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Abstract
Falling snowhasthevisualpropertythatit is simultaneouslya setof discretemovingparticlesaswell asa dynamic
texture. To capture thedynamictexture propertiesof falling snowusingparticle systemscan,however, require so
manyparticlesthat it severely impactsrenderingrates.Here weaddressthis limitation by renderingthe texture
propertiesdirectly. We usea standard particle systemto generate a relativelysparsesetof falling snow�akes,
andwethencompositein a dynamictexture to �ll in betweentheparticles.Thetexture is generatedusinga novel
image-basedspectral synthesismethod.Thespectrumof thefalling snowtextureis de�nedbya dispersionrelation
in theimage plane, derivedfromlinear perspective. Thedispersionrelationrelatesimage speed,image size, and
particle depth.In the frequencydomain,it relatesthewavelengthandspeedof moving 2D image sinusoids.The
parametersof thisspectral snowcanbevariedbothacrosstheimageandover time. Thisprovidesthe�exibility to
match thedirectionandspeedparametersof thespectral snowto thoseof thefalling particles.Camera motioncan
also be matched.Our methodproducesvisually pleasingresultsat interactiverenderingrates.We demonstrate
our approach by addingsnoweffectsto staticanddynamicscenes.An extensionfor creatingrain effectsis also
presented.

1. Intr oduction

Falling snow turnsableakwintersceneinto aromanticwon-
derland.Its charmhasinspiredmany artists,aswell asmany
computergraphicsresearchers.

Most previous computergraphicsmethodsfor rendering
snow have beenbasedon 3D particlesystems.Thesemay
bedividedinto two types:thosethatrenderstaticimagesof
fallen snow [Fea00, SOH99, NIDN97], and thosethat ren-
deranimatedimageryof falling snow [Ree83, Sim90]. This
paperis concernedwith thelatterproblem.

In addition, several methodshave been developed for
modelingtheglobalforcesthatdrive particlessuchassnow
alongtheir paths[Sta01, SF92, SF93, EMP� 03]. This paper
is not concernedwith simulatingthesephysical forces,as
themethodsjust citeddo anadmirablejob already. Instead,
this paperaddressesa differentandneglectedaspectof the
problemof renderingfalling snow.

Falling snow has both particle and textural properties.
Snow�ak es are obviously particles.Individual snow�ak es
areclearly visible whenoneobserves falling snow. At the
sametime,oneperceivesnotjustthesnow�ak es,but alsothe
large scaleforcesthat drive the snow�ak esasthey fall and

swirl in groupmotion.Theselargerscaleperceptsarisefrom
Gestalt-likecon�gural relationshipsbetweenthesnow�ak es
asthey move. Falling snow thusgeneratesa �o w pattern,a
dynamictexture,whichhasawholenessbeyondtheindivid-
ualparticles.Thedynamictextureis theresultof hundredsof
thousandsof snow�ak esbeingpresentin arealscene.If one
couldmodelfalling snow usinga particlesystemwith hun-
dredsof thousandof particles,thenonewouldobtainthedy-
namictexturepropertiesof falling snow automatically. Un-
fortunately, aswe will see,thecomputationalcostof doing
socanbequiteexpensive.

Therefore,in thispaper, weintroduceamethodthatkeeps
the numberof particles relatively low, and that achieves
the texture propertiesof falling snow usinga novel image-
based spectral synthesismethod. The spectral synthesis
methodproducesa dynamic texture which we composite
on the falling snow scene.As such,our methodis a hybrid
method.It combinesgeometry-basedrendering(particlesys-
tems)with image-basedrendering(spectralsynthesis).Our
methodproducesvisuallypleasingresultsat interactive ren-
deringratesandis �e xible enoughto accommodatecamera
movementaswell aschangesin thedirectionandspeedpa-
rametersof thespectralsnow.
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Thepaperis organizedasfollows.In Section2 wediscuss
relatedwork. Sections3 and4 describemotion in the fre-
quency domainandthedispersionrelationfor falling snow.
In Section5 we presentthe detailsof our spectralsynthe-
sismethod.In Section6 we presentexperimentalresults.In
Section7 wepresentthetheoryandsomeresultsfor dealing
with a moving camera.Finally, we summarizeanddiscuss
someideasfor futurework in Section8.

