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Abstract

Wedescribea noveldatastructurefor representinglight transportcalledray map.Theray mapextendgheconcept
of photonmaps:it storesnot only photonimpactsbut the whole photonpaths.We demonstatethe utility of ray
mapsfor globalillumination by eliminatingboundarybiasandreducingtopologicalbias of densityestimationin
globalillumination. Thankgo theeliminationof boundarybiaswe coulduseray mapsfor fastdirectvisualization
with theimagequality beingcloseto that obtainedby the expensivenal gatheringstep.We describein detail our
implementatiorof the ray mapusinga lazily constructedkD-tree We also presentseveral optimizationsbringing
theray mapqueryperformancecloseto the performanceof the photonmap.

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

GraphicsandRealism

1. Intr oduction

Most of the currentglobalillumination techniquesimulate
light propagatiorby tracinga large numberof raysthrough
thesceneMethodslike distribution ray tracingor pathtrac-
ing constructlight pathsand evaluatetheir contritution to
the resultingimagewithout storing ary auxiliary informa-

tion. This hasan advantageof generalityandunbiasedness

but achieving visually pleasingresultsrequiresshootinga
huge numberof rays that often follow the samepathsor
pathswith minor contrikutions.

One way to tackle this problemis to store someof the
computedillumination and useit for generatingthe im-
age.This ideais exploitedin differentforms by severalap-
proachesjike the photon mapping[Jen9§, the light vol-
ume[CZS94, theirradiancecachgf WRC89, theirradiance
volume[GSHG94, orthelight eld [LH96]. Fromtheseal-
gorithmsonly the photonmapstoresindependentilumina-
tion sampleslt neitherimpliesary structuringof thesesam-
ples,norit restrictsthetype of illumination stored.

Despiteits generalitythe photonmap hasone major re-
striction:thelight ux carriedby aphotoncanonly befound
in proximity of the photonimpact. Even if we could store
the photonpathwith the photon,it doesnot allow usto nd
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Figure 1: Thedirectvisualizationwith (a) photonmapsand
(b) ray maps Noticetheboundarybiasremovabnthelamp
for ray maps.

pathsin proximity of an arbitrary pointin space.The well

known consequencef this propertyis the substantiakrror
of the estimateon the boundaryof objects,referredto as
boundarybias (Figure 1). Theideaof extendingthe photon
mapconcepty storingrayswas rst presentedby Lastraet
al. [LURMOZ2]. They organizeraysin aray cacheanduse
theray cachefor boundarybiaselimination.In this papewe

build onthisideaandde ne theconcepbf raymap— adata
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structurefor storing the raysand evaluatingray proximity
queries.Theray mapqueriesopennew possibilitiesfor re-
trieving theilluminationinformationfor arbitrarypointsand
directionsin spaceWe demonstrat¢his by reducingseveral
biassource®of densityestimation.

This paperaims at three main contritutions: (1) It for-
malizesthe ray map conceptby enumeratingay proxim-
ity queriesrequiredby globalillumination algorithms.(2) It
presentsa casestudy of densityestimationusingray maps
versusphotonmaps.(3) It describesanef cient implemen-
tation of the ray mapwhich providesmorethananorderof
magnitudespeedugdor densityestimationcomparedo the
ray cachg LURMO2].

2. RelatedWork

Ourwork is closelyrelatedto thephotonmap[Jen96Jen0]
that storeslight ux on the object surfacesEachpoint in
the photon map representsa photon carrying certain en-
emy. Theillumination onthe objectsurfacesanthenbere-
constructedrom photonhits usingdensityestimationtech-
niques[Sil86, WJ9] introducedto computergraphicsby
Heckbert[Hec9d. Note that usinga nite numberof ob-
senationsin densityestimatioralwaysleadsto a systematic
errorreferrecto asbias.

To decreas¢he biasin the context of photonmappinga
numberof techniquesiave beenproposedHey andPugath-
ofer dealtwith the boundarybias using the averagecom-
putedfrom severalorientedphotonmapgHPO1]. Lavignotte
andPaulin extendthe objectboundariedor storingof pho-
tonsin polygonalscenegLP0Z. Other photon map opti-
mizationtechniquesuchasthe densitycontrol of photons
were presentechy Suykensand Willems [SW0(J and Pe-
ter and Pietrek[PP98. The useof corvex hull to decrease
boundarybiasis describedn [Jen01Jen02. However, the
computationof the cornvex hull leadsto overestimatiorand
decreaseshe performance More importantly the corvex
hull doesnot help in casesof densityestimationon small
or elongatedbjectswherethe numberof photonsstoredon
surfacess too low. More ef cient datastructuregor photon
searchwerediscussedy Wald et al. [WGS04. An exten-
sionof photonmapsto accounfor thetemporaldomainwas
introducedby Cammaran@ndJenserCJ03.

There are numerous other data structures for stor
ing illumination such as irradiance cache[WH92], light
maps[WTPO0(, line-spacehierarchy[DS97, light vectors
[ZSP98§, or irradiancevolume [GSHG98. Thesemethods
aim eitherat representingeconstructedllumination func-
tion (light volume), regularly sampledillumination (light
eld), oraparticulartypeof illumination (irradiancecache,
irradiance volume). The underlying data structuresare
tightly coupledwith the particularillumination reconstruc-
tion algorithm.Thedatastructuresepresenitlumination ei-
ther approximatelyor with a systematicerror: for example
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theirradiancecacheturnsa bundle of raysintersectinghe
given cell into a single scalar which is usedfurther on for
interpolation.

