
PhotorealisticRenderingusingthe
PhotonMap

���

Ingo Wald

August1999





UniversitätKaiserslautern
FachbereichInformatik

AG NumerischeAlgorithmen
Prof. Dr. StefanHeinrich

Aufgabenstellung undBetreuung:
Dr. AlexanderKeller

Erklärung

Hiermit versichereich, die vorliegendeArbeit selbständigund
nur mit denangegebenenHilfsmitteln angefertigtzuhaben.

Kaiserslautern, den1. September1999





III

“Comparisonswith existingglobal illumination techniquesindicatethat
thephotonmapprovidesanef�cient environmentfor global illumination”

HenrikWannJensen

“The truth is out there”
TheX-Files

“Another solutionis just to alwaysuseenoughphotons”
HenrikWannJensen

“if it won't yield to bruteforce- usea bigger hammer”
unknownauthor

First of all, I wish to thankall thosewho have contributedto this
work, eitherdirectlyor indirectly:
I wish to thankall the membersof our group- Alex Keller, Jo-
hannesTimmer, ThomasKollig, Ilja Friedel and Marc Pauly -
for their helpandtheir company, especiallyThomasKollig, with
whomdiscussionson issuesof photorealisticrenderinghave al-
ways beenvaluable,and who's adviceon Metropolis hasbeen
invaluable.
I alsowish to thankDr. Alex Keller, for allowing meto do this
work, andfor helpingmein managingit.
Finally, I wish to thankRogerDaneker andReneSchaetzl,for
readingand correcting this work, and my girlfriend Gabriele
Kaiser, for bearingmewhenI' ve beenstressed,andfor cheering
meupwhenI' ve beendisappointed.



IV



Contents

1 Intr oduction 1

2 The Photon Map 3
2.1 Basicsof GlobalIllumination . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3
2.2 GeneratingthePhotonMap . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5
2.3 The3d-TreePhotonMap . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7

2.3.1 Ef�cient Constructionof Balancedkd-Trees. . . . . . . . . . . . . . . . . . . . . . . 7
2.3.2 Ef�cient Nearest-Neighbour-Query in a kd-Tree . . . . . . . . . . . . . . . . . . . . 10

2.4 TheGridPhotonMap . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11
2.5 ThePhotonMapShader . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13

3 Analysisof the PhotonMap 15
3.1 Ef�ciency of thePhotonMap . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15
3.2 Advantagesof thePhotonMap . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16
3.3 Disadvantagesof thePhotonMap . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17

3.3.1 DependenceonParameters . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18
3.3.2 Low-Frequency Noise . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19
3.3.3 Blurring . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20
3.3.4 Energy-Bleeding . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23
3.3.5 Overmodulation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24
3.3.6 Artif actsResultingFroma WrongAreaEstimate . . . . . . . . . . . . . . . . . . . . 25
3.3.7 Problemsarisingfrom theForwardSimulationin GeneratingthePhotons . . . . . . . 27

4 PhotonMap Algorithms 29
4.1 TestingqueriedPhotonson their Feasibility . . . . . . . . . . . . . . . . . . . . . . . . . . . 29

4.1.1 OcclusionTesting . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30
4.2 SeparateCalculationof Direct Illumination . . . . . . . . . . . . . . . . . . . . . . . . . . . 31

4.2.1 MonteCarloIntegration . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33
4.2.2 Shadow Photons . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34
4.2.3 ImportanceSamplingusingPhotonMapInformation . . . . . . . . . . . . . . . . . . 35

4.3 Local PassIntegration . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37
4.4 Multiple PhotonMaps . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39
4.5 TheHierarchicalPhotonMap . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42
4.6 Splitting of CausticPhotons . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45

4.6.1 Splittingby BruteForce . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45
4.6.2 SplittingCausticPhotonsusingMetropolisSampling . . . . . . . . . . . . . . . . . 47

4.7 ImportancedrivenPhotonMap Generation . . . . . . . . . . . . . . . . . . . . . . . . . . . 49

V



VI CONTENTS

4.8 Choosing� Adaptively . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 51

5 Resultsand Discussion 53

6 Conclusions 63



Chapter 1

Intr oduction

Recently, thePhotonMap�
�

1 hasbeenintroducedinto the�eld of photorealisticrenderingin aseriesof papers
([JC95b], [Jen95], [JC95a], [Jen96a], [Jen96b], [JC98], etc.).Becauseof its strongimpact,thegoalof thiswork
wastheimplementation of thephotonmapandits integrationinto anexisting renderingplatform.While doing
this,severalproblemsarosewhichwere�rst dismissedasimplementationproblems,but whichweresoonafter
revealedto be intrinsic �a ws of thephotonmapmethod.Sincetheseproblemshave not yet beensuf�ciently
documented,they have beenprofoundlyinvestigatedin thiswork.

Theaim of this work is to analyzeandto improve theoriginal method,makingit �rst necessaryto name,
quantify, classifyanddocumentits �a ws. We startby brie�y summarizingthebasicsof global illumination in
section2.1,followedbysomenotesonef�cient implementationsof thephotonmapalgorithmsin sections2.3.1,
2.3.2and2.4. Theintegrationof thephotonmapinto anexisting distribution ray traceris presentedin section
2.5, togetherwith a brief summaryof how thephotonmapis usedin theoriginal papers.A detailedanalysis
of thephotonmapfollows in chapter3, whereboth its advantagesandits disadvantagesarediscussed.After
outlining theproblems,severalapproachesto improve thephotonmapareproposedandexaminedin chapter
4. Finally, chapter5 presentsseveral of the scenesusedin our experiments,eachwith a shortdiscussionof
the resultswhenrenderingit with thephotonmapandits differentextensions.Theconclusionsaredrawn in
chapter6.

1PhotonMap
���

is a registeredtrademarkof mentalimages,Gesellschaftf ”ur Computer�lm undMaschinenintelligenz mbH & Co
KG., D10623Berlin, Germany. In thesequel,the

���

signwill beomitted.

1



2 CHAPTER1. INTRODUCTION



Chapter 2

The PhotonMap

2.1 Basicsof Global Illumination

In orderto understandthephotonmapandits problems,wewill �rst discusssomeof thebasicsof photorealistic
rendering,by de�ning the radianceequation:The basicquantitydescribingthe perceivable illumination in a
sceneis the radiance

�

. For a deepercoverageof the fundamentalsof global illumination, togetherwith
a completede�nition andphysicalderivation of the term radiance,see[Kel98], [CW93] and [Kaj86]. The
radianceequationwas�rst derived in [Kaj86] andis a physicallybasedmodelfor describingthe transportof
radiancein a scene.Usingthenotation

�

: thesurfaceof thescene,
�

: thehemisphereof all directions� at surfaceposition ���

�

,
���

�
	��
� : theradianceleaving ���

�

into direction ���

�

,
�����

�
	��
� : theirradianceat x, i.e. theradiancereaching���

�

from direction ���

�

,
�����

�
	��
� : theexitant radianceemittedfrom ���

�

into direction ���

�

, and
���

�

��	��
	��

�

� : thebidirectionalscatteringdistribution function,

the radiance
���

�
	��
� is the sumof the emittedradiance
�����

�
	��
� andall radianceincidentin � andre�ected
into direction � :

���

�
	��
���

�����

�
	��
���

�! 

���

�

��	��
	��

�

�

�����

�
	��

�

�!"$#�%'&

��(

�

�*)

(2.1)

Let +

�

�
	��
� denotetheraycastingfunction,i.e. ,��-+

�

�
	��
� is theclosestintersectionbetweenthesurface
of thesceneanda ray startingat position ���

�

with direction � . Then,restrictingour problemto vacuum
radiationtransport1, theirradiancecanbesubstitutedby

�����

�
	��
���

���

+

�

�
	��
��	$.��
� , whichyields

���

�
	��
���

�����

�
	��
���

�! 

���

�

��	��
	��

�

�

���

+

�

�
	��

�

��	$.��

�

�!"$#�%'&

��(

�

�

	 (2.2)

1Therestrictionto vacuum-transportis chosenfor reasonsof simplicity, sincevolumetriceffectsarenot coveredin this work. For
extensionsof thePhotonMapto participatingmedia,see[JC98].
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4 CHAPTER2. THE PHOTON MAP

The radianceequationis a secondkind Fredholmintegral equation. With
���

as the kernel of the integral
operator, it canbewritten in operatorform as

�

�

���

�������

��)

(2.3)

Insertingequation2.3 into itself yields
�

�

���

�������

�

�

���

�������

� ���

�������

� ���

�������

�*)$)$)

����� (2.4)

�

�

�

�
	��

�

�

���

���

	 (2.5)

which is called the Neumann-series.A more profoundderivation of the Neumann-seriescan be found in
[Kel98], whichshowsbothits correctnessandits convergenceundercertainconditions.

The kernel
���

of the integral operatoris the bidirectional scatteringdistribution function (bsdf), which
describestheinteractionof light with thesurface.Thebsdf

���

is de�ned as

���

�

��	��
	��

�

�
� �

(!���

�
	��
�

�����

�
	��

�

�

(

�

�

anddescribeswhich fractionof the radiancecomingfrom direction �

�

is scatteredinto direction � . Thebsdf
is a probability densityfunction andcanbe viewed asdescribingthe probability of a photonwith incoming
direction �

�

to bescatteredinto direction � .
Our implementationusestheWardre�ection model[War92], where

���

is modelledto consistof a diffuse,
a specularanda glossypart

���

�

�

���

�

�����

�

�����

)

Usingthelinearity of theintegral operator, ����� canbeexpressedas

����� �����

���

���������'����������� (2.6)

Diffuseinteractions(i.e. applicationsof ���

���

� arecalledregular, while bothspecularandglossyinteractionsare
calledsingular. Slightlyglossyinteractionsmayalsobeapproximatedby regularinteractions,whichintroduces
somesmall error, but greatlysimpli�es computationsin sceneswith lots of slightly glossyobjects.As stated
above, the bsdf is a probability densityfunction, and even thoughour implementationonly usesthe Ward
re�ection model,thephotonmapis generallycapableof handlingany arbitrarypdf.

Using2.6,equation2.3canbesplit into severalterms
�

�

���

� ���

���

�

� ��� �

	��� 

�

� ��!

������"������$#

��)

Thesetermswill in the sequelbe calculatedseparately:
���

is the object's emittance,given by the material
de�nition, �

!

������"������$#

�

describesspecularandglossyre�ections, and
�

�

� �%���

���

�

is the diffusely re�ected
radiance.

�

�

canbefurtherly split into
�

�

� ���

���

�

� ���

���

� ���

�������

�

�

� ���

���

���

�����

���

���

���

�

�����

���

��!

������"������$#

��)



2.2. GENERATING THE PHOTON MAP 5

The �rst term ���

���

���

is calleddirect illumination, while the secondterm ���

���

���

���

�

representssoft indirect
illumination. Thelast term ���

���

��!

������"������ #

�

describescaustics. Causticsareillumination detailscreatedwhen
light hitsadiffusesurfaceafterat leastonesingularinteraction.Usingthelight pathnotation,where

�

denotes
a light source,

�

denotesa singularinteraction(i.e. an applicationof ��!

������"������$#

), and
�

denotesa regular
interaction,causticsarecreatedby light pathsof theform

���

�

�����

�

��)

Therefore,photonsresultingfrom such
light pathsarecalledcausticphotons, all otherphotonsarecalleddiffusephotons. Note that Jensenusesa
differentde�nition by consideringonly direct caustics(

�

�

�

�

) (see[JC95b]), which areonly a subsetof our
de�nition.

2.2 Generating the Photon Map

The photonmap is a discretedensityapproximation([Kel98]) of the irradiancein the scene. This discrete
densityis createdby using a randomwalk ([KMS94]), by emitting photonsfrom light sourcesand tracing
themthroughthescene:Whenever a photon� �

�

�

�

	��

�

	
	�� interactswith thesurfacein ��� � +

�

�

�

	��

�

� , its
new position ���$	 its incomingdirection �

�

	 andits energy 	 arestoredin anarraycalledthephotonmapdata
structure.

void PhotonMapShader::RandomWalk() {
for each LightSource LS {

// calculate nr of photons on source LS

���������� ���

�������
���! #"�$

%'&

���)(

���

�������
���! 




�

���
*!�

for +

�-,�./. 
�� {
021�354!67398

= LS.StartPhoton();
:

�;����� ���

�������
���! #"�$

��<

singular = false;
for (pathLen=0; pathLen<maxLen; pathLen++) {

021'=�4?>�@!A�8

�CB

021�354!673�8

;
if (obj == null) break; // particle lost...
(interaction,

6D=

, E ) = Interaction
021'=)4!67354?>�@!A

.

@GF
H

E

021'=98?8

;
if (interaction is singular) {

singular = true;
} else {

if (singular)
causticMap.AddPhoton(

1I=G4!67354

:

)
else

diffuseMap.AddPhoton(
1I=G4!67354

:

)
singular = false;

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

1�3

�

1'=)J�673

�

6D=)J

:

�

ELK

:

J

}
}

}
}

Interaction(x,
6

,bsdf) correspondsto an applicationof M�N!O as in the previous section. It usesthe bsdf
E

* in
1

to calculatethe interactionof the incomingphoton
021P4!6Q8

with the surface. To prevent an in�nite numberof
interactionsof a photon,we usethe 'RussianRoulette'approachaspresentedin [AK90] to choosewhetherthephoton
is absorbedor not. This methodis alsousedto choosethe typeof interaction(i.e. E

*#R

4

E

*?S or E

*!T ). Theout-scattering
directionis generatedaccordingto the choseninteractiontype. Interaction returnsboth thenew direction

6U=

and
E

�

N

<2"�V5W#X Y9W#X V�Z?$

=G['\

"

N

<2$ , where E

� is either E

*#R

4

E

*?S or E

*!T . A new photonwith randompositionanddirectionon source]Q^



6 CHAPTER2. THE PHOTON MAP

aregeneratedby
021P4!6Q8

=LS.StartPhoton() . Thephotonscanalsobegeneratedby usingQuasi-randomnumbers(as
presentedin [Kel98]).

Thiskind of randomwalk is only apureforwardsimulationandthereforeyieldsseveralproblems,whicharecovered
in section3.3.7.

To be able to storelarge amountsof photons,a very memory-ef�cient storagetechniqueis required. Therefore,a
photonis storedin a compressedform similar to theoneproposedin [Jen96b]:

class Photon {
float position[3];
unsigned char theta, phi;
rgbe energy;

};

Thepositionof thephotonis directly storedas3 �oats (usingdoubleswould nearlydoublememorycostby gainingfew
accuracy), its energy is storedcompressedin Wardsrealpixel representation(see[War91b]), andthe incomingdirection
6

is discretizedinto two characters,azimuthanddeclinationangle:

theta = (unsigned char) (255.0 * acos(
6

.�� ) / � );
phi = (unsigned char) (256.0 * atan2(

6

. � ,
6

.

1

) / 2*M_PI;

Thedirectioncanthenbedecompressedby
6

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

where

cosTheta[i] = cos(i * M_PI / 255.0);
cosPhi[i] = cos(i * 2 * M_PI / 256.0);
sinTheta[i] = sin(i * M_PI / 255.0);
sinPhi[i] = sin(i * 2 * M_PI / 256.0);

arelook-uptablesfor ef�cient decompression.Thelossin accuracy by discretizingdirectionandenergy wastestedto be
negligible. Using this representation,only 18 bytesper photonareneeded.Someof the later proposedextensions(see
chapter4) requirethestorageof additionalinformation,for exampleinformationabouttheorigin

1I3

of aphoton.

