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EFFICIENT SSIMULATION OF HALOSFOR COMPUTER GRAPHICS

JEAN-CHRISTOPHE GONZATO, SYLVAIN MARCHAND

LaBRI, Universie Bordeauxl, 351 coursdela Libération,F-33405Talencecede, France

ABSTRACT

We presentatechniqudor efficiently generatingphoto-realistigicturesof halos.First, we describe
an algorithmfor producingimagesof halosfrom physicalparametersuppliedby the user The
problemwith theresultingimagess thatthey aresampledn a non-uniformway. Then,we propose
a specificalgorithmfor reconstructinghe uniform versionof theseimagesfrom their non-uniform

sampling. With this technique,we obtain computergeneratechaloslooking asif they hadbeen
naturalscenesapturedoy acamera.

Keywords:halo,irregular sampling,naturalphenomenasignalreconstruction

INTRODUCTION

In this paper we aim at generatingphoto-realistidmagesof halos. Naturalhalosusually appearon sunry
winter dayswhenthereis enoughmoisturein the air. The sunlight pathis thendeviatedby ice crystalsfalling
to theground.Simulatinghaloscanprovide uswith avery corvenientway to enhancesxisting photographsvith
nice but scarcelight phenomenaMore thanonly describingthe crystals,simulatingthe halos,andintegrating
theresultingsimulationsinto real photographsthe main problemis to find a way to computethe valueof light
passinghroughthecrystalsfor thewholeview frustum.Indeed thevalueof thecomputergeneratedhaloimages

is undefinedor mary pixels. The problemaddressetiereis how to recover asaccuratelyaspossiblethemissing
data.

In the Natural Phenomenomsection,we briefly introducethe physicsof halosandthe way they areusually
modeledby physicists. The SimulatingHalos sectionpresentghe main modelsfor simulatinghalosusing a
computer They all produceimagesin anon-uniformway: thevalueof thehalois notknow for thewholeimage.
So, in the CompleteHalo Image Reconstructiorkey section,we presentan efficient algorithmto reconstruct

irregularly-sampledignals(soundsjmages. .). This algorithmproposego approximatehe original signalstep
by step,eachiterationdecreasinghe reconstructiorerror.

Fig. 1. Photagraphof a natural 22-deyreehalo.

NATURAL PHENOMENON

Thewell-known rainbavsarecreatedy thedeviation of thesunraysby dropletswhenthesunshinesvhereas
therainfallselsavhere.Duringwinterdays,dropletsaretransformednto smallice crystalswhich canberegarded
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asregularhexagonsforming athree-dimensionatloud of particles,slowly falling to the earth. The sunraysare
alsodeviated— by seriesof reflectionsandrefractions- whenthey travel throughthe crystals thusgiving birth to
solarhalos.Generally onecanseea— eitherpartialor complete- lightedcircle locatedat 22 degreesaway from
the sun(seeFig. 1). Many otherkinds of halo exist, althoughthey are more unlikely to occurin practice. The
kindsof haloswhich canbe obseneddepencdhotonly onthekind of crystalswithin the cloudandtheturbulence
of theatmosphereyut alsoon thelocationof boththelight source- usuallythe sun—andthe obsener.

Crystalsareusuallymodeledby regularhexagons Whenthelight sourcehitsthecrystals severalinteractions
occurs,dependingon whetheror not the sunray is directly reflectedat the surfaceor refractedinto the volume.
Crystalswith length-to-radiusatiosabove or below 2 arecalledpencilsor plates respectiely. In anon-turtulent
atmospheretheice crystalsfall in suchasway thatthe surfacefriction is maximal(seeFig. 2).

(a) Light-crystalinteractions (b) Pencilandplatefalling

Fig. 2: Classicmodelsofice crystals.