This paperdealswith anef cient way for organizingrays
in spacewhich is a subjectthat penetratesnto the eld
of computationalgeometry Although thereare theoretical
analyse®f compleity of maintaininglinesor raysin space
[Pel04 we are not aware of a practicaland ef cient data
structuremaintaininga large numberof rays(i.e. line seg-
ments)that would supportef cient proximity queriesand
dynamicinsertionandremoval.

Theusageof photonpathsfor densityestimationwas rst
proposedyy Lastraet al. [LURMO2]. Their methodlocates
raysintersectinga discon atangentplanein orderto elim-
inate boundarybias inherentto photonmaps.This advan-
tageis however penalizedby the two ordersof magnitude
increaseof computationatime comparedwith the photon
maps.

3. Ray Map Overview

In this sectionwe presentan overview of the ray map data
structureby rst discussingthe way the ray map repre-
sentdight pathsandthenenumeratinghedesiredoroximity
queries.

3.1. Representationof Light Paths

Theray mapstoresnformationaboutlight pathstraceddur-
ing a global illumination simulation.Unlike the other data
structuresstoringdirectionallydependenilumination (light
eld, light volume)theray mapdoesnotaimto reconstruct
theillumination per se,but only to provide anefcient tool
for suchareconstructionHencetheray mapis independent
of the algorithmusedto sampleillumination aswell asthe
algorithmusedto reconstructheillumination. Additionally,
theray mapposeso restrictionon the structureof the sam-
ples.

Theray maporganizephotonpathsby indexing therays
which form the path. Theray indexing thenallows to deter
mine photonspassingn the proximity of anarbitrarypoint
in spaceor all photonspassingnearthe boundaryof anob-
ject. Thesephotonscan be found independentlyof the dis-
tanceof their actualimpactson surfacesAs we will show
later, it hasseveraladvantagesindenablegeductionof dif-
ferenttypesof bias.

3.2. Ray Proximity Queries

We distinguishbetweentwo different classesof ray prox-
imity queries:intersectionqueries and nearest neighbor
queries The intersectionqueriesdetermineall rays inter
sectinga given spatialdomain of x ed size. The nearest
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neighborqueriesnd K nearestraysusinga particulardis-
tancemetric. The queriescanusedifferentspatialdomains
anddistancemetrics(seeFigure2):

Figure2: Threenearestneighborsaccoringto differentray
distancemetrics.(left) Euclideandistanceof intersectionof
the ray with a tangentplane (right) Euclideandistanceof
theray itselfandthe centerof thequery.

I. Intersection Queries
Intersectiordomain:(a) disc, (b) hemisphere(c) sphere,
(d) axisalignedboundingbox.

. NearestNeighbors Queries
Proximity metric:(a) distanceo theintersectiorof theray
with thetangeniplane,(b) distancdo theray segment,c)
distanceto the supportindine of theray.

In practice we should be able to use combinationsof
queriesfrom the two classesThatis we shoulddetermine
K nearesheighborsundera conditionthatthey intersecta
givenspatialdomain.

3.3. Maintaining rays

Thetaskof maintainingraysin 3D is signi cantly different
from the task of maintainingpoints or polygons.The rays
extend through a large portion of the scenewhich makes
mosttechniqueof spatialindexing [Sam89 unsuitablefor

theirmaintenanceOn theotherhandrayscanbeparameter
izedquiteeasilywhich suggestshatthey couldbeorganized
accordingto sucha parameterizatiofiPel04. Althoughthe
theoreticalstudiesdonein computationalgeometryfollow

this idea, aswe will discusslaterin the paper suchtech-
niquesdo not seempracticalfor ray proximity queriesused
in the context of globalillumination.

4. Ray Map versusPhoton Map Density Estimation

In this sectionwe describehe sourceof biasin the context

of photonmaps.Thenwe describehow the densityestima-
tion is appliedto theray maps.Further we presenthe case
study of the densityestimationthat we have madefor ray

mapsand photonmapson a set of simple scenesand ray

distributions.

4.1. Sourcesof bias

Every density estimationtechniqueresultsin a systematic
error, referredto ashias[Sil86,WJ9]. In the applicationof

densityestimatiorfor globalillumination,thebiasin photon
mapscanbeclassi ed asfollows [Suy02 Sch03:

Proximity bias — given by a nite numberof obsena-
tionsin the proximity of the evaluatedpoint X (seeFig-
ure3 (a)). Theproximity biasleadsto blurring of edgesn
the photonmaps,sincethe neighborhoodf X is of non-
zerosize. This problemcan be alleviated by increasing
the numberof photonsor by usingbetterdensityestima-
tion techniquessuchas a varying kernel-width estima-
tion [Sil86,WJ95. Notethatproximity biasis inherentto
ary densityestimationtechnique.

Boundary bias — a visible underestimatiorof illumina-
tion onthe boundaryof objectsdueto the overestimation
of the surfacearea(seeFigure 3 (b)). The darkeningon
thevisible surfacess well visible.
Topologicalbias—theerrordueto theassumptiorthatthe
surfacein theneighborhooaf the estimatedllumination
is planar (seeFigure 3 (c¢)). The underestimatiorof the
aredor thecurvedsurfacdeadsto anoverestimatedesult
from thedensityestimation.

4.2. Ray Map Density Estimation

The ray mapallowed usto designa novel densityestima-
tion techniquewhich makesuseof a combinationof metrics

I1.(a), 11.(b), andll.(c). More speci cally, we useaK-nearest
neighborsearchwhich takesa maximumof the distances
givenby Il.(a) andll.(b), i.e. thedistanceo the pointon the

tangentplaneandthe distancefrom the ray segment.Either

the distanceto the supportingline of theray (ll.(c)) or the

distancell.(a) is thenusedasa weight for the densityesti-

mationkernel.