To gain �e xibility , thephotonmapdatastructurewasseparatedfrom theactualphotonmapshader. This allows to
usethe abstractdatastructurein differentapplications,for examplewhenneedingmultiple mapsor importancemaps.
Therefore,thePhotonMap classonly suppliesmethodsfor thestorageof a photon(AddPhoton ) andfor thenearest-
neighbour-query(Query ). Directly afterhaving generatedall thephotons,the accelerationstructurefor thek-nearest-
neighbourqueryis generatedby calling PrepareForQuery . In [Jen96b],Jensenproposedtheuseof a linked list of
arraysof 64k photons.Comparedto a singlearray, this approachis lessef�cient dueto unneccessarilyincreasingaccess
times.Sincethenumberof photonsis notknown in advance,our implementationusesdynamicarrays[Sed98]for storing
thephotonmaps:Dynamicarraysautomaticallyadaptto thegrowing memoryrequirementsin therandomwalk, andare
especiallyusefuldueto thefact thatthenumberof photonswill no longerincreaseaftertherandomwalk is complete.

class PhotonMap {
Photon *photon; // dynamic array of photons
int N; // current number of photons
virtual void AddPhoton(Photon p);
virtual void PrepareForQuery();
virtual void Query(Point x,PhotonHeap &q);
// search q.k nearest Photons around x, store them in q

}



2.3. THE 3D-TREEPHOTON MAP 7

The abstractde�nition andthe object-orienteddesignallow for differentimplementations:Both a versionbasedon a
left-balancedkd-tree(asproposedby Keller in [Kel96] andJensenin [Jen96b]),aswell asa versionbasedon a regular
grid have beenimplemented.Hybrid methodsseempromising,but have not yet beentestet.Otherimplementationsare
availableaswell (see,e.g.[VBS99]).

2.3 The 3d-TreePhotonMap

2.3.1 Ef�cient Construction of Balancedkd-Trees.

KD-Trees([Ben75], [BF79]) arek-dimensionalbinary search-trees(for our application, �

��� ): Eachsubtreewith its
root node
 in level �

� is partitionedwith respectto dimension
H

�

�

���

>9H

� ,2 suchthateachnode � in theleft subtreeof

 is smallerthan 
 , andeachnode� in theright subtreeis largerthan 
 (with respectto dimension

H

):

�

�	�
���)E�


F��P@


������

0




8#4

���������

B




F��P@


������

0




8
�

�
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�S��

�
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Figure2.1: A samplekd-treefor � �SR (not balanced).

In our implementation,thephotonsarestoredin a left-balanced,completekd-tree.Balancingthetreeallowsfor very
ef�cient storageandaccessaswell asfor ef�cient queriesbecauseof a minimizedtreedepth(

H

�#+T


B

0
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�-,�UWV

�

>

��X
Y ).
If a treewith X elementsis complete,“all its levelsare�lled, exceptfor the�nal one,which is �lled from left to right”
[Sed98]. It canthenbestoredef�ciently in anarrayof N photons.Choosingtheroot-node's index to be1, themethods

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

allow for ef�cient accessto thephotons.Valid(node)returnswhethernodeis still a valid index in thephotonmaparray.
This representationdoesnotneedany additionalmemory(suchaspointers)for representingthetree.

2Thesplittingdimensionmayalsobechosenin adifferentway, for exampleby subdividing thedimensionin which theboudingbox
of thesubtreehasthelargestextent. This requiresonly minor modi�cationsandmayyield additionalperformancegainsespeciallyin
settingslike SCENE10, wherethescenesextent is x andy dimensionis muchlargerthanin z dimension.



8 CHAPTER2. THE PHOTON MAP

The algorithmfor building the balancedkd-treeworksby choosingthe root elementsuchthat condition2.7 holds.
Then,bothsubtreesareprocessedrecursively. Findingtheproperroot elementof a subtreeis doneasfollows: Knowing
that- to ensureabalancedtree- ���L, elementshaveto bestoredin theleft subtree,theproblemof �nding therootelement
consistsof �nding the � th median,whichcanbedeterminedin severalways(for example,see[VBS99]). While theidea
is moreor lessstraightforward,problemsarosefrom thefact thattheelementsin asubtreearenotstoredsequentially(see
�gure 2.2).

32 33 34 35 36 37 38 39 41 42 43 44 45 4740

16 17 18 19 20 21 22 23

8 9 10 11

4 5

2

1

46

(other
half
omitted)

Figure2.2: Non-sequentialnumberingof nodesin a subtree.Thenodesin thesubtreewith root node4 are4,
8, 9, 16,17,18,19,32, ...

Therefore,anothermethodwasdevelopedwhich is basedon a modi�ed QuickSortalgorithm: Eachsubtreeis �rst
partitionedby a modi�ed QuickSort-partitioning-step,suchthat condition2.7 holds for this subtree. After that, both
subtreesarebuilt recursively. The completeBuildTreealgorithmis presentedoverleaf. Its averagecomplexity canbe
derivedfrom thecomplexity of QuickSort(see[Sed98]) andist therefore

M
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��( S
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*? ? 

�

�

0
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.

Thealgorithmworksin placeandcanbeconsideredoptimalin bothtimecomplexity andmemoryconsumption.As one
canseein table2.1, initialization time is negligible even for moderatelysizedphotonmaps. Even a treeof 10 million
photonscanbeconstructedin about3 minuteson oneMIPS R10000/250MHzprocessorof anSGIO2000.

photons ���	��


����
��

����� ���	��


����
��

����� �������

�

�

�

�

�

�*�

100k 5s 7s
200k 9s 13s
400k 17s 26s
700k 30s 48s

Table2.1: Initialization time for RandomWalk andBuildTree. Measureshave beentaken with SCENE6, on a
DEC alpha/333.Largerphotonmapresolutionscouldnotbetesteddueto lackof memory.
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BuildTree(Photon *p, int N, int root, int level)
// partition the subtree under root such that
// kd-condition holds.
{

if (!Valid(root))
return; // terminate recursion...

splitDim = SplitDimension(level); // i.e. level % 3;
Index minL(LeftSon(root));
Index minR(RightSon(root));

Index l = minL;
Index r = minR;
while(1) {

double splitVal = p[root][splitDim];
while (l.node <= N && p[l.node][splitDim] <= splitVal) ++l;
while (r.node <= N && p[r.node][splitDim] >= splitVal) ++r;
if (l.node > N && r.node > N)

break; // kd-condition now holds for root
if (l.node > N) {

minR = r; l = minL; Swap(p,root,r.node); ++r;
} else if (r.node > N) {

minL = l; r = minR; Swap(p,root,l.node); ++l;
} else {

Swap(l.node, r.node); ++l; ++r;
}

}
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) {

// initialize to root element
node = mask = root; level = 0;

}
void operator++() {

// step to next element in subtree
node++;
if ((node >> level) != mask) {

level++;
node = mask << level;

}
}

};

Algorithm BuildTree for ef�ciently building a left-balanced,completekd-tree.Index is a classwhich providesa
methodfor ef�ciently iteratingthroughall nodesof a speci�edsubtreein level-order.
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2.3.2 Ef�cient Nearest-Neighbour-Query in a kd-Tree

The � nearestneighboursarestoredin a priority queue(classPhotonList), which is ef�ciently implementedasa heap
(see[Sed98]). This organizationallows for direct accessto the elementwith the greatestdistance,since in a heap,
MaxDistance()==dist[0]. Process(candidate, distance) insertsa new candidateinto thequeueandremoves
theitem with thegreatestdistanceif thelist alreadycontains� elements.Process mayalsodo somebasicplausibility
testsbeforestoringaphoton,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);

};

TheQueryin thekd-treeis doneby recursively scanningthetreein a modi�ed in-order:

1. determineandrecursively scanthesubtreewhich is closerto query-pos

2. if nodecannotbeculled,processnode

3. if distantsubtreecannot beculled,recursively scandistantsubtree

This is in fact a backtrackingapproach([Mad]), which splits the problemof scanningthe currentsubtreein several
smallerproblems- left andright subtreeandcurrentnode- andprocessesthesein theorderof their probablityof yielding
photonswhich arecloserthanthecurrentcandidates.The ef�ciency of the algorithmresultsfrom culling: The distant
subtreedoesnot have to bescannedif theminimal distanceof a photonin thedistantsubtreeis greaterthanthecurrent
maximumcandidatedistance.This minimumdistanceis approximatedasthe distanceof the root-photonto thequery-
positionin thecurrentsplitting dimensionsplitDim . Sincethis testonly considersthedistancein thecurrentsplitting
dimension,theminimumdistanceis usuallyheavily underestimated,resultingin sub-optimalculling. However, this test
waschosenfor speedandsimplicity. Moreinvolvedtestshavebeenexamined,but theperformancegainedthroughbetter
culling hasalwaysbeenoffsetby thehigheroverheadof thesetests.Query wasalsoimplementedasaniterativeversion.
Sincea signi�cant speedupcouldnot beobserved, thecodeis omittedhere. Using least-cost-search([Mad]) insteadof
backtrackingdid notyield fasterquerytimes.

Query(PhotonList &neighbours, Point
1��

, int node, int level)
{

if (!Valid(node))
return; // terminate recursion...

splitDim = SplitDimension(level); // i.e. level % 3;
Vector dist = photon[node] -

1��

;
projDist = dist[splitDim];
if (projDist > 0)

{ // left subtree is closer
Query(neighbours,

1��

, LeftSon(node), level+1);
if (projDist < neighbours.MaxDistance())

{
if (

�#H

�

F




���

< neighbours.MaxDistance())
neighbours.Process(node,

�#H

�

F




���

);
Query(neighbours,

1��

, RightSon(node), level+1);
}

} else {
// right subtree is closer

.
.
.

}
}



2.4. THE GRIDPHOTONMAP 11

2.4 The GridPhotonMap

Sincealargepartof therenderingtimeis spentin thenearest-neighbour-query, animplementationwhich is fasterthanthe
kd-treewould resultin a signi�cant speedup.Therefore,additionalalgorithmshave beendevelopedandtested,in which
the mostpromisingapproachwasusinga regular grid for storingthe photons. The grid needsadditionalmemoryfor
representingthevoxels: In our implementation,this is exactly onepointerandoneinteger(for tagging)pervoxel, which
is negligible whenusinga reasonableratio of photonsto voxels (evena ratio suchlow as10:1 would yield a memory
overheadof lessthan5%).

A grid of resolution�

Y��

���

�

���

3 canbestoredandaccessedby

struct Voxel {
Photon *photon;
int tag;

} voxel[ �

Y

K����QK���� ];

Voxel( �

Y

4

���

4

��� ) = voxel[ �

Y U

�

Y

0

���

U

�������

8

]

pointers to cells.

photons
photons in photons in
voxel i,j,k voxel i+1,j,k

voxel[]

photon[]

voxel[(k*K+j)*K+i]

As comparedto a kd-tree,the regular grid is not adaptive, andthereforereachesoptimal performanceonly when
photonsarewell distributedin the scene.While this is often the casefor diffusephotons,it may be problematicwith
causticphotons,which tendto beclustered.Specifyinga maximumsearch-radiusyieldsperformance-gainsevenin this
case.

Constructingtheregulargrid is done'in place' in a very straightforwardway, by usingQuickSort's in thedifferent
dimensionsandlinking pointersinto thearray. Sincetheimplementationis straightforward,thecodeis omittedbecause
of its length.Having �

�

�

�

� voxels,theaveragecomplexity for building thegrid is
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Finding the nearestneighboursin the grid is doneby processingthe voxels in an ordersimilar to a 3-dimensional
seed-�ll. Theseedvoxel �

R! ? ?S is thevoxel containingthequery-point
1 �

. Theimprovedperformanceis dueto thefact
thatthephotonsin theseedvoxel arealreadyvery closeto thequery-pointandthereforevery likely to becandidates.As
a result,thecurrentmaximumcandidatedistancediminishesquickly, andresultsin fastculling, sinceonly voxelscloser
than 	�


1
�

�

F




0!8

have to beprocessed.

3In non-cubicalscenes,eachdimensionof the grid canbe subdivided with a different resolutionto matchthe scene's different
extentsin differentdimensions.SCENE10, for example,is bestvoxelizedin aresolutionof ����������������� where������������������� .
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Queryworksasfollows:

Query(
1��

, neighbours)
{

currentTag = currentTag+1; // generate a new tag for this query
Get Voxel �

R! ? ?S which contains
1��

Clear(neighbours);
ProcessVoxel( �

R! ? ?S ,
1��

, neighbours)
}

ProcessVoxel(V,
1��

, neighbours):
{

// first: tag current voxel...
V.tag = currentTag;
// second: process all photons in current voxel
for each photon +�� � :

if (
���

+

�

1������

�

<= neighbours.MaxDist())
neighbours.Process( + );

// finally: recursively process the neighbouring voxels
for each neighbouring voxel V' to V :

if (MinDistance(V',
1��

) <= neighbours.MaxDist()
and V'.tag != currentTag)

ProcessVoxel(V',
1��

,neighbours)
}

Alreadyvisitedvoxelshave to betaggedin orderto preventmultiple processingof voxels. Theimplementationis quite
easy, but lengthy, andsothecodeis omitted.

After processingthe seedvoxel, the orderin which the following voxels areprocessedis almostarbitrary, sincea
goodchoiceof � requiresonly few voxels to beprocessed.An implementationbasedon least-cost-search([Mad], see
section'BranchandBound') wasalsotested.This branch-and-boundmethodprocessesvoxelsin orderof their distance
to

1��

andyieldsadditionalperformancegainsif many voxels have to beprocessedin a query, i.e. whenthenumberof
photonsper voxel is small and � is high. In the generalcase,however, few voxels have to be scanned,andthe higher
overheadin �nding thenext voxel offsetstheimprovedculling.

As canbe seenin the following table,the GridPhotonMapyields considerableperformancegainsover thekd-tree,
especiallyfor largephotonmaps.Performancegainshighly dependon theparametersX , � and � . Therefore,a method
for choosing� optimally asa functionof � and X wouldbeveryhelpful.

N k 3d-Tree Grid
K=30 K=35 K=40

100k 10 70s 51s 51s 52s
100 274s 271s 229s 242s

1M 10 155s 119s 108s 111s
100 567s 305s 295s 307s

In ourexperiments,thefollowing observationshavebeenmade:

1. Theimpacton purequerytime is muchlarger, sincerenderingtimescontainsomeoverheadnotaffectedby faster
query-times,i.e. ray-intersectionsandshadingof thefoundphotonsmakeupabout50%of thetime.

2. Initialization time is negligible with bothmethods.

3. Performanceis parameter-dependent.

4. Themorephotonsused,thegreaterthespeedup.

Multilevel-methodssuchas using a coarsegrid on the base,togetherwith kd-treesor �ner grids in overly �lled
voxelsshouldfurtherimproveperformance(especiallywhenphotonsareunevenlydistributed)while requiringonlyminor
modi�cations.
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2.5 The PhotonMap Shader

Thephotonmapshaderis built into anexistingdistributionray tracer, theMcRenderproject(see[Kel98]) asashaderfor
local illumination. Shadersaremethodswhich arecalledby thedistribution ray tracerto calculatethediffuselyre�ected
radiance]

*9. The distribution ray tracer([CPC84],[Coo86],[SW92]) calculates] by splitting it into several termsand
calculatingtheseseparately:As statedbefore,] canbeexpressedas

]

�

]

 

U

MPN!O��#]

U

MPN!O��)]

U

MPN!O��)]

.

The last term - M N!O��
] - describesdiffusely re�ected indirect illumination, and is the only term actuallycalculatedby
the photonmapshader. All othertermsarehandledby the distribution ray tracer: ]

 is given by the objectsmaterial
de�nition andrequiresnofurthercalculations.Specularre�ections M N!O��#] arecalculatedby simply following there�ected
ray andrecursively calling thedistribution ray tracer. Glossyre�ections M N!O��)] requireMonteCarlo integrationandcan
becalculatedef�ciently by importancesamplingproportionalto E

*!T . Heretoo, thesamplesarecalculatedby recursively
calling thedistributionray tracer. This recursivespawningof raysresultsin lotsof shader-callsandyieldshighrendering
timeswhenhaving highly glossysceneslike MMACK or INVISIBLEDATE. Low samplingratesfor glossyre�ections
introducenoiseinto the image(seechapter5), while highersamplingratesmay manifold renderingtimes. To reduce
thiseffect,glossyre�ectionsareapproximatedby lesstime-consumingspecularor diffusere�ections(dependingon their
strength),at leastafterreachingacertainrecursiondepth.