SIMULATING HALOS

Simulationalgorithmsallow physicistgto verify the consisteng of their theories.They alsoproducerealistic
picturesof greatinterestfor peopleinvolved in computergraphics. Perhapssurprisingly very few efficient
simulationtechniqueshave beenproposedsofar. Greenler(1980)provided the physicalfoundationsof almost
all halosimulationalgorithms.He proposedo considerthe caseof aray of sunbeingdeviatedby onesingleice
crystalduringits travel throughthe iced cloud. The problemwasnow to computethe quantity of light passing
througheachpixel of the imagerepresentinghe simulatedhalo. From the complexity point of view, usinga
standarday tracingalgorithmis notrealistic.Indeed for eachray leaving the eye andpassinghroughthe pixel,
the algorithmhasto testall the orientationsn orderto find the oneswhich deviate the ray into the direction of
the light source. Greenlerproposego usean inverseray-tracingalgorithminstead. Knowing the direction of
theray of light leaving the crystalis equialentto knowing whereto look in the sky for light comingto your
eye from the crystalwith thatparticularorientation. Thusthe presentedlgorithmfollows 4 steps:In stepl, the
algorithm choose®ne crystal— knowing the distribution of the varioustypesin the cloud of crystals— with a
randomaorientationin the rangeof possibleorientations.Step2 consistsin castinga ray from the light source
(the sunfor instance)o the crystalandcomputethe deviation. In Step3, placethe crystalin the atmospherén
orderto seethe light leaving the crystal. This positioningis simply doneby plotting a light point on a fish-eye
view imageof the atmosphereFinally, repeatthe previous stepsfor an userpredefinechumberof crystalsand
orientations.

In 1996,Glassne(1996a;b)enhancedhe Greenlemethodandproposedhefirst halo simulationalgorithm
for computergraphics.Moreover Glassnheproposego generatecoloredhalosby splitting the visible spectrum
into few wavelengthsandby castingraysfrom thelight sourcefor eachwavelength.

We presentan efficientimplementatiorof this algorithm,wherewe take advantageof the classicFresneland
Snell-Descartelaws to computethe realintensityof light comingfrom thelight source.

Unfortunately asfor the Glassneralgorithm, the value of this intensityis not known for the whole image.
No matterthe — possiblyhuge— numberof raysto castfrom the light sourceto simulatethe halophenomenas
accuratelyaspossible theintensityof thelight comingfrom the halocannotbe known for the wholeimage.
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COMPLETEHALO IMAGE RECONSTRICTION

The algorithm for halo simulationdescribedabove producesmagessampledin a non-uniformway (see
Fig. 3(a)), eachdot representinghe intensity patternof the halo. The problemis then, from this irregular
samplingto recover the missinginformationin orderto reconstructhe wholeimages(seeFig. 3(b)) from their
sampledakenin anirregularway.

(a) Irregular Sampling (b) Uniform Reconstruction

Fig. 3: Original (a) andreconstructior(b) of a portion of a haloimage.

Glassner(1996a)proposedo fill the missinginformationwith black pixels andto usethena superposition
of the sameimagesmoothedby a seriesof Gaussiarblurs at differentscales. This techniqueis tricky, rather
empiricalthough. Its resultsare satishctorybecauselurring andsub-samplingarein factthe basicoperations
for uniform reconstructionprovidedthattheblurring is doneusinga (low-pass)econstructiorilter closeto the
onegivenby thetheoryof signalsamplingandreconstructionTheproblemexperiencedy Glassners thatsmall
blursdo notgetthedotsto join up andform a smoothfield, whereadarge blurs make thewholepicturego fuzzy.
Thatis quitenormal,sinceGlassnebasicallytriesto applyanuniform reconstructioriechniquefor non-uniform
sampling.

IRREGULAR SAMPLING AND RECONSTRJCTION

We proposedo referto theirregularsamplingtheoryin orderto designanoriginalandmoreefficientalgorithm
for haloimagereconstructionLet usfirst briefly explainthetheoryfor one-dimensionaignals(suchassounds),
thenwe will easilygeneralizat to two-dimensionakignals(suchasimages).