2. RelatedWork

The ideaof a combiningimage-basedandgeometry-based
renderingis itself not new. For example, Billboards are
a well-known techniquefor representingcomplex geome-
try, suchastrees,with very few texture-mappedpolygons.
Moresophisticatedwork, suchasthatof [MS95], [SLS� 96],
[SGwHS98], [AL99], or [WM02], replacesdistantgeometry
with images.Our work is similar in thatwe replacea large
numberof discretesnow particleswith a synthesizedspec-
tral snow in orderto reproducetheeffect of heavy snowfall
in a large spatialvolume.However, our approachnot only
reducesthe renderingcost,but in our experimentalsystem,
theresultslookedbetterthansimply increasingthenumber
of particles.

For the caseof a moving camera(Sec.7), the synthe-
sized spectralsnow is related to view-dependenttextur-
ing [DTM96]. In traditional view-dependenttexture map-
ping, the imagerychangesbasedon the camera's position
andorientationrelative to asurface.In ourcase,theimagery
changesbasedon thecamera's orientationandmotionrela-
tive to avolumeof moving particles.

Thetwo maincontributionsof thispaperareamethodfor
renderingfalling snow asa dynamictexture,anda method
for combiningthis texturewith aparticlesystem.Earlierwe
citedseveralclassicworkson particlesystems.Herewe re-
view relatedwork in spectralsynthesis.

Spectralsynthesismethodshave been used widely in
computergraphicsfor 3D modelingof fractal-like objects.
Thesemethodsgrew out of pioneeringwork of [Man77]
and [Vos88]. Examplesof objectsthat have beenrendered
with spectralsynthesisareterrains[FFC82, MKM89], ocean
waves[MWM87, Sak93], staticclouds[Gar85] or dynamic
clouds[Sak93], �uids [Sta01], wind [SF92, SF93], �re and
smoke [EMP� 03].

A key propertyof objectsrenderedwith spectralsynthesis
is their randommulti-scalegeometry. Thevisualappearance
of theobjectis determinedby thestatisticsof thegeometry
over scale,ratherthanby a deterministicsmoothparametric
modelof thegeometry. Theobjectis obtainedby summing
up large numbersof sinusoidalfunctions which typically
have randomphasewith respectto eachother. The object
is thenrenderedfrom this sum.Therefore,to modela given
type of object,onemustde�ne an appropriatesummation,

i.e. the appropriatesinusoidsandeachsinusoid's contribu-
tion to thesum.Themain technicalcontribution of our pa-
per is an image-basedmethodfor generatedthemulti-scale
motiontexturepropertiesof falling snow.

Spectralsynthesiscanbe carriedout in eitherthe space-
time domain [FFC82, Per85, Lew87, Lew89, MKM89] or
the frequency domain [Sta01, Sak93, SF92, MWM87]. In
thespace-timedomain,theobjectcanberenderedprocedu-
rally at eachimagepixel andframe.This hastheadvantage
thatoneneedsonly to renderthevisiblepointsandat scales
that arerelevant for the viewing distance.Onecanalsolet
theparametersof themodelsuchasfractaldimensionvary
continuouslyacrossspace.

Thealternative is to renderin thefrequency domain.Here
the disadvantageis that the parametersare speci�ed glob-
ally, but the advantageis that one can usean inversefast
Fouriertransform(IFFT) which is very fast.As theFFTcan
becomputedonaGPU[MA03], onecanpotentiallyperform
spectralsynthesisof videoin realtime.

A simplewayto bridgethesetwo extremesof purespace-
time vs. global Fourier transformsis to perform Fourier
transformslocally within small image tiles, such that the
frequency domainparametersareconstantwithin eachtile,
but can vary from tile to tile. This is closely analogous
to spectrogrammethodsused in classical speechanaly-
sis/synthesis[RJ93]. Using tiles in this way gives a local
spatialcontrolover therenderingparameters.