In eachrecursiveinvocationof thedistributionraytracer, thediffuselyre�ectedradiance]

* �

MPN!O��
] is calculatedby
calling thephotonmapshader:Having thediscretedensityapproximation
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This radianceestimategeneratesseveral artifacts,which areexaminedin the following chapter. As opposedto the
termshandledby thedistribution ray tracer, theestimatefrom thephotonmapis only a roughapproximation,which - if

X is �x edin advance- doesnot convergeto thecorrectresultby takingmoresamples.
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To enableindependenttreatmentof causticsand diffuse illumination, singularand regular photonsare storedin
differentmapsasmentionedearlier. Thesemapsarecalledthecausticmapandthediffusemap. Theimplementationis
quitesimple:

Color ShadePhotons(Intersection �





 ���

F

�

�


��

>


 , PhotonMap �


9+ , int � )
{

PhotonList + ;
E

*?S = intersection.Object.bsdf. E

*?S ;
p.Clear( � );
map.Query( + , �
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Color PhotonMapShader::Shade(Inters ection �
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}

In calculating]

* , thephotonmapshadermayalsoincorporatesuchextensionsastheseparatecalculationof direct light
or thelocal pass.Theseextensions,however, will themselvesusetheabovemethodsfor calculatingtheestimate.

In [Jen96a],Jensenutilizes the photonmap to get a coarseapproximationof global illumination. Basedon the
in�uence of thesampleon the image,heuristicsareusedto decidewhethertheestimatefrom thephotonmapis usedor
whethera morecomplex computationis done. If thecontribution of thesampleis small, i.e. becauseit is only a single
samplerayin thelocalpassor becauseit is attenuatedby asmallbrdf, thenthephotonmapapproximationis useddirectly.
Otherwise,if the ray is a primary ray or the point wasreachedby several perfectre�ections, the point is considered
important,andtheshadingis doneby moreaccurateMonteCarlointegration,which in fact is a local pass.This notably
improvesimagequality, but is very time-consumingandcanonly be appliedundercertainconditions. Jensenapplies
Ward's irradiancecaching([WH92]) on lambertiansurfaceswhichachievesfasterrenderingtimesby interpolation.

Becauseof the fact that the radianceestimateis only usedasan approximationin morecorrectMonte Carlo inte-
gration,its quality is far lessimportant.In this case'blurring canevenbeseenasanadvantage'([Jen96a])for reducing
noise.Artifacts in theestimatearepartlysmoothedawayby thelocalpassandpartlydominatedby directlight. However,
acloserlook oftenrevealsremainsof theseartifacts,mainlynoiseandblurring,especiallyin caustics,wheretheradiance
estimatehasto be visualizeddirectly. Artifacts like energy-bleedingor overmodulationdid not appearin the original
papersbecauseof suitablymodelledscenes.

Direct illumination is calculatedusingshadow photons,asdiscussedlater. This, however, is alsoonly applicable
undercertainconditions.Causticsaretreatedseparately:They arerendereddirectly by thephotonmap. Jensenadmits
thatparametershaveto beadjustetto �nd atradeoff beweenblurredcausticbordersandnoisein thecaustics(see[Jen96b]:
“If theparametersarebadlychosen,thecausticwill eitherbecometooblurredor too noisy”). To improvecaustics,many
morephotonsareusedto representcausticsthanareusedfor diffuseillumination. Jensenusesprojectionmaps([JC95b])
to increasethenumberof causticphotonsby emitting photonsdirectly from the light sourcestowardsspecularobjects.
Thismethodis only capableof producingdirectcaustics,but performswell underthis limitation.



Chapter 3

Analysis of the PhotonMap

3.1 Ef�ciency of the PhotonMap

The ef�ciency of the photonmapis believed to dependonly on the ef�ciency of the radianceestimate,which mainly
dependson thenumberof photonsused,andwhich is otherwiseindependentof scenecomplexity andgeometry. This is
proposedasoneof themainfeaturesof thephotonmap,makingit seeminglypossibleto renderhighly complex scenesat
moderatecost.

However, thoughit is true that the largestportionof the renderingtime is spentin the radianceestimate(querying
andshadingof the photons),the overall time spenton the estimatesis the productof the time spentper estimateand
thenumberof estimatesevaluated.Therefore,the“ef�ciency of thephotonmap” dependson both theef�ciency of the
estimateandon theef�ciency of therestof therendererin keepingthenumberof estimatessmall.Therefore,theoverall
renderingtimedependson3 factors:

� ef�ciency of thedistribution ray tracerin keepingthenumberof shadercallssmall
� ef�ciency of theshaderin keepingthenumberof estimatessmall
� ef�ciency of theestimate.

Theargumentof ef�ciency beeingindependentfrom scenecomplexity only appliesto thelastitem. Theef�ciency of the
distributionraytracerinto whichthephotonmapshaderis built (seesection2.5)hasgreatin�uenceonrenderingtime: If
thesceneis highly complex, renderingtime will increasebecauseof moreexpensive ray intersections.Additionally, lots
of specularandglossyobjectswill spawn lots of recursive calls to thedistribution ray tracer, manifoldingthenumberof
shadercallsindependentlyfrom thephotonmap.

Thesecondfactoris thetimespentin thephotonmapshader:Usinga local passmanifoldsthenumberof estimates.
Independentcalculationof directlight mayalsoincreaserenderingcostundercertaincircumstances,mainlywhenhaving
many light sources.Thesetwo itemsimply that realisticscenes- which arehighly complex sceneswith several light
sourcesand lots of specularandglossyobjects- will requirehigh renderingtimes independentlyfrom the numberof
photonsused(seediscussionon MMACK in chapter5).

Renderingcostfor thephotonmapestimatealsoconsistsof apreprocessingpart(RandomWalk andBuildTree), which
canbe consideredto be constant,sinceit is not affectedby the numberandcomplexity of shader-calls. Preprocessing
costis generallysmallcomparedto renderingtime: Eachphotonrequiresexactlyoneray intersectionin therandomwalk
step,whereasthe distribution ray tracergenerates4 million raysalonefor the primary raysin a PAL-resolutionimage
with anoversamplingrateof 8 sampleper pixel. However, several of the laterproposedalgorithmswill requirehigher
preprocessingtimes.Whenusingakd-treeor a regulargrid, thetime for building theaccelerationstructureis negligible.

15
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Thecostof the radianceestimateis small even with moderatelysizedphotonmaps(up to about250.000photons).
The dominatingcost in the estimateis the cost for �nding the � nearestneighboursto

1

. As Jensencorreclystates,
increasingthenumberof overall photonsX (while keeping� �x ed) increasesrenderingcostbut slightly. This is veri�ed
in thefollowing table,andis dueto the fact that thecostfor thequeryis closelyrelatedto thedepthof the tree(which
is , U V

�

>

� X
Y ): Take,for example M

0

X

� ,����
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4

�

� ,����

8

=391sand M

0

X

� ,

	

4

�

� ,����

8

=614s,where10-folding
thenumberof photonsresultsin a mere55%increasein renderingtime. (Notethat for eachparameterpair in thetable,
exactly thesamenumberof raysareshot).

(in sec) k=10 k=100 k=1000
N=100k 72 391 1823
N=1M 156 614 4413

Contraryto this,Jensen'sconclusionthattheresolutionof thephotonmapcouldbeincreasedwithoutnotableincrease
in renderingtimecouldnotbecompletelyveri�ed, sinceincreasingX requiresincreasing� by thesamefactorto yield the
sameimage,sincechangingthe X

�

� ratio affectsthe �nal image(see�gure 3.1 in section3.3.1).Therefore,rendering
costwill very well increasewhenusingmorephotons,sincein�uence of � on M

�

R2���

�

�G�� is at leastlinear. In theabove
example M
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� ,����
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=391swould becomeM

0

X

� ,

	

4

�

� ,������

8

=4413s.Whenusinga local pass,� can
bekeptsmallwhenincreasingX , sincechangingthe X

�

� ratiowill thennotchangethe�nal imageasvisibly; soJensen
is partiallycorrectin this case.

3.2 Advantagesof the PhotonMap

The photonmaphasseveral advantagesover many other illumination algorithms. Sincemostof theseadvantagesare
alreadysuf�ciently publishedin theoriginal papers,they areonly brie�y summarizedhere:

� High quality: Incorporatesalmostany illumination features,includingcausticsandvolumetriceffects
� Flexibility: Allowsfor theuseof arbitraryobjecttypesandarbitrarybsdfs
� Adaptive to local illuminationdensity
� Ef�ciency (of theestimate)is independentof scenegeometry
� Simplicity of code
� Easilyunderstandable

Thephotonmap- asproposedin theoriginal papers- is generallyableto renderhigh-qualityimagesof highly complex
sceneswhile usingonly a moderateamountof resources.Thephotonmapis evenableto producecomplex illumination
featureslike causticsin a realisticallylooking way which areotherwisevery expensive to compute.Thehigh quality of
therenderedimagesmainly resultsfrom thefact that thephotonmapis ableto producealmostany illumination feature:
Somefeaturesaredueto the distribution ray tracer, which createseffectsresultingfrom specularor glossyre�ections.
Notethatlenseffectssuchasmotionblur or depth-of-�eld arealsodueto thedistributionray tracer. Dif fuseillumination
andcausticsarerenderedby thephotonmapshader. Thephotonmapis alsocapableof renderingvolumetriceffectssuch
asfog or volumecaustics(see[JC98]),whicharenotcoveredin thiswork.

Oneof the main advantagesover other renderingalgorithmsis that the photonmapis able to handlearbitrary il-
luminationmodelsaswell asarbitraryobject types- objectseven don't have to be parameterizable.This allows even
for suchcomplex representationsasrecursively, fractally, implicitly or procedurallyde�ned objects. Additionally, the
photonmapdoesnot requirethesceneto betesselated(asopposedto �nite elementmethods,mainlyRadiositymethods),
which enablesthe photonmapto rendercomplex sceneswith very compactscenerepresentations.The photonmapis
alsogenerallycapableof usingarbitrarybsdfs,which wasnot testedin our implementation.

As comparedto �nite elementmethods,thediscretedensityautomaticallyadaptsto localchangesin theillumination
density. This eliminatestheproblemof �nding a suitabletesselation,which hasalwaysbeena majorproblemfor these
methods.This is especiallyusefulfor representingcaustics,whichhave high locality.

Anotheradvantageof thephotonmapis thatthetimespentin theestimateis independentfromscenecomplexity: With
thesamenumberof photons,increasingscenecomplexity will only increasethe time spentfor ray-scene-intersections,
while mostof thetime is spentin nearest-neighbour-queriesandtheradianceestimate,whicharenot in�uencedby scene
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complexity. Notethatin reality, however, increasingscenecomplexity would requiremorephotonsto beusedto achieve
comparablequality, andwould alsoincreaserenderingtime dueto thedistribution ray tracer, asdocumentedin section
3.1.Therefore,this advantagecouldnotbefully veri�ed.

Thesimplicity of thephotonmapallowsfor aquick implementation.After therathertechnicalimplementationof the
datastructuresandquery-algorithms,thecodefor therandomwalk andtheestimateis easilycreated.Sincedistribution
ray tracersarealreadycommonlyused,this part is oftengiven in advance.This allows for thephotonmapto beeasily
integratedinto any existing distribution ray tracer. Flexibility andsimplicity of the photonmapcodealsoallow to use
photonmapalgorithmsanddatastructuresin secondaryapplications,for examplefor theef�cient samplingof directlight
(section4.2.3)or for gettinganestimatefor theimportancein ascene(section4.7).

3.3 Disadvantagesof the PhotonMap

While therearealreadyseveralpublicationsaboutthephotonmapin general,noneof thesesuf�ciently analyzesthe�a ws
of thephotonmapmethod.Therefore,we will �rst give a detaileddescriptionof theseproblems,which consistof two
classes:While thephotonmap's artifacts- whichareinvestigatedlateron in thischapter- aremostvisibly to theviewer,
thephotonmapalsohasseveralintrinsicproblems:Oneof theseis thatthephotonmaphighly dependsontheparameters
for theestimate(seesection3.3.1).Secondly, theforwardsimulationusedin therandomwalk is problematicundercertain
circumstances,which is coveredin section3.3.7. Someof thealreadycommonlyappliedextensionslike direct light or
localpassarealsoonly applicablein suitablesettings,seethediscussionin therespectivesections4.2and4.3.Finally, the
ef�cieny of thephotonmaphighly dependsontheef�ciency of thedistributionraytracer, asalreadysuf�ciently discussed
in section3.1.

Theseproblemsmayresultin very poorperformancein morerealisticscenes.
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3.3.1 Dependenceon Parameters

Thequality of theestimatehighly dependson theparameters,mainly thenumberof overall photonsX andthenumber
of queriedneighbours� . While it is clear that increasingX affects the quality of the estimate,the in�uence of � is
lessobvious. Thecritical parameterwasfound to be the ratio of X

�

� : Usingsmallervaluesfor � will requirefewer
neighboursto bequeried,resultingin a smallerquery-ballandincreasinglow-frequency noisein theimage.On theother
side,increasing� produceslargequery-balls,takingphotonsfrom a largervolumeinto accountandthereforeresultsin
increasedblurring. So,thechoiceis eitherblurringor noise(seeimage3.1).

�

=50k
�

=100k
�

=500k

�

�

�����������

�

�

���	�����

�

�

���������

Figure3.1: Sampleimageswith differentparameters
�

and � . Notetheincreasedblurringof theshadowswith
decreasing

�

� � ratio.

The'optimal' X

�

� ratiodependsonthescenetoberendered.While ,���. ����� ��
���. �����

�

, wasfoundto beareasonable
valuein mostof ourexpirements,this valueis subjectto changewith severalotherscenes:In theINVISIBLEDATE scene
(seechapter5), only a small fractionof thephotonsreachestheroomto berendered.Using thesameX

�

� ratio asin
SCENE6 wouldresultin ahugequery-ballin therenderedroom.

Theratio is lesscritical whenusinga localpass,sincebothblurringandlow-frequency noisearereducedby thelocal
pass.Eventhen,smaller� 'swill increaseMonteCarlonoisein thelocalpass,requiringmoresampleraysto beevaluated.
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Larger � valueswill increaseotherartifactslike energy-bleeding,visible bandsat geometrybordersor overmodulation
(seelaterin thischapter).Theseartifactswill negatively affect thequalityof thelocalpass.

Thetradeoff betweennoiseandblurringalwaysappliesto caustics,whereno localpasscanbeapplied(see[Jen96b],
'if theparametersarebadlychosen,thecausticwill eitherbecometooblurredor toonoisy').

3.3.2 Low-FrequencyNoise

Low-frequency noiseis the �rst-encounteredandprobablymostperceivableartifactof thephotonmap. It appearswhen
usingtoocoarsea resolutionof thephotonmapandtoosmalla � for theestimate(seeprevioussection).

Whenusingotherray-basedrenderingalgorithms(raytracing,BDPT, metropolis, .
.
. ), variancecanbereducedby
usingmoresamplesper pixel, which have to be independentof eachother. This independenceof samplesis no longer
assuredwhenusingthephotonmap:Similar raysresultin hitting thescenein similarpositions,yieldingqueriesatsimilar
positions. Becauseof the staticnatureof the photonmap- oncethe discretedensityis created,it will never change-
queriesin similar positionswill produceverysimilar - if not thesame- neighboursets1. Therefore,theradianceestimate
variesbut slowly, leadingto thelow frequency of thenoise.

To get independentsamples,eachqueryshouldresultin a new candidateset.This cannotberealizedbecauseof the
limited amountof memory: Renderinga PAL-resolutionimage- about800by 600pixels - with 10 samplesper pixel,
onegets �

����������� � ,�� or about� ve million primary rays. Using a �x ed �

� ,���� andassumingthe photonsto be
optimally placed,onewouldneedat least 
���� million photonsto assureindependentsamplesfor theprimaryraysalone.
500million photonswouldneedabout10 Gigabyteof memoryandhugerenderingtimes.In fact, thenumberof photons
neededwouldevenbemuchhigher.

Sincelower frequenciesareeasierperceivable to the eye than higher frequencies,this kind of noiseis especially
perceivable.Increasing� decreasesthefrequency of thenoise,blurring it, but not removing it. Thenoisein theestimate
canalsobereducedby increasingthephotondensity, which will alsoincreaserenderingtimeandmemoryrequirements
(seesection3.1).Usingalocalpasscompletelysremovelow-frequency noisefrom diffuseillumination,but alsoincreases

1In fact, thevolumeof thescenecouldbetesselatedinto �nitely many voxels in which eachpointhasthesameneighbours.
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renderingtime andis applicableonly in certainsettings.Noisecanalsobereducedby averagingsamplesfrom multiple
independentmaps,seesection4.4.

It canbe shown that low frequency noiseis not affectedby the uniformity of the distribution of the photons. To
demonstratethis, we createdphotonsdirectly on a �

�

4

,��

�

plane,andcalculatedthe radianceestimateon this plane. All
photonshave equalenergy anddirection,their locationwaschosedaccordingto several samplingpatterns,from purely
randomto patternswith increaseduniformity, includingjittered,n-rooks-samplingandthehaltonsequence.Oneof these
patternsis depictedin theleft imageof thefollowing �gure. Theright imageshowsthe' rendered'imageanddemonstrates
the noisecreatedby the estimate.The dark bandsaroundthe borderof the imagearedueto a wrong areaestimateas
discussedlater. Notethatthissettingis closelyrelatedto thetabletop in SCENE6.

positionof photons visualizedradianceestimate

3.3.3 Blurring

Blurring resultsfrom the fact thatanentirevolume- thevolumeof thequeryball - is usedfor theradianceestimateof
a singlepoint. Therefore,thehigherthenumberof photonsfor theestimate,the larger thequeryball andthehigherthe
blurringeffect. In consequence,blurringcanbedecreasedby usinglessphotonsfor theestimate,which in turn increases
noisein theimage.In [Jen96a],Jensenstatesthat' theblur in thephotonmapis actuallyanadvantagesinceit reducesnoise
in the�nal gatheringstep...'. However, increasedblurringnotonly requireshigherrendering-times(becauseof increased

� , seesection3.1), it alsoblurrs correctdiscontinuitieslike sharpcausticsor shadow borders.Therefore,blurring can
hardlybestatedasanadvantage.

As it wasdonein theprevioussection,blurring canalsobedemonstratedby visualizingtheradianceestimateof an
explicitly generatedpattern.This time, thephotonsarenot locatedin theunit square,but on asimplepolygon:

positionof photons radianceestimate(largek) radianceestimate(smallk)

Theleft imageshowsthepositionsof thephotons,from whichtheoriginal �gure canbeeasilyrecognized.Thecenter
imagedemonstratesseveralartifactswhenusinga largenumberof photonsfor theestimate:Partsof the�gure disappear
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becauseof an extremelyoverestimatedarea(seesection3.3.6). Additionally, the upper'shadow' is extremelyblurred.
The imageon the right shows how blurring anddark bandscanbe diminishedby queryingfewer photons,which also
increasesnoise.

Loss of Sharp Shadows The mostperceivableeffect of blurring is the loss of sharpshadows, sincethe radiance
estimateis unableto producesharpshadow borders:Querying � photonsin a shadowedareagrows thequery-balluntil
it contains� photons,however far away andhowever reasonablethesemaybe(alsoseeenergy-bleeding,section3.3.4).
Theenergy of these� photonsacrosstheshadow borderis thereforeblurredinto theshadowedarea,resultingin a soft
falloff of energy insteadof asharpshadow border(seesketchin �gure 3.2,effectsin �gure 3.3).
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shadowed area illuminated area

Shadow-casting object

query-position
(in shadow)

photons

blocked photons

side view top view

real shadow border

query-position
(in shadow)

estimated radiance

Figure3.2: Blurring of shadow borders:Thequeryball is extendeduntil it containstherequirednumberof �

photons,evenif thequery-positionis in completeshadow.

In theextreme,this leadsto a completeremoval of someshadows: If theshadow-castingobjectis relatively smallor
narrow, i.e. the leg of a tableor the thin lampin INVISIBLEDATE, theshadow completelydisappearswhenusinglarge

� 's for theestimate(see�gure 3.3).
For thelaterdiscussionin section4.2,shadowshaveto beclassi�edinto2 kinds:directshadowsandindirectshadows.

Directshadowsareshadowsresultingfromdirectillumination. In many scenes,thesearethedominatingshadows,andcan
oftenberenderedef�ciently by separatecalculationof directlight. Indirectshadows areshadows resultingfrom indirect
light. Sinceindirect illumination is generallylessdirectionalthandirect illumination, indirectshadows will appearonly
in specialcases,for exampleshadows in a causticor whenhaving a sceneilluminatedonly indirectly by a small,highly
energeticarealike theslit createdby theopeneddoor in the INVISIBLEDATE scene.Then,this areabehavesalmostlike
a light source(see[CRMT91]), castingindirectshadows.

Indirectshadows cannot behandledby separatecalculationof directlight.
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Blurr ed CausticsBorders For causticborders,thesameargumentationholdsasfor shadow borders.Queriesclose
to a causticwill extendthe ball into the caustic,blurring the causticborder. Blurring of causticsis generallyharderto
handlethanshadows: Sincecausticsdo not resultfrom direct light, they cannotbe improvedby separatecalculationof
directlight. Neithercanthey behandledby a local pass.Quality of causticscanonly beimprovedby usingmorecaustic
photons,seesection4.6.

Figure3.3: Lossof shadows: Shadows underthetableandon thechairsin SCENE6 arecompletelysmoothed
away. For a descriptionof thedepictedscenes,andsomemorecorrectlyrenderedimages,seechapter5. The
lower imageshows INIVISIBLEDATE. Here too, shadows from table, sofa and lamps(as canbe seenin a
Metropolis-renderedmasterimagein section5) aremissingcompletely. Theseshadows areindirect,andcan
notberenderedby separatecalculationof directlight.

Other Effectsof Blurring Blurring mayalsoappearin otherforms,i.e. by blurring thecolor. Thisdid notappearin
ourscenes,but couldbeseenin severalotherpapers,evenin verysimplesettings.Energy bleedingis alsocloselyrelated
to blurring.
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3.3.4 Energy-Bleeding

Energy-bleedingis aneffectwhereenergy contributesto theilluminationof a locationfrom which it is physicallyblocked
by geometry. It is aconsequenceof notregardingany geometricor topologicrelationsin theestimate:A queryatposition

1

returnsthe � closestphotonsto
1

without knowing whetherthesephotonsreally 'belong' to the querypositionin a
physicalsenseor not (e.g. whetherthey areblockedby a wall assketchedin �gure 3.4). This effect canbereducedby
betterplausibility tests,which will, however, introducenew problems(seediscussionin section4.1). Energy-bleedingis
closelyrelatedto blurring,with theonly differencethatit is usuallymuchstronger, andthatenergy will evenbe'blurred'
throughblockinggeometry, makingit muchmoreperceivablethan'normal' blurring,especiallyin thelocalpass.

eye ray to be shaded

wall

on hidden side

photons on correct side

query-point 

invalid photons
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X
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photons
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energy bleedingthroughawall energy bleedingthrougha table

Figure3.4: Energy bleeding:A queryon awall which is highly illuminatedfrom thehiddenside.

Figure3.5: Effectsof energy bleeding:Energy from thebacksideof thewall bleedsthrougharoundtheedges
of thewall (left side,smoothedby theskippingmethod).This artifactsevenpersistswhenusinga local pass,
asdemonstratedontheright. Energy-bleedingis alsoresponsiblefor theexcessive amountof noisein thelocal
pass,evenafterover 6 hoursof renderingtime.
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In the INVISIBLEDATE scene,for example,energy bleedingproducesan entirelyhighlit wall, if no stepsaretaken
to prevent this. Whentestingsurfacenormalandphotondirection,this effect still appearat theedgesof thewall, when
photonsonthe�oor andceilingarefound(see�gure 3.5). Energy-bleedingis still problematicevenusinga localpass,as
canbeseenin theright image.Energy-bleedingalsoappearsin smallerscale,for exampleevenin suchansimplesetting
asSCENE6: Whendeterminingtheradianceestimateon thechairswith a large � , thequery-ballgrows until it contains
someof the photonsfrom the top of the desk. Then,energy from the top of the tablebleedsthroughto the chairs,as
sketchedin �gure 3.4.A methodwasimplementedwhich removesenergy bleeding(seesection4.1.1);its cost,however,
is extremelyhigh,andcanonly bejusti�ed for suchseverecasesasINVISIBLEDATE.

3.3.5 Overmodulation

Overmodulationis anartifactwhichappearsasanoverly illuminatedarea.It is dueto thefactthatthedivisionby ��


H

�

�PF

�

resultsin a large radianceestimatewhenradiusgetssmall. This oftenhappensin areaswherelargeclustersof photons
arestored,e.g. becauseof geometrywhich is closeto light sources,like thepolygonal'exit' letterson the exit sign in
�gure 3.6. Insteadof limiting overmodulationto thelightsources,theblurringeffectextendssuchovermodulatedpartsof
thesceneover largerareas.

Figure3.6: Effectsof overmodulation. The high photondensityat the light sourceleadsto an entirelyover-
modulatedarea. In the lower imagedepictsthe areaasit looks whenovermodulation is removed by a local
pass.
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3.3.6 Artifacts ResultingFrom a Wr ongAr eaEstimate

Artifacts in theestimatesometimesappearashighlightedor darkenedbandsatgeometrybordersandedges,i.e. ataround
thebordersof thetabletop or in theedgesof theroom,ascanbeseenin �gure 3.8. Theseartifactsaredueto a wrongly
estimatedarea:Sincetheradianceestimateis in fact a densityestimationproblem,anestimatefor theenclosedsurface
areais needed.This is approximatedastheareaof thequery-ballprojectedontoa planeandis therefore���

�

, resulting
in the previously usedradianceestimateof

�




�

* � . SCENE6 is an especiallygoodexamplefor the in�uence of the area
estimate:Here, the randomwalk resultsin all photonshaving aboutthe sameenergy, and the changein the radiance
estimateresultssolely from the changeof queryball's radius. Becauseof this strongin�uence of the areaestimate,a
wrongareaestimateimpliesa faulty radianceestimate.

area estimate
correct

than the area actually covered

area covered by the sphere is a circle
estimate is correct

estimated area (full circle) is larger

covered area
is larger than
esimate

covered area
is still too large

area estimate

the same effect when approaching 
a corner (side view)

radiance estimate

correct again

Figure3.7: Wrongestimationof coveredareaatgeometrybordersandedges.
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Theareaestimateis correctwhereever thespherefully coversa�at surfacearea,but will highly overestimatethearea
(andthereforeunderestimateradiance)at geometryborders,wheretheareaactuallycoveredis only a fractionof a circle
(seesketchin �gure 3.7). This resultsin a visible falloff of energy neargeometryborders,ascanbeseenin �gure 3.8.
The oppositecasehappensif thespherecoversa surfacelarger than ���

�

, i.e. if thespherecoversboth the �oor anda
tableleg, or botha sidewall andthe�oor (alsosketchedin �gure 3.7).

SCENE6 enlargedtableborders

enlargedroomedges

Figure3.8: Visible bandsat geometrybordersandedges.Thereasonsfor bothartifactsaresketchedin �gure
3.7.

In fact, thesameargumentationappliesto any non-�at area:In [JC98],Jensenrefersto this as“The ... estimateis
valid aslongasthesurfaceis locally �at”. Sincethequery-ballis not in�nitesimally small,theareain thequery-ballvery
oftenis not �at, especiallyin areaswith highly complex geometrysuchasfractallyor procedurallyde�nedobjects,which
areproposedasoneof themainfeaturesof thephotonmap.

Note that the width of the bandsis equalto the radiusof the sphere,andcanthereforebe diminishedby usinga
smaller � valueif theincreasednoisecanbetolerated.
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3.3.7 Problemsarising fr om the Forward Simulation in Generating the Photons

In theoriginal papers,thephotonsaregeneratedby randomwalk asshown in section2.2. Thiskind of randomwalk is a
pureforwardsimulation,generatingthephotonswithout takingthedifferentimportance2 in differentareasinto account.
In the INIVISIBLEDATE scene(seechapter5), this leadsto a largenumberof photonsin the roomwith the lightsource
(several thousandphotonsin the lower example),while only a small fraction of thephotons(in our example,lessthan
50) will actuallyreachtheroomto berendered.This meansthat themajority of thephotonsis usedto approximatethe
radiancein the 'unimportant' neighbouringroom,at very high density, while thephotondensityin the really important
roomis very low. This implies thata hugenumberof photonshasto beusedto geta reasonablyhigh photondensityin
theinterestingareas(seethefollowing �gure). Thesameappliesto SCENE10: Here,thephotonsarecreatedwith equal
densityin all of the100rooms,while only asmall fractionof thesephotonsis actuallyusedin therenderingstage.

Theproblemcanbesolvedby usingimportancedrivenmethodsfor generatingthephotons,seesection4.7

photons importance

SCENE10

INVISIBLEDATE

The �gure depictsthe unsuitabledistribution of photonsthat ariseswhendoing a pureforwardsimulationwithout
takingimportanceinto account.SCENE10 consistsof anarrayof ,���� ,�� equal,interconnectedrooms,eachwith a light
source.Here,all roomsareapproximatedwith equaldensity, while samplesfrom only few roomsareactuallyusedin the
renderingstage.Theleft imageshows the locationsof thephoton- asseenfrom thetop - while theright imagedepicts
theimportancein this scene.In INVISIBLEDATE, photondensityis almostinverselyrelatedto theimportance:Theright
roomwith thelight sourceis approximatedat very high density, while theleft roomwith theviewer receivesonly a very
smallfractionof thephotons.

2Wewill restrictourselvesto anintuitive de�nition of thetermimportance. A moreprofoundde�nition canbefoundin [PP98].
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Chapter 4

PhotonMap Algorithms

Onemethodof usingthe photonmapis using it in a standaloneversion,by directly visualizingthe radianceestimate.
As statedin the previous chapter, this generatesseveral artifacts,or otherwiserequireshugephotonmap resolutions.
Therefore,extensionsof the photonmapareneededin orderto improve the quality of the image. Onestraightforward
way for improving thestandalonephotonmapis theseparatecalculationof direct light, which oftenmakesup for more
than50 percentof the illumination in simplesettings.Severalalgorithmsfor theseparatecalculationof direct light are
coveredin section4.2. An alsocommonlyused'improvement'is thelocal pass,which is discussedin section4.3. Even
for thesewell-known methods- direct light andlocal pass- a thoroughinvestigationis undertaken,showing both their
strengthsandtheirweaknesses.Thischapteralsoprovidessomeadditionalextensions,whicharenotyetpublicly applied
andwhichaim at removing theproblemsdiscussedin thepreviouschapter.

4.1 Testingqueried Photonson their Feasibility

As statedin thepreviouschapter, severalof theartifactsresultfrom simply queryingandshadingthe � nearestphotons
to

1��

, even if thesephotonsare not reasonable.Sincethe photonmap doesnot containany geometricor topologic
information, the feasibility of a photoncannot be evaluatedwith absolutecertainty. This leaves only someheuristic
plausibility teststo preventshadingof unreasonablephotons.

Thesetestscanbeincorporatedinto eitherthequeryor in theshadingstep.In the�rst case,photonsarestoredonly
if they arepresumedfeasible.Thesecondsolutionis to �rst doa queryfor all k-nearestneighbours,andthen�ltering out
only thefeasibleonesbeforeshading.The�rst methodalwaysreturns� reasonablephotons,while thesecondmethodmay
- in theextreme- discardmany, if notall, of thefoundphotons.Ontheotherhand,thesecondmethodwill performexactly

� plausiblitytests,whicharemuchlessthanin the�rst method,whereany visitedphotonhasto betested.Therefore,the
secondmethodis themethodof choiceif very expensive testssuchasocclusion-testing4.1.1have to beperformed.Less
time-consumingtestsshouldbeapplieddirectly in thequerystep.

Suchtests,however, haveto beusedverycarefully. They oftenappearplausible,but still remainonly heuristics:Most
of suchtestsarereasonablein thegeneralcase,but mayutterly fail in otherenvironments(see�gures 4.2and4.1).
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Figure4.1: A simpleplausibility test:Testingtheangle +��
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� to bebelow 90 degreesis simple
and seemspromisingin casea. However, it would be a bad classi�cation in caseb. Similar casescan be
constructedfor othertests.
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Figure4.2: Specifyinga culling planeby querypositionandsurfacenormal (dashedline) yields anotherds
anotherplausibility test.Consideringphotons'behind' thisculling planeinvalid, illuminationfrom thebackside
(asdemonstratedin section3.3.4)canbepreventedon �at surfaces(assketchedin casea),but maybefatalon
curvedsurfaceslike in caseb, wherealmostall photonson theellipsoidareconsideredinvalid.

In our implementation,only photonswith a 'suitable'anglebetweenphotondirectionandsurfacenormalareconsid-
eredfeasibleto reduceillumination from thebackside.In INVISIBLEDATE, this testpreventsphotonsfrom theopposite
sideof 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 test is testingphotonsto be 'in front of' the
query-position.This correctlyculls all photonson theothersideof thewall, but fails on edgesor on convex objects,as
sketchedin �gure 4.2.

Anotherplausibilitytest,especiallyfor causticphotons,is to specifyamaximumsearchradiusandacertainthreshold,
andthendiscardingthefoundphotonsif theirnumberis below thespeci�edthreshold(i.e. if lessthan10%of thequeried
numbercouldbe found). This test is capableof removing theartifactscreatedby straycausticphotons(seediscussion
in section5), thereforeremoving the noisecreatedby thesephotons.However, it remainsof very limited valuein the
theoreticalsense,sinceenergy is lost with thismethod.

As a result,it canbestatedthatcertainplausibility testsmayimprove visualappearancein suitablecases.However,
sincethesetestsare mainly basedon heuristicsandcasesof badclassi�cationscanbe easilyconstructed,they areof
limited value.Therefore,our implementationonly testsphotondirectionagainstsurfacenormal.

4.1.1 OcclusionTesting

Section3.3.4and�gures 3.4and3.2showedhow theradianceestimateproducesartifactswheneverphotonsarefoundin
thequerywhich do not physicallybelongto thepoint to beshaded.This resultsin blurredshadow-bordersandenergy-
bleedingthroughsurfaces.Asstatedbefore,plausiblitytestswhicharebasedonheuristicsalwaysremainof limited value.
Therefore,amorephysicallymotivatedapproachwastested,by verifying whetheraqueriedphotoncouldphysicallyhave
reachedthequerypoint: In therandomwalk step,eachphotonis taggedwith thepositionfrom which it originated.In the
shadingstep- afterthequery- visibility is testedbetweenthequery-point
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andtheorigin (not theposition!) of photon
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1; if x is visible from y
0; otherwise.

Thistestis veryexpensive,sincefor eachqueryandfor eachphotonfoundin aquery, anoccludertesthasto beperformed.
Even increasingthecostis the fact that �
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true,since
1��

and
1

!

areverysimilar. Many methodshave beendevelopedto accelerateoccluder-testswhenocclusionis
very likely (see,e.g. thediscussionin [JC95a]).Theoppositecase- whereocclusionis unlikely - is considerablymore
complex (i.e. shaftculling), makingoccludertestsalmostalwaysasexpensive asshootinga ray, in our implementation.
This justi�es themethodapplicableonly in severecases.

Occlusiontestingis very expensive, but may resultin signi�cantly increasedquality (see�gure 4.3), by preventing
energy-bleedingandblurring of shadows. Fasterocclusion-testingalgorithmswould reducerenderingcost.Themethod
not only removesenergy-bleeding,it alsoproducesdirect andeven indirect shadows. Note that this approachis very
similar to InstantRadiosity, aspresentedin [Kel97].

originalmethod occlusiontesting

skipping

local pass

Figure4.3: Impactof occlusion-testing on INVISIBLEDATE. For theskippingmethod,renderingtime for IN-
VISIBLEDATE onaDECAlpha/333wasincreasedfrom �

�

� hoursto about15hours.Themethodalsoimproves
thelocal pass.Here,renderingtime wasincreasedfrom 6 to 9 hours.

4.2 SeparateCalculation of Dir ect Illumination

As shown in section2.1, ]

* canbeexpressedas
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where ]

� is calleddirect illumination, ]�� is soft indirect illumination and ]�� arecaustics.Indirect illumination and
causticscanbeapproximatedby thephotonmapasbefore,with theonly modi�cation of only consideringphotonswhich
hadat leastoneinteractionwith thescene.Direct illumination
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is of a relatively simpleform, andcanbecalculatedseparatelyathigh quality. In simplescenes,directlight makesup 50
to 70percentof theilluminationandis mainlyresponsiblefor shadows,whichareoftendirectshadows. Calculatingdirect
light separatelywill thenvisibly increaseimagequality by reducinglow-frequency noiseandenhancingdirectshadows.
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Anotheradvantageof calculatingdirectlight separaratelyis thatdirectphotonsneednotbestored,thusnoteablyreducing
thenumberof diffusephotons,leaving roomfor a higherdensityin approximatingindirectillumination.

In scenesdominatedby direct illumination, artifactsare reducedconsiderably(see�gure 4.4): Exceptfor Monte
Carlonoise,artifactsin thediffuseillumination areremovedcompletely. Sincetheremainingindirectillumination often
is relatively weak,the artifactsin the indirect illumination arethendominatedby the correctdirect illumination. This
makes'weaker' artifacts(suchasvisible bands)almostinperceivable,especiallywhenusingtexturesor renderingnoisy
environmentssuchasfog, poolsor underwaterscenes(asin [JC98]). In severalcases,artifactslike low-frequency noise
or overmodulationcanstill beseenin areaswhereindirectilluminationdominates(see,for example,�gure 4.5).

In scenesdominatedby indirect illumination (e.g. INVISIBLEDATE or BATHROOM, seechapter5), separatecalcu-
lation of direct light is a wasteof effort. Note that this mayhappenrelatively easyin 'unsuitablymodelled'scenes.In
theBATHROOM scene,for example,thoughit seemsto bemainlydirectlyilluminated,light hasto passthroughtheglass
spheressurroundingthe light bulbs beforereachingthe scene,makingall illumination indirect. The sameeffect could
beobtainedby simply covering the lightsourcein SCENE6 with a glassplate. This limits separatecalculationof direct
illumination to 'suitablymodelled'scenes,andmayrenderit futile in morerealisticscenes.

Figure4.4: Improvementsdueto independentcalculationof directlight. Notethesharpershadows in theright
image,especiallyon thechairs.

Figure4.5: This imageshowsa zoomedpartof theceiling,wherelow-frequentnoisestill persists.
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4.2.1 Monte Carlo Integration

Sincedirectillumination ]

�C�

MPN!O��
]

 consistsmainlyof theevaluationof anintegralwith aknown integrand]

 , it can
becalculatedby MonteCarlointegrationasproposedin [SWZ96] and[War91a]. Thismethodis well-known andalready
acceptedasa standardmethodfor calculatingdirect light in photorealisticrendering:Let �
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since ]
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not on a lightsource.Denotingthe integrandby ]
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, this canbe evaluatedby
MonteCarlointegrationas
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wherethe ��� arei.i.d. sampleson thelightsources.

Variancecanbereducedbyvariousvariance-reductiontechniquesaspresentedin [Kel98] and[SWZ96]. Strati�cation
yields
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(4.1)

where X

� is thenumberof sampleson source]

� andthe ���

�

arei.i.d. sampleson ]

� . Variancecanbefurtherly reduced
by importancesampling,i.e. by choosingX

� proportionalto thecontributionof source]

�!. Sincethis contribution is not
known beforehand,the X

� arechosento beproportionalto theemittanceof ]

� , whichoftenis areasonableapproximation
in simplesettings.Othervariancereductionmethods- for exampleQuasiMonte Carlomethodsfor samplingthe light
sources- canbeappliedaswell.

However, asJensenstates:“This approachis very simple,but alsovery time consuming”[JC95a]. Monte Carlo
samplingperformsverywell in severalcases,but resultsin poorperformanceif thenumberof light sourcesis large.Each
samplerequiresthe evaluationof a shadowray ( �

021P4
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8

), which basicallyrequiresa ray to be shot. This makescost
prohibitive whenrenderinglargenumbersof light sources.Evenasseveral accelerationmethodsfor shadow raysexist
(seethediscussionin [JC95a]),high samplingratesandlots of light sourceswill still requirehigh renderingtimes,due
to thelargeamountof shadow raysto beevaluated(seetable4.1). If mostof thesourcesarehidden,mostof theeffort is
wasted,sincesampleswill contributeno informationif �
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�

8

� � , andsotheaim of all optimizationsmustbeto avoid
castingshadow raysthatyield �
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8

� ��.
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Shadow rayspersample ���

�

��� time(sec)
100 0.030 436
200 0.022 821
400 0.016 1507
800 0.013 2875

Table4.1: MonteCarlosampling(SCENE10, 8 samplesperpixel). Measuresaretakenon a DEC Alpha/333.
Notethatin SCENE10, shooting100shadow raysgeneratesonly 1 sampleperlightsource.

4.2.2 Shadow Photons

Asstatedbefore,thedominatingfactorin thecomputationof directilluminationis thecostfor theevaluationof theshadow
rays.In [JC95a],Jensenproposestheuseof shadow photonsasa meansfor thefastcalculationof direct illumination by
reducingthenumberof shadow rays.Themethodis notappliedin our implementation,andis thereforeonly summarized
herebut brie�y for thesakeof completeness:In a preprocessingstep,shadow photonsarecreatedby tracingraysfrom
light sourcesthroughthe entirescene.At the �rst intersectionpoint a 'standard'direct photonis stored,just asin the
original randomwalk. At eachof thefollowing intersectionpointsashadow photonis created.In thisway, Jensenobtains
threetypesof photons:

1. directstandardphotons

2. indirectstandardphotons

3. shadow photons

Thisinformationis thenusedto optimizethecalculationof directillumination. In orderto calculatedirectlight atposition
1

, aqueryfor thenearestneighboursto
1

is done.Then,thenumber
 R of shadow photonsandthenumber
7S of normal
direct photonsamongtheseneighboursis counted. Basedupon thesetwo numbers,threeclassi�cationsof

1

canbe
obtained:

1. 
�S�� ��� all photonsareshadow photons� x is completelyshadowed

2. 
7R � ��� all photonsareillumination photons� x is completelyilluminated

3. 
7R�� � � and 
�S	� � ���

1

is closeto ashadow border.

This classi�cation is usedasan heuristicto reducethe numberof shadow rays. In case1, no shadow rayshave to be
shot,sincethepoint is assumedto becompletelyshadowedanyway. In thesecondcase,thevisibility function �

021P4

�

8

is assumedto be , , andthecontribution from the light sourceis addeddirectly. Shadow rayshave to beshotonly in the
third case.Even in this case,direct light canbeapproximatedwithout shootingshadow raysby ]

�

�

�

�

�
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�

�

. Jensen
foundout thatabout90%of theshadow rayscouldbesavedin his experiments.

However, Jensenalsooutlinedpotentialdrawbacksof this method,mainly the largenumberof shadow photonsin
certainsettings,andthepossibility of artifacts. In complex environments,eachray startedon a lightsourcewill have a
large numberof intersectionswith the scene,eachgeneratinga new shadow photon. This leadsto a large numberof
shadow photons,and- worst of all - a large ratio of shadow photonsto direct photons. Storingabout10 to 20 times
asmuchshadow photonsasnormalphotonsis prohibitive. Additionally, complex objectstendto createlarge clusters
of shadow photons,increasingthe probability that all k neighbouringphotonsareshadow photons,even if the point is
illuminated. Anothereffect is the introductionof artifactsinto thescene:Dueto theprobabilisticnatureof themethod,
small shadow-castingobjectsmay be missedby direct photons,thereforenot generatingshadow photonsandresulting
in a missingshadow. Even largephotondensitiesmight not resolve this problem.The heuristicalsomakesthemethod
biased. The last problemis that the methodis highly impractical for large numbersof light sources:This needsan
excessive amountof shadow photons,andeachlight sourcerequiresindependenttreatment.Becauseof thesereasons,we
consideredthemethodimpracticablefor realisticscenes.It is thereforenot appliedin our implementation.
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4.2.3 Importance Samplingusing PhotonMap Inf ormation

In theprevioussections,it wasstatedthat the time for calculatingdirect light canbereducedby saving shadow raysto
hiddensources.As theusageof shadow photonsintroducesseveral problems,we developeda differentmethod- in the
sequelcalledPhotonDirect- to save shadow raysby applyinginformationfrom thephotonmap.

As statedin section4.2.1, variancecan be reducedby importancesampling,i.e. by choosingthe number X

� of
samplesper sourceaccordingto the importanceof source ^

�!. The importanceof source ^

� to point
1

is equalto the
amountof directilluminationreceivedfrom sourcê � , which is notknown beforehand,but maybeestimatedby applying
thephotonmap.Therefore,directphotonsaretaggedwith its emittinglightsource1.

To calculatedirectlight, aqueryis doneamongthedirectphotons.X

� is thenchosenproportionalto �

�

4

where�

� is
theenergy of thephotonsfrom sourcê � amongthefoundphotons:
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which is similar to theradianceestimatefor directlight. Thisyields

X

�7�

�

�

�

���

���

�

�

X

�

&

�9��*?���

�

���/�9T

4

where X
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���/�9T is thenumberof samplesshotto the light sourcesfrom which photonswerefound. Direct light is
thenestimatedasin equation4.1. Dueto therandomnatureof themethod,somesourcesmight bemissed;therefore,at
leastonesamplehasto beshotto thesourcesfrom which no photonswerefound to makethealgorithmunbiased.This
preventsartifactsfrom badclassi�cations,asmayarisewhenusingshadow photons.Let ]Q^
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&
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� ) bethesetof all
sourceswhichdid (did not)contributephotonsto thenearestneighbourset.Then,directillumination is calculatedby
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This methodis useful whenhaving a large numberof lightsources,andwhenalmostany point is illuminatedby
only few sources,asis thecasein several realisticsettings(see,for example,SCENE10). Then,theshadow rayscanbe
concentratedto the really importantlightsources.Underthe assumptionof having few sourcesilluminating any point,
almostcertainlyall of thesesourceswill be found in a query, resultingin all samplesof the last term becomingzero.
Therefore,few sampleshave to beshotto thesenon-contributingsources,saving almostall shadow raysto thesesources.
However, if notall contributingsourcesarefoundin thequery- which is likely if apoint is illuminatedby many different
sources- the samplesof the last term tendto createnoise,becausethey areweightedby

�

]Q^

�

&

�

�

, which is large2 (see
exampleimagebelow).

1Theextramemorycouldbeavoidedin somerathertechnicalways.
2Theeffect canbesoftenedby mixing bothMC-samplingandPhotonDirect,i.e. usingthehighersamplerateson thecontributing

sourcesjustasin PhotonDirect,but shootingexactly onesampleto eachnon-contributung source- thenweightedby 1.
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Theprobabilityof this kind of noiseis correlatedto theprobabilityof not �nding photonsfrom all light-contributing
sources.This probability increaseswith thenumberof sourcesilluminating

1 �

anddecreasesby increasingthephoton
mapdensityandthenumberof queriedphotons.Thisyieldstwo results:

1. Noisecanberemovedby usingmorephotons

2. Themethodperformsbestwhenhaving a largenumberof light sources,but wheremostareasareonly illuminated
by few sources.

Insteadof the time spentfor the shadow rays, the limiting factor of the PhotonDirectmethodis the time spentin the
queries- about50to 90percentof thetimeis spentthere.Theresolutioncanbekeptrelatively low evenfor suchcomplex
scenes- theabove exampleshave beenrenderedwith only 100.000photonsin SCENE10, resultingin only about1000
photonsper room. The main disadvantageof the PhotonDirectmethodis its dependenceon parameters,as is the case
with all photonmapmethods.

The methodyields several opportunitiesfor improvements:Caching,for example,can be easily implementedby
simplyusingtheneighbourhoodof thepreviousqueryif thenew querypoint is 'closeenough'to thepreviousone.Since
thequalityof theestimatedoesnotaffectcorrectness,cachingcanbeappliedhere,andis highly effective: In severaltests,
cachingthephotonshasreducedrenderingtimefor directillumination in SCENE10 by aboutafactorof 20! Furtherwork,
however- especiallyontheimpactof cachingonthequality- hasnotyetbeenundertaken.Anotherpossibleimprovement
is to useimportancedrivenphotonmapsaspresentedin section4.7,to reducethenumberof photons.

Even thoughcorrectnessof themethod- in thesensethat its expectedvalueis correct- canbeshown quiteeasily,
proving its superiorityover pureMonteCarlosamplingis considerablyharder. This is thereforeonly 'demonstratedon
theexample' in thefollowing images:Both imagestookabout430secondsona DECalpha/333.

MonteCarloSampling PhotonDirect
100samples 20+1samples,50/10.000photons

Theimprovementscanalsobemeasuredby theRMS-errorasshown in thefollowing table.Measuresaretakenwith
SCENE10, 8 samplesper pixel, on a DEC Alpha/333. 100+1samplesmeanstaking 100 samplesfrom the important
sourcesand1 samplefrom unimportantsources.Rows 2 and3 show how thesamequality canbereachedwith different
parameters,at hugedifferencesin cost. Note that theparametersarenot optimally chosenandthat cachinghasnot yet
beenusedin theseexperiments.

settings samples ��	-^

\

�

&

�

&

� �D�/*? ?�2� time (sec) time to achieve samequality
(k,N) with MonteCarlosampling

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 (not measured)
50+1 0.009 1755 (not measured)
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4.3 Local PassIntegration

As shown before,radiancecanbeexpressedas
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are i.i.d. sampleson the hemisphere.Variancereductiontechniquessuchas in [Kel98] can be
applied. The implementationis straightforwardand requiresonly minor changesto the photonmap shader. Because
of the smoothingpropertyof the integral, applyingthe local passeliminatesmany artifacts. Blurring andnoisein the
integrandareaveragedaway, andvisible bandsandovermodulationarereduced(see�gure 4.6).

Figure4.6: Overmodulation removedby thelocalpass.Notethenoisearoundthelightsource,wheremorerays
arelikely to becomeovermodulated.

However, the local passalsohasseveral drawbacks:Onedrawbackof the local passis that it is limited to diffuse
illumination, socausticshave to be rendereddirectly with theestimate.As a result,artifactsstill appearin caustics,i.e.
causticborderswill alwaysbe smoothedout to a certainextent. This createsproblemsin sceneswith many singular
objects,for examplepartially re�ective tiles asin INVISIBLEDATE: Large singularareaswill create'caustics' almost
everywherein the room, renderingthe local passineffective. The sameappliesto BATHROOM, whereall photonsare
classi�edascausticphotonsafterpassingtheglassspheressurroundingthelightsources.

The worst drawbackof the local passis the dramaticincreasein renderingtime. Having X
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asthe oversampling
ratefor the local pass,insteadof oneevaluationof ]
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(onequeryandoneshadingof thephotons),X
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such
evaluationshave to becomputed,togetherwith X

(

!

additionalraysto beshotand X
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additionalqueriesto beperformed.
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This effect is increasedby theobservation that the local passcreatesMonteCarlonoisein the imageif thephotonmap
estimatehashigh variance,for examplebecauseof overmodulatedareas.This noisecanonly be diminishedby using
largeoversamplingratesX

(

!

4

makingthecostprohibitive. JensenusesWardsirradiancecaching[WH92] to accelerate
his localpasson lambertiansurfaces.Irradiancecachingis notusedin our implementation.

Artifactsin theestimatemaysometimespersistevenwhenusingalocalpass,sinceintegratinganerroneousintegrand
will generallynot yield thecorrectvaluefor theintegral. In INVISIBLEDATE, energy-bleedingaroundthebordersof the
wall (seeleft imagein �gure 4.7) is still partiallyvisible,sincein theseregions,abouteverysecondsamplehitsanoverly
illuminatedarea.Also notetheexcessive amountof noisecreatedby samplerayshitting theovermodulateddoorandwall
corners,evenafterhugerenderingtimes.

standalonephotonmap,37 minutes localpass,20hours

As a result, it canbe statedthat a local passproducesabsolutelysmooth,high quality imagesin sceneswherethe
radianceestimatevariesbut slowly, but createsnoisein morerealisticsettings.Renderingcostfor removing thenoise
becomesprohibitive in thesesettings.

without local pass with local pass

Figure4.7: Artif actsof the local passwhich aredueto energy bleeding:Energy bleedingsill persistsaround
thecornersof thewall, andcreateslargeamountsof noise.
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4.4 Multiple PhotonMaps

Sinceimagequalitydependson thenumberof photonsused,it wastestedhow imagequality is affectedwhenorganizing
thesephotonsin morethanonemap. Therefore,we storedthe photonsin 	 differentmaps,eachcreatedby its own,
independentrandomwalk. Theradianceestimatethenis takenasthemeanof the 	 differentestimates
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Experimentshave shown thattheachievedqualityonly dependsontheoverallnumberof photonsused(seethefollowing
table).For example,theerrorof animagerenderedwith 1M photonsequalstheerrorof animagerenderedwith 10maps
of 100kphotonseach.Sincememorycostis thesameandef�ciency decreaseswhenusingmoremaps,thismethodalone
is of ratherlimited value.It only provesthatusingmoremapsyieldsthesamequality asusingmorephotons,which is a
prerequisitefor 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 improvementcanbereachedby not usingseveralsmallermapsat thesametime,but by usingseveral largemaps
in turn, usingapproximatelythesameresources:Whenrenderinganimage,severalsamplesaretakenfor theevaluation
of a singlepixel for thepurposeof antialiasing(oversampling).As statedin section3.3.2,thesesamplesarenot truely
independent,sinceall of thesesamplesaretakenfrom thesame,rigid photonmap,creatinglow-frequency noise. If all
of thesesamplesaretakenfrom differentmaps,independenceis assuredandlow-frequency noiseis reduced.This can
beachievedby �rst generatinga mapof X photonsfor the�rst sampleof eachpixel. Then,this mapis discarded,anda
new mapis generatedfor thesecondsamples,andsoon. Sinceeachsampleis takenfrom a mapof X photons,quality
andquery-timefor eachsampleis thesameaswith theold method.Memorycostalsoremainsthesame,becauseat any
giventimeexactlyonemapis storedin memory. Theonly additionalcostresultsfrom the

F

� , additionalrandomwalks,
which is bothconstantandrelatively smallcomparedto renderingtime,at leastin complex settings.With thismethod,the
imageis renderedusing

F

�

X photonseffectively, which reduceslow-frequency noise.Otherartifactsarenotaffected.

for (i=1..s) {
create new map P of X photons
for each pixel x,y

color(x,y) +=
=

R Sample(x,y,P)
}

Themethodcanalsobeimplementedby averaging
F

singleimages,eachrenderedwith X photonsandoversampling
1, yielding a sourcefor parallelizationor increasedinteractivity throughintermediateresults.Theimpactof this method
is illustratedin �gure 4.8.An increasein quality canalsobeshown by measuringtheRMS 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 frequency of the noisein the estimatenot oly affectsthe independenceof samplesin the samepixel, but
alsotheindependenceof samplesin neighbouringpixels.Therefore,thisschemeof usingmoremapscanbecarriedeven
furtherby usingdifferentmapsfor neighbouringpixels: Now, the�rst mapis not takenfor the�rst sampleof everypixel,
but only for 1 samplein an ^

�

^ patternof pixels:
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SingleMap Multiple Maps

Figure4.8: Impactof usingmultiple maps:Theright row shows theuseof 1, 4 and16 mapsandhasthesame
memoryusageastheleft imagewith oversamplingvaluesof 1, 4 and16respectively. Up to someconstantcost
for theadditionalrandomwalks,theimagesontherightalsohavethesamerenderingtimesasthecorresponding
imageson theleft.

for ( �

� ,�.
.
.

F

)
for (

1�3

� ��././.

^

� , )
for ( �

3

� ��././.

^

� , ) {
create new map P of X photons
for each pixel (

1

KQ^

U

1�3

, �

K ^

U �

3

)
color(x,y) +=

=

R

�

� Sample(x,y,P)
}

To preventthe ^

�

^ patternto appearin theimage,themethodwasrandomizedby usingthesamemapfor every ^

�

th
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pixel in a randomizedway. Themethodwascalledskipping,becausewhensamplingonemap,about ^

�

�C, out of ^

�

pixelsareskipped:

for ( �

� ,�.
.
.

F

) {
sigma = GetRandomPermutation( ^	�

�

���

�

^	�

�

��� );
for (startindex=0.. ^

�

� , ) {
create new map P of X photons
for (index=startIndex; index < SizeX*SizeY; index+= ^

�

) {
x = sigma[index] % SizeX;
y = sigma[index] / SizeX;
color(x,y) +=

=

R Sample(x,y,P)
}

}

Sinceonly every ^

�

th pixel is now computedwith thesamemap,low frequency noiseis removed,creatingMonteCarlo
noise- whichhashigherfrequency - in its place.Eventhoughthefollowing tableshowsthatthemethoddoesnot improve
RMS error, �gure 4.9demonstratestheimprovedvisualappearance,sinceMonteCarlonoiseis muchlessperceivableto
thehumaneye thanlow frequency noise.MonteCarlonoisecanalsobeeasierremovedby usingmoresamples.

Whenusinga localpass,skippingonly improvescaustics,whicharegenerallylesscritical.

photons conventional: skipping=4:
1 map,os=1 16maps,eachos=1

100k 0.081 0.084
200k 0.049 0.050
1M 0.021 0.022
5M 0.015 0.014

Skippingprovidesa powerful methodfor improving 'visual' imagequality by removing low frequency noisefrom
the imageat almostno cost.This is especiallyvaluablewhenothermethodsfor decreasingnoise- suchaslocal passor
separatecalculationof directlight - arenotapplicable,asfor examplein BATHROOM or INVISIBLEDATE. Becausenoise
is removed,smaller� 'scanbeused,reducingotherartifactsaswell. Notethatskippingbecomesexpensiveif initialization
time is not negligible, for examplewhenusingout importance-drivenmethodfor generatingthephotons,or whenusing
excessive splitting of causticphotons.

originalmethodof 1 mapof 100kphotons S=4:using16 mapsof 100kphotonsin turn

Figure4.9: Visual effectsof skipping: Note the improved visualappearanceby changingthe low frequency
noiseof thephotonmapto lessperceivableMonteCarlonoise.Averagingenoughof theseimagesmakesthe
noiseimperceivable.



42 CHAPTER4. PHOTON MAP ALGORITHMS

4.5 The Hierar chical PhotonMap

In [Kel99], a fundamentalvariancereductiontechniquefor integro-approximationis introduced.The methodis based
on themethodpresentedin [Hei98], which hasbeenadaptedto thesettingof photorealisticrendering:Consideringthe
pixel-values

0

]

�

8

��<

���

3

of a scanlineas discretesamplesof a continuousfunction ]

021'8

, the methodusesa sequenceof
�

� V

�

>

�

0


�� � ,

8

Y interpolationoperatorsto generatea successive hierarchicalapproximationof this function. For the
exampleof thehierarchicalhatbasis,this processof successively adding�ner detailsis depictedin thefollowing �gure:

base interpolation

details

base level

detail levels

=

+

+

+

+
...

exemplary hierarchical function representationhierarchical hat basis

Theapproximationcanbefoundby calculatingthecoef�cients of thebasefunctions,which areproperlyscaledand
translatedhat functions. If theapproximatedfunctionis smooth,higherorderdetail levelshave decreasingcontribution
anddecreasingvariance,ascanalsobeseenin �gure. This canbeexploitedby usingfewer samplesfor calculatingthe
coef�cients of thebasefunctionsin the �ner levels, thereforereducingtheaveragenumberof samplesperpixel, which
is in thesequeldenoted
 ���#T . As discussedin theoriginal paper, the interpolationresultsin stripingeffectsin theimage
if thetargetfunctionis not smooth.Thiscanberemovedby discardingtheinterpolationinformationandresamplingthe
pixelsin whichdiscontinuitiesaredetected.Thisprocessof resamplinga pixel is calledlocalization.

Thelow-frequency noiseof thephotonmapis asmoothfunction,which impliesthatthecoef�cients of the�ner levels
arealmostzero,resultingin goodperformanceof themethod.However, if all samplesaretakenfrom thesamephoton
map,themethodalsoreproducestheartifactsof thephotonmap,sincemostof theartifactsof thephotonmap- except
for MonteCarlonoisein thedistribution ray tracerandin thelocal pass- cannotberemovedby usingmoresamplesper
pixel, asalreadydiscussedin section4.4. As statedbefore,low-frequency noisecanberemovedby usingmultiple maps
in the evaluationof a pixel. The hierarchicalphotonmapthereforeusesthe samehierarchicalfunction approximation
asabove, but takeseachsamplein a pixel from a differentmap: if � is the numberof levels, and 
�� is the numberof
samplesper level � , themaximumnumberof samplesperpixel is 


�

�
Y �

�

(

���

=


�� , andtherefore


�

�
Y differentmaps
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areneeded.Hierarchicalsamplingwith 


�

�
Y mapsof X photonsandan averagenumberof 
7���#T samplesper pixel
closelycorrespondsto averaging 
7���#T imagesof 1 mapof X photons,asdonein section4.4. Sincethe samenumber
of samplesare takenper scanline,andeachsampleis takenfrom a map of X photons,computationalcost is exactly
thesame.However, a further reductionin low-frequency noisecanbeexpected:The ideais that the two cornerpixels
usedin thebaseinterpolationarecalculatedwith 


�

�
Y samples,andthereforecontaininformationfrom 


�

�
Y�� 
����#T

maps.Becauseof theinterpolation,partof this informationis still usedwhencalculatingtheotherpixels,evenif theseare
calculatedwith far lesssamples.This reductionof noisecanbeseenin thefollowing �gure: Theleft imagewasrendered
by averaging2 images,eachcreatedwith aphotonmapof ,��

� photons,while theright imagedepictstheimagerendered
with thehierarchicalphotonmap,which usedonly 
 ���#T �;,�.�� samplesper pixel on theaverage.Localizationwasnot
employedin thisexperiment.Renderingcostwasthesamewith bothmethods.

using2 independentmaps hierarchicalphotonmapwith 
 ���#T � ,�.��

Numericalmeasurementsarepresentedin thefollowing table(measuresweretakenonaDualCeleron/450,with only
10kphotonpermap,dueto lack of memory. Theimageswererenderedin a resolutionof 513by 513pixels):

Hierarchical Multiple Maps

����#T 


�

�
Y RMS error 
 ��V�
����#T

Y RMSerror
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 hierarchicalsamplingschemehasalsobeenimplementedin a 2-dimensionalway, samplingthe entire image
planeinsteadof a singlescanline. Due to lack of memory, the original methodwasusedin our examples. The new
methodwith 
 ���#T samplesper pixel hasthe samecomputationascostasusing1 equallysizedphotonmapwith 
����#T

samplesperpixel.
However, further work is requiredto makethe methodapplicable:Firstly, the methodrequiresto generatemany

maps:To yield an averagenumberof 
7���#T samplesper pixel, 


�

�
Y�� 
����#T mapsareneeded,eachrequiringits own
randomwalk with at leastX ray-intersections.However, themainproblemof thehierarchicalphotonmapis its memory
consumption.While both the standalonephotonmapandthe skippingmethodneedmemoryfor only onemapof X

photonsin memoryat any giventime, thehierarchicalphotonmapneedsall 


�

�
Y�� 
����#T�� , mapsin memoryat any
time. This is dueto thefact that localizationrequiressamplesfrom levelswhich have alreadybeenprocessed.Another
disadvantageis thatthemethodis not aseasilyparallelizable- it canstill beparallelizedin a scanline-by-scanlineorder,
but cannot be implementedby simply computingandaveraging 
 ���#T single images. Parallelizing the 2-dimensional
versionis even harder. The last problemis that localizationmaybecomeproblematicif thesinglemapsaretoo small:
In the �nest levels,very few samplesaretaken,makingit possiblethat thecontrastbetweenthesefew samplesandthe
interpolatedvaluefrom the previous levels is too high, wrongly classifyingthis point asa discontinuityandrequiring
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resampling.If this happensvery often, the methodis almostreducedto the original pixel-by-pixel-method,which can
bedemonstratedin thefollowing �gure, wherethedensityof thephotonmapwasonly ,��

� photons,togetherwith low
sampleratesandlow thresholdsfor resampling,resultingin localizationin all thepixelswherethenoiseof thelast level
is strong:Redpixelsindicatelocalization,while greenpixelsindicatethatthevariance-reducedmethodcouldused.Note
thesimilarity of theredpixelswith thelow-frequency noiseasdepictedearlier.

badlocalizationdueto highnoisein thesamples localizationasexpected

As a result,it canbestatedthat thehierarchicalphotonmapprovidesa tool to reducelow-frequency noisefrom the
photonmap. However, it currentlyis only applicablewhenthetime for creatingthemapsis negligible, andwhenlarge
amountsof memoryare available. The latter problemis dueto our currentimplementation,andcanbe relaxed by a
suitableschedulingschemefor theorderof thehierarchicalcomputations.



4.6. SPLITTING OFCAUSTIC PHOTONS 45

4.6 Splitting of CausticPhotons

It wasstatedbeforethatimagequalityhighly dependsontheresolutionof thephotonmap.Therefore,usingmorephotons
is alwaysdesirable,but limited by theincreasedcostof largerresolutions.Thoughdiffuseillumination canbeimproved
in severalways- mostlyby direct light andlocal pass- neitherof thesemethodscanbeappliedto caustics.Thus,it is
desirableto haveahigherdensityfor thecausticmapthanfor thediffusemap,asJensensuf�ciently outlinedin hispapers
(' thesolutionis [...] to alwaysuseenoughphotons'). In our implementation,this processof increasingthe numberof
causticphotonsis calledsplitting.

In [JC95b], Jensencreatescausticphotonsby using projectionmaps: For eachlight source,a projectionmap is
created,which is a

0���4

:

8

-map of the hemisphereon a point on the light source. Eachelementof the projectionmap
storesa list of all objectsvisible in thesolid angleof this element.This informationis thenusedto directly emit photons
towardsspecularobjects. Even whennot consideringthe inherentproblemsof projectionmaps,this methodis only
capableof creatingdirectcaustics.SinceJensen's de�nition of causticsonly includessuchdirectcaustics,this is correct
for his purposes,but not suf�cient for our de�nition. For example,Jensen's methodwill not generateany causticsin
the INVISIBLEDATE scene,whereno specularobjectsaredirectly visible from the lightsources(except for the tiles in
theroomwith thelightsource).Therefore,two othermethodsfor splitting causticphotonshave beendeveloped:Oneby
creatingmorephotonsby 'brute force', andoneby usingMetropolissampling.

4.6.1 Splitting by Brute Force

To generatê timesasmuchcausticphotons,thebruteforcemethodworksby simplystarting ^ timesasmuchphotons,
andthendiscardingabout ^

� , out of every ^ non-causticphotons.To geta correctdistributionof diffusephotons,the
processof discardingtheexcessnon-causticphotonshasto berandomized:Eachnon-diffusephotonsis acceptedwith a
�x edprobabilityof

=

�

. Themethodrequiresonly minormodi�cationsto theoriginal randomwalk:

for (startphoton = 1..N)
.
.
.

if (singular)
CausticMap.AddPhoton(

1P496 4

:

)
else

DiffuseMap.AddPhoton(
1P496 4

:

)
.
.
.

is changedto

for (startphoton = 1..(S � N))
.
.
.

if (singular)
CausticMap.AddPhoton(

1P496 4

:

)
else

if ( � <
=

�

) // �S� [0,1] a random value
DiffuseMap.AddPhoton(

1P4�6 4

^ K

:

)
else

; // discard photon

Purerenderingtime (renderingtime minus initialization time) is slightly increased,becausê timesasmuch caustic
photonsrequiremoreexpensive queriesandshadingsfor thecaustics.If thenumberof causticphotonsis considerably
smallerthanthenumberof diffusephotons,this effect is almostnegligible, especiallywhenusinga localpassfor diffuse
illumination.

Themainincreasein costresultsfrom thefact that ^ timesasmuchphotonshave to betraced,whichyields ^ times
asmuchray-scene-intersectionsin the randomwalk. This may becomea dominatingfactor whenusinghigh splitting
ratestogetherwith a hugenumberof photons.As anexample,considerthecaseof a splitting rateof ^

� ,���� , together
with X

� , million photons,which resultsin 100million raysbeeingshotin therandomwalk, out of which about99%
arediscarded.
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Our experimentshave shown that splitting ratesof 4-20 aregenerallysuf�cient. Additionally, if morephotonsare
used,lesssplitting is necessary. Sinceinitializationcostis generallysmallcomparedto renderingtime,splitting improves
imagequalityat acceptablecost.Splitting X

�-,����

� photonswith ^

�-,�� generates1 million raysin therandomwalk,
whereasa PAL-sized imagewith oversampling4 yields about2 million primary raysalone,not countedquery-times,
secondaryraysandsampleraysfor localpassanddirectlight.

nosplitting

splitting= 5

splitting = 20

Figure4.10: Effectsof splitting: Notehow thecausticimproveswithout affectingtheresolutionof thediffuse
photons.
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4.6.2 Splitting Caustic PhotonsusingMetr opolisSampling

TheMetropolissamplingalgorithmaimsat generatingoptimalsamples.It was�rst presentedfor computationalphysics
in 1953by Metropolis,Rosenbluth,Rosenbluth,Teller andTeller andwasadaptedto photorealisticrenderingby Veach
andGuibasin [VG97].

Thealgorithmpresentedin [VG97] is acompleterenderingalgorithm.However, anextremelysimpli�ed versioncan
beusedfor only increasingthenumberof causticphotons3. Evenfor theunderstandingof thissimpli�ed version,reading
theoriginal paperis highly suggested.

In thesequel,severalde�nitions areneeded:

� Thepathof a photonis thesetof its interactions.
� A singularchain is a partof a pathwhich startsat a diffuseinteraction,constistsof several - at least1 - singular

interactions,and terminatesin either a diffuse interactionor in absorption. A path cancontainmore thanone
singularchains.

� Thecharacteristicof asingularchainis de�nedby its typesof interaction.(asingularinteractioncanbeof different
types,i.e. singularre�ections or singulartransmission).In this section,only perfectre�ections/transmissionsare
calledsingular, glossyinteractionsareapproximatedasperfectsingularinteractions.

Severalobservationscanbemade:

1. Eachcausticphotoncorrespondsto exactly onesingularchain.

2. Singularchainsarestartedif andonly if a diffusephotonhasasingularinteraction.

3. Whenonly consideringperfectre�ections/transmissionsassingularinteractions,a singularchain is completely
de�ned by its startingpositionandstartingdirection.

The algorithmrequiresseveral modi�cations of the initialization step. As before,photonsarestartedon the light
sourcesandtracedthroughthescene.Whenever a diffusephotonhasa singularinteraction,thebeginningof a singular
chain is registered. This singularchainendsat the next non-singularinteraction,whereit is storedtogetherwith its
characteristic.Now, thesimpli�ed metropolissamplingalgorithmis usedfor thesplittingof thissingularchain,by trying
to generate'similar' singularchains,eachof which generatesa new causticphoton. The startingdirection

H

"��/$

of the
lastsingularchainis jitteredto a new direction

H

"��
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usinganexponentialdistribution4. Othermethodsof jittering the
startingdirectionareequallyvalid, aslongas5
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Having generatedthenew startingdirection,it is testedwhetheranew singularchaincanbeconstructedwith thenew
startingdirection,but with thesamecharacteristicasbefore. If so, thenew chainis acceptedasthenew singularchain
with an initial weight1, otherwiseit is discarded,keepingthe old chainandincreasingits weightby 1. Acceptingthe
chainimplies acceptinga new startingdirection

H

"��/$

for jittering. Repeatingthe above method ^ timesyields a setof
F

�

^ singularchains,eachwith a weightandeachwith thesamecharacteristic.Whenacceptinga new singularchain,
thecausticphotonsof theold chaincanbegenerated,sinceneitherthechainnor its weightwill bechangedin thefuture.
Theimplementationof Metropolissplitting requiressubstantialchangesto therandomwalk.

Metropolissplitting of causticphotonsis completelydifferentfrom othersplitting methodsandthereforedeserves
someadditionalattention.A formalproofof thecorrectnessof themethodwouldexceedtheframeof thiswork. However,
someobservationscanbe madeon how the methodperformsin practice. As comparedto the 'brute force' methodof
splitting,Metropolis-splittingrequiresmuchlessraysto beshotduringtheinitializationphase,sinceadditionalrayshave
to betracedonly for singularchains.However, themethodalsohasseveraldrawbacks:Dueto themethodof Metropolis

3In fact,theoriginalmetropolisalgorithmcouldbeusedtogenerateall photons,renderingimportance-drivenmethodsfor generating
thephotonsunneccessary.

4Thechosendistribution affectstheef�ciency of themethod.
5This is nota limitation of Metropolissampling,but simpli�es calculations.
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sampling,non-�tting samplesarediscarded.Therefore,someof thework maybe lost, especiallywhenparametersare
badlychosen.This mayleadto very pooracceptancerates,which yield bothlots of discardedraysandhigh noisein the
energy of causticphotons,which is dueto MonteCarlonoisein theweights.

Anotherproblemof themethodis that thestartingpoint of thesingularchainis not jittered. Undercertaincircum-
stances- caustisarecreatedby relatively small singularobjects,andfew photonsaretraced- only few initial singular
chainsarefoundfor splitting. Sincethestartingpointsarenot jittered,thesestartingpointsmayactalmostassecondary
light sourcesfor caustics,sinceall photonsgeneratedfrom this mutatedchainwill have originatedfrom this samespot.
As anexample,see�gure 4.11.

Figure4.11: Artif actsof Metropolissplitting: Thehighly illuminatedspotsaredueto singularchainsstarting
far from thelight source,actingalmostaslight sourcesbecauseof splitting.

As a result,it canbestatedthatMetropolissplitting is superiorto the bruteforce methodonly whenhigh splitting
valuesareneeded,togetherwith a large numberof photons,sinceits overheadis muchsmaller. In thegeneralcaseof
smallsplitting values(about ^

� 
�././.���� ), bruteforcesplittingyieldsbetterqualityatonly slightly highercost.
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4.7 Importance dri ven PhotonMap Generation

In [PP98], a methodwaspresentedwhich generatesthephotonmapaccordingto the local importance6 of thescene.As
wehave not implementedthismethod,only ashortsummaryis givenhere.Themethodworksin 3 passes:

1. Generatetheimportancemap.

2. Estimatetheimportanceof eachlight sourceby usingarandomwalk andtheimportanceestimate.Thisallowsfor
importancesamplingthelight sourceswhengeneratingnew startingphotons.

3. In therandomwalk, usetheimportancemapto actively directphotonsinto areasof higherimportance

An estimatefor the importancecanbetakensimilar to theradianceestimate.Therefore,a smallnumberof importance-
particles(calledimportons)is shotfrom theeyethroughtheviewing-planeinto thescene.Theseimportonsarethentraced
throughthescenejust like photonsin therandomwalk. Theimportancethencanbeestimatedby queryingtheimportons.

After this preprocessingstep,the importanceof eachlight sourceis estimatedby emittinga smallnumberof sensor
photonsandtracingthesethroughthescene,addinguptheimportanceatthelocationswherethesesensorphotonsinteract
with thescene.This estimateof the importanceof a light sourcethenis usedfor importancesamplingby choosingthe
numberof photonsemittedfrom eachlightsourceaccordingto thesource's importance7. Thesephotonsaretracedthrough
the scenein a modi�ed randomwalk, wherethe importance-mapis usedto actively direct photonsinto areasof high
importancein thefollowing way: Wheneveraphotonhitsasurface,its out-scatteringdirectionis notchosenaccordingto
thelocalbsdf E

*

4

insteadit is scatteredaccordingto E

*

0�6 4#1P4���8�� 021P4!6Q8

where
� 021P4!6Q8

denotesthe'visualpotential'(see
[Kel98],[PP98]), which canbeestimatedby the importancemap. This methodfor choosingtheout-scatteringdirection
of aphotonis similar to theonepresentedin [Jen95].

Sincethe limited framework of this work did not allow for the completeimplementationof the above algorithm,
anotherapproachwastakento experimentwith theuseof importancein generatingthephotonmap: In our approach,a
methodwasimplementedwhichis similar to thebruteforcesplittingalgorithmpresentedin section4.6.1,by replacingthe
�x edacceptanceprobabilitywith anacceptanceprobabilityderivedfrom theimportanceestimate.Firstly, animportance
mapis generatedby emittinga small numberof importonsinto thescene,just asin theabove method.The locationof
theseimportonsin theSCENE10 settingareshown in themiddleimagein �gure 4.12.After creatingtheimportancemap,
a randomwalk is undertakenin thesamewayasin section2.2.Wheneveraphoton
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interactswith adiffusesurface
at position

1

, a value ���
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�-, is generatedfrom theimportanceestimate.In our implementation,+
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areparametersspecifyingaminimumacceptanceprobabilityand
avalueto controlthein�uenceof theestimate.Thephotonis thenstoredwith probability +
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. Otherwise,
it is discarded.This methodresultsin a small densityof highly energetic photonsin unimportantareasand in a high
densityof low-energeticphotonsin areaswith high importance,asis shown in theright imagein �gure 4.12.

Themethodis implementedby simply replacingeachoccurrenceof

...
map.AddPhoton(x,omega,phi)
...

with

...
imp = ImportanceEstimate(x);
p = AcceptanceProbability(imp);
if ( � < p)

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

6For anexactde�nition of thetermimportanceseetheoriginal paper
7Notethatthis informationon theimportanceof a light sourcemightalsobeusedin differentapplications.
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Figure4.12:Usingimportancein generatingthephotonmap:Theleft imageshows thepositionof thephotons
in SCENE10 (10 by 10 rooms,viewed from the top) as generatedwith the original randomwalk without
usingimportance.Thecenterimagedepictsthe locationsof the importons,while the importance-driven map
generatedby this importancemapis shown on theright.

As opposedto thealgorithmpresentedin [PP98], our algorithmdoesnot actively directphotonsto areasof higher
importance,it merelycreatesahugenumberof photonsand'discards'photonsin areasof lower importancewith ahigher
probability. Thealgorithmis thereforevery inef�cient in generatingthephotons,however it suf�ces to demonstratethe
valueof using importance-drivenphotonmaps. Our methodis easily implemented,applicableto any given sceneand
produceshigh-quality importancedriven photonmaps: In INVISIBLEDATE, for example,thoughbeeinginef�cient in
generatingthephotons,ourmethodis lessproblematicthantheorignalmethod.

Thefollowing �gure shows theimpactof themethodon SCENE10. Both imageshave beenrenderedusing600.000
photons.Dueto thehigh inef�ciency of our methodin generatingthephotons,thetime for therandomwalk wasabout
20 timesashigh aswith theold method.In SCENE10, this costcanbereducedby incorporatingthesecondstepof the
originalpaperto emitmorephotonsfrom importantsources.Thishasnot yetbeenappliedin our implementation.

without usingimportance importancedriven

In settingslike SCENE10 or INVISIBLEDATE, importancedrivengenerationof photonmapsis aneccessity.
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4.8 Choosing
�

Adaptively

Whenexaminingthephotonmap,it canbeobservedthatsomeof theartifactsarestrongerwhen � is small(e.g.lowering
� increaseslow-frequency noise),while otherartifactsappearmainly when � is high (energy-bleeding,bandsat edges
andborders,lossof shadows). Theseartifactsalsoappearin differentregionsof thescene.Noisecanbeobservedonly
onsmoothlyilluminatedsurfaces,onwhich blurring is lessproblematic.

Sinceall valuesfor � areequallyvalid for the estimate,it seemspromisingto choose� proportionalto the local
smoothness.However, sincelocal smoothnessis not known at renderingtime,heuristicsareneededfor choosing� . One
possibleheuristicis to queryalargenumberof �

�

�
Y photons,andto comparethequery-positionto thecenterof gravity of
thefoundphotons.In smoothlyilluminatedareas,thecenterof gravity canbeexpectedto becloseto thequery-postition.
Here,blurring is notaproblem,andall of thefoundphotonscanbeusedto preventnoise.Ontheotherhand,atgeometry
or shadow borders,mostof thephotonswill beon onesideof thequery-point,thedistancebetween

1 �

andthecenterof
gravity thereforebeeingbig. In thiscase,only afractionof the �

�

�
Y photonsis usedin theestimate,preventingexcessive
blurring of theshadow border. Thetherebycreatednoiseis lessperceivablein theseareas.Therefore,thenumber�
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of
photonsactuallyusedin theestimatewouldbe
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Severalcasescanbeconstructedwherethissimplemethodfails: Small,smoothshadowswouldnotchangethecenter
of gravity, andcanthereforenot behandledby this heuristic.Howeverasthegoalof this work wasnot thedevelopment
of heuristicsfor 'better-looking' images,few time wasspenthere,andbettermethodsmayexist. Note that themethod
shouldwork well at thebordersof sharp,focussedcaustics.

This methoddoesonly reduceartifacts,it doesnot remove the �a ws which areresponsiblefor them. However, it
is easilyimplementedandmayleadto images'looking' morerealistic,by incorporatingtheadvantagesof bothreduced
noisewith large � 'sandreducedblurringwith small � 's. This is demonstratedin thefollowing images:

Scene6,blurred Scene6,noisy Scene6,k chosen
adaptively
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Chapter 5

Resultsand Discussion

Although the advantagesanddisadvantagesof the differentphotonmapalgorithmshave alreadybeendiscussedin the
respective sections,this chapterdiscussesthesealgorithmsfrom the point of view of the sceneto be rendered.In the
sequel,wewill presentseveralof thescenesusedin ourexperiments,eachwith ashortdiscussionsontheresultsachieved
whenrenderingtherespectivescenewith photonmapalgorithms.

Mostof thefollowingscenesaretakenfrom Greg Wards“MaterialsandGeometryFormat”-package([War95]), which
providesa rich library of scenes,rangingfrom rathersimple,ideal sceneslike SCENE5 andSCENE6, to morerealistic
sceneslike CONFERENCE, andevensuchhighly complex sceneslike MMACK . The packagecontainsa corresponding
scenefor almostany problemof thephotonmap,includinghighlyglossyscenes,sceneswithoutdirectlight (BATHROOM),
sceneswith a largenumberof light sources(MMACK) andsceneswhereimportancehasto beconsidered(SCENE10).
SincetheMGF-Formatdoesnot incorporatetextures,theartifactsof thephotonmapareespeciallyvisible,which is even
anadvantagewhenanalyzinganalgorithm.

Apart from theMGF scenes,wealsousedtheINVISIBLEDATE scene(see[Kol99]),which- becauseof its complexity
- providesanalmostperfecttestinggroundfor globalilluminationalgorithms.INVISIBLEDATE wasmodelledby Christa
Marx, whodeservesspecialthanksfor thispieceof work.

I alsowish to thankDIGITAL EQUIPMENT, asubsidiaryof COMPAQ COMPUTERS, for providing uswith oneof their
AlphaStations,whichhasbeenaninvaluabletool in computationallyexpensive experiments.

SCENE5

SCENE5 is a simplescenefor testingcaustics.It only consistsof a perfectlydiffuseroomwith anarealight sourceanda
sphere,which is 96%transmissive and4% specular, generatingonebig causticon the�oor . It providesa perfecttesting
bedfor causticsandthesplitting algorithms.Only few problemsarosewith this scene.Oneof theseproblemsis thatthe
4% specularitycreatesstraycausticphotonsonwall andceiling. Thenoiseon thewall resultsfrom thelocal passhitting
thecausticwith someof its samplerays.
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SCENE6

SCENE6 is theequivalentto SCENE5 for diffuseillumination. It consistsonly of diffusesurfaces,is mainly illuminated
by directlight from onelightsource,andis thereforeanalmostidealscenefor separatecalculationof directlight andthe
local pass.Thelocal passis highly ef�cient in this scene,dueto thefact that the illumination is smooth,resultingin all
samplesreturningaboutthesamevalue.Sincethescenecontainsonly onelight source,calculatingdirectlight by Monte
Carlo integration is highly ef�cient, andwasevaluatedby only 4 shadow raysper samplein the following �gures (all
imageshavebeenrenderedonaDual Celeron/450,in VHS resolutionandwith 4 samplesperpixel).

Direct light makesup for abouttwo thirdsof the illumination,andcalculatingit separatelyyieldsgoodquality even
without the local pass.However, low frequency noiseis thenvisible in areasof highly indirect illumination,e.g. on the
ceiling. Whenusingneitherdirect light nor local pass,SCENE6 demonstratesthedilemmaof having to choosebetween
eitherincreasednoiseor increasedblurring. Whenusingthestandalonephotonmap,hugenumbersof photonshave to be
usedto reduceboth blurring andnoise.The lower left imageshows how noisecanbereducedby theskippingmethod:
Only 4 imageswereaveragedfor this image,which is still noisy. Skippingcannot remove the dark bandsaroundthe
edgesof roomandtable,which aredueto thewrongareaestimate.Theincreasedcostfor theskippingmethodis dueto
the3 additionalrandomwalks.Thein�uence wouldbereducedwhenrenderinghigherimageresolutions.

Note thatby simply covering the lamp with a glassplate,local passanddirect light would be renderedineffective,
yieldingonly thequalityof theimagewith thestandalonephotonmap.

standalonephotonmap photonmapwith directlight
88sec 96sec

skipping:4 singleimages, photonmapwith directlight
9 mapsperimage andlocalpass(4 samples)

160sec 359sec
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TABL EANDSPHERES

TABLEANDSPHERES is a hybrid of SCENE5 andSCENE6. It wascreatedby enrichingSCENE6 with 2 spherestaken
from SCENE5, to create2 causticson tableandchair. The causticon the chair is noisy, while the bordersof the other
causticareblurred.This demonstratesthatthedependenceon parametersstill holdstruefor caustics,evenif direct light
andlocal passareused.

CONFERENCE

CONFERENCE is oneof the morerealisticscenes.Its main problemsare the exit signsabove the door. Thesetendto
createovermodulation,which canonly be removedby a local pass.This overmodulationalsocreatesnoisein the local
pass,whensampleraysbecomeoverilluminatedby hitting theseareas.Exceptfor this,thelocalpassperformswell in this
setting.Severalof theobjectsareslightly glossy, generatingsomecausticphotonswhich aredistributedalmostevenly in
theentireroom. These'stray' causticphotonscreatelow-frequency noisewhich cannot be removedby the local pass.
Computingdirect illumination is somewhatexpensive dueto thehigh numberof light sources,but yields goodquality,
exceptfor theceiling,whereindirectilluminationdominates.PhotonDirectcannotbeusedhere,sincealmostall sources
have thesameimportance.
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CONFSPHERES

CONFSPHERES is a modi�cation of theConferenceroom, introducingcausticsby somesphereswhich arehovering in
theroom.Becauseof splitting, thecausticson thetablecouldberenderedat highquality. However, notethestill blurred
causticbordersof thecausticson the�oor . In this image,causticsphotonswerediscardedif toofew photonswerefound.
Notehow thenoiseat theceilingwasremovedby thismethod.This,however, resultedin anotablelossof energy.
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SCENE10

SCENE10 consistsof anarrayof ,���� ,�� interconnectedrooms,eachsingleroomsimilar to SCENE6. It demonstratesthe
weaknessesof theforwardsimulationusedin therandomwalk, becauseall of the100 roomsareapproximatedwith an
equalnumberof photons,implying thatonly 1 percentof thephotonsis usedto approximatetheroomwith theviewer.
SCENE10 is thereforeanidealscenefor testingimportancedrivenmethodsto generatethephotonmap. It alsoprovides
a goodtestinggroundfor thePhotonDirectmethod(seesection4.2.3),becauseof thelargenumberof light sourceswith
varyingimportance.Theimagewasrenderedin 6 minutesonadualCeleron/450,usinganimportance-drivenphotonmap
of about150.000photons,togetherwith a local pass.Direct illuminationwascomputedwith thePhotonDirectmethod.
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BATHROOM

The BATHROOM sceneconsistsof a largenumberof specularobjects. Its main dif�culty arisesfrom the light sources,
which are modelledto be surroundedby transmissive glassspheres. While this is absolutelyrealistic, it makesthe
scenevery hard to be renderedwith the photonmap: After beingemittedby a light source,eachphotonhasto pass
thesurroundingglasssphere,beingthereforeclassi�ed asa causticphoton.Sincemostof thephotonsin this sceneare
thereforecausticphotons- exceptfor the photonsthat becomediffuseat thesecondinteraction- a local passis highly
ineffective in this scene.Separatecalculationof direct light cannot be appliedhere,sinceby de�nition only the glass
spheresaredirectly illumintated.Sincealmostall photonsarecauticphotonsin this scene,splitting simply increasesthe
numberof overall photons.This leavestheskippingmethodastheonly improvementapplicablein this setting,beeing
ableto diminishblurringby smaller � 's andto remove low-frequency noise.Skippingcannot remove thevisblebandsat
geometryedges.However, thesecouldbediminishedby increasingthephotonmapdensity(only 60.000photonswere
usedin thisexample!).

Theimagehavebeenrenderedwith truelyglossyre�ections,increasingtherenderingtimedueto thehighersampling
ratesneededfor the distribution ray tracer. Renderingwas donewith the skipping technique,by averaging8 VHS-
resolutionimages,eachrenderedwith 4 independentmaps.Renderingtook �

=

�

hoursona singleCeleron/450.
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MM ACK

MMACK containsa large numberof light sourcesandhighly glossyobjects. The large numberof lightsourcesmakes
separatecomputationof directlight successful,but expensive. PhotonDirectcannotbeappliedhere,becauseavery large
numberof sourceshave in�uence atalmostany givenpoint. Thelargenumberof highly glossysurfacesresultsin a lot of
noisein both thedistribution ray tracerandthe local pass.They alsorenderedthe local passineffective,becauseof the
largenumberof causticphotonswhichcannotbehandledby thelocal pass.

ImageshavebeenrenderedonanDECAlpha/333with 200kinitial photons,VHS resolution,8 samplesperpixel and
caustic-splitting=4.Direct light calculationwasveryexpensive in thisscenebecauseof thelargenumberof light sources.
Using a local passyields hugerenderingtimes, and cannotimprove quality due to of the excessive noise. Skipping
improvesthevisualappearanceat low cost.Creatingtheadditionalphotonmapsalmosttripled renderingtime dueto the
increasein preprocessingtime, while purerenderingtime wasthesameaswith thestandalonemethod.Notethat larger
resolutionsandlesssplittingreducesthiseffect.

standalonephotonmap photonmapanddirectlight
36minutes �

=

�

hours

Skipping,8 runs, photonmapmit directlight
9 mapsperrun undlocalpass(8 samples)

,��

� hours 20hours
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I NVI SI BL EDATE

INVISIBLEDATE is the mostproblematicof our scenes,sincealmostall of the previously discussedproblemsapply to
thisscene:

1. Sinceabsolutelyno direct illumination reachesthe room, separatecalculationof direct light is futile. This also
appliesto thePhotonDirectmethod.

2. Thehigh indirectnessof the illumination resultsin only a small fractionof thephotonsreachingtheroom,which
requiresa largenumberof photonsto createanadequatephotondensityin theroom.Usingtheimportancedriven
methodsfor generatingthephotonsis highly expensive in this scene,which is dueto several reasons:First, since
theprobabilityof passingthroughthedooris verysmall,themajorityof thephotonsis discarded,solargenumbers
of photonshaveto betracedto yield a reasonablyhighphotondensityin theroom.Additionally, 'energy'-bleeding
alsoappliesto importance,resultingin high importanceestimateson thewrongsideof thewall. To preventstoring
themajority of thephotonson thewrong sideof thewall (wherethey aremorelikely to hit thewall), occlusion
testinghasto beappliedevenin theimportanceestimate,makingthecostfor generatingthephotonsevenworse.

3. Sincethewall andthedoorarehighly illuminatedfrom thebackside,energy-bleedingoccurs.Notethat thehigh
photondensityon thedooralsoproducesovermodulation.

4. Even thoughtheshadows aresharpandsmall, they areindirectshadows andcannot be imrovedby direct light.
Sincetheradianceestimatecompletelyremovessuchthin shadows, they canonly begeneratedby a local passor
occlusion-testing.

5. Theentire�oor - togetherwith numerousotherobjects- is highly glossy, which createsa largenumberof 'stray'
causticphotons.Thisgenerateslow-frequency noisethatcannotberemovedby a localpass.

6. Thehigh amountof glossyobjectsalsorequiresa lot of shader-callsdueto thedistribution ray tracer, sinceeach
rayhitting a glossysurfacespawnsseveralsecondaryrays,eachgeneratinganothercall to thephotonmapshader.

7. Comparedto therestof theroom,theareaaroundthedooris highly illuminated.Sincethisareais relatively small,
only few samplesof thelocalpasswill hit thishigh-energeticarea,creatingnoisein thelocalpass.

8. In orderto reducethenoisein the local pass,a largenumberof sampleshave to beused,furtherly increasingthe
numberof raysandphotonmap-estimates.

9. The sphereshouldproduce2 caustics:Onefrom re�ection, the other from refraction. Both arerelatively weak
andextendedover a largearea.Becauseof the low probabilityof a photonhitting thesphere,thesecausticsare
approximatedby only few photons,especiallywhencomparedto the largeamountof 'stray' causticphotonsdue
to theglossysurfaces.

10. Caustic-splittingcannot be applied,becauseof the large numberof straycausticphotons.Splitting would also
furtherly increasethecostfor therandomwalk.
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The following imageis a masterimagerenderedwith ThomasKollig' s implementationof the METROPOLIS algo-
rithm, see[Kol99]. Neitherof ourexperimentsyieldedcomparablequality, evenafterhugerenderingtimes.

Several imagesrenderedwith thedifferentphotonmapalgorithmscanbe found in theprevioussections.Our best
imagesis presentedbelow to allow a comparisonof the images.The imagewasrenderedwith skippingandocclusion-
testing,whichalreadycomesverycloseto thedesiredquality in producingasmoothimagewith all glossyre�ectionsand
evenindirectshadows. However, acloserlook revealsthatseveralilluminationdetailsarestill missing.Thecausticof the
glasssphereon thewall, for example,couldnotbesuf�ciently reproducedwith photonmapalgorithms.
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Chapter 6

Conclusions

Thephotonmapundoubtedlyhasmany advantages:In suitablesettings,it createshigh-qualityimagescontainingalmost
all the featuresexpectedfrom global illumination, includingrealisticshadows, speculareffects,causticsandevenvolu-
metriceffects. The photonmapis capableof handlingarbitrarybsdfsandalmostany kind of scenerepresentation.As
opposedto many otherillumination techniques,objectsdon't have to beparametrizableandtesselatingthesceneis not
required,whichmakesthephotonmapaverypowerful tool in renderingsceneswith highly complex geometry.

However, the radianceestimatefrom the photonmapis only a roughapproximationandcontainsseveral artifacts,
which requiresthephotonmapto rely on supplementaryalgorithmslike theseparatecalculationof direct light (section
4.2)andthelocalpass(section4.3)to reducetheseartifacts.This limits thephotonmapto sceneswheretheseextensions
canbeusedef�ciently , andmakesit vulnerableto settingswherethis is not the case:Direct light is only applicablein
directly illuminatedscenes,andeventhenis expensive to calculateif thescenecontainsmany light sources.Undercertain
conditions,the high renderingcostfor calculatingdirect illumination in sceneswith many ligh sourcescanbe relaxed
by the PhotonDirectmethodaspresentedin section4.2.3,which usesphotonmapinformationfor ef�ciently sampling
the light sources. Using a local passis expensive, and requiresthe sceneto be smoothly illuminated, or otherwise
createsMonte Carlo noise,especiallyif the radianceestimatein the scenecontainsartifactslike energy-bleedingor
overmodulation.It is alsolimited to diffuseillumination andthereforecannotbe usedto improve caustics.If the local
passis not applicable,low frequency noisecanstill beremovedby usingmultiple photonmaps(section4.4),which can
alsobeimplementedef�ciently in a hierarchicalway (section4.5). Causticshave to berenderedby directly visualizing
theestimate,andcanthereforeonly beimprovedby usingmorephotons(section4.6). This,however, is limited to sharp,
focussedcaustics. If the scenecontainsmany singularobjects,causticphotonsaredistributedalmostevenly over the
entirescene,andsplitting is notpracticable.Anotherproblemof thephotonmapis thatit dependson theef�ciency of the
distribution ray tracerinto which it is built: Sceneswith many singularandglossyobjectsrequirehigh renderingtimes
independentlyfrom the photonmap. Finally, the randomwalk usedto generatethe discretedensityis problematicin
sceneswith low importanceor highly indirectillumination,sincemostof thephotonsarethenusedto approximateareas
of low importance.This makesit necessaryto useimportancedrivenmethodsfor generatingthephotonsaspresentedin
section4.7.

As holds true for almostany algorithm, examplescanbe generatedwhich result in very poor performance.The
problemis that someof these'worst-case'settingsfor the photonmaparenot purely theoretical,but may easilyarise
in realisticscenes(seediscussionin chapter5). On the otherhand,someof thesesceneswould alsobe fatal - or even
impossible- for many otherrenderingtechniques.

As a �nal result,it canbestatedthat thephotonmapis a very powerful tool for photorealisticimagesynthesis,but
muchwork remainsto bedoneto makeit applicablein realisticsettings.
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