Irr egular SamplingTheory

Let s beareal-valuedone-dimensionasignal,band-limitedin frequeng. This meanshats hasspectrumn
someinterval [—Qs, +Qs|, which is the caseiff all the coeficientsof its Fourier transformS correspondindgo
partsof thefrequengy domainoutsidethis interval arezero.More formally:

oo

Qs > 0, supportS) C [—Qs, + Q] whereS(Q):/ s(t) e dt (1)

—00

It is possibleto reconstructhe original signal s from samplestaken in a non-uniform (irregular) way if the
maximaldistancebetweertwo consecutie samplingtimesdoesnot exceedthe NyquistperiodTs = 11/ Q.

Reconstructiomlgorithm

Feichtingeretal. (1991)explainthatmostirregularreconstructioralgorithmsareiterative in nature.Starting
from someinitial guesstypically basedon the given samplingvalues,furtherapproximationf s are obtained
stepby step,usingthe available(assumedknowledgeaboutQs.
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This is the caseof the Allebachalgorithm, which is madeof 3 steps. Step1 consistsof the interpolation
of the samplingvalues. Many interpolationtechniqguesan be used,suchasthe Voronoi interpolation: nearest
neighborhoodnterpolation,using the arithmeticmeanfor equally-spacecheighbors. The interpolatedsignal
containsmary high frequenciesutsideof [—Qs, +Qg]. Theinformationconcernings canbeusednext. In step
2 theinterpolatedsignalis low-passfiltered with a cutoff frequeng slightly greaterthan Q. Let s, denotethe
first signalresultingfrom stepsl and2, thenlook atthedifferencesignals— s;. Accordingto theconstructions;
hasits spectrumwithin thesamerange[—Qs, +Qs|, andfor obviousreasonsve know its coordinatesitthegiven
samplingpositions.Thereforethe estimatdandicatedabove canbeapplied.Step3 is therecursve reconstruction
of theerror—if significant— sothatwe canagainrecover a certainportion of the remainingsignalby repeating
thefirst two stepsnow startingwith the sampleccoordinate®f s— s;. Continuingto usethedifferencebetween
the given samplingvaluesof s andthoseof the n-th approximationwe generateadditive correctionswvhich lead
stepwiseto improved approximations.

signal step function (first approximation)
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Fig. 4. The first iteration of the Voronoi-Allebad algorithm. The Voronoi interpolation producesa step
functionwhich is low-passfiltered, thenthe reconstructiorerror is measued (for knownsamplingpoints)and
reconstructedrecursively Thereconstructiorerror corvergesto 0 if the Nyquistcriterion wasrespectediuring
the samplingstage.

Fig. 4 illustratesthe Voronoi-Allebachalgorithm, thatis the Allebachalgorithmwith Voronoiinterpolation
asstepl. Giventhe samplingvaluesat known positionswe form a stepfunctionwhichis constanfrom midpoint
to midpointof the givensamplingsequenceBecausef theassumedmoothnessf the signal,this stepfunction
will not be too far away from the original signal, in the mean-squaredense. The filtering processin step2
destrgs the point-wiseinterpolationpropertyof the Voronoi method,but theoreticalconsiderationshow thatif
the maximalgapis smallerthanthe Nyquistperiodthentheiterative schemewill corvergeto theoriginal signal
satageometricrate(thefasterthe smallerthe actualmaximalgapis comparedo the Nyquistrate).

RECONSTRIJCTION OFHALO IMAGES
Strohmer(1993;1997)hasstudiedthereconstructiorf imagedrom irregularsampling.Mostreconstruction
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algorithmsfail in the caseof halo images. The main problemwith picturescoming from halo simulations
is that they show areaswith accumulationsof samplestogetherwith close-to-emptyareas. Sincethe classic
reconstructioomethodsheedaNyquistperiod— proportionako thedistancéetweenwo sampleoints— constant
all overthepicture,they areboundto fail in the caseof halopictures.In fact,choosingatoo smallNyquistperiod
doesnot getthedotsto join up andform a smoothfield, whereasatoo large valuemakesthe picturego fuzzy.

AlgorithmOverviev

To addresshis problem,we generalizehe Allebachreconstructioralgorithmfor picturesissuedfrom halo
simulations.We consideraniterative reconstructioralgorithm: Startingfrom the given samplingvalues further
approximation®f the completepictureareobtainedstepby step.

First, the unknown pixels are interpolatedfrom the known samplingvalues. Again differentinterpolation
methodscanbe used. We usethe Marvastimethod,whereall the unknovn valuesare simply setequalto zero.
Theiterative schemeof the Allebachalgorithmwould have corvergedfasterwith the Voronoiinterpolationbut
the computatiorof Voronoidiagramswvastoo slow to suitour needs Secondtheinterpolatedpictureis low-pass
filtered. This time we performa local non-uniformreconstructiorby adaptvely choosingfor every pixel the
bestsizefor the reconstructiorfilter (seebelaw). Finally, we considerthe differencebetweerthe reconstructed
pictureandthe original onefor the known samplingvalues.If this erroris significantthenwe iteratively repeat
the first two steps. Continuingto usethe differencebetweenthe given samplingvaluesandthoseof the n-th
approximatiorwe generatedditive correctionswvhich leadstepwisgo improvedapproximations.

Reconstructiorrilter

Theinterpolationtechniguebeingchosenlet usnow focusonthefiltering operatiorof the Allebachalgorithm.
It canbe performedby a simple convolution, provided that the impulseresponseof the filter is known. The
problemis thatthe theoretical(ideal) reconstructiorfilter is a box in the frequeny domain,correspondindo a
sincfunctionin thetime domain,andmorepreciselyto sindt/Ts) where:

. sin(Tt .
sindqt) = % (andsing0) = 1) (2

Unfortunatelythis function hasan infinite support. For practicaluse,it hasto be truncated. To avoid aliasing
phenomenapne may tapperthe truncatedversion of the sinc function by multiplying it with a bell-shaped
window, suchasthe Hannwindow (well-known in signalprocessing):

W (t) = % <1—cos< Nzi[tlﬁ—n)) 3)

for |t| < N/2, whereN is the size of the window (herein pixels). We then storethe impulseresponsef the
reconstructiorilter in anodd-lengthsquarematrix definedby:

Mn(x,y) = W (t(x,y)) sindt(x,y)/Ts) where|x| <N/2, [y] <N/2andt(xy) = v/x*+y? 4

AdaptiveFilter Size

The problemwith theimagesresultingfrom the halo simulationalgorithmis thatthe Nyquistcriterionis not
respectedThe maximaldistanceébetweertwo sampless muchgreaterthanthe Nyquistperiod. Applying a non-
uniform reconstructiorschemeon the whole imagewould leadto the sameproblemsas the onesexperienced
by Glassner We proposeinsteadto perform a local non-uniformreconstructiorby adaptvely choosingthe
appropriateneighborhood- and thus Nyquist period and reconstructiorfilter size— for every pixel. For that
purposefor eachpixel we make thesquareareacenteredtthis pixel grow until it containsa sufficientnumberof
samplesTherelationbetweerthesquareneighborhooaizeN andtheNyquistperiodTs is givenby thefollowing
equation(k beinganarbitraryconstantalthoughvaluesaroundl give satistctoryresults):

N = 2kTs+ 1 ®)

Thenwe considerQs = 211/ Ts andwe usethe reconstructiorfilter of sizeN x N. For the purpose®f efficiency,
thesesizesare pre-computedbnce and storedprior to the reconstructionalgorithm itself, togetherwith the
associatedilters of varioussizes.
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CONCLUSION

In this article, we proposea combinationof two algorithms. The first one,issuedfrom the physics,allows
us to simulatevariouskinds of halo phenomenaHowever, it generatesnincomplete— irregularly sampled—
image.Thesecondalgorithm,issuedrom signaltheory allows usto completelyreconstructhehaloimagefrom
theresultof the previousalgorithm. Theresultsarenot only physicallyvalid, but alsovisually realistic. For the
mountainphotograph(Fig. 5), we cast100,000raysto simulatethe halo. Theinsertionin the photographakes
about30 secondg18 sfor thesimulationitself and16 s for theimagereconstructionpna PCwith a Pentiumll|
processoat 550 MHz.

>

Fig. 5: Realmountaingogetherwith a virtual halo.
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