We call the resulting method a hemisphee-discinter-
section it considersall rays which intersectan expanding
hemispherémetricll.(b)) andwhich afterprolongatioralso
intersectthe disc correspondingo the hemisphergmetric
Il.(a)). Suchacombinatiorhasseveraladvantages:

it is consistentvith the renderingequatiorformulatedfor
photonmapsover thediscsinceit normalizegheestimate
overtheareaof thedisc.

it removesboundarybiascompletelysincetherayspass-
ing nearthe boundarieof objectsarealsotakeninto ac-
count.

it reducegopologicalbias,sinceonly theraysintersecting
adiscaretakeninto accountwhichis consistenwith the
densityestimationformula.

the distanceusedin the kernelmetric I1.(c) is invariant
with respecto the rotationof the surfacenormal,which
makegheestimateconsistenbn wrinkled surfacesHow-
ever, it canleadto the overestimatiorfor stronglydirec-
tionalray distributions. The metricll.(a) in this casedoes
not lead to overestimationput the resultsare more de-
pendenbn surfacenormal orientation.We have usedthe
metricll.(a) below.
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Figure 3: Msualizationof the biassources(a) Proximitybias (b) Boundarybias(c) Topologicalbias.

In thenext sectiorwe documentheabove statedadvantages
of ourmethodexperimentallyonthreesimplerepresentatie
scenes.

4.3. Experimental evaluation

UsingphotonmapstheirradianceE(x) atthepointX iscom-
putedas:

éK_ DF(x;dA;wi;dw;)

E(X) DA

@)

i=1
DA=p R?

For Lambertiarsurfaceghisis equivalentto densityestima-
tion. We have usedthe following four methodsof density
estimation:

the referenceirradiancecomputedby a referencealgo-
rithm from severalmagnitudesighernumberof photons
following the samedistribution.

the irradiancefrom density estimationover the photon
map.

theirradiancefrom densityestimationusingthe ray map
with the combinatiorhemisphere-disc.
theirradiancefrom densityestimationusingthe ray map
with thedisconly [LURMO2].

In orderto model basicgeometricfeaturesoccurringin
renderedcenesve constructedhreesimplescenesiepicted
in Figure 4. Thesescenesxhibit boundaryandtopological
bias,whichallows usto comparepropertieof differentden-
sity estimatiormethodsanddraw conclusionsbouttheutil-
ity of ourhemisphere-dismtersectiorusingray maps.

Figured shavsthreeselectedestscened$rom theanalysis
togethemwith the associateday-photondistributions. Justa
smallportion of theraysis shown for aestheticeasons.

We have usedray distributions correspondingo an area
light sourceandparallellight source The arealight source
distribution approximatesndirect light of scenesconsist-
ing mainly of Lambertiansurfaceswhereaghe parallelone
simulateshighly specularllumination. The graphsin Fig-
ure4 visualizethecomputeddensityestimatiorfor thethree
testedestimatorsalongthe pathdepictedin the scenesThe
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referenceestimate(black dottedline) was computedfrom
two ordersof magnitudehighernumberof samplegs  10°
photons).For the actualtestswe used100,000samplesK-
nearesheighborsearchwith K=200,andEpanechniku ker-
nel [Sil86].

Thetwo cornerscenesllustratehow the boundanpiasis
eliminatedusing our hemisphere-diseethod.Clearly, the
estimationfrom photonmapseitherunderestimatethe sur
face area(Figure4 (a)) by including wrong samplesfrom
the neighborplaneor overestimateshe surfaceareaon the
boundary(Figure 4 (b)). The densityestimationwith pho-
ton mapson the wave scengFigure4 (c) and(d)) resultsin
topologicalbiasarisingfrom the curvatureof thesurfaceslt
alsoshaows the problemwhenusingonly the disc intersec-
tion query[LURMO2] atconcave surfacegFigure4 (c) blue
dashedine, pointB andD).

5. Ray Map Implementation Using a kD-tr ee

In theprevioussectionwe have shavn thatray mapsprovide
advantagesn illumination reconstructiorcomparedo pho-
ton maps.In therestof the papemwe presentanef cient im-
plementatiorof theray mapandassociatedjueriesWe de-
scribethe algorithmsfor ray mapconstructiorandray map
queriesWe alsopresentistrat@y thatkeepghememaoryre-
quirementf the methodlow while not causingsigni cant
performanceenaltyin practice.

5.1. Overview

We representheray mapusingspatialsubdvisionbasecbon
kD-trees.The rays are organizedin a way similarly to or-
ganizingobjectsfor ray shootingaccelerationWe construct
a hierarchicalspatialsubdvision thatcontainsreferenceso
raysintersectingthe cells of the subdvision. For eachele-
mentarycell of the subdvision we maintaina list of refer
encesto raysthatintersectthe cell. Thenfor a given query
domainwe rst determinewhich cells of the subdision it
intersectsand evaluateintersectionnly with raysreferred
at thesecells. The resultingspatial subdvision shouldad-
dressgthefollowing two pointsduringquerying:

Distribution of raysandqueries
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Figure 4: Scenesisedto studythe bias of densityestimationmethodsThegraphsshowthe resultingirr adiancecomputedy
the densityestimationalong the depictedpath on the surfacegmarkedin red-blue).Thefollowing scenesvere evaluated:(a)
Corvex cornerwith a parallel distribution of rays.(b) Concavecornerwith a parallel distribution of rays.(c) Wavescenewith
a cosinedistribution of rays.(d) Wavescenewith a parallel distribution of rays. Thebladk dottedline is the referene value

Theredfull line is computedromthe photonmap.Thebluedashedine is computedromtheray mapusinga disc[ LURMOZ.
Theyellowfull line is computedromtheray mapusingthe new hemisphee-discmethod.
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Coherencef thequeries

The rst point is addressedy hierarchicalsubdiision
with terminationcriteria basedon the numberof rayscon-
tainedin its cells. Additionally aswe describdaterwe use
alazy constructiorof thekD-treethatadaptgo thedistribu-
tion of thequeries.

Thesecondoointis addressedsfollows: oncea cell with
a setof raysis subdvided, the resultingray classi cation
(i.e. raysassociatedvith the subdvided cells) is reusedby
all subsequenyueriesIf we access cell thatneedsurther
subdvision, it is very likely thatit alreadycontainsa lim-
ited setof raysdueto the previous subdvisions.Thusif the
queriesare coherentonly a small numberof splitsis per
formedfor eachquery, sincewe mostly accessellsalready
subdvidedby the previousqueries.

5.2. Static kD-tr eeConstruction

The static constructionof the ray map kD-tree proceedsas
follows: Startingattheroot of thetreewe checkif it satis es
the subdvision criteria. If the subdvision criteria are met,
we subdvide the nodeanddistribute all raysit containsto
thenew leaves.A ray getsassociateevith aleafonly if it in-
tersectghecell correspondingo theleaf. After the subdvi-
sionwe continueby recursve traversalof the newly created
children.

We have usedthreesubdvision criteria: The nodeis sub-
dividedif all of thefollowing threeconditionshold:

Thenumberof ray referencedn thenodeis greatetthana
prede nedconstanCpin (We useCmjn = 32).

The diagonalof the correspondingell is longerthana
fraction of the diagonalof the sceneboundingbox Rmin
(typically Rmin = 0:1% of the sizeof the scenebounding
box).

The depthof the nodeis smallerthana prede nedmaxi-
mal depthDmax (we useDmax= 30).

We have usedsplitting planegpositionedatthespatialme-
dianof thecurrentnodethatis perpendiculato theaxiswith
greatestspatialextent. The resultingalgorithm hasseveral
desirableproperties:

Sincewe usea spatialmedianthekD-treeis spatiallybal-
anced.

Due to the later presentedazy constructionthe kD-tree
automaticallyadaptdo the querydistribution.

Exceptfor theterminationcriteriathe subdvisionis inde-
pendenbf theactualdistribution of rays.While thismight
be a dravbackfor a staticsetof rays,it turnsoutto bea
bene t for adynamicallychangingay setandthecaching
stratgy we use.

We do not have to evaluatea costfunction which is re-
quired for more advancedsplitting plane selection.In
asymptoticcomplexity boundsthis bringsdown the cost
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of the plane selectionfrom O(n log n) (sorting accord-
ing to thecost)to O(n). Additionally theconstantdhidden
by the O-notationfor the spatialmediansplit are several
timeslower thanfor the costbasedone,which is impor

tantfor theon-the- y construction.

5.3. Intersection Query

An intersectionof a given spatialdomainwith the raysin
theray mapis carriedoutby constrainedraversalof the kD-
treeandcomputingintersectionsvith raysstoredat the leaf
nodes.The traversalis constrainecnly to nodesintersect-
ing the spatialdomainof the query In factwe constrainthe
traversalto aboundingbox of the spatialdomainandusethe
actualdomain(disc,spherehemispherednly for evaluating
theray/domainintersection.

5.4. K-NearestNeighborsQuery

A K-nearestneighborsqueryaimsto locateK nearestays
for the given querycenter It usesa similar traversalasthe

intersectionquery however it requiresthat the leaf nodes
areprocessedccordingto their distancefrom the centerof

the query This canbe achiesed by usinga priority queue
in whichthe priority of thenodeis inverselyproportionalto

its distance The approacthis similar to K-nearesineighbors
over thepointdatal AMN 98].

Initially we pushthe root nodein the priority queueand
proceedasfollows: we pop the nodewith the highestpri-
ority from the queue.lf it is aninternalnode,we compute
minimal distanced; ;dr of its childrenfrom the querycen-
terandinsertthemin thepriority queuewith prioritiesequal
to d and dr, respectiely. Whenreachinga leaf node
we evaluatethe distanceof all raysassociateavith thenode
with respectto the query centerand add theseraysto the
ray candidatdist. If the ray candidatdist getslarger than
K, we apply the K-medianalgorithmto selectthe K rays
with minimal distancelf the distanceof the K-th selected
ray is smallerthanthe distanceof the unprocessedodeon
the priority stack,we canterminatethe algorithm,sinceno
unprocesseday can be closerthat the alreadyfound K-th
ray.

The describedechniqueconsidershe whole sceneasa
querydomain.It is advantageouso constrainthe querydo-
mainevenfor the K-nearesheighborqueriesThis is easily
incorporatedn the algorithm by pushingonly thosenodes
in the priority queuethat intersectthe query domain.This
limits the numberof nodesin the queueandthus provides
aminor speedupThe setof leavestraverseds mostlyiden-
tical to that of the unrestrictedquery Note that the prior-
ity queueprovidesa naturaladaptatiorof the traversedpart
of the sceneto the rangewherethe K-nearestrays areac-
tually found, without the needof ary complicatedestima-
tion techniquesThe nodesfurther away from the K-nearest
neighborsareaccessedt the higherlevels of the hierarchy
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but they do not getaccessedary further The procesof K-
nearesteighborquery without and with the restriction of
thequerydomainis illustratedin Figure5.

Theremay be different distancemetricsusedfor evalu-
ating ray distance We canusesomeof the traditionaltech-
niguesthattakepointsof intersectionof theray with scene
objects (photon maps)or with a tangentplane (Lastraet
al.[LURMO2]). Followingtheanalysisn Sectior4.3weuse
theminimal distanceto theintersectiorof the (prolongated)
ray with thetangentplane(metricll.(a)).

)
(6) ®
68

eo“

01

A

0[1

Figure5: K-nearestneighborgueriesusinga priority queue
(top) Traversalof the kD-tree for the unconsteinedquery.

Thenodesare labeledaccording to their processingorder.

Theraysat the redleaveswere actually testedfor intersec-
tion. After testingthesetwo nodesthe querywasterminated
sincewe havefound a required numberof raysthat were

closerthananyof theunprocessd nodesin thequeue (bot-

tom) Traversalof the kD-tree constinedby the querydo-

main.Notethat althoughwe haveaccessed smallerpart of

the hierarchy we actuallytestthe samenumberof leavesas
for theunconstainedquery.

6. Ray Map Enhancements

This sectionpresentsseveral enhancementef the kD-tree
basedray map implementation.The rst three presented
methodsaim to improve the speedof the queries.The last
methodlimits the size of the ray mapallowing the userto
tradeof thetotalmemoryconsumptiorfor speed.

6.1. Lazy Ray Map Construction

In orderto concentratehe splitsin areageally accessethy

the querieswe usea lazy kD-tree construction Note thata
similarideahasbeenusedby Ar etal. [AMTO02] for dynamic
collision detection.The kD-treeis constructedy interlear-

ing the traversalof the alreadyexisting partof the treewith

subdvision performedon its leaf nodesthat satisfythe sub-
division criteria(e.g.containtoo mary ray references).

Given a querywith its domaincorrespondingo an axis
alignedbox, we startattherootnodeandproceedasfollows:

If the currentnodeis aninterior node,we checkthe po-
sition of the box with respecto the associateglaneand
continuethe traversalrecursvely for the subtreesnter
sectecby thebox.

If the currentnodeis a leaf, we checkif the subdvision
criteriaaremet:

— If the subdvision criteria are met we subdvide the
nodeanddistribute all raysit containsto the two new
leaves.Recallthatarayis associatedvith aleafonly if
it intersectghe correspondingell. After the subdvi-
sionwe continueby thetraversalof the newly created
children.

— If thesubdvision criteriaare not met we testall rays
associatedvith the nodefor an intersectionwith the
querybox.

Thelazy constructionis visualizedin Figure®6.

6.2. Directional Splits

Two importantray map queriesusequerydomainsthat not
only restrictsthe spatialrangeof theraysbut alsotheirdirec-
tional range In particularthedisc queryandthe hemisphere
queryonly considerrayswith anegative dot productwith the
normalof the disc or the hemispherelf we only grouprays
accordingto the spatialpositions,we cannotef ciently cull
groupsof rayswith oppositedirectionsthanthosedesiredby
thequery

To tacklethis problemwe extendedthe kD-treeby direc-
tional nodes Unlike the usualkD-tree nodethe directional
nodedoesnotprovide asplitin thespatialdomain but rather
in the directionaldomain. The directionalnode containsa
referencedirection. The nodesubdvidesthe currentrange
of directionsinto thosehaving a positive and negative dot
productwith thereferencedirection.For the densityestima-
tion the negative directionsare thosefeasiblefor the disc
or hemispheréntersectionqueriessincethey representn-
comingrays.To allow sharingof the samedirectionalnode
by severalquerieswith slightly differentnormalswe enlage
the setof feasibledirectionsby aspeci eda angle(seeFig-
ure7). Suchana-extendeddirectionalnodedoesnotcull all
infeasiblerays, but allows to reusethe directionalnode by
all querieswith normalswithin a anglefrom the reference
direction. The directionalnodesaretraversedasfollows: if
the anglebetweerits referencealirectionandthe querynor-
mal is lessthana. In this casethe queryis coveredby the
directionalnodeandwe only traversethefeasiblesubtreeof
the directionalnode (andthus successfullycull all the rays
storedin theinfeasiblesubtree)lf the queryis not covered
by the directionalnodewe have to traverseboth subtreeof
thedirectionalnode.

The directionalnodesare introducedbasedon the nor
mal of the actualdisc or hemisphereueriesin the optimal
casewe wouldplacethedirectionalnodesashighin thetree
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Figure 6: Lazyconstructionof thekD-treedrivenby the queries.(a) The rst queryis depictedby thereddisc.(b) Thesecond
querydoesnotrequire anysubdivision(c) Thethird queryrequiressubdivisionof the kD-treeby two new internal nodes.

reference
covered query direction
normals

infeasible ray directiol
/ (front child)

feasible ray directions
(back child)

Figure 7: Thesubdivisionof theray directionsaccordingto
a directionalnode Notethat for the covelredquerynormals
only the badk child of the directionalnodeis traversedand
all theinfeasibleraysare culled.

as possiblewhile making surethat the whole subtreecor
respondgo a spatialdomainwhere directionally coherent
queriesare expected.We usea simpli ed stratgy suitable
for dynamictree constructiorthatusestwo prede nedcon-
stants:the minimal depthof a nodeand minimal diagonal
sizeof the cell. If thesetwo criteriaare metfor the nodeto
be subdvided,we rst checkif thereis no otherdirectional
nodeon the pathto therootthatcoversthegivenquery

If wedonot nd suchanodeweintroducethedirectional
nodeandsplit the currentsetof raysaccordingto theangles
betweertheirdirectionsandthereferencalirectionasshovn
in Figure?. Thereferencelirectionfor directionalnodecor-
respondgo thenormalof the rst query whentheinsertion
of directionalnodeis decided.More complicatedand ef -
cientstratgiesfor determininghereferencelirectioncould
be usedfor of ine processingf queries.

In scenesvith directionallycoherentjuerieswe have ob-
sened thatusinga = 10 degrees,about90% of the query
normalswerewithin thea range.This meanghatwe could
successfullycull the whole subtreemaintainingrayswithin
theremainingl80 2a degrees.

¢ TheEurographics#\ssociatior2005.

6.3. Exploiting Query Coherence

Subsequentueriesin the ray map are likely to be coher

ent,if they areinducedby the directvisualizationof visible

surfacedor coherentpixel orderon the image.We exploit

querycoherencdy reducingrepeatedraversalsof thesame
interior nodesof thekD-tree. The testsat the leaf nodesare
carriedout asusualsincefor mostapplicationswe needto

evaluatetheactualray distancegor eachparticularquery

Ourdesigngoalwasto provide amechanisnthatdoesnot
requirepreprocessingf the queriesbut it allows usto use
the coherencédetweensubsequetqueriesif thereis some.
We only describea modi cation to the K-nearestieighbor
algorithm. The modi cation of the intersectionalgorithm
workssimilarly.

For the rst querywe createa list of nodescorresponding
to thereachedeavesandunprocessedodeson the priority
stackthatarewithin ane-distancefrom the K-th ray found.
The createdist becomes referencdist for the subsequent
queriesandthe query centeris a referencecenter For the
next querywe rst checkif thequerycentedieswithin thee
distancdrom thereferenceenterlf thisisthecasewe push
all thenodesrom thereferencdist to thepriority queueus-
ing the actualpriorities with respectto the new query cen-
ter. The querythenproceedsasusual,but the referencdist
andthereferencecenterarenot modi ed. If thequerycen-
teris notwithin the e distancefrom thereferencecenterwe
startthe traversal at the root nodeand createa new refer
encelist thatwill possiblybe usedby subsequentjueries.
In ourteststhis methodprovidedperformanceyaintypically
rangingfrom 1%to 30%for e= 0:5% of scenesize.

6.4. Limiting Memory Usage

Thenumberof raysstoredin theray mapcanbevery large.
Theray mapimplementatiorshouldhoweverbeableto limit

thesizeof theindexing structureandsoto balancehequery
performanceand memorycosts.As we show later we can
successfullyimit the memoryusedby theray index to the
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amountcomparabldo the actualray representatiomwith no
or only minor performancelecrease.

Ourray mapimplementatiorstoresmultiple references$o
arayin severalleavesof thekD-tree.As the kD-treeis con-
structedazily, the overall memoryconsumptiorgrows with
thenumberof processedjueries Theactualgrowth ratede-
pendsonthedistribution of therays(mainly theirlengthand
direction)andthe spatialcoverageof the querieslf therays
arevery shortandthe queriescover only a smallfraction of
the scene the memorygrowth is small. On the otherhand,
for long raysandqueriesevenly lling the spacetherecan
bemary referenceso eachrayin thecellsof theconstructed
subdvision. This increaseshe total memorycostconsider
ably.

We have developeda mechanisnallowing to ef ciently
balancethe memorydedicatedo the ray mapandthe com-
putationalcostusingtheleast-recently-usefLRU) caching

stratgyy. We setalimit onthememoryusagefor representa-

tion of thekD-tree,suchas100MBytes.Beforeeachsubdi-
vision of a nodein the kD-treewe checkif thelimit hasnot
beenexceededlf it hasbeenexceededwe nd asubtreeof
thekD-treeusinga LRU stratgy andcollapseit to a single
node.Thecollapsesareperformeduntil thedesiredmemory
boundis reachedThenarequiredsubdvision of thenodeis
performed.

The describedmethod maintains parts of the kD-tree
which were recently accessedin this way we make sure
that the memoryusagewill not exceeda prede nedmem-
ory limit, while we canstill exploit coherencef subsequen
queries.

7. Results

In this sectionwe summarizehe resultsobtainedusingour
implementationof ray mapsin the context of densityesti-
mation.We comparetheachievedresultsfor the directvisu-
alizationusingray mapswith the directvisualizationusing
photonmaps.

We have conductedour differenttestsThe rst testcom-
paresK-nearesteighborqueriesusingour ray mapimple-
mentationandthe ray-cachd LURMO2]. The secondestil-
lustratesthe dependencef the query performanceon the
numberof rays storedin the ray map. The third testeval-
uatesthe performanceof the queriesin dependencen the
numberof desirechearestays.Thefourth testcompareshe
performanceof density estimationfrom photon mapsand
ray mapsfor thedirectvisualization.

The rst testis the comparisonof ray mapswith the
methodusing the dynamiclist of spheresWe conducted
testson four differentscenesthe CornellBox, the Cognac,
the Of ce, andthe SalascenegseeFigure8). We have used
K-nearestneighborqueriesaiming at nding 100 nearest
rays.Additionally, we have restrictedthe searchto the dis-
tancecorrespondingo 5% of the sceneradius.For eachtest

Rays || Found | Succ.Tests | QueryTime
108 [%] [ms]
189 100 27.0 0.16
378 100 27.7 0.22
944 100 26.0 0.42

1887 100 25.0 0.88

Table 2: Dependencef thequeryperformanceonthenum-
ber of rays storedin the ray mapfor the Cornell box. The
resultsare averagedusing53,000nearestneighborqueries.

we have measuredhe total numberof rays, the numberof
queries,the numberof actually found rays, the percentage
of successfullytestedrays,the peakmemoryusagefor the
ray map, the numberof tree collapsesper query(forced by
the cachingscheme)andthe averagequerytime. Note that
the memoryusagecountsthe memoryrequiredfor the ray
index not the raysthemseles.For all testswe setan upper
memorylimit for theray mapindex to 128MB. Theresults
aresummarizedn Tablel.

We canseethat the ray map methodprovidessigni cant
speedugomparedo theray-cacheFromtherunningstatis-
tics we have identi ed two main reasons(1) the ray-cache
using the dynamiclist of spheresdependsstrongly on the
choiceof theappropriatesearchradius.If thisradiusis larger
thanthat of the actualneighborhoodwherethe K-rays are
found, we have too mary candidaterays that have to be
ranked(2) If all subsequetqueriesarenotcoherenenough,
the dynamiclist of spheresasto bereconstructedvhich is
relatively costly.

The secondtestshaws the dependencef the query per
formanceon thetotal numberof raysstoredin theray map.
This testwas conductedfor the Cornell Box using 53,000
nearestheighborqueries Theresultsaresummarizedn Ta-
ble 2.

We canobsenethatincreasinghe numberof rayscauses
only asublinearincreaseof the averagetime perquery The
increaseis however morethanlogarithmicwhich is dueto
the fact thatthe averagequerytime alsoincludesthe costs
for thelazy constructiorof the kD-tree.

The third test shaws the searchperformancen the de-
pendenceon the numberof desiredrays for the K-nearest
neighborquery Again we have usedthe Cornell Box with
1.8 10° raysand53,000queries.Theresultsareshovn in
Table3.

We seea sublinearincreaseof querytime whenincreas-
ing the numberof desiredrays. The more rayswe require
the fartherwe have to searchfrom the querycenter An im-
portantpropertyof our ray mapimplementatioris thatdue
to the priority queuebasedraversalit automaticallyestab-
lishesthe neighborhoodvherethe desirednumberof rays
arebeingfoundwithout signi cant performancéoss.

Thefourthtestcomparesherenderingusingthedirection

¢ TheEurographicsAssociation2005.



V. Havran, J. Bittner R.Herzog,andH.-P. Seidell RayMapsfor Global lllumination

Scene Rays | Queries || Method | Found | Succ.Tests | Memory | Collapses| QueryTime | Speedup
[10°] | [10%] Rays [%] [MB] (0] [ms] []

ComellBox | 1887 53 || au 100 00| 1280 0.02 “ose| 283
cogac | o7| 128 pu | gp| gl a7| 0| oss| e
orce | 50| 7| o | 0| e 7mo| o]  as| 170
sda | 00| w10 fu | 00| soe0| 1mo| 05|  om| as

Table 1: Comparisonof the K-nearestneighborquery performancefor the kD-treebasedray map(RM)implementatiorand

the dynamiclist of sphees(SP). For the last SPtestwe ha
reasonabldgimings.If theinitial radiuswaslarger, there we

dto reducethe search radiusto 0.5% of the scenesizeto obtain
re too manyraysin the candidatelist leadingto runningtimesof

more thantwo ordersof magnitudegreaterthanfor theray mapmethod.

Found || Succ.Tests [ QueryTime
[%] [ms]

20 11.5 0.70

50 19.2 0.75
100 25.0 0.88
200 33.4 1.02
500 44.0 1.49

Table 3: Dependencef thequeryperformanceonthenum-
ber of desirednearestneighborsThemeasuementvascon-
ductedfor the Cornell Boxusing1:8  10° raysand53,000
queries.

For all the tests,we have setthe limit for the memory
usagefor the ray mapsas describedin the Section6.4 to
128 MBytes. For time measurementse have useda single
PCwith a2.4 GHz Pentium4 and1 MByte of L2 cache.

8. Discussion

Thetestingof differentvariantsof ray mapimplementations
revealedseveralinterestingfeatures For the discussionwe
chosethesplitting planeselectionanda comparisorio a dif-
ferentray mapimplementatiorthatusesdual space.

Scene Time[s] Time[s] Time[s] Ratio[-]
raymap | phot.map| phot.map| phot.map
corv. hull | /raymap

8.1. Splitting Plane Selection

Inspired by the rich literature on kD-treesfor ray shoot-
ing [Kap87 Hav00] we have experimentedvith othermeth-

odsfor splitting planeselectionsuchasthe ray medianor

querydistribution heuristics The ray medianselectsa split-

CornellBox 311 70 116 4.4
Cognac 293 63 103 4.7
Ofce 195 41 71 4.7
Sala 240 115 178 2.1

ting plane so that the numberof raysin the left andright

Table 4: Renderingimesfor densityestimationwith photon
maps,photonmapswith convex hull, and ray mapswithout
nal gatheringfor resolutionl000 1000pixels.Onlyindi-
rectillumination wascomputed.

visualizationwith ray mapsandphotonmaps.Thetime per

formanceresultsfor thistestaresummarizedn Table4, the
imagesareshown in Figure 8 for photonmapsandin Fig-

ure 9 for ray maps.Notice the clearly visible boundarybias
for photonmaps For comparisorpurposesve have alsoim-

plementeda boundarybiasreductiontechniquefor normal
photonmapsusing corvex hulls [Jen0]. Thetimingswere
increasedby factor 65—-75%and the imagesstill suffered
from artefactson small surfaceareaswherethe numberof

photonsis insufcient. We do notshow therenderedmages
heredueto thelack of space.

Thecomparisonsiave shovn thattheray mapbasedien-
sity estimationsuccessfullyeliminatesboundarybias. The
overheadof performingthe ray map queriesis moderate-
the densityestimationwith ray mapswas?2.1to 4.7 times
slowerthanthedirectvisualizationfrom photonmaps.

¢ TheEurographic#\ssociatior2005.

subtreesof the split nodeis equal. The query distribution
heuristicds basedn similarideaasthesurfaceareaheuris-
tics subdvision for ray shooting.We estimatethe costsof
a splitting planepositionby weightingthe numbersof rays
in left andright childrenwith the probabilitythatthe corre-
spondingechild will beaccessetly aquery

Surprisingly the conductedexperimentshave shavn that
the bestoverall query performancewas achieved by using
the simpleststratgy for the spatialmediansplit discussed
in Section5.2 Whenusingthe more advancedray median
splitor querydistribution heuristicave achiezedabout10%-
30%worseperformanceerquery We explainthisresultas
follows:

The computationalcost of the splitting plane selection
for theadvancedechniquess higher Asymptoticallythis
meansO(nlogn) versusO(n), but thereis alsoan addi-
tional costfor evaluatingthe heuristicsfunctionhiddenin

the O-notation.Sincewe constructthe kD-treelazily and
the numberof queriesis comparableor even lower than
the numberof raysstoredin the ray mapthis difference
becomesigni cant.
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The heuristicsshould provide a well balancedree with
respecto thequeriesHoweverwe dealwith amorecom-
plicatedproblemthanfor traditional kD-treesthat store
only pointsin 3D. Any ray canbereferencedn anumber
of leavesandit is dif cult to predicthow mary references
will occurateachsubtreevhenperformingasplitnearthe
root of the tree. This is emphasizedby the fact thatlong
diagonalrayscanspanacrossthe whole scene although
after the subdvision they endup only in a few nodesin
proximity of theray.

8.2. Ray Mapsin Line Space

A naturalcandidatdor ray maprepresentatiors line space.
Rayson a givenline in primary spacearerepresentedby a

pointin line space.By representingll rays asline space
points we can clusterthesepoints and use classicalrange
searchingnethodgo nd pointsthatintersecttheline space
mappingof the querydomain[Pel04. In factthistechnique
wasusedin our rst ray mapimplementationWe have used
Plickercoordinatedo map supportinglines of the raysto

6D points(pointsin 5D projective spaceembeddedn 6D).

Thenwe have clusteredheresultingpointsusingabounding
box decompositiortree (BBD-tree)[AMN 98]. The query
domain(disc) was mappedto a line spacecorvex polyhe-
dronforming a setof 6D hyperplane§Tel92. We havethen
foundall pointsof the BBD-treethatwere containedn the
polyhedron.To re ect the fact that we actually deal with

line sgmentansteadof lineswe have interleavedthesearch
with testingintersection®f the querydomainwith the spa-
tial boundingboxesof ray clusters.

Unfortunately the resulting technique exhibits rather
small performancegain comparedto the naive implemen-
tation of the search.The major problemis performing a
computationallyef cient intersectiorof theline spacemap-
ping of the query domain (6D unboundedconvex polyhe-
dron) and the 6D boundingboxes correspondingo clus-
tersof rays. The querydomainis compactin primal space
(e.g.disc), but after mappingto line spacewe typically ob-
tain an unboundedhin polyhedron.The BBD-tree wasal-
ways traversedalmostto the bottom providing only a ten-
fold speedupcomparedo the naive implementatiorof the
searchingalgorithm.

This approachhowever devotesfurtherinvestigationper
hapsa combinatiorof primal/dualspacedatastructurecould
sharethebene tsof both: compactnesef the querydomain
(primal space)and eleganceof the ray representatiorfdual
space).

9. Conclusion

We have presenteda data structurefor representindight
transportalledray map.Theray mapextendsthe concepbf
thephotonmap:it providesa generamechanisnior storing
light path samplesaswell asretrieving the samplesusing
ray proximity queries.We have discussedhe intersection

queries,nearestieighborqueries,and their combinations.
The ray mapnot only allows to determineraysin proxim-

ity, butit alsoallowsto usenew distancemetricsunavailable
for the photonmap.In particularwe candetectnearestays
basedn the minimal distanceof therayitself from thecen-
ter of the queryinsteadof usingthe point of intersectionof

theray with sceneobjects.

We have presentedn ef cient implementatiorof theray
map basedon a kD-tree. We proposeda humberof tech-
niguesto achieve searchingperformanceapproachinghe
performanceof the photonmap: the kD-treeis constructed
lazily basedon the actualqueries,it is extendedby direc-
tional nodesfor ef cient culling of infeasiblerays,andwe
exploit querycoherencéy avoidingrepeatedraversalof the
upperpartof the tree.We alsodescribeca methodlimiting
the memoryusageby cachingonly the part of the treethat
wasrecentlyaccessed.

We have usedtheray mapsin densityestimatiorfor direct
visualization We have shaowvn thatby usingour hemisphere-
disc methodwe can avoid boundarybiasinherentto pho-
ton mapsandalsoreducethetopologicalbias. Theseresults
wereachievedat the costof moderaténcreaseof computa-
tional time comparedo photonmaps.

Theray mapconceptopensa numberof topicsfor future
work. We work on methodsdetectingor reducingocclusion
biasvia simple statisticalmeansover the raysin query We
also ervision an ef cient hybrid renderingalgorithm com-
bining seamlesslythe resultsfor the indirect illumination
computeddy densityestimatiorfrom photonmaps from ray
maps,andfrom the nal gatheringacrosstheimageplane.
Theray mapsareagoodcandidatdor renderingof volumet-
ric effects.Finally, we wantto useray mapsin the context
of animationin orderto detectandupdateonly the modi ed
light paths.
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Figure 8: Thetestscenesenderd usingphotontracingwith directvisualizationof photonmapsusingdensityestimation:the
Cornell Box,Cognac,Of ce, andSala.

Figure 9: Thetestscenegendeedusing photontracing with directvisualizationof ray mapsusing densityestimation:the
Cornell Box,Cognac,Of ce, andSala.
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