3. Imagemotion in the fr equencydomain

Our spectralsynthesismethodfor falling snow is reminis-
centof themodelfor oceanwavesintroducedin [MWM87].
In thatpaper, a setof 2D wavesis synthesizedby summing
2D sinusoidssuchthat the speedof eachcomponentsinu-
soiddependson spatialfrequency in a mannerdictatedby a
physicsof oceanwaves.Themethodweintroducefor falling
snow alsosumsup2D translatingsinewaves,but in ourcase
thewavesrepresentthe imagemotionof thesnow at differ-
entdepths.Beforewederiveourmodel,wepresentthenec-
essarybackground.

In general,a2D functionsuchasanimagethatundergoes
a constanttranslationover time yields a planeof power in
the3D spatiotemporalfrequency domain[WA85]. If theim-
ageis translatingwith velocity(vx;vy) pixelsperframe,then
onecanwrite:

I (x;y;t) = I (x� vx t; y� vy t;0) :

Let (wx;wy) be the spatial frequenciesin the x and y di-
rections,andlet wt be the temporalfrequency. If onetakes
the 3D Fourier transformof the translatingimageI(x;y;t),
thenone�nds thatall thepower in the3D frequency domain
(wx;wy;wt ) lieson theplane:

wt = � vxwx � vywy : (1)
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This planepassesthroughthe origin. We refer to it as the
motionplanefor velocity (vx;vy).

Oneway to understandthemotionplanepropertyof pure
translationis asfollows.Whenanimagesequenceis created
by translatinga singleimageframeover time with velocity
(vx;vy), theneachof the2D componentsinusoidsof thesin-
gleimageframetravelswith thisvelocityaswell. Thus,each
component2D sinewave producesa uniquespatiotemporal
frequency componentin thetranslatingimagesequence.For
eachsingleframecomponent(wx;wy), thereisauniquetem-
poral frequency asgovernedby Eq. (1). For example,if the
imagevelocity is purely in they directionwith speeds, i.e.
(vx;vy) = (0;s), then

wt = � swy (2)

For �x ed s, higherspatialfrequenciesproducehighertem-
poral frequencies.This is intuitively whatoneexpects.The
morecyclesthereareacrossagivenpixel distance,themore
temporalcyclesthereare(atapoint)asthosepixelstranslate
with speeds.

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

A few detailson the geometryof the motion planemay
help the reader's intuition. If one takes the intersectionof
themotionplanewith theplanewt = 0, oneobtainsa line:

vxwx + vywy = 0 :

Thedirectionof theimagevelocityvector(vx; vy) is perpen-

dicular to this line, andthespeedv =
q

v2
x + v2

y is theslope
of themotionplanein thismotiondirection.

4. A dispersionrelation for falling snow

Our modeldepartsfrom themotionplanemodelof Eq. (1)
by consideringthe effects of linear perspective. The im-
agemotion generatedby falling snow is not a singletrans-
lation but rather is a family of translations.Even when
all snow�ak es move with exactly the same3D velocity,
snow�ak esat differentdepthsmove with different2D im-
agevelocities.

We �rst addressthe casethat the 3D velocity of the
snow�ak es is in a direction that is orthogonalto the cam-
era's view vector. For example,all snow �ak es might be
moving in the y direction.In this case,the imagespeedof
eachsnow�ak e is alsoin they direction.But becauseof lin-
earperspective, the speedof the snow�ak e will dependon
its depth.

Oneway to capturethe resultingrangeof imagespeeds
wouldbeto useasetof motionplanes:

f wt = � scosq wx � ssinq wy : s2 (smin;smax) g (3)

where (smin;smax) is the range of image speeds,and
(cosq;sinq) is the �x ed direction of imagemotion. Such

a model was introducedin [LM03] for describingthe 3D
power spectrumof the imagesseenby an observer who is
moving laterally relative to a cluttered3D scenesuch as
the woods.(Another example is the caseof falling snow,
of course.)In [LM03], the model of Eq. (3) was usedfor
computervision, ratherthancomputergraphics.Thatis, the
modelwasusedfor spectralanalysisof videoratherthanfor
spectralsynthesis.

The model of Eq. (3) doescapturethe range of speeds
presentin falling snow. However, it doesnot capturelinear
perspective effectsof falling snow. In this paper, we extend
the modelof Eq. (3) to accountfor linear perspective and
thenapplythemodelto thespectralsynthesisproblem.

Themain ideais to usemultiple motionplanesasin Eq.
(3) but to restrictthesetof frequenciescontributedby each
motionplanein away thatis consistentwith linearperspec-
tive. The imageof falling snow at depthd in the scenehas
two scalingpropertiesassociatedwith it, bothof whicharise
from linearperspective:

First, the closera snow�ake is to the camera, the faster
the snow�ake movesin the image. Again we areassuming
thatall snow�ak esarefalling with roughlythesame3D ve-
locity, andsotheimagespeedsof asnow�ak eis is inversely
proportionalto depthd,

s /
1
d

:

Take thecaseof snow�ak emotionin they direction.Substi-
tutingEq.(2) weget:

d /
1

wt=wy
(4)

Second,the closer the snow�ake is to the camera, the
larger the snow�ake appears in the image. Larger image
structureyieldsmorepower in lowerspatialfrequencies,i.e.

smallervaluesof w =
q

w2
x + w2

y. Thus, the depthd of a
snow�ak e is proportionalto thespatialfrequenciesto which
thesnow�ak econtributes:

d /
q

w2
x + w2

y (5)

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

wt=wy /
1

q
w2

x + w2
y

For ageneralmotiondirectionq, oneobtainsamoregeneral
dispersionrelation:

wt = C
cosq wx + sinq wyq

w2
x + w2

y

(6)

Thisdispersionrelationis thebasisfor ourspectralsynthesis
method.
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Figure1: Exampleof tentsurfaceof Eq.(6).

By inspection,one can see that wt 2 [� C;C] for all
(wx;wy): This fact becomesimportant when we consider
temporalaliasingandmotionblur (seeSec.5.5).

TheconstantC is equalto thetemporalfrequency thatcor-
respondsto the“fundamental”spatialfrequency, (wx;wy) =
(cosq;sinq). This fundamentalis mosteasilyunderstoodin
the casethat q 2 f 0; � p

2 ;p g. In this case,C is the image
speedof a sinusoidalcomponentwith wavelengthequalto
thewidth of theimagedomain.

The dispersionrelationof Eq. (6) is a surfacein the 3D
frequency domain.Indeedit is a function,mappingspatial
frequenciesto temporalfrequency. We refer to this as the
tent surfacebecauseit hasthe appearanceof a tent.A plot
of thesurfaceis shown in Figure1.

Thetentsurfaceis not de�ned at (wx;wy) = (0;0) which
is the dc componentof the imagesequence.The behavior
at very low spatialfrequenciesis governedby thefollowing
limits,

lim
(wx;wy)! (0;0)

wt =

8
<

:

1; cosq wx + sinq wy > 0
� 1; cosq wx + sinq wy < 0
0 cosq wx + sinq wy = 0

5. Spectral synthesismethod

Ourspectralsynthesismethodis basedonadiscretizationof
thedispersionrelationof Eq.(6). Themethodhastwo steps.
First, we use spectralsynthesisto createa time-varying
opacity function a(x;y;t) that representsthe summedden-
sity of snow�ak es that project to eachpixel and frame.In
termsof spectralsynthesis,a(x;y;t) is the sumof moving
2D sinewaves,asdescribedby thedispersionrelation.This
opacity function is renderedin imagetiles which are then
overlappedon a grid, spanningthe imagedomain.Second,
we usethis opacity function to compositea white falling
snow “layer” on top of a backgroundimage,video,or ren-
deredscene.

Thenext several subsectionscover the following details:
how the tent surfacecanbe de�ned in the 3D and2D do-
mains;whatamplitudesarechosenfor eachof thefrequency
components;how to addressaliasingproblems;andhow to
compositethesnow over thebackgroundscene.

5.1. Discretization: 3D method

Considera single M � M tile. We wish to synthesizethe
time-varyingopacityfunctionfor this tile overasequenceof
T frames.Oneway to do sowould beto constructa density
functionâ(wx;wy;wt ) in theM � M � T frequency domain,
suchthatthedensityis non-zeroonly onthetentsurface,and
thentake theinverseFFT of this3D densityfunction,i.e.

a(x;y;t) =
M� 1

å
wx= 0

M� 1

å
wy= 0

T� 1

å
wt= 0

â(wx;wy;wt )e
i 2p

N wxxei 2p
N wyyei 2p

T wt t

Thisyieldsanopacityfunctiona(x;y;t) whichis M � M � T
in space-time,and whosepower spectrumby de�nition is
thetentsurface.This spectralsynthesismethodwasusedin
[ZL03].

To constructâ(wx;wy;wt ), eachcell in thefrequency do-
main is initialized to 0. Any cell (wx;wy;wt ) that overlaps
the tentsurfaceof Eq. (6) is thenassigneda complex 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 conjugacy constraint,namely that
â(wx;wy;wt ) is the complex conjugate of â(M � wx;M �
wy;T � wt ) [Bra65].

This 3D spectralsynthesismethodhas two key limita-
tions,however. First, it is relatively slow. For an M � M =
128� 128 imagetile andT = 64, several MB arerequired
for representingthe 3D frequency volumeandthe compu-
tationof the IFFT takesseveralminuteson a Pentium4. A
secondlimitation is thatthedirectionandrangeof speedsof
thesnow mustbe�x edoverall T frames.

The 2D methodwhich we describenext avoids both of
theselimitations.

5.2. Discretization: 2D method

Becausethedispersionrelationexpresseswt asafunctionof
wx andwy, we cansubstitutethis relationandget rid of the
wt variablein theIFFT above:

a(x;y;t) = T
M

å
wx= 0

M

å
wy= 0

â(wx;wy; t) ei 2p
N wxxei 2p

N wyyei 2p
T f (wx;wy;t)

wheref (wx;wy; t) is thephasewhich is a functionof spatial
frequency (wx;wy) andframenumbert.

If C andq areconstantover time t, thenf (wx;wy; t) can
bewrittenasaproduct:

f (wx;wy; t) = C
cosq wx + sinq wyq

w2
x + w2

y

f 0(wx;wy) t
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The f 0 term is a randominitialization of thephases,which
is forcedto obey theconjugacy constraintto ensurethatthe
IFFT is realfor eachframe.

In themoregeneralcasethatC andq dependon t, phase
is updatedfrom framet to t + 1 via:

f (wx;wy; t + 1) := C(t)
cosq(t) wx + sinq(t) wyq

w2
x + w2

y

f (wx;wy; t) :

The2D methodjustdescribedreducesthespatiotemporal
(3D) spectralsynthesisproblemto a spatial (2D) spectral
synthesisproblem,with thelatterperformedonceperframe
t. Thiseasesthecomputationalburden.Wedonothaveto �t
theO(M2T) �oats per tile – thesizeof thespectraldomain
– into mainmemoryto computetheFFT. Instead,we need
only �t O(M2) �oats pertile.

Themoreinterestingadvantageis thatthevariousparam-
etersof themotioncannow varywith t:

� thefundamentalspeedC, i.e. C(t)
� thedirectionof themotionq i.e. q(t)
� theopacityamplitudesj â(wx;wy) j i.e. â(wx;wy; t).

Wewill seeexamplesof eachof theselater.

5.3. Rangeof spatial fr equencies

If all spatialfrequencies(wx;wy) wereto contribute to the
tent surface,thenthe contributing wavelengthswould vary
from thewidth of the imagetile M to thedistancebetween
pixels. We found that such extreme large or small wave-
lengthsdonotaddto thevisualimpressionof thesnow. Pre-
sumablytoo large snow�ak esdon't work becausethey are
somuchlargerthantheparticles,andtoosmallwavelengths
don't work becausethey correspondto snow�ak esway off
in the distance,andthesemove so slowly that their motion
is notperceived.

We found that we could producea good perceptof the
motion textureof falling snow usingaboutthreeoctavesof
speeds– that is, a factorof 8 range.For the spectralsnow
presentedin thepaper, we includepower in thetentsurface
for w from M

32 to M
4 cyclespertile width,whereM

2 is thespa-
tial Nyquistfrequency. Effectively, wearede�ning anannu-
lus in (wx;wy) andassigningpower only to spatialfrequen-
ciesin thisannulus.Our imagetilesareof width M = 64.

5.4. 1=w amplitudes

To make eachof the image speedsof the spectralsnow
equallyvisible, we put a constantamountof power within
eachoctavebandof spatialfrequencies[BF95]. Wedosoby
assigningtheamplitudesto havea1=w noise:

j â(wx;wy) j =
1

q
w2

x + w2
y

5.5. Temporal aliasingand motion blur

Temporalaliasingoccursfor thetentsurfacewhenthetem-
poralfrequency wt is greaterthantheNyquistfrequency T

2 ,
i.e.

�
�
�
�
�
�
C

cosq wx + sinq wyq
w2

x + w2
y

�
�
�
�
�
�

>
T
2

Aliasing causeshigh speedsin directionq to appearashigh
speedsin directionq+ 180� .

ForC �x ed,aliasingcanbeavoidedby temporalblurring.
Temporalblurring is implementedin the 3D frequency do-
main by settingto zero the amplitudesof any spatial fre-
quency componentsthatobey theabove inequality. Theease
with which we cancreatetemporalblur is an advantageof
the spectralsynthesismethod.With particle systems,mo-
tion blur ofteninvolvesrenderingthesameparticlemultiple
times,which is potentiallycostly.

5.6. InverseFFT to obtain opacity

Oncethefunctionâ(wx;wy; t) hasbeencomputedfor frame
t, wecanobtaintheopacityfunctiona(x;y;t) for framet by
takingthe2D inverseFFT.

To treata(x;y;t) asopacity, wemapit to theinterval [0,1].
We do soby shifting themeanto 0.5andreducingthestan-
darddeviation sothatnearlyall valueslie in [0,1], clipping
theoutliers.We alsotake accountof thefactthatthehuman
visual systemis sensitive to logarithmic differencesin in-
tensity, ratherthanlineardifferences;aftermappingto [0,1],
weapplyanon-lineartransformation,namelywesquarethe
a(x;y;t) values.This compressesthe opacityvaluesto the
lower partof the interval [0,1]. Thus,after thecompositing
step(describednext), thevariationsin opacityaremorevis-
ible.

5.7. Compositespectral snow with a background video

Finally, we compositethe opacity with a backgroundstill
imageIbg(x;y) or dynamicimageIbg(x;y;t). We setthe in-
tensityof theforegroundimagesequence(thespectralsnow
layer) to Isnow= 250 sincesnow shouldappearwhite, and
usetheformula:

I (x;y;t) = Isnowa(x;y;t) + (1� a(x;y;t)) Ibg(x;y;t) (7)

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

6. Results

Becausethis paperdealswith moving imagery, the results
arebestseenin the accompanying video sequences.These
videoscanbe downloadedfrom the publicationssectionof
themainauthor'shomepage.
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Figure 2: Threescreen-shotstakenfromour HumanConditionexample. On theleft, thesceneis renderedwith a low particle
countsnowfall.Thecenterimage showstheeffectof simplyincreasingtheparticlecount.There areclearlymore particles,but
it doesnot look like densesnow. In the right image, combiningtheparticle systemwith thespectral snowproducesan effect
thatmorecloselymimicsheavysnowfall.

Model Numberof Spectral Snow LowParticle 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

Table1: Scenedetails.Each snowsequencewas30 frames.

6.1. Rendering times

The 2D methoddescribedabove wasimplementedin C on
aPentium4. For animagesizeof N � N = 512� 512,spec-
tral snow was generatedat 4-5 framesper second,with a
per-frame breakdown as follows: 40 ms for the phaseup-
date,120 msfor the IFFT, 30 msfor the compositing,and
25 ms for writing to disk. Performingthe computationon
overlappingtiles thatspanthesameimagesizedoesnotsig-
ni�cantly changethesetiming numbers.Thenumbersmight
be improved dramaticallyif we were to optimize the code
by takingadvantageