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Abstract

Falling snowhasthevisualpropertythatit is simultaneouslya setof discretemaoving particlesaswell asa dynamic
texture. To capture the dynamictexture propertiesof falling snowusingparticle systemsan, however, require so
manyparticlesthat it severely impactsrenderingrates.Here we addressthis limitation by renderingthe texture

propertiesdirectly We usea standad particle systento geneate a relatively sparse setof falling snow akes,
andwethencompositén a dynamictextureto Il in betweerthe particles.Thetexture is geneatedusinga novel

image-basedpectal synthesisnethod Thespectrunof thefalling snowtextureis de nedbya dispesionrelation
in theimage plane derivedfromlinear perspective Thedispesionrelationrelatesimage speedjmage sizg and

particle depth.In the frequencydomain,it relatesthe wavelengthrand speedof moving 2D image sinusoidsThe
parametes of this spectal snowcanbevariedbothacrosstheimage andovertime Thisprovidesthe e xibility to

matd thedirectionandspeecparametes of thespectal snowto thoseof thefalling particles.Camea motioncan

also be matded. Our methodproducesvisually pleasingresultsat interactiverenderingrates.We demonstate
our apprac by addingsnoweffectsto staticand dynamicscenesAn extensionfor creatingrain effectsis also

presented.

1. Intr oduction

Falling snav turnsableakwinter scenénto aromanticwon-
derlandlts charmhasinspiredmary artists,aswell asmary
computemgraphicsresearchers.

Most previous computergraphicsmethodsfor rendering
snav have beenbasedon 3D particle systemsThesemay
be dividedinto two types:thosethatrenderstaticimagesof
fallen snav [Fea0Q SOH99 NIDN97], andthosethat ren-
deranimatedmageryof falling snov [Ree83 Sim9Qd. This
paperis concernedvith thelatterproblem.

In addition, several methodshave been developed for
modelingthe globalforcesthatdrive particlessuchassnov
alongtheir paths[Sta01 SF92 SF93 EMP 03]. This paper
is not concernedwith simulatingthesephysical forces, as
the methodgust cited do anadmirablejob already Instead,
this paperaddressea differentand neglectedaspectof the
problemof renderingfalling snow.

Falling snav has both particle and textural properties.
Snawv ak es are olviously particles.Individual snov ak es
are clearly visible when one obseresfalling snowv. At the
sameime, onepercevesnotjustthesnav ak es,but alsothe
large scaleforcesthat drive the snav ak esasthey fall and
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swirl in groupmotion.Thesdargerscaleperceptsarisefrom
Gestalt-like con gural relationshipdetweerthesnav ak es
asthey move. Falling snav thusgeneratest o w pattern,a
dynamictexture,which hasawholenes$eyondtheindivid-
ual particles Thedynamictextureis theresultof hundredof
thousandsf snav ak esbeingpresentn arealscenelf one
could modelfalling snov usinga particle systemwith hun-
dredsof thousanaf particles thenonewould obtainthedy-
namictexture propertiesof falling snov automatically Un-
fortunately aswe will see the computationatostof doing
socanbequiteexpensve.

Thereforejn this paperwe introduceamethodthatkeeps
the numberof particlesrelatively low, and that achieres
the texture propertiesof falling snav usinga novel image-
based spectal synthesismethod. The spectral synthesis
method producesa dynamic texture which we composite
on the falling snav scene As such,our methodis a hybrid
methodlt combineggeometry-basexenderingparticlesys-
tems)with image-basedendering(spectralsynthesis)Our
methodproducesisually pleasingresultsat interactie ren-
deringratesandis e xible enoughto accommodateamera
movementaswell aschangesn thedirectionandspeedpa-
rameterof the spectraknow.
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Thepaperis organizedasfollows. In Section2 we discuss
relatedwork. Sections3 and 4 describemotionin the fre-
queny domainandthe dispersiorrelationfor falling snaw.
In Section5 we presentthe detailsof our spectralsynthe-
sismethod.In Section6 we presenexperimentakesults.In
Section7 we presenthetheoryandsomeresultsfor dealing
with a moving cameraFinally, we summarizeand discuss
someideasfor futurework in Section8.

2. RelatedWork

The ideaof a combiningimage-base@ndgeometry-based
renderingis itself not new. For example, Billboards are
a well-known techniquefor representingcomplex geome-
try, suchastrees,with very few texture-mappedolygons.
More sophisticateavork, suchasthatof [MS95, [SLS 96€],
[SGWHS98, [AL99], or [WMO02], replaceslistantgeometry
with images.Our work is similar in thatwe replacea large
numberof discretesnav particleswith a synthesizedpec-
tral snav in orderto reproducehe effect of heary snavfall
in a large spatialvolume.However, our approachnot only
reduceshe renderingcost,but in our experimentalsystem,
the resultslooked betterthansimply increasinghe number
of particles.

For the caseof a moving camera(Sec.7), the synthe-
sized spectralsnaov is relatedto view-dependentextur-
ing [DTM96]. In traditional view-dependentexture map-
ping, the imagerychangeshasedon the cameras position
andorientationrelative to asurface.In our casetheimagery
changesasedon the cameras orientationandmotionrela-
tive to avolumeof moving particles.

Thetwo maincontributionsof this paperareamethodfor
renderingfalling snov asa dynamictexture,anda method
for combiningthis texturewith a particlesystemEarlierwe
cited several classicworks on particlesystemsHerewe re-
view relatedwork in spectrakynthesis.

Spectral synthesismethodshave been used widely in
computergraphicsfor 3D modelingof fractal-like objects.
Thesemethodsgren out of pioneeringwork of [Man77
and[Vos84. Examplesof objectsthat have beenrendered
with spectrabynthesisreterraind FFC82 MKM89], ocean
waves[MWM87, Sak93, staticclouds[Gar83 or dynamic
clouds[Sak93, uids [Sta0], wind [SF92 SF93, re and
smole [EMP 03].

A key propertyof objectsrenderedvith spectrakynthesis
is theirrandommulti-scalegeometry Thevisualappearance
of the objectis determinedy the statisticsof the geometry
over scale ratherthanby a deterministicsmoothparametric
modelof the geometry The objectis obtainedby summing
up large numbersof sinusoidalfunctions which typically
have randomphasewith respectto eachother The object
is thenrenderedrom this sum.Thereforeto modela given
type of object,one mustde ne an appropriatesummation,

i.e. the appropriatesinusoidsand eachsinusoids contritu-

tion to the sum.The maintechnicalcontrikution of our pa-
peris animage-basednethodfor generatedhe multi-scale
motiontexture propertiesof falling snaw.

Spectralsynthesiscanbe carriedout in eitherthe space-
time domain [FFC82 Per85 Lew87, Lew89, MKM89] or
the frequeng domain [Sta01 Sak93 SF92 MWM87]. In
the space-timalomain,the objectcanberenderedrocedu-
rally at eachimagepixel andframe.This hasthe advantage
thatoneneednly to renderthevisible pointsandat scales
that arerelevant for the viewing distance One canalsolet
the parametersf the modelsuchasfractal dimensionvary
continuouslyacrossspace.

Thealternatveis to renderin thefrequeny domain.Here
the disadwantageis that the parametersare speci ed glob-
ally, but the advantageis that one can use an inversefast
Fouriertransform(IFFT) whichis very fast.As the FFT can
becomputedbnaGPU[MAO3], onecanpotentiallyperform
spectrakynthesi®f videoin realtime.

A simpleway to bridgethesewo extremesof purespace-
time vs. global Fourier transformsis to perform Fourier
transformslocally within small imagetiles, suchthat the
frequeny domainparametersre constantwithin eachtile,
but can vary from tile to tile. This is closely analogous
to spectrogrammethodsused in classical speechanaly-
sis/synthesigRJ93. Using tiles in this way gives a local
spatialcontrolovertherenderingparameters.

3. Image motion in the frequencydomain

Our spectralsynthesiamethodfor falling snaw is reminis-
centof themodelfor ocearwavesintroducedn [MWM87].

In thatpaper a setof 2D wavesis synthesizedy summing
2D sinusoidssuchthat the speedof eachcomponensinu-
soiddepend®n spatialfrequeng in amannerictatedby a

physicsof oceanvaves.Themethodwe introducefor falling

snav alsosumsup 2D translatingsinewaves,but in our case
the wavesrepresentheimagemotion of the snawv at differ-

entdepths Beforewe derive our model,we presenthenec-
essanbackground.

In generala 2D functionsuchasanimagethatundegoes
a constanttranslationover time yields a planeof power in
the 3D spatiotemporalrequeny domainfWA85]. If theim-
ageis translatingwith velocity (vx; vy) pixelsperframe,then
onecanwrite:

I(xyt) = I(x wty wt0):

Let (wx; wy) be the spatialfrequenciesn the x andy di-
rections,andlet wy be the temporalfrequeng. If onetakes
the 3D Fourier transformof the translatingimagel (x; y;t),
thenone nds thatall thepowerin the3D frequeng domain
(wx; wy; W) liesontheplane:

We = VxWx VW ! (1)
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This planepasseghroughthe origin. We referto it asthe
motionplanefor velocity (vx; vy).

Oneway to understandhe motion planepropertyof pure
translationis asfollows. Whenanimagesequencés created
by translatinga singleimageframe over time with velocity
(vx; w), theneachof the2D componensinusoidwf thesin-
gleimageframetravelswith thisvelocityaswell. Thus,each
componen®D sinewave producesa uniquespatiotemporal
frequeny componentn thetranslatingmagesequence-or
eachsingleframecomponenfwsx; wy), thereis auniquetem-
poralfrequeng asgovernedby Eq. (1). For example,if the
imagevelocity is purelyin they directionwith speeds, i.e.
(v;w) = (0;9), then

W= SWy 2)

For x eds, higherspatialfrequencieproducehighertem-
poralfrequenciesThis is intuitively what oneexpects.The
morecyclesthereareacrossagivenpixel distancethemore
temporalcyclesthereare(atapoint) asthosepixelstranslate
with speeds.

Eq. (1) is merelya generalizatiorof Eq. (2) in which the
translationvelocity is in anarbitraryimagedirection.

A few detailson the geometryof the motion planemay
help the readers intuition. If one takes the intersectionof
themotionplanewith the planew; = 0, oneobtainsaline:

VxWx+ Wwy = 0
Thedirectionof theimagevelocityvecaor(vx; Vy) is perpen-

dicularto this line, andthespeedv= &+ { is the slope
of themotionplanein this motiondirection.

4. A dispersionrelation for falling snow

Our modeldepartsfrom the motion planemodelof Eq. (1)
by consideringthe effects of linear perspectie. The im-
agemotion generatedy falling snav is not a singletrans-
lation but ratheris a family of translations.Even when
all snav ak es move with exactly the same3D velocity,
snhav ak es at differentdepthsmove with different2D im-
age velocities

We rst addressthe casethat the 3D velocity of the
snav ak esis in a directionthatis orthogonalto the cam-
eras view vector For example,all snov ak es might be
moving in they direction.In this casethe imagespeedof
eachsnow ak eis alsoin they direction.But becausef lin-
ear perspectie, the speedof the snav ak e will dependon
its depth.

Oneway to capturethe resultingrangeof imagespeeds
would beto usea setof motionplanes:

052 (Sminisma 9 (3)

where (Smin;Smax) IS the range of image speeds,and
(cosg;sing) is the x ed direction of image motion. Such

fwg= scosqwx Ssingwy
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a model was introducedin [LMO3] for describingthe 3D
power spectrumof the imagesseenby an obserer who is
moving laterally relative to a cluttered3D scenesuchas
the woods. (Another exampleis the caseof falling snaw,
of course.)In [LMO03], the model of Eq. (3) was usedfor
computewision, ratherthancomputergraphics Thatis, the
modelwasusedfor spectrabnalysisof videoratherthanfor
spectrakynthesis.

The model of Eq. (3) doescapturethe range of speeds
presentin falling snov. However, it doesnot capturelinear
perspectie effectsof falling snaw. In this paper we extend
the model of Eq. (3) to accountfor linear perspectie and
thenapplythe modelto the spectrakynthesigproblem.

The mainideais to usemultiple motion planesasin Eq.
(3) but to restrictthe setof frequenciesontributedby each
motionplanein away thatis consistentvith linearperspec-
tive. Theimageof falling snov at depthd in the scenehas
two scalingpropertiesassociateavith it, bothof whicharise
from linearperspectie:

First, the closera snow ake is to the camen, the faster
the snow ake movesin the image. Again we are assuming
thatall snov ak esarefalling with roughlythe same3D ve-
locity, andsotheimagespeeds of asnaw ak eisis inversely
proportionatto depthd,

s/ q
Take the caseof snav ak e motionin they direction.Substi-
tuting Eq. (2) we get:
1
Wt =Wy

d/ (4)

Second,the closer the snow ake is to the camen, the
larger the snow ake appeas in the image. Larger image
structurwieldsmorepcwerin lower spatialfrequenciesi.e.

smallervaluesof w=  wg+ w§. Thus, the depthd of a
snav ak eis proportionalto the spatialfrequencieso which
thesnav ak e contrikutes:

q
d/ wz+wg (5)

CombiningEgns.(4) and(5) yields,for thecaseof motion
in they direction:

1
g—

wWe=wy /
W2+ Wo

For ageneramotiondirectiong, oneobtainsamoregeneral
dispesionrelation

w = CCOSgwx+ sing wy ©)

X
WZ+ WG

Thisdispersiomrelationis thebasisfor our spectrakynthesis
method.
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0 1

Figure 1: Exampleof tentsurfaceof Eq. (6).

By inspection,one can seethat w 2 [ C;C] for all
(wx; wy): This fact becomesmportantwhen we consider
temporalaliasingandmotionblur (seeSec.5.5).

Theconstan€ is equalto thetemporalfrequeng thatcor
respondso the“fundamental’spatialfrequeng, (wx; wy) =
(cosg; sing). This fundamentals mosteasilyunderstoodn
the casethatq 2 fO0; l%;p g. In this caseC is theimage
speedof a sinusoidalcomponentwvith wavelengthequalto
thewidth of theimagedomain.

The dispersionrelationof Eq. (6) is a surfacein the 3D
frequeny domain.Indeedit is a function, mappingspatial
frequenciego temporalfrequeng. We refer to this asthe
tent surfacebecauseét hasthe appearancef atent. A plot
of thesurfaceis shavn in Figure 1.

Thetentsurfaceis notde ned at (wx; wy) = (0;0) which
is the dc componentbf the image sequenceThe behaior
atvery low spatialfrequenciess governedby thefollowing
limits,

8
< 1, cosqwx+ singwy > 0
lim W = 1, cosgwy+ singwy < 0
(W)t (0:0) "0 cosgwy+ singwy= 0

5. Spectral synthesismethod

Our spectrakynthesisnethodis basedn adiscretizatiorof

thedispersiorrelationof Eq. (6). Themethodhastwo steps.
First, we use spectralsynthesisto createa time-varying
opacity function a(x;y;t) that representshe summedden-
sity of snaw ak esthat projectto eachpixel andframe.In

termsof spectralsynthesisa(x;y;t) is the sumof moving

2D sinewaves,asdescribedy the dispersiorrelation. This

opacity function is renderedn imagetiles which are then
overlappedon a grid, spanningthe imagedomain.Second,
we usethis opacity function to compositea white falling

snaw “layer” on top of a backgroundmage,video, or ren-
deredscene.

The next several subsectiongover the following details:
how the tent surfacecanbe de ned in the 3D and 2D do-
mains;whatamplitudesarechoserfor eachof thefrequeng
componentshow to addressliasingproblems;andhow to
compositehe snav overthebackgroundscene.

5.1. Discretization: 3D method

Considera singleM M tile. We wish to synthesizethe
time-varyingopacityfunctionfor thistile overasequencef
T frames.Oneway to do sowould beto constructa density
functiona(wx; wy;wt) intheM M T frequeny domain,
suchthatthedensityis non-zeroonly onthetentsurface,and
thentake theinverseFFT of this 3D densityfunction,i.e.
Aoy = & B B Alwwyw)d Bd BrgPu
Wx=0wy=0w;=0

Thisyieldsanopacityfunctiona(x;y;t) whichisM M T
in space-timeand whosepower spectrumby de nition is
thetentsurface.This spectralynthesisnethodwasusedin
[ZL03].

To construct (wx; wy; wt), eachcell in thefrequeng do-
mainis initialized to 0. Any cell (wx; wy;wt) that overlaps
thetentsurfaceof Eq. (6) is thenassigneda comple value
with an amplitudevarying between0 to 1 (seeSec.5.4)
and a randomphasevarying between0 to 2p. To ensure
that the inverseFourier transforma(x; y;t) of the function
is real, one enforcesa conjugagy constraint,namely that
a(wyx; wy;wt) is the complex conjugate of &(M  wy; M
wy; T wi) [Bra63.

This 3D spectralsynthesismethodhastwo key limita-
tions, however. First, it is relatvely slov. ForanM M =
128 128imagetile andT = 64, several MB arerequired
for representinghe 3D frequeng volume andthe compu-
tation of the IFFT takesseveral minuteson a Pentium4. A
secondimitation is thatthedirectionandrangeof speed®f
thesnav mustbe x edoverall T frames.

The 2D methodwhich we describenext avoids both of
thesdimitations.
5.2. Discretization: 2D method

Becausehedispersiorrelationexpressesvt asafunctionof
Wwx andwy, we cansubstitutethis relationandgetrid of the
w; variablein the IFFT above:

MM

. 2 20 2D (un e

a(cy)=T & & a(wwy;t) € NWxe Nl T (wavit)
Wy=0wy=0

wheref (wx; wy;t) is thephasewhichis afunctionof spatial
frequeny (wx; wy) andframenumbert.

If C andq areconstantover time t, thenf (wx; wy;t) can
bewritten asa product:

4 s
f(wx;wy;t) = C w fo(wx; wy) t
24 w2

WE + W
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Thef ¢ termis a randominitialization of the phaseswhich
is forcedto obey the conjugagy constraintto ensurethatthe
IFFT is realfor eachframe.

In the moregeneralcasethatC andq dependont, phase
is updatedrom framet tot + 1 via:

f (W wy;t+ 1) == C(t) cosq(t}ﬂ‘wx+ sing(t) wy ¢ (W Wy; 1) :

WZ+ W

The 2D methodjustdescribededuceghe spatiotemporal
(3D) spectralsynthesisproblemto a spatial (2D) spectral
synthesigproblem,with thelatter performedonceperframe
t. Thiseaseshecomputationaburden.We donothaveto t
the O(MZT) oats pertile — the sizeof the spectraldomain
— into main memoryto computethe FFT. Instead,we need
only t O(M?) oats pertile.

Themoreinterestingadvantages thatthevariousparam-
etersof themotioncannow vary with t:

thefundamentaspeedC, i.e. C(t)
thedirectionof themotionq i.e. q(t)
the opacityamplitudesj &(wx; wy) j i.e. &(wx; wy;t).

We will seeexamplesof eachof thesdater

5.3. Rangeof spatial frequencies

If all spatialfrequenciegwy;wy) wereto contritute to the
tent surface,thenthe contributing wavelengthswould vary
from the width of theimagetile M to the distancebetween
pixels. We found that such extreme large or small wave-

lengthsdo notaddto thevisualimpressiorof thesnaw. Pre-
sumablytoo large snaw ak esdon't work becausehey are
somuchlargerthantheparticles,andtoo smallwavelengths
don't work becausehey correspondo snav ak esway off

in the distanceandthesemove so slowly thattheir motion
is notperceved.

We found that we could producea good perceptof the
motion texture of falling snav usingaboutthreeoctaresof
speeds- thatis, a factor of 8 range.For the spectralsnav
presentedn the paperwe includepower in the tentsurface
for wfrom 3 to % cyclespertile width, where! is thespa-
tial Nyquistfrequeng. Effectively, we arede ning anannu-
lusin (wx; wy) andassigningpower only to spatialfrequen-
ciesin thisannulusOurimagetiles areof width M = 64.

5.4. 1=w amplitudes

To malke eachof the image speedsof the spectralsnav
equallyvisible, we put a constantamountof power within
eachoctave bandof spatialfrequencie$BF95. We do soby
assigninghe amplitudedo have a 1=w noise:

A . 1
jawowy) j = ==
WZ+ Wo
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5.5. Temporal aliasing and motion blur

Temporalaliasingoccursfor thetentsurfacewhenthetem-
poralfrequeng w is greatetthanthe Nyquistfrequeng %
ie

C

cos%wx+ sing wy S T
2

WZ+ Wg

Aliasing causesigh speedsn directiong to appearashigh
speedsn directiong+ 180 .

ForC x ed,aliasingcanbeavoidedby temporablurring.
Temporalblurring is implementedn the 3D frequeng do-
main by settingto zero the amplitudesof ary spatialfre-
guengy componentshatobey theabove inequality Theease
with which we cancreatetemporalblur is an advantageof
the spectralsynthesismethod.With particle systemsmo-
tion blur ofteninvolvesrenderingthe sameparticlemultiple
times,whichis potentiallycostly

5.6. InverseFFT to obtain opacity

Oncethefunctiona(wx; wy;t) hasbeencomputedor frame
t, we canobtainthe opacityfunctiona(x;y;t) for framet by
takingthe 2D inverseFFT.

Totreata(x;y;t) asopacity we mapit to theintenal [0,1].
We do so by shifting the meanto 0.5 andreducingthe stan-
darddeviation sothatnearlyall valueslie in [0,1], clipping
the outliers.We alsotake accountf thefactthatthe human
visual systemis sensitve to logarithmic differencesin in-
tensity ratherthanlineardifferencesaftermappingto [0,1],
we applyanon-lineartransformationnamelywe squarehe
a(xy;t) values.This compressethe opacity valuesto the
lower partof theinterval [0,1]. Thus,afterthe compositing
step(describecdhext), thevariationsin opacityaremorevis-
ible.

5.7. Compositespectral snov with a background video

Finally, we compositethe opacity with a backgroundstill
imagelyg(x;y) or dynamicimagelpg(X; y;t). We setthein-
tensityof theforegroundimagesequencéthe spectraknav
layer) to Isnow= 250 sincesnov shouldappearwhite, and
usetheformula:

16t = Tsnowa(xyit) + (1 a(xyt) Ing(xy:t) (7)

Thisis avariationof standarccompositing Bli94], in which
the foreground intensity is now constantand the opacity
a(x;y;t) varieswith time.

6. Results

Becausehis paperdealswith moving imagery the results
arebestseenin the accompaying video sequencesThese
videoscanbe downloadedfrom the publicationssectionof
themainauthors homepage.
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Figure 2: Threescreen-shotsakenfrom our HumanConditionexample On theleft, the scenes rendeed with a low particle
countsnowfall. Thecenterimage showsthe effectof simplyincreasingthe particle count. Thele are clearly more particles,but
it doesnot look like densesnow In theright image, combiningthe particle systenwith the spectal snowproducesan effect

that more closelymimicsheavysnowfall.

Model Numberof Spectal Snow  Low Particle High Particle
Polygons Resolution Count Count
HumanCondition 6 512 512 2000 16,000
Sonof Man 8 512 512 2000 16,000
Ventana 6 512 512 N/A N/A
Flythrough 3836 1024 1024 30,000 150,000

Table 1: Scenaletails.Eath snowsequencevas30 frames.

6.1. Renderingtimes

The 2D methoddescribecabore wasimplementedn C on
aPentium4. For animagesizeof N N =512 512,spec-
tral snav was generatedat 4-5 framesper secondwith a
perframe breakdevn as follows: 40 msfor the phaseup-
date,120 msfor the IFFT, 30 msfor the compositing,and
25 msfor writing to disk. Performingthe computationon
overlappingtiles thatspanthe samemagesizedoesnot sig-
ni cantly changehesetiming numbersThenumberanight
be improved dramaticallyif we wereto optimize the code
by takingadwantageof a particularprocessos oating point
pipelinefor the IFFT, or performingthe computatioron the
GPU[MAO3]. Thisis atopicfor futurework.

6.2. Example videosfor singlebackground images

We have presentedthree demonstrationscenesfor static
backgroundimages.(See rst threerows of Table 1.) All
wereimplementedusing DirectX 9 on a Windows XP PC
with a Pentium4, 2.4GHzprocessoand 1GB of RAM. In
addition,the PChasan ATl Radeor®800Prographicscard

with 256 MB of texturememory For all scenariosthespec-
tral snov opacityfunctionsareloadedas8-bits-perpixel lu-

minanceextures.Eachspectrabnav sequencé 30frames,
andatruntimewe iteratethroughthe texture sequencet 30

fps.

Our snaw particlesystemusedthe CParticleSystentlass
implementedn the DirectX 9 PointSpritessampleapplica-
tion. The video scenesaccompaning this paperwereren-
deredto disk frame-by-frameusing a syntheticclock with
a 1/30thof a seconddelaybetweerframes.However, all of
our demonstrationsun at much higherinteractie rates,as
shavn in Table2.

Our rst example,human_condition.avi , Is based
on a RenéMagritte painting of the samename,andwasin-
spiredby [HAA97]. We divided the paintinginto two tex-
tures:a foregroundtexture that correspondgo the interior
scene(the room, ball, carvas,and easel)anda background
texture that correspondso the exterior scene(the seaand
sky). Thebackgroundextureandspectrabnav arerendered
orthographicallyonto a polygon at a far distancefrom the
cameraThe spectralsnow, which mimics a constandown-
ward snow fall, hasa resolutionof 512 512 pixels per
frame, andis tiled acrossthe polygon. Since eachopacity
functionis toroidal in (x;y), thereare no seamsacrosstile
boundariesSeamlesdiling is advantageousinceit allows
usto usesmallertextures.

Closerto the camerawe rendera secondpolygon with
only theforegroundtextureandno spectraknov. Snov par
ticles arethendroppedinto the scenein the spacebetween
thetwo texturedpolygons.The spectrasnav wasgenerated
to matchthe speedof the snaw particlesclosestto the cam-
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Model RenderinglimesPer Frame(ms)
BasicScene LowParticle High Particle  Spectal Snow Low Particles
Count Count Plus Spectal Snow
HumanCondition 1.57 1.73 9.82 1.52 1.99
Sonof Man 1.37 1.7 9.73 1.59 2.0
Flythrough 0.94 24.6 121.9 1.44 24.6

Table 2: Renderingoerformancedor variousscenesRendeedto an800 600window Notethatwhile thenumberof particles
maysigni cantly affectrenderingtimes,performancas lessaffectedby addingin the spectal snow

era. The entire scenecan be renderedn under2 millisec-
onds.(SeeTable2.)

In the accompaying video, we seethat combiningthe
spectralsnov with the particle systemlooks betterthanei-
theronealone.Theparticlesprovide visible individual snav
ak es,butdonotmakethescendook full of snaw. Thespec-
tral snov givesanatmospheritextural effect of heary snav
fall, but is lackingin individual snav particlesandcansuf-
fer from a "shower door" effect. Togethey the scenelooks
asif it hasa heary snowfall. Justas signi cantly, simply
increasingthe numberof particles(from 2000 particlesto
16000particles)doesnotyield the samevisual effect asthat
of combiningthe particle-base@nd image-basedystems.
(SeeFigure 2.) We believe the hybrid systemmore closely
mimics the visual effect of heary snawfall. Furthermoreijt
doessowith signi cantly fasterrenderingrates.In our tim-
ing tests,renderingratesslowed to an averageof nearly 10
msperframewith theincreasediumberof particles.

The son_of_man.avi , also basedon a picture by
Magritte, wasrenderedn muchthe sameway asthehuman
conditiondemo.

Theventana.avi  sequencelemonstrateBow themo-
tion blur methoddescribedn Sec.5.5 canbe usedto gener
ateamotiontexture thatis reminiscenof falling rain. (Fig-
ure 4.) Here we usedvertical motion direction and a high
valueof C, suchthatthe only spatialfrequeny components
(wx; wy) that contritutedto the spectralsumwerethosein
which j wy j wasnearzero,thatis, only long wavelengths
in they direction.

All of thesedemoswverequiteeasilycreatedshaving that
our methodis a practicalway to addcorvincing weatheref-
fectsto 2D imagery

7. Varying the spectral parametersover position-time

We next considetthe caseof falling snov asseenby amov-
ing camera.This caseis more challengingsincethe image
directionsandrangeof speed®f the particlescanvary with
imageposition and frame number Sincethe spectralsnav
motionmustbeconsistentvith the particlemotion,thespec-
tral snav mustalsovary over position-time.

¢ TheEurographic#Association2004.

For simplicity, we assumehe falling snowv ak e particles
have a constant3D velocity, and so the velocity of the 3D
snav in cameracoordinatest ary framet is the difference
of the snow's 3D velocity vector and the cameras 3D ve-
locity vector To renderthe spectralsnav in cameracoordi-
nateswithoutfurtherlossof generalitywe treatthe 3D snov
velocityas x edandassumehecamerasmoving with are-
sultant3D velocity, which we denote(Tx; Ty; Tz).

We apply the equationsof image motion developedin
[LHP8Q which describethe imagevelocity eld seenby
a cameramoving relative to a rigid 3D scene(see also
[TV98)). If theimageplaneis at depthZ = f, andZ(x;y)
is the depthof a 3D point visible at image position (x;y),
thentheimagevelocity at (x;y) is:

X XT
y ¥

Vx T,

v Zxy)

(8)

wherethe specialimageposition
f

Oriyr) = £ (T
z

is calledthefocusof expansion(FOE).

If thescenawvereasinglefronto-paralleplane thenimage
velocity (vx; vy) wouldincreasdinearly with imagedistance
from the FOE. This is the caseshavn in Fig. 3. The FOE,
(XT;Y7), Is atthe centerthe secondrow from thetop.

Whenthe scends 3D snav, multiple velocity vectorsare
presentn eachtile, correspondingo differentZ(x;y) values
of snawv ak esthatprojectto thistile. For ary givenrangeof
snav ak e depthswithin atile, therangeof velocitiesin that
tile scaledinearly by theimagedistanceo the FOE.Patches
nearthe FOEhave little or nomotion,eventhoughthey may
have alargerangeof depths.

To accountfor thesespatially varying propertiesof the
velocities, both betweenand within tiles, we renderedthe
spectralsnov usinga 1024 1024imagewith overlapping
smalltilesof sizeM M whereM = 64.Theoverlapwas10
pixels,hencetherewereapproximately20 20tiles. Thisis
thesamplingshawvn in Fig. 3. Spectraknaw for neighboring
tileswasblendedinearly acrosghetile overlapregion.

The directionqjj; waschosento be constantin eachtile
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Figure 3: Image velocity eld seerbya camer movingfor-
ward andupwaid. Thedepthmapis a singlefronto-paallel
planei.e. Z(x;y) = constant.

(i; j). Let thecentemointof thattile be(x;j;yij), andde ne

gij = arctan Yii ¥t

Xij Xr
Therangeof speedswithin eachtile wasdeterminedy the
C constantvhichalsovariesfrom tile to tile. Sincetherange

increasetinearlywith thedistancdrom the FOE,we de ne:

q
Gj=Co (xj xr)?+(yj yr)?:
TheconstantCy is choseroncefor thewholeimage.In this
way, therangeof speedsiteachposition(x; y) in thespectral
snav eld roughly matchesthe rangeof image speedsof
the snaw particlesnearthatposition.(This assumeshatthe
rangeof depthsof particlesis constantover all tiles. See,
however, the nal paragraptof Section8.)

7.1. Example videofor translating camera

Flythrough.avi shavs anexample(Figure5), whichis
basedon a modi ed versionof the DirectX 9 "Billboard"
sampleapplication.The FOEis similarto Fig. 3.

Thespectrabnav opacityfunctionis mappecdntoapoly-
goncloseto the nearclipping plane.The spectralsnaw tex-
tures are not tiled; eachframe covers the entire polygon
once.Again, we seethat the hybrid systemyields better
looking resultsthaneitherparticlesor spectralsnov alone.
In the secondvideo of this scenecomparison.avi ,we
canobsene againthatsigni cantly increasinghe numberof
particles(from 30,000to 150,000)doesnot leadto thesame

Figure 4: A still image fromthe Vlentanarain simulation.

visual effect asour hybrid approachandit signi cantly de-
creaseperformancecausingframeratesto drop belov the
thresholdfor interactivity aswe canseein Table2. (Weren-
deredthe heary snawfall off-line to achiesze 30 framesper
secondn thevideo.)

7.2. Example of time-varying parameters

In thepreviousexample theparameter€ andq variedfrom
oneimagetile to the next, but did notvary overtime.Our -
nal example,FOEmoving.mpeg , shows the spectralsnav
suchthatthe xr coordinateof the FOE is madeto vary si-
nusoidallywith framet. This would beroughlythe case for
example,if the moving camerawereto changetranslation
directionby panningbackandforth overtime.

8. Conclusionsand Futur e Work

We have presenteda hybrid geometry-and image-based
methodfor renderingfalling snaw. Therearetwo maincon-
tributions of this work. First, we introducean image-based
spectralsynthesiamethodfor renderingfalling snov which
is basedon the size/speed/depthelationshipthat results
from linearperspectie. Thisrelationshipde nesmulti-scale

¢ TheEurographicsAssociation2004.
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Figure 5: In the Flythrough sequencethe spectal snow
combinedvith theparticle snowproducegheeffectof heavy
snowfall relativeto a moving camen.

textural propertiesof the snav. We shawv how to synthesize
this dynamictexture frame-by-frameusinga 2D IFFT on
imagetiles. Themotionparameterareconstanwithin tiles,
but can vary betweentiles and from frame-to-frame.The
methodwe describeis quite e xible, enablingus to simu-
late effectssuchasmotionblur, rain, anda moving camera.

The secondcontrikution is to usethe spectralsnov as
a way of “lling in” the dynamictexture propertiesof a
particle system.We usea standardparticle systemto gen-
erate a large number of particleswith discrete positions
and velocities,and we choosethe parameter®f the spec-
tral snav within eachimagetile to be consistenwith mo-
tion of thoseparticleswithin thattile. Becausehe spectral
snav lIs in the textural properties far fewer particlesare
neededsigni cantly improving renderingrates We alsoar-
guethat spectralsnav cando a betterjob of corveying the
atmospheric/teural propertieof thesnav thandoesalarge
numberof particles.Furthermorethe spectralsnov canbe
easily incorporatedinto existing 3D systemswith texture
mapping.

In regardsto future work, we hopeto incorporatemore
motion e xibility. In eachof our examplesthe snav ak es
wereassumedo move with a single 3D velocity, asif there
werea rigid body lling the atmosphereln particular the
directionq of the spectralsnav motionwasconstanwithin
eachimagetile. However, realfalling snaw is often subject
to wind andother uid-lik e atmospherigghenomenagaus-
ing 3D velocity to vary with position.Indeed therehasbeen
greateffort in developing renderingmethodsthat simulate
preciselytheseeffects,ascitedin Section2.

Our methodcould be extendedso that the directionand
speedof the 3D snaw canvary asa functigh of depth.For a
givenimagetile, eachcircle of radiusw =~ w2+ w2 repre-
sentgpartof the 3D view volume— namely ata depththatis
proportionalto w andat positionsthatprojectto the pixelsin

¢ TheEurographic#Association2004.

this tile. The average3D velocity of snowv ak esin this part
of theview volumede nesanimagevelocity (similarto Eq.
8) which canbeusedto determinghe slopeanddirectionof
themotionplanewhichthespatialfrequeny circle of radius
w contritutesto thetent. The 3D snav ak e velocitiesin the
view volume could be determinedusing known techniques
[Sta01 SF92 SF93 Sta91. Hence,it could be again possi-
ble to integratethe spectramethodwith a particlemethod.

A secondopic for futureresearctis to allow therangeof
“depths”of thespectraknaw to vary from tile to tile, justas
the depthsof the visible particle snav will vary depending
on occlusionrelationships(Currently the spectralmethod
assumes x edthree-octae rangeof depthsover all tiles.)
For example,in anoutdoorscenepixelscoveringtheground
shouldhave an opacity function whosecontrikuting spatial
frequenciesare differentthanthosefor pixels covering the
sky. Oneway to implementthis effect would beto vary the
octave bandwidthacrosgiles. Althoughthedepthmapof the
backgroundriideomaynotbegiven,it couldbeprovided by
a computewvision techniqug HZ0Q] or paintedin by auser
Suchimage-basethteractionindeedmay be preferablefor
someusersthanmethodgahatrequirethe userto specify3D
models.
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