandedges.Thereasongor bothartifactsaresketchedin gure
3.7.

In fact, the sameargumentatiorappliesto ary non- at area:In [JC98], Jensenefersto this as“The ... estimates
valid aslong asthe surfaces locally at”. Sincethequery-ballis notin nitesimally small,theareain thequery-ballvery
oftenis not at, especiallyin areaswith highly complex geometrysuchasfractally or procedurallyde ned objectswhich
areproposedsoneof themainfeaturesf thephotonmap.

Note that the width of the bandsis equalto the radiusof the sphere,and canthereforebe diminishedby usinga
smaller valueif theincreasedoisecanbetolerated.



3.3. DISADVANTAGES OF THE PHOTON MAP 27

3.3.7 Problemsarising from the Forward Simulation in Generatingthe Photons

In the original papersthe photonsaregeneratedyy randomwalk asshavn in section2.2. This kind of randomwalk is a
pureforwardsimulation,generatinghe photonswithout taking the differentimportancé in differentareasnto account.
In the INIVISIBLEDATE scene(seechapterb), this leadsto a large numberof photonsin the roomwith the lightsource
(severalthousandphotonsin the lower example),while only a small fraction of the photons(in our example,lessthan
50) will actuallyreachtheroomto be rendered.This meangshatthe majority of the photonsis usedto approximatehe
radiancein the 'unimportant' neighbouringroom, at very high density while the photondensityin the really important
roomis very low. Thisimpliesthata hugenumberof photonshasto be usedto geta reasonablhhigh photondensityin
theinterestingareagseethe following gure). The sameappliesto SCENE10: Here,the photonsarecreatedwith equal
densityin all of the 100rooms,while only asmallfractionof thesephotonss actuallyusedin therenderingstage.
Theproblemcanbesolvedby usingimportancedrivenmethodsfor generatinghe photons seesection4.7

photons importance

SCENE10

INVISIBLEDATE

The gure depictsthe unsuitabledistribution of photonsthat ariseswhendoing a pure forward simulationwithout
takingimportancento account.SCENEL10 consistsof anarrayof equal,interconnectedooms,eachwith alight
source.Here,all roomsareapproximatedvith equaldensity while samplesrom only few roomsareactuallyusedin the
renderingstage.Theleft imageshows the locationsof the photon- asseenfrom thetop - while the right imagedepicts
theimportancdn this sceneln INVISIBLEDATE, photondensityis almostinverselyrelatedto theimportance:Theright
roomwith thelight sourceis approximatedt very high density while theleft roomwith the viewer recevesonly avery
smallfraction of the photons.

2We will restrictourselesto anintuitive de nition of thetermimportarce A moreprofoundde nition canbefoundin [PP94.
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Chapter 4

Photon Map Algorithms

One methodof usingthe photonmapis usingit in a standaloneversion,by directly visualizingthe radianceestimate.
As statedin the previous chaptey this generateseveral artifacts, or otherwiserequireshuge photonmap resolutions.
Therefore extensionsof the photonmapareneededn orderto improve the quality of theimage. Onestraightforward
way for improving the standalong@hotonmapis the separatealculationof directlight, which oftenmakesup for more
than50 percentof the illumination in simplesettings. Several algorithmsfor the separatecalculationof directlight are
coveredin section4.2. An alsocommonlyusedimprovement'is thelocal passwhichis discussedn section4.3. Even
for thesewell-known methods- directlight andlocal pass- a thoroughinvestigationis undertakenshaving both their
strengthsandtheirweaknessesl his chapterlsoprovidessomeadditionalextensionswhich arenotyet publicly applied
andwhich aim atremaoving the problemsdiscussedh the previouschapter

4.1 Testingqueried Photonson their Feasibility

As statedin the previous chaptey several of the artifactsresultfrom simply queryingandshadingthe nearesphotons
to , evenif thesephotonsare not reasonable.Sincethe photonmap doesnot containary geometricor topologic
information, the feasibility of a photoncannot be evaluatedwith absolutecertainty This leaves only someheuristic
plausibility teststo preventshadingof unreasonablphotons.

Thesetestscanbeincorporatednto eitherthe queryor in the shadingstep.In the rst case photonsarestoredonly
if they arepresumedeasible.The secondsolutionisto rst doaqueryfor all k-nearesteighboursandthen Itering out
onlythefeasibleonesheforeshading.The rst methodalwaysreturns reasonablghotonswhile thesecondnethodmay
- in theextreme- discardmary, if notall, of thefoundphotons.Ontheotherhand thesecondnethodwill performexactly

plausiblitytests which aremuchlessthanin the rst method whereary visited photonhasto betested.Thereforethe
secondmnethodis the methodof choiceif very expensve testssuchasocclusion-testingl.1.1have to beperformed.Less
time-consumindestsshouldbe applieddirectly in thequerystep.

Suchtests however, have to beusedvery carefully. They oftenappeaplausible but still remainonly heuristics:Most
of suchtestsarereasonabl@ thegenerakase but may utterlyfail in otherenvironments(see gures 4.2and4.1).

a.) incoming b.) incoming
\w\//um NN
/NN \ \

Figure4.1: A simpleplausibility test: Testingthe angle to bebelov 90 degreesis simple
and seemspromisingin casea. However, it would be a bad classi cationin caseb. Similar casescanbe
constructedor othertests.
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a.) incoming
ray

n(x) b.)

incoming
ray

valid photons
invalid photons

// \ invalid photons

Figure4.2: Specifyinga culling planeby query position and surface normal (dashedine) yields anotherds
anotheplausibility test. Consideringophotonsbehind' this culling planeinvalid, illuminationfrom thebackside
(asdemonstrateth section3.3.4)canbe preventedon at surfaces(assketchedn casea), but maybefatalon
curvedsurfacedlike in caseb, wherealmostall photonson the ellipsoid areconsiderednvalid.

In ourimplementationpnly photonswith a'suitable'anglebetweerphotondirectionandsurfacenormalareconsid-
eredfeasibleto reduceillumination from the backside.In INVISIBLEDATE, this testpreventsphotonsfrom the opposite
side of the wall from beeingfound, but still resultsin nding photonson oor andceiling of the neighbouringroom,
which often have 'correct’ directions(seesketchin gure 3.4). A similar testis testingphotonsto be'in front of' the
query-position.This correctlyculls all photonson the othersideof the wall, but fails on edgesor on corvex objects,as
sketchedn gure 4.2.

Anotherplausibilitytest,especiallyfor causticphotonsjs to specifyamaximumsearchadiusandacertainthreshold,
andthendiscardinghefoundphotonsf theirnumberis below the speci edthreshold(i.e. if lessthan10%of thequeried
numbercould be found). This testis capableof remaving the artifactscreatedby stray causticphotons(seediscussion
in sectionb), thereforeremaoving the noisecreatedby thesephotons. However, it remainsof very limited valuein the
theoreticakensesinceenepy is lost with this method.

As aresult,it canbe statedthat certainplausibility testsmayimprove visual appearanca suitablecasesHowever,
sincethesetestsare mainly basedon heuristicsand casesof bad classi cationscan be easily constructedthey are of
limited value. Therefore purimplementatioronly testsphotondirectionagainstsurfacenormal.

4.1.1 OcclusionTesting

Section3.3.4and gures 3.4and3.2 shavedhow theradiancesstimateproducesrtifactswheneer photonsarefoundin
the querywhich do not physicallybelongto the point to be shaded.This resultsin blurred shadev-bordersandenegy-
bleedingthroughsurfacesAs statecbhefore plausiblitytestswhich arebasedn heuristicaalwaysremainof limited value.
Thereforeamorephysicallymotivatedapproactwastestedby verifying whetheraqueriedphotoncould physicallyhave
reachedhequerypoint: In therandomwalk step,eachphotonis taggedwith the positionfrom which it originated.In the
shadingstep- afterthequery- visibility is testedbetweerthequery-point  andtheorigin (nottheposition!) of photon

where

1; if xisvisiblefromy
0; otherwise.

Thistestis very expensve, sincefor eachqueryandfor eachphotonfoundin aquery anoccluderttesthasto beperformed.
Evenincreasinghe costis the fact that , makingit very probablethat is also
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true,since and areverysimilar. Many methodshave beendevelopedto accelerat®ccludertestswhenocclusionis

very likely (see,e.g. thediscussiorin [JC95a]). The oppositecase- whereocclusionis unlikely - is considerablymore
comple (i.e. shaftculling), makingoccludertestsalmostalwaysasexpensve asshootingaray, in ourimplementation.
Thisjusti es themethodapplicableonly in severecases.

Occlusiontestingis very expensve, but may resultin signi cantly increasedjuality (see gure 4.3), by preventing
enegy-bleedingandblurring of shadavs. Fasterocclusion-testinglgorithmswould reducerenderingcost. The method
not only removes enegy-bleeding,it alsoproducesdirectand even indirect shadaevs. Note that this approachis very
similarto InstantRadiosity aspresentedn [Kel97).

originalmethod occlusiontesting

skipping

local pass

Figure4.3: Impactof occlusion-testig on INVISIBLEDATE. For the skippingmethod,renderingtime for IN-
vISIBLEDATE ona DEC Alpha/333wasincreasedrom -hoursto aboutl5 hours.The methodalsoimproves
thelocal pass.Here,renderingime wasincreasedrom 6 to 9 hours.

4.2 SeparateCalculation of Dir ectlllumination

As shavnin section2.1, canbeexpresseds

where is calleddirectillumination, is soft indirectillumination and are caustics. Indirectillumination and
causticxanbeapproximatedy the photonmapashbefore, with the only modi cation of only consideringphotonswhich
hadat leastoneinteractionwith the sceneDirectillumination

is of arelatively simpleform, andcanbe calculatedseparatelyat high quality. In simplescenesdirectlight makesup 50
to 70 percenbf theilluminationandis mainly responsibléor shadevs, whichareoftendirectshadavs. Calculatingdirect
light separatelyvill thenvisibly increasemagequality by reducinglow-frequeng noiseandenhancingirectshadavs.
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Anotheradwantageof calculatingdirectlight separaratelis thatdirectphotonsneednotbestored thusnoteablyreducing
thenumberof diffusephotons]eaving roomfor a higherdensityin approximatingndirectillumination.

In scenedominatedby direct illumination, artifactsare reducedconsiderably(see gure 4.4): Exceptfor Monte
Carlonoise,artifactsin the diffuseillumination areremoved completely Sincethe remainingindirectillumination often
is relatively weak, the artifactsin the indirectillumination arethendominatedby the correctdirectillumination. This
makesweaker' artifacts(suchasvisible bands)almostinpercevable,especiallywhenusingtexturesor renderingnoisy
ervironmentssuchasfog, poolsor underwatescenegasin [JC98]). In several casesartifactslike low-frequeng noise
or overmodulatiorcanstill be seenin areaswvhereindirectillumination dominategsee for example, gure 4.5).

In sceneglominatedby indirectillumination (e.g. INVISIBLEDATE or BATHROOM, seechapterb), separatecalcu-
lation of directlight is a wasteof effort. Note thatthis may happerrelatively easyin 'unsuitably modelled'scenes.n
the BATHROOM scenefor example,thoughit seemdo be mainly directlyilluminated,light hasto passthroughthe glass
spheressurroundingthe light bulbs beforereachingthe scene makingall illumination indirect. The sameeffect could
be obtainedby simply covering the lightsourcein SCENE6 with a glassplate. This limits separatecalculationof direct
illumination to 'suitablymodelled'scenesandmayrenderit futile in morerealisticscenes.

Figure4.4: Improvementsdueto independentalculationof directlight. Notethe sharpeishadas in theright
image,especiallyon thechairs.

Figure4.5: Thisimageshavs azoomedpartof the ceiling, wherelow-frequentnoisestill persists.
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4.2.1 Monte Carlo Integration

Sincedirectillumination consistanainly of theevaluationof anintegral with aknownintegrand it can
be calculatedby Monte Carlointegrationasproposedn [SWZ9€ and[War913. This methodis well-known andalready
acceptedasa standardnethodfor calculatingdirect light in photorealistiacendering: Let denotethe visibility
function,i.e.

1; if xisvisiblefromy
0; otherwise,

andlet

denotehegeometriderm,where and aretheanglesbetween andthesurfacenormals in respectiely

in . Then,directillumination canbewrittenas

since for ary point not on alightsource.Denotingthe integrandby , this canbe evaluatedby

Monte Carlointegrationas

wherethe arei.i.d. samplenthelightsources.

Variancecanbereducedy variousvariance-reductiotechniquesispresenteih [Kel9g and[SWZ9€. Strati cation
yields

- (4.1)

where isthenumberof sampleonsource andthe arei.i.d. sampleon . Variancecanbe furtherly reduced
by importancesampling,i.e. by choosing  proportionalto the contritution of source  Sincethis contribution is not
known beforehandthe  arechoserto beproportionaltto theemittanceof , which oftenis areasonablapproximation
in simple settings. Othervariancereductionmethods- for exampleQuasiMonte Carlo methodsfor samplingthe light

sources canbeappliedaswell.

However, as Jenserstates:“This approachis very simple, but also very time consuming”[JC95a]. Monte Carlo
samplingperformsvery well in severalcasesbut resultsin poorperformancéf thenumberof light sourcess large. Each
samplerequiresthe evaluationof a shadowray ( ), which basicallyrequiresa ray to be shot. This makescost
prohibitive whenrenderinglarge numbersof light sources.Even asseveral acceleratiormethodsfor shadav raysexist
(seethediscussiorin [JC95a]),high samplingratesandlots of light sourceswill still requirehigh renderingtimes,due
to thelarge amountof shadav raysto be evaluatedseetable4.1). If mostof the sourcesarehidden,mostof the effort is
wastedsincesamplewill contribute no informationif , andsotheaim of all optimizationsmustbeto avoid
castingshadav raysthatyield
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Shadw rayspersample|| | time (sec)
100 0.030 436
200 0.022 821
400 0.016 1507
800 0.013 2875

Table4.1: Monte Carlo sampling(SCENEL0, 8 sampleger pixel). Measuresretaken on a DEC Alpha/333.
Notethatin SCENE10, shootinglO00shadev raysgeneratesnly 1 sampleperlightsource.

4.2.2 Shadav Photons

As statedbefore thedominatingfactorin thecomputatiorof directilluminationis thecostfor theevaluationof theshadeov
rays. In [JC95a],Jenserproposedhe useof shadav photonsasa meandor thefastcalculationof directillumination by
reducingthenumberof shadev rays. The methodis not appliedin ourimplementationandis thereforeonly summarized
herebut brie y for the sakeof completenesstn a preprocessingtep,shadev photonsare createdby tracingraysfrom
light sourceghroughthe entire scene.At the rst intersectionpoint a 'standard'direct photonis stored,just asin the
originalrandomwalk. At eachof thefollowing intersectiorpointsa shadav photonis createdIn thisway, Jenserbtains
threetypesof photons:

1. directstandarcphotons
2. indirectstandarchotons

3. shadev photons

Thisinformationis thenusedto optimizethe calculationof directillumination. In orderto calculatedirectlight at position

, aqueryfor thenearesheighbourgo is done.Then,thenumber of shadev photonsandthenumber of normal
direct photonsamongtheseneighbourss counted. Baseduponthesetwo numbers threeclassi cationsof canbe
obtained:

1. all photonsareshadev photons x is completelyshadeved
2. all photonsareillumination photons x is completelyilluminated
3. and is closeto ashadev border

This classi cationis usedasan heuristicto reducethe numberof shadev rays. In casel, no shadev rayshave to be
shot,sincethe point is assumedo be completelyshadeved aryway. In the secondcase the visibility function

is assumedo be , andthecontribtution from the light sourceis addeddirectly. Shadev rayshave to be shotonly in the
third case.Evenin this case directlight canbe approximatedvithout shootingshadaev rays by . Jensen
found out thatabout90% of theshadaev rayscouldbe savedin his experiments.

However, Jenseralsooutlined potentialdravbacksof this method,mainly the large numberof shadev photonsin
certainsettings,andthe possibility of artifacts. In comple ernvironments,eachray startedon a lightsourcewill have a
large numberof intersectionswith the scene,eachgeneratinga nev shadav photon. This leadsto a large numberof
shadev photons,and- worst of all - a large ratio of shadev photonsto direct photons. Storingabout10 to 20 times
asmuchshadev photonsas normal photonsis prohibitive. Additionally, comple objectstendto createlarge clusters
of shadav photons,increasingthe probability that all k neighbouringohotonsare shadev photons,evenif the pointis
illuminated. Anothereffectis theintroductionof artifactsinto the scene:Dueto the probabilisticnatureof the method,
small shadev-castingobjectsmay be missedby direct photons thereforenot generatingshadev photonsandresulting
in amissingshadav. Evenlarge photondensitiesmight not resohe this problem. The heuristicalsomakesthe method
biased. The last problemis that the methodis highly impracticalfor large numbersof light sources: This needsan
excessie amountof shadav photonsandeachlight sourcerequiresndependentreatmentBecausef thesereasonswe
consideredhe methodimpracticablefor realisticscenesilt is thereforenot appliedin ourimplementation.
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4.2.3 Importance Samplingusing Photon Map Inf ormation

In the previous sectionsjt wasstatedthatthe time for calculatingdirectlight canbe reducedoy saving shadev raysto
hiddensources As the usageof shadev photonsintroducessereral problems we developeda differentmethod- in the
sequekalledPhotonDirect to save shadaev raysby applyinginformationfrom the photonmap.

As statedin section4.2.1, variancecan be reducedby importancesampling,i.e. by choosingthe number  of
samplesper sourceaccordingto the importanceof source  The importanceof source to point is equalto the
amountof directilluminationrecevedfrom source , whichis notknown beforehandbut maybeestimatedy applying
the photonmap. Thereforedirectphotonsaretaggedwith its emitting lightsourceé.

To calculatedirectlight, a queryis doneamongthedirectphotons. isthenchoserproportionato  where is
theenepy of the photonsrom source  amongthe foundphotons:

whichis similar to theradianceestimatefor directlight. Thisyields

where is the numberof samplesshotto the light sourcesrom which photonswerefound. Direct light is
thenestimatedasin equatior4.1. Dueto therandomnatureof the method,somesourcesmight be missed;therefore at
leastonesamplehasto be shotto the sourcedrom which no photonswerefoundto makethe algorithmunbiased.This
preventsartifactsfrom badclassi cations,asmay arisewhenusingshadav photons.Let ( ) bethesetof all
sourcesvhich did (did not) contribute photongo the nearesheighbourset. Then,directilluminationis calculatedy

This methodis usefulwhenhaving a large numberof lightsourcesand whenalmostary point is illuminated by
only few sourcesasis the casein severalrealisticsettings(see,for example,SCENE10). Then,the shadev rayscanbe
concentratedo the really importantlightsources.Underthe assumptiorof having few sourceslluminating ary point,
almostcertainlyall of thesesourceswill be foundin a query resultingin all samplesof the last term becomingzero.
Thereforefew sampledave to be shotto thesenon-contrituting sourcessaving almostall shadev raysto thesesources.
However, if notall contributing sourcesarefoundin thequery- whichis likely if apointis illuminatedby mary different
sources the samplesf the lasttermtendto createnoise,becausehey are weightedby , which is large? (see
exampleimagebelow).

1The extramemorycould be avoidedin somerathertechnicalways.
Theeffect canbe softenedby mixing both MC-samplingand PhotonDirectj.e. usingthe highersamplerateson the contrituting
sourcegustasin PhotonDirectput shootingexactly onesampleto eachnon-contrilntung source- thenweightedby 1.
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The probability of this kind of noiseis correlatedo the probabilityof not nding photonsfrom all light-contributing
sources.This probability increasesvith the numberof sourceslluminating  anddecreaseby increasingthe photon
mapdensityandthe numberof queriedphotons.This yieldstwo results:

1. Noisecanberemovedby usingmorephotons

2. Themethodperformsbestwhenhaving alarge numberof light sourcesbut wheremostareasareonly illuminated
by few sources.

Insteadof the time spentfor the shadav rays, the limiting factor of the PhotonDirectmethodis the time spentin the
gueries about50to 90 percenbf thetimeis spenthere.Theresolutioncanbekeptrelatively low evenfor suchcomple
scenes the abore exampleshave beenrenderedwith only 100.000photonsin SCENE10, resultingin only about1000
photonsperroom. The main disadwantageof the PhotonDirectmethodis its dependencen parametersasis the case
with all photonmapmethods.

The methodyields several opportunitiesfor improvements: Caching,for example,can be easily implementedby
simply usingthe neighbourhooaf the previousqueryif the new querypointis ‘close enough'to the previousone.Since
thequality of theestimatedoesnotaffectcorrectness;achingcanbeappliedhere,andis highly effective: In severaltests,
cachingthephotonshasreducedenderingime for directilluminationin SCENE10 by aboutafactorof 20! Furtherwork,
however - especiallyontheimpactof cachingonthequality - hasnotyetbeenundertakenAnotherpossiblamprovement
is to useimportancedrivenphotonmapsaspresentedn sectiond.7,to reducethe numberof photons.

Eventhoughcorrectnes®f the method- in the sensehatits expectedvalueis correct- canbe shavn quite easily
proving its superiorityover pure Monte Carlo samplingis considerablyharder This is thereforeonly 'demonstratedn
theexample'in thefollowing images:Bothimagestook about430secondon a DEC alpha/333

Monte Carlo Sampling PhotonDirect
100samples 20+1samples50/10.00Qphotons

Theimprovementscanalsobe measuredby the RMS-errorasshawvn in thefollowing table. Measuresretakenwith
SCENE10, 8 samplesper pixel, on a DEC Alpha/333. 100+1 samplesmeanstaking 100 samplesfrom the important
sourcesand1 samplefrom unimportantsourcesRows 2 and3 shav how the samequality canbereachedvith different
parametersat hugedifferencesn cost. Note thatthe parametersre not optimally chosenandthat cachinghasnot yet
beenusedin theseexperiments.

settings samples time (sec) || timeto achieze samequality
(k,N) with Monte Carlosampling
50/10.000 10+1 0.018 322 1155
100+1 0.016 1212 1507
100/100.000{ 10+1 0.016 926 1507
100+1 0.013 1863 2875
300/100.000; 10+1 0.013 1352 2875
20+1 0.011 1450 (notmeasured)
50+1 0.009 1755 (notmeasured)
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4.3 Local Passintegration

As shawvn before radiancecanbeexpressedis

wheresoftindirectillumination is

Noting that , andknowing that asstatedbefore, canbeapproximatedy

which canbeevaluatedoy Monte Carlointegration:

wherethe arei.i.d. sampleson the hemisphere. Variancereductiontechniquessuchasin [Kel9§ can be

applied. The implementationis straightforwardand requiresonly minor changedo the photonmap shader Because
of the smoothingpropertyof the integral, applyingthe local passeliminatesmary artifacts. Blurring andnoisein the

integrandareaveragedaway, andvisible bandsandovermodulatiorarereducedsee gure 4.6).

Figure4.6: Overmodulatio removed by thelocal pass.Notethenoisearoundthelightsourcewheremorerays
arelikely to becomeovermodulated.

However, the local passalsohasseveral dravbacks: Onedravback of the local passis thatit is limited to diffuse
illumination, so causticshave to be renderedlirectly with the estimate.As a result,artifactsstill appeaiin causticsj.e.
causticborderswill alwaysbe smoothedout to a certainextent. This createsproblemsin sceneswith mary singular
objects,for example partially re ective tiles asin INVISIBLEDATE: Large singularareaswill create'caustics' almost
everywherein the room, renderingthe local passineffective. The sameappliesto BATHROOM, whereall photonsare
classi ed ascausticphotonsafterpassinghe glassspheresurroundinghelightsources.

The worst dravback of the local passis the dramaticincreasen renderingtime. Having asthe oversampling
ratefor the local pass,insteadof oneevaluationof (onequeryandoneshadingof the photons),  such
evaluationshave to be computedtogethemith additionalraysto be shotand additionalqueriegto be performed.
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This effectis increasedy the obsenationthatthe local passcreatedMonte Carlo noisein the imageif the photonmap
estimatehashigh variance for examplebecausef overmodulatedareas. This noisecanonly be diminishedby using
large oversamplingrates makingthe costprohibitive. JenserusesWardsirradiancecaching[WH92] to accelerate
his local passonlambertiansurfacesirradiancecachingis notusedin ourimplementation.

Artifactsin theestimatanaysometimepersistevenwhenusingalocal passsinceintegratinganerroneousntegrand
will generallynotyield the correctvaluefor theintegral. In INVISIBLEDATE, enegy-bleedingaroundthe bordersof the
wall (seeleftimagein gure 4.7)is still partially visible, sincein theseregions,aboutevery secondsamplehits anoverly
illuminatedarea.Also notethe excessie amountof noisecreatedy samplerayshitting the overmodulatedloorandwall
cornersgvenafterhugerenderingtimes.

standalong@hotonmap,37 minutes local pass20hours

As aresult,it canbe statedthat a local passproducesabsolutelysmooth,high quality imagesin scenesvherethe
radianceestimatevariesbut slowly, but createsoisein morerealistic settings. Renderingcostfor remaoving the noise
becomegprohibitivein thesesettings.

withoutlocal pass with local pass

Figure4.7: Artifactsof the local passwhich aredueto enegy bleeding: Enegy bleedingsill persistsaround
thecornersof thewall, andcreatedarge amountsof noise.
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4.4 Multiple Photon Maps

Sinceimagequality depend®n the numberof photonsused,it wastestechow imagequality is affectedwhenorganizing
thesephotonsin morethanonemap. Therefore we storedthe photonsin  differentmaps,eachcreatedby its own,
independentandomwalk. Theradiancesstimatehenis takenasthemeanof the  differentestimates

Experiment$ave shavn thattheachiezedquality only depend®nthe overall numberof photonsused(seethefollowing
table).For example the errorof animagerenderedvith 1M photonsequalshe errorof animagerenderedvith 10 maps
of 100kphotonseach.Sincememorycostis the sameandef ciency decreaseshenusingmoremaps this methodalone
is of ratherlimited value. It only provesthatusingmoremapsyieldsthe samequality asusingmorephotonswhichis a
prerequisitdor latermethods.

Nr of photons| RMS-Error | time (sec) || Nr of photons| RMS-Error | time (sec)

0.033 40 0.032 39

0.018 157 0.019 141
0.012 655 0.013 516
0.010 2751 0.011 2207

An improvementcanbereachedyy not usingseveral smallermapsat the sametime, but by usingseverallargemaps
in turn, usingapproximatelhthe sameresourcesWhenrenderinganimage,seseral samplesaretakenfor the evaluation
of a singlepixel for the purposeof antialiasing(oversampling).As statedin section3.3.2,thesesamplesarenot truely
independentsinceall of thesesamplesaretakenfrom the same rigid photonmap, creatinglow-frequeng noise. If all
of thesesamplesaretakenfrom differentmaps,independence assuredind low-frequeng noiseis reduced.This can
beachieredby rst generatingamapof photonsfor the rst sampleof eachpixel. Then,this mapis discardedanda
new mapis generatedor the secondsamplesandsoon. Sinceeachsampleis takenfrom amapof  photons,quality
andquery-timefor eachsampleis the sameaswith the old method.Memory costalsoremainsthe same becausat ary
giventime exactly onemapis storedin memory Theonly additionalcostresultsfrom the additionalrandomwalks,
whichis bothconstantaindrelatively smallcomparedo renderingime, atleastin complex settings.With thismethod the
imageis renderedising photonseffectively, which reducedow-frequeng noise.Otherartifactsarenot affected.

for (i=1..s) {
create new map P of photons
for each pixel Xy
color(x,y) += -Sample(x,y,P)
}

Themethodcanalsobeimplementedy averaging singleimagesgachrenderedvith  photonsandoversampling
1, yielding a sourcefor parallelizationor increasednteractvity throughintermediateesults. Theimpactof this method
isillustratedin gure 4.8. An increasen quality canalsobe shavn by measuringhe RMS error:

photons SingleMap: Multiple Maps:
1 map,oversampling=4| 4 mapsin turn,eachos=1
100k 0.070 0.047
200k 0.043 0.026
1M 0.017 0.011
5M 0.010 0.007

The low frequeng of the noisein the estimatenot oly affectsthe independencef samplesn the samepixel, but
alsotheindependencef samplesn neighbouringixels. Thereforethis schemeof usingmoremapscanbe carriedeven
furtherby usingdifferentmapsfor neighbouringixels: Now, the rst mapis nottakenfor the rst sampleof every pixel,

but only for 1 samplein an

patternof pixels:
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SingleMap Multiple Maps

Figure4.8: Impactof usingmultiple maps:Theright row shavs the useof 1, 4 and16 mapsandhasthe same
memoryusageastheleft imagewith oversamplingvaluesof 1, 4 and16 respectiely. Up to someconstantost
for theadditionalrandomwalks,theimagesontheright alsohave the samerenderingimesasthecorresponding
imageson the left.

for ( )
for ( )
for ( ) |

create new map P of photons
for each pixel ( , )
color(x,y) += —Sample(x,y,P)

}

To preventthe patternto appeain theimage,the methodwasrandomizedy usingthe samemapfor every  th
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pixel in arandomizedvay. The methodwascalledskipping,becausavhensamplingone map,about out of
pixelsareskipped:
for ( ) {
sigma = GetRandomPermutation( );
for (startindex=0.. ) {
create  new map P of photons
for (index=startindex; index < SizeX*SizeY; index+= ) {

X = sigmalindex] % SizeX;
y = sigmalindex] | SizeX;
color(x,y) += -Sample(x,y,P)
}
}

Sinceonly every  th pixel is now computedwith the samemap,low frequeng noiseis removed,creatingMonte Carlo

noise- which hashigherfrequeng - in its place.Eventhoughthefollowing tableshaws thatthemethoddoesnotimprove

RMS error, gure 4.9demonstratetheimprovedvisualappearancesinceMonte Carlonoiseis muchlesspercevableto

thehumaneye thanlow frequeng noise.Monte Carlonoisecanalsobeeasieremoved by usingmoresamples.
Whenusingalocal pass skippingonly improvescausticswhich aregenerallylesscritical.

photons| corventional: skipping=4:
1 map,0s=1 | 16 maps,eaclos=1
100k 0.081 0.084
200k 0.049 0.050
1M 0.021 0.022
5M 0.015 0.014

Skipping providesa powerful methodfor improving 'visual' imagequality by removing low frequeng noisefrom
theimageat almostno cost. This is especiallyaluablewhenothermethodgor decreasingnoise- suchaslocal passor
separatealculationof directlight - arenot applicable asfor examplein BATHROOM or INVISIBLEDATE. Becauseanoise
isremoved,smaller 'scanbeusedreducingotherartifactsaswell. Notethatskippingbecomesxpensve if initialization
time is not nggligible, for examplewhenusingoutimportance-dienmethodfor generatinghe photonsor whenusing
excessve splitting of causticphotons.

original methodof 1 mapof 100k photons S=4:using16 mapsof 100k photonsin turn

Figure 4.9: Visual effects of skipping: Note the improved visual appearancéy changingthe low frequeng
noiseof the photonmapto lesspercevable Monte Carlo noise. Averagingenoughof theseimagesmalesthe
noiseimpercevable.
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4.5 The Hierar chical Photon Map

In [Kel99, afundamentalariancereductiontechniquefor integro-approximatioris introduced. The methodis based
on the methodpresentedn [Hei98], which hasbeenadaptedo the settingof photorealisticendering:Consideringhe
pixel-values of a scanlineas discretesamplesof a continuousfunction , the methodusesa sequencef
interpolationoperatordo generatea successie hierarchicalapproximationof this function. For the
exampleof the hierarchicahatbasis this proces®f successiely adding ner detailsis depictedn thefollowing gure:

hierarchical hat basis exemplary hierarchical function representation

base level ]\/\

base interpolation

e ——

detail levels details

+

The approximationrcanbe found by calculatingthe coefcients of the basefunctions,which areproperlyscaledand
translatechat functions. If the approximatedunctionis smooth,higherorderdetail levels have decreasingontribution
anddecreasingarianceascanalsobe seenin gure. This canbe exploited by usingfewer sampledor calculatingthe
coefcients of the basefunctionsin the ner levels,thereforereducingthe averagenumberof sampleser pixel, which
is in thesequeldenoted . As discussedn the original paperthe interpolationresultsin striping effectsin theimage
if thetargetfunctionis not smooth.This canberemovedby discardingtheinterpolationinformationandresamplinghe
pixelsin which discontinuitiesaredetected This processf resamplinga pixel is calledlocalization

Thelow-frequeng noiseof thephotonmapis asmoothfunction,whichimpliesthatthecoefcients of the ner levels
arealmostzero,resultingin goodperformanceof the method. However, if all samplesaretakenfrom the samephoton
map,the methodalsoreproduceshe artifactsof the photonmap, sincemostof the artifactsof the photonmap- except
for Monte Carlonoisein thedistribution ray tracerandin thelocal pass- cannotbe removedby usingmoresamplegper
pixel, asalreadydiscussedn sectiond.4. As statedbefore low-frequeng noisecanberemovedby usingmultiple maps
in the evaluationof a pixel. The hierarchicalphotonmap thereforeusesthe samehierarchicalfunction approximation
asabove, but takeseachsamplein a pixel from a differentmap: if is the numberof levels,and is the numberof
samplegerlevel , the maximumnumberof samplegerpixel is , andtherefore differentmaps
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are needed. Hierarchicalsamplingwith mapsof  photonsand an averagenumberof samplesper pixel
closelycorresponds$o averaging imagesof 1 mapof  photons,asdonein section4.4. Sincethe samenumber
of samplesare takenper scanline,and eachsampleis takenfrom a mapof  photons,computationakostis exactly
the same.However, a further reductionin low-frequeng noisecanbe expected: The ideais thatthe two cornerpixels
usedin the baseinterpolationare calculatedwith samplesandthereforecontaininformationfrom
maps.Becausef theinterpolation partof thisinformationis still usedwhencalculatingtheotherpixels,evenif theseare
calculatedwith far lesssamplesThis reductionof noisecanbeseenin thefollowing gure: Theleftimagewasrendered
by averaging2 imagesgachcreatedwith a photonmapof photonswhile theright imagedepictstheimagerendered
with the hierarchicalphotonmap,which usedonly sampleger pixel on the average.Localizationwasnot
employedn this experiment.Renderingcostwasthe samewith bothmethods.

using2 independeniaps hierarchicalphotonmapwith

Numericalmeasurementrepresentedh thefollowing table(measuresveretakenon a Dual Celeron/450with only
10k photonpermap,dueto lack of memory Theimageswererenderedn aresolutionof 513by 513 pixels):

Hierarchical Multiple Maps
RMS error RMS error
2.80 38 0.012 3 0.017
3.75 43 0.011 4 0.016
8.39 98 0.008 9 0.011

The hierarchicalsamplingschemehasalso beenimplementedn a 2-dimensionalway, samplingthe entireimage
planeinsteadof a single scanline. Due to lack of memory the original methodwas usedin our examples. The new
methodwith samplesper pixel hasthe samecomputationagostasusing 1 equally sized photonmap with
samplegerpixel.

However, further work is requiredto makethe methodapplicable: Firstly, the methodrequiresto generatemary
maps: To yield an averagenumberof sampleser pixel, mapsare neededgachrequiringits own
randomwalk with atleast ray-intersectionsHowever, the main problemof the hierarchicaphotonmapis its memory
consumption. While both the standalonghotonmap and the skipping methodneedmemoryfor only one map of
photonsin memoryatary giventime, the hierarchicalphotonmapneedsall mapsin memoryatary
time. This is dueto thefact thatlocalizationrequiressamplesrom levels which have alreadybeenprocessedAnother
disadwantages thatthe methodis not aseasilyparallelizable it canstill be parallelizedin a scanline-by-scanlinerde,
but can not be implementedby simply computingand averaging single images. Parallelizing the 2-dimensional
versionis even harder The last problemis thatlocalizationmay becomeproblematicif the single mapsaretoo small:
In the nest levels, very few samplesaretaken,makingit possiblethatthe contrastbetweernthesefew samplesandthe
interpolatedvalue from the previous levels is too high, wrongly classifyingthis point as a discontinuityand requiring
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resampling.If this happenssery often, the methodis almostreducedo the original pixel-by-pixel-method which can
be demonstrateth the following gure, wherethe densityof the photonmapwasonly photons togetherwith low
sampleratesandlow thresholddor resamplingresultingin localizationin all the pixelswherethe noiseof thelastlevel
is strong:Redpixelsindicatelocalization,while greenpixelsindicatethatthe variance-reducethethodcouldused.Note

thesimilarity of thered pixelswith thelow-frequeng noiseasdepictedearliet

badlocalizationdueto high noisein the samples localizationasexpected

As aresult,it canbe statedthatthe hierarchicalphotonmapprovidesatool to reducelow-frequeng noisefrom the
photonmap. However, it currentlyis only applicablewhenthetime for creatingthe mapsis negligible, andwhenlarge
amountsof memoryare available. The latter problemis dueto our currentimplementationand can be relaxed by a
suitableschedulingschemdor the orderof the hierarchicakcomputations.
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4.6 Splitting of Caustic Photons

It wasstatedbeforethatimagequality highly depend®ntheresolutionof the photonmap. Therefore usingmorephotons
is alwaysdesirableput limited by the increasedostof largerresolutions.Thoughdiffuseillumination canbeimproved
in severalways- mostly by directlight andlocal pass- neitherof thesemethodscanbe appliedto caustics.Thus,it is
desirablelo have a higherdensityfor the causticmapthanfor thediffusemap,asJensersufciently outlinedin hispapers
(‘thesolutionis [...] to alwaysuseenoughphotons’). In our implementationthis procesof increasingthe numberof
causticphotonss calledsplitting.

In [JC95b], Jensercreatescausticphotonsby using projection maps: For eachlight source,a projectionmapis
createdwhich is a -map of the hemisphereon a point on the light source. Eachelementof the projectionmap
storesalist of all objectsvisible in thesolid angleof this element.This informationis thenusedto directly emit photons
towardsspecularobjects. Even when not consideringthe inherentproblemsof projectionmaps,this methodis only
capableof creatingdirect caustics.SinceJensers de nition of causticsonly includessuchdirectcausticsthisis correct
for his purposeshut not sufcient for our de nition. For example,Jensers methodwill not generateary causticsin
the INVISIBLEDATE scenewhereno specularobjectsare directly visible from the lightsourcegexceptfor thetiles in
theroomwith the lightsource).Therefore two othermethoddor splitting causticphotonshave beendeveloped:Oneby
creatingmorephotonsby ‘brute force', andoneby usingMetropolissampling.

4.6.1 Splitting by Brute Force

To generate timesasmuchcausticphotonsthe bruteforcemethodworksby simply starting timesasmuchphotons,
andthendiscardingabout outof every non-caustighotons.To geta correctdistribution of diffusephotonsthe
procesof discardingthe excessnon-caustighotonshasto berandomized Eachnon-diffusephotonsis acceptedvith a
x edprobabilityof — Themethodrequiresonly minor modi cationsto the original randomwalk:

for (startphoton = 1.N)
if  (singular)
CausticMap.AddPhoton( )
else
DiffuseMap.AddPhoton( )
is changedo
for (startphoton = 1.(S N))
if  (singular)
CausticMap.AddPhoton( )
else
it (< )/ [0,2] a random value
DiffuseMap.AddPhoton( )
else

; I/l discard photon

Purerenderingtime (renderingtime minus initialization time) is slightly increasedpbecause timesasmuch caustic
photonsrequiremore expensve queriesand shadingdor the caustics.If the numberof causticphotonsis considerably
smallerthanthe numberof diffusephotonsthis effectis almostnegligible, especiallywhenusingalocal passfor diffuse
illumination.

Themainincreasen costresultsfrom thefactthat timesasmuchphotonshave to betracedwhichyields times
asmuchray-scene-intersections the randomwalk. This may becomea dominatingfactor whenusing high splitting
ratestogethemwith a hugenumberof photons.As anexample,considerthe caseof a splitting rate of , together
with million photonswhich resultsin 200 million raysbeeingshotin the randomwalk, out of which about99%
arediscarded.
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Our experimentshave shavn that splitting ratesof 4-20 are generallysufcient. Additionally, if morephotonsare
used]esssplitting is necessarySinceinitialization costis generallysmallcomparedo renderingime, splittingimproves
imagequality at acceptableost. Splitting photonswith generated million raysin therandomwalk,
whereasa PAL-sized imagewith oversampling4 yields about2 million primary rays alone,not countedquery-times,
secondaryaysandsampleraysfor local passanddirectlight.

no splitting

splitting=5

splitting = 20

Figure4.10: Effectsof splitting: Note how the causticimproveswithout affectingthe resolutionof the diffuse
photons.
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4.6.2 Splitting Caustic Photonsusing Metr opolis Sampling

The Metropolissamplingalgorithmaimsat generatingoptimal samplesit was rst presentedor computationaphysics
in 1953by Metropolis,RosenbluthRosenbluth Teller and Teller andwasadaptedo photorealistiacenderingby Veach
andGuibasin [V G97].

Thealgorithmpresentedh [V G97] is acompleterenderingalgorithm.However, anextremelysimpli ed versioncan
beusedfor only increasinghe numberof causticphotons. Evenfor theunderstandingf this simpli ed version,reading
theoriginal paperis highly suggested.

In thesequel several de nitions areneeded:

Thepathof a photonis the setof its interactions.

A singularchain is a partof a pathwhich startsat a diffuseinteraction,constistsof seseral - at leastl - singular
interactions,and terminatesin either a diffuseinteractionor in absorption. A path can containmore thanone
singularchains.

Thecharacteristicof asingularchainis de ned by its typesof interaction.(asingularinteractioncanbeof different
types.,i.e. singularre ections or singulartransmission)ln this section,only perfectre ections/transmissionare
calledsingular glossyinteractionsareapproximatedsperfectsingularinteractions.

Severalobsenationscanbe made:

1. Eachcausticphotoncorrespondso exactly onesingularchain.
2. Singularchainsarestartedf andonly if a diffusephotonhasa singularinteraction.

3. Whenonly consideringperfectre ections/transmissionas singularinteractions,a singularchainis completely
de ned by its startingpositionandstartingdirection.

The algorithmrequiresseveral modi cations of the initialization step. As before, photonsare startedon the light
sourcesandtracedthroughthe scene.Wheneer a diffuse photonhasa singularinteraction,the beginning of a singular
chainis registered. This singularchain endsat the next non-singularinteraction,whereit is storedtogetherwith its
characteristicNow, the simpli ed metropolissamplingalgorithmis usedfor the splitting of this singularchain,by trying
to generatésimilar' singularchains,eachof which generates new causticphoton. The startingdirection of the
lastsingularchainis jitteredto a new direction usingan exponentialdistribution*. Othermethodsof jittering the
startingdirectionareequallyvalid, aslong as

Having generatedhenew startingdirection,it is testedvhethera new singularchaincanbeconstructedvith the nev
startingdirection, but with the samecharacteristi@asbefore. If so,the new chainis acceptedasthe new singularchain
with aninitial weight1, otherwiseit is discardedkeepingthe old chainandincreasingts weightby 1. Acceptingthe
chainimplies acceptinga new startingdirection for jittering. Repeatinghe abovre method timesyields a setof

singularchains,eachwith a weightandeachwith the samecharacteristicWhenacceptinga new singularchain,
the causticphotonsof the old chaincanbe generatedsinceneitherthe chainnor its weightwill be changedn thefuture.
Theimplementatiorof Metropolissplitting requiressubstantiathangego therandomwalk.

Metropolissplitting of causticphotonsis completelydifferentfrom other splitting methodsandthereforedeseres
someadditionalattention.A formal proof of thecorrectnessf themethodwould exceedtheframeof thiswork. However,
someobsenationscanbe madeon how the methodperformsin practice. As comparedo the 'brute force' methodof
splitting, Metropolis-splittingrequiresmuchlessraysto be shotduringtheinitialization phasesinceadditionalrayshave
to betracedonly for singularchains.However, the methodalsohassereraldravbacks:Dueto the methodof Metropolis

%n fact, theoriginal metropolisalgorithmcouldbeusedto generatall photonsrenderingmportance-drien methodgor generating
thephotonsunneccessary

4The choserdistritution affectstheef ciency of themethod.

S5Thisis notalimitation of Metropolissampling but simpli es calculations



48 CHAPTER4. PHOTON MAP ALGORITHMS

sampling,non- tting samplesarediscarded.Therefore someof the work may be lost, especiallywhenparametersre
badly chosen.This mayleadto very pooracceptanceates,which yield bothlots of discardedaysandhigh noisein the
enegy of causticphotonswhichis dueto Monte Carlonoisein the weights.

Anotherproblemof the methodis that the startingpoint of the singularchainis notjittered. Undercertaincircum-
stances caustisare createdby relatively small singularobjects,andfew photonsaretraced- only few initial singular
chainsarefoundfor splitting. Sincethe startingpointsarenot jittered, thesestartingpointsmay actalmostassecondary
light sourcedor causticssinceall photonsgeneratedrom this mutatedchainwill have originatedfrom this samespot.
As anexample,see gure 4.11.

Figure4.11: Artifactsof Metropolissplitting: The highly illuminatedspotsaredueto singularchainsstarting
far from thelight source actingalmostaslight sourcedecaus®f splitting.

As aresult,it canbe statedthat Metropolissplitting is superiorto the bruteforce methodonly whenhigh splitting
valuesare neededtogetherwith alarge numberof photons,sinceits overheads muchsmaller In the generalcaseof
smallsplitting values(about ), bruteforce splitting yields betterquality at only slightly highercost.
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4.7 Importance driven Photon Map Generation

In [PP9§, a methodwaspresentedvhich generateshe photonmapaccordingto the local importancé of the scene As
we have notimplementedhis method,only a shortsummaryis givenhere. The methodworksin 3 passes:

1. Generateheimportancemap.

2. Estimatetheimportanceof eachlight sourceby usingarandomwalk andtheimportanceestimate.This allows for
importancesamplingthelight sourcesvhengeneratinghew startingphotons.

3. In therandomwalk, usetheimportancemapto actively directphotonsnto areasof higherimportance

An estimatefor the importancecanbe takensimilar to the radianceestimate.Therefore a smallnumberof importance-
particles(calledimportons)is shotfrom the eye throughtheviewing-planeinto thescene Theseémportonsarethentraced
throughthe scenqustlike photondn therandomwalk. Theimportancehencanbeestimatedy queryingtheimportons.

After this preprocessingtep,the importanceof eachlight sourceis estimatecby emitting a smallnumberof sensor
photonsandtracingthesethroughthe sceneaddingup theimportanceatthelocationswherethesesensophotonsnteract
with the scene.This estimateof theimportanceof a light sourcethenis usedfor importancesamplingby choosingthe
numberof photonsemittedfrom eachlightsourceaccordingo thesourcesimportancé. Thesegphotonsaretracedthrough
the scenein a modi ed randomwalk, wherethe importance-magis usedto actively direct photonsinto areasof high
importancen thefollowing way: Wheneer a photonhits a surfacejts out-scatteringlirectionis notchoseraccordingo
thelocalbsdf insteadt is scatteredgccordingo where denoteghe'visualpotential' (see
[Kel9g,[PP9]g), which canbe estimateddy the importancemap. This methodfor choosingthe out-scatteringlirection
of aphotonis similarto theonepresentedn [Jen95].

Sincethe limited framawork of this work did not allow for the completeimplementationof the above algorithm,
anotherapproactwastakento experimentwith the useof importancein generatinghe photonmap: In our approacha
methodwasimplementedvhichis similarto thebruteforcesplitting algorithmpresentedh sectiord.6.1,by replacinghe
x edacceptancerobabilitywith anacceptancerobability derivedfrom theimportanceestimate Firstly, animportance
mapis generatedy emitting a small numberof importonsinto the scenejust asin the above method. Thelocation of
thesémportonsin the SCENE10 settingareshownn in themiddleimagein gure 4.12. After creatingtheimportancenap,
arandomwalk is undertakerin thesameway asin section2.2. Whenever a photon interactswith adiffusesurface
atposition , avalue is generatedrom theimportanceestimate In ourimplementation, is computed

by

where ist theimportancesstimateand and areparameterspecifyinga minimumacceptancerobabilityand

avalueto controlthein uence of theestimate Thephotonis thenstoredwith probability as —— . Otherwise,

it is discarded.This methodresultsin a small densityof highly enegetic photonsin unimportantareasandin a high

densityof low-enegeticphotonsin areaswith highimportanceasis shavn in therightimagein gure 4.12.
Themethodis implementedy simply replacingeachoccurrencef

map.AddPhoton(x,omega,phi)

with
imp = ImportanceEstimate(x);
p = AcceptanceProbability(imp);
if ( <p)

map.AddPhoton(x,omega,phi/p);

®For anexactde nition of thetermimportanceseethe original paper
"Notethatthis informationon theimportanceof alight sourcemightalsobeusedin differentapplications
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Figure4.12: Usingimportancean generatinghephotonmap: Theleft imageshavs the positionof thephotons
in SCENE10 (10 by 10 rooms, viewed from the top) as generatedwith the original randomwalk without
usingimportance.The centerimagedepictsthe locationsof theimportons,while the importance-dsien map
generatedby thisimportancemapis shavn ontheright.

As opposedo the algorithmpresentedn [PP99, our algorithmdoesnot actively directphotonsto areasof higher
importanceit merelycreateahugenumberof photonsand' discards'photonsn areasf lowerimportancewith ahigher
probability. Thealgorithmis thereforevery inef cient in generatinghe photons however it sufces to demonstratéhe
value of usingimportance-dienphotonmaps. Our methodis easilyimplementedapplicableto arny given sceneand
produceshigh-qualityimportancedriven photonmaps: In INVISIBLEDATE, for example,thoughbeeinginef cient in
generatinghe photons pur methodis lessproblematichanthe orignalmethod.

Thefollowing gure shows theimpactof the methodon SCENE10. Both imageshave beenrenderedusing600.000
photons.Dueto the high inef ciency of our methodin generatinghe photonsthetime for the randomwalk wasabout
20 timesashigh aswith the old method.In SCENE10, this costcanbereducedoy incorporatingthe secondstepof the
original paperto emit morephotonsrom importantsourcesThis hasnot yet beenappliedin ourimplementation.

without usingimportance importancedriven

In settingdike SCENE10 or INVISIBLEDATE, importancedrivengeneratiorof photonmapsis a neccessity
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4.8 Choosing Adaptively

Whenexaminingthephotonmap,it canbe obseredthatsomeof theartifactsarestrongemwhen is small(e.g.lowering

increasesow-frequeng noise),while otherartifactsappeamainly when is high (enegy-bleeding bandsat edges
andbordersjossof shadavs). Theseartifactsalsoappearin differentregionsof the scene.Noise canbe obsened only
onsmoothlyilluminatedsurfacespnwhich blurringis lessproblematic.

Sinceall valuesfor areequallyvalid for the estimate,it seemgpromisingto choose proportionalto the local
smoothnessHowever, sincelocal smoothness notknown atrenderingtime, heuristicsareneededor choosing . One
possibleheuristicis to queryalargenumberof photonsandto comparehequery-positiorto thecenterof gravity of
thefoundphotons.In smoothlyilluminatedareasthe centerof gravity canbe expectedo be closeto thequery-postition.
Here,blurringis notaproblem,andall of thefoundphotonscanbeusedto preventnoise.Ontheotherhand,atgeometry
or shadev bordersmostof the photonswill be on onesideof the query-pointthedistancebetween andthecenterof
gravity thereforebeeingbig. In this casepnly afractionof the photonss usedin the estimatepreventingexcessve
blurring of the shadev border The therebycreatedhoiseis lesspercevablein theseareas.Thereforethenumber  of
photonsactuallyusedin the estimatevould be

Severalcasexanbeconstructedvherethis simplemethodfails: Small,smoothshadavs would notchangehecenter
of gravity, andcanthereforenot be handledby this heuristic. However asthe goal of this work wasnot the development
of heuristicsfor 'better-looking' images few time wasspenthere,andbettermethodsmay exist. Note thatthe method
shouldwork well atthe bordersof sharp focussedtaustics.

This methoddoesonly reduceartifacts,it doesnot remove the aws which areresponsibldor them. However, it
is easilyimplementecandmayleadto imageslooking' morerealistic,by incorporatingthe advantage®f bothreduced
noisewith large 'sandreducedlurringwith small 's. Thisis demonstrateih thefollowing images:

Scene6blurred Scenebnoisy Scenebk chosen
adaptvely
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Chapter 5

Resultsand Discussion

Although the advantagesand disadantageof the differentphotonmapalgorithmshave alreadybeendiscussedn the
respectre sectionsthis chapterdiscusseshesealgorithmsfrom the point of view of the sceneto be rendered.In the
sequelwewill presenseveralof thescenesisedin our experimentseachwith ashortdiscussion®ntheresultsachieved
whenrenderingtherespectie scenawith photonmapalgorithms.

Mostof thefollowing scenesretakenfrom Greg Wards‘MaterialsandGeometryrormat”-packag€[War93), which
providesa rich library of scenesrangingfrom rathersimple,ideal scenedike SCENE5 and SCENEG, to morerealistic
scenedike CONFERENCE, andeven suchhighly complex scenedike MMACK. The packagecontainsa corresponding
scendor almostary problemof thephotonmap,includinghighly glossyscenesscenesvithoutdirectlight (BATHROOM),
scenewith alarge numberof light sourcefMMAcCK) andscenesvhereimportancehasto be considered SCENE1L0).
Sincethe MGF-Formatdoesnotincorporateextures,the artifactsof the photonmapareespeciallyvisible, whichis even
anadwantagevhenanalyzinganalgorithm.

Apartfrom the MGF sceneswe alsousedtheNVISIBLEDATE scengse€K 0199]), which - becausef its compleity
- providesanalmostperfecttestinggroundfor globalillumination algorithms.INviSIBLEDATE wasmodelledby Christa
Marx, who deseresspecialthanksfor this pieceof work.

| alsowishto thankDIGITAL EQUIPMENT, asubsidiaryof CompaQ COMPUTERS, for providing uswith oneof their
AlphaStationswhich hasbeenaninvaluabletool in computationallyexpensve experiments.

SCENES

SCENES is asimplescendor testingcaustics It only consistof a perfectlydiffuseroomwith anarealight sourceanda
spherewhich is 96%transmissie and4% speculargeneratingonebig causticon the oor . It providesa perfecttesting
bedfor causticsandthe splitting algorithms.Only few problemsarosewith this scene Oneof theseproblemss thatthe
4% specularitycreatestraycausticphotonson wall andceiling. The noiseon thewall resultsfrom thelocal passhitting
the causticwith someof its samplerays.

53
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SCENEG

SCENESG is the equivalentto SCENES for diffuseillumination. It consistsonly of diffusesurfacesjs mainly illuminated
by directlight from onelightsource andis thereforean almostideal scenefor separatealculationof directlight andthe
local pass.Thelocal passis highly ef cient in this scenedueto the fact thattheillumination is smooth resultingin all
samplegeturningaboutthe samevalue. Sincethe scenecontainsonly onelight source calculatingdirectlight by Monte
Carlointegrationis highly ef cient, andwasevaluatedby only 4 shadav rays per samplein the following gures (all
imageshave beenrenderedn a Dual Celeron/450in VHS resolutionandwith 4 samplegerpixel).

Directlight makesup for abouttwo thirds of the illumination, andcalculatingit separatelyields goodquality even
without the local pass.However, low frequeng noiseis thenvisible in areasof highly indirectillumination, e.g. onthe
ceiling. Whenusingneitherdirectlight nor local pass,SCENE6 demonstratethe dilemmaof having to choosebetween
eitherincreasedoiseor increasedlurring. Whenusingthe standalongphotonmap,hugenumbersof photonshave to be
usedto reduceboth blurring andnoise. The lower left imageshavs how noisecanbe reducedoy the skippingmethod:
Only 4 imageswere averagedfor this image,which is still noisy. Skippingcannot remove the dark bandsaroundthe
edgesof roomandtable,which aredueto thewrongareaestimate. Theincreaseaostfor the skippingmethodis dueto
the 3 additionalrandomwalks. Thein uence would be reducedvhenrenderinghigherimageresolutions.

Note that by simply covering the lamp with a glassplate,local passanddirectlight would be renderedneffective,
yielding only the quality of theimagewith the standalong@hotonmap.

standalong@hotonmap photonmapwith directlight

88sec 96sec
skipping:4 singleimages, photonmapwith directlight
9 mapsperimage andlocal pass(4 samples)

160sec 359sec
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TABLEANDSPHERES

TABLEANDSPHERES is a hybrid of SCENE5 and SCENE6. It wascreatedby enriching SCENE6 with 2 spheregaken
from SCENES, to create? causticson tableandchair The causticon the chairis noisy, while the bordersof the other
causticareblurred. This demonstratethatthe dependencen parameterstill holdstrue for causticsgvenif directlight
andlocal passareused.

CONFERENCE

CONFERENCE is oneof the morerealistic scenes.lts main problemsare the exit signsabove the door Thesetendto
createovermodulationwhich canonly be removed by alocal pass. This overmodulationalsocreatesoisein the local
passwhensampleraysbecomeoverilluminatedby hitting theseareas Exceptfor this, thelocal passperformswell in this
setting.Several of the objectsareslightly glossy generatingsomecausticphotonswhich aredistributedalmostevenly in
the entireroom. These'stray' causticphotonscreatelow-frequeng noisewhich cannot be removed by the local pass.
Computingdirectillumination is someavhat expensve dueto the high numberof light sourceshut yields goodquality,
exceptfor the ceiling, whereindirectillumination dominatesPhotonDirectannot be usedhere,sincealmostall sources
have the samemportance.
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CONFSPHERES

CONFSPHERES is a modi cation of the Conferenceoom, introducingcausticsby somespheresvhich arehovering in
theroom. Becausef splitting, the causticson the tablecould be renderedht high quality. However, notethestill blurred
causticbordersof the causticoonthe oor . In thisimage,causticphotonswverediscardedf toofew photonswverefound.
Notehow the noiseat the ceiling wasremoved by this method.This, however, resultedin anotablelossof enegy.
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SCENE10

SCENE10 consistof anarrayof interconnectedooms,eachsingleroomsimilarto SCENE6. It demonstratethe
weaknessesf the forward simulationusedin the randomwalk, becausall of the 100 roomsareapproximatedvith an
equalnumberof photons,implying thatonly 1 percentof the photonsis usedto approximatehe roomwith the viewer.

SceNE1O0 is thereforeanideal scendfor testingimportancedrivenmethodsto generateéhe photonmap. It alsoprovides
a goodtestinggroundfor the PhotonDirectmethod(seesectiond.2.3),becaus®f thelarge numberof light sourceswith

varyingimportance Theimagewasrenderedn 6 minutesonadual Celeron/450usinganimportance-dienphotonmap
of about150.000photonstogethewith alocal pass.Directillumination wascomputedwith the PhotonDirecimethod.
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BATHROOM

The BATHROOM sceneconsistsof a large numberof specularobjects. Its maindif culty arisesfrom thelight sources,
which are modelledto be surroundedby transmissie glassspheres. While this is absolutelyrealistic, it makesthe
scenevery hardto be renderedwith the photonmap: After beingemittedby a light source,eachphotonhasto pass
the surroundingglasssphere peingthereforeclassi ed asa causticphoton. Sincemostof the photonsin this sceneare
thereforecausticphotons- exceptfor the photonsthat becomediffuseat the secondnteraction- a local passis highly
ineffective in this scene.Separatealculationof directlight cannot be appliedhere,sinceby de nition only the glass
spheresredirectly illumintated. Sincealmostall photonsarecauticphotonsin this scenesplitting simply increaseshe
numberof overall photons. This leavesthe skippingmethodasthe only improvementapplicablein this setting,beeing
ableto diminishblurring by smaller 'sandto remove low-frequeng noise.Skippingcannotremove the visble bandsat
geometryedges.However, thesecould be diminishedby increasinghe photonmap density(only 60.000photonswere
usedin thisexample!).

Theimagehave beenrenderedvith truely glossyre ections,increasingherenderingime dueto thehighersampling
ratesneededfor the distribution ray tracer Renderingwas donewith the skipping technique,by averaging8 VHS-
resolutionimages gachrenderedwvith 4 independentaps.Renderingook - hoursonasingleCeleron/450.



MM ACK

MMACK containsa large numberof light sourcesandhighly glossyobjects. The large numberof lightsourcesmakes
separateomputatiorof directlight successfulbut expensve. PhotonDirectannotbeappliedhere becauseavery large
numberof sourcediave in uence atalmostary givenpoint. Thelarge numberof highly glossysurfacesesultsin alot of
noisein boththe distribution ray tracerandthe local pass.They alsorenderedhe local passineffective, becausef the

large numberof causticphotonswhich cannotbe handledby thelocal pass.

Imageshave beenrenderednan DEC Alpha/333with 200Kinitial photonsVHS resolution8 samplegperpixel and
caustic-splitting=4Directlight calculationwasvery expensve in this scenebecausef thelargenumberof light sources.
Using a local passyields hugerenderingtimes, and cannotimprove quality due to of the excessie noise. Skipping
improvesthevisualappearancatlow cost.Creatingtheadditionalphotonmapsalmosttripled renderingtime dueto the
increasan preprocessingime, while purerenderingtime wasthe sameaswith the standalonenethod.Notethatlarger

resolutionsandlesssplitting reduceghis effect.

standalon@hotonmap
36 minutes

Skipping,8 runs,
9 mapsperrun
-hours

photonmapanddirectlight
-hours

photonmapmit directlight
undlocal pasy8 samples)
20hours
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INVISIBLEDATE

INVISIBLEDATE is the mostproblematicof our scenessincealmostall of the previously discussegroblemsapply to
thisscene:

1.

10.

Sinceabsolutelyno directillumination reacheghe room, separatecalculationof directlight is futile. This also
appliesto the PhotonDirecimethod.

. The high indirectnesof the illumination resultsin only a smallfraction of the photonsreachingthe room,which

requiresa largenumberof photonsto createan adequatghotondensityin theroom. Usingtheimportancedriven
methoddor generatinghe photonsis highly expensve in this scenewhich is dueto several reasonsfFirst, since
the probabilityof passinghroughthedooris very small,themajority of the photonds discardedsolargenumbers
of photonshave to betracedto yield areasonablyigh photondensityin theroom. Additionally, ‘energy'-bleeding
alsoappliesto importanceresultingin highimportancesstimate®n thewrongsideof thewall. To preventstoring
the majority of the photonson the wrong sideof thewall (wherethey aremorelikely to hit the wall), occlusion
testinghasto beappliedevenin theimportancesstimatemakingthe costfor generatinghe photonsevenworse.

. Sincethewall andthe doorarehighly illuminatedfrom the backside enegy-bleedingoccurs.Note thatthe high

photondensityon thedooralsoproducesvermodulation.

. Eventhoughthe shadevs are sharpand small, they areindirect shadevs andcannot be imroved by directlight.

Sincetheradianceestimatecompletelyremovessuchthin shadevs, they canonly be generatedby a local passor
occlusion-testing.

. Theentire oor - togethemwith numeroustherobjects- is highly glossy which createsa large numberof 'stray’

causticphotons.This generatetow-frequeng noisethatcannotbe removedby alocal pass.

. The high amountof glossyobjectsalsorequiresa lot of shadeicalls dueto the distribution ray tracer sinceeach

ray hitting a glossysurfacespavns several secondaryays,eachgeneratinganothercall to the photonmapshader

. Comparedo therestof theroom,theareaaroundthedooris highly illuminated. Sincethis areais relatively small,

only few samplesf thelocal passwill hit this high-enegeticarea creatingnoisein thelocal pass.

. In orderto reducethe noisein the local pass.a large numberof sampleshave to be used furtherly increasinghe

numberof raysandphotonmap-estimates.

. The sphereshouldproduce2 caustics:Onefrom re ection, the otherfrom refraction. Both arerelatively weak

andextendedover a large area. Becauseof the low probability of a photonhitting the sphere thesecausticsare
approximatedy only few photons.especiallywhencomparedo the large amountof 'stray' causticphotonsdue
to theglossysurfaces.

Caustic-splittingcannot be applied,becausef the large numberof stray causticphotons. Splitting would also
furtherly increasehe costfor therandomwalk.
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Thefollowing imageis a masterimagerenderedwvith ThomasKollig' s implementatiorof the METROPOLIS algo-
rithm, see[Kol99]. Neitherof our experimentsyieldedcomparablaeuality, evenafterhugerenderingimes.

Severalimagesrenderedwith the differentphotonmapalgorithmscanbe foundin the previous sections.Our best
imagesis presentedelow to allow a comparisorof the images. The imagewasrenderedwith skippingandocclusion-
testing,which alreadycomesvery closeto thedesiredquality in producingasmoothimagewith all glossyre ectionsand
evenindirectshadavs. However, acloserlook revealsthatseveralillumination detailsarestill missing. The causticof the
glasssphereon thewall, for example,couldnotbesufciently reproducedvith photonmapalgorithms.
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Chapter 6

Conclusions

Thephotonmapundoubtediyhasmary advantagesin suitablesettingsjt createsigh-qualityimagescontainingalmost
all the featuresexpectedfrom globalillumination, including realisticshadavs, speculareffects, causticsandeven volu-
metric effects. The photonmapis capableof handlingarbitrarybsdfsandalmostary kind of scenerepresentationAs
opposedo mary otherillumination techniquespbjectsdon't have to be parametrizableandtesselatinghe sceneis not
required which makeshe photonmapa very powerful tool in renderingscenesvith highly complex geometry

However, the radianceestimatefrom the photonmapis only a rough approximationand containsseveral artifacts,
which requiresthe photonmapto rely on supplementargalgorithmslike the separatesalculationof directlight (section
4.2)andthelocal pasgsectiord.3) to reducetheseartifacts. This limits the photonmapto scenesvheretheseextensions
canbe usedef ciently, and makesit vulnerableto settingswherethis is not the case:Direct light is only applicablein
directlyilluminatedscenesandeventhenis expensve to calculatdf thescenecontaingmary light sourcesUndercertain
conditions,the high renderingcostfor calculatingdirectillumination in scenesvith mary ligh sourcescanbe relaxed
by the PhotonDirectmethodaspresentedn section4.2.3,which usesphotonmapinformationfor ef ciently sampling
the light sources. Using a local passis expensve, and requiresthe sceneto be smoothlyilluminated, or otherwise
createsMonte Carlo noise, especiallyif the radianceestimatein the scenecontainsartifactslike enegy-bleedingor
overmodulation.lt is alsolimited to diffuseillumination andthereforecannotbe usedto improve caustics.If the local
passis not applicableJow frequeng noisecanstill beremoved by usingmultiple photonmaps(section4.4), which can
alsobeimplementecef ciently in a hierarchicalway (section4.5). Causticshave to berenderedoy directly visualizing
theestimateandcanthereforeonly beimprovedby usingmorephotong(section4.6). This, however, is limited to sharp,
focussedcaustics. If the scenecontainsmary singularobjects,causticphotonsare distributed almostevenly over the
entiresceneandsplitting is not practicable Anotherproblemof the photonmapis thatit depend®ntheef ciency of the
distribution ray tracerinto which it is built: Scenesvith mary singularandglossyobjectsrequirehigh renderingtimes
independentlyffrom the photonmap. Finally, the randomwalk usedto generatethe discretedensityis problematicin
scenesvith low importanceor highly indirectillumination, sincemostof the photonsarethenusedto approximateareas
of low importance.This makest necessaryo useimportancedriven methodgor generatinghe photonsaspresentedn
sectior4.7.

As holdstrue for almostary algorithm, examplescan be generatedvhich resultin very poor performance.The
problemis that someof these'worst-case'settingsfor the photonmap are not purely theoretical but may easilyarise
in realisticscenegseediscussiorin chapter5). On the otherhand,someof thesescenesvould alsobe fatal - or even
impossible- for mary otherrenderingechniques.

As a nal result,it canbe statedthat the photonmapis a very powerful tool for photorealistidmagesynthesishbut
muchwork remainsto bedoneto makeit applicablen realisticsettings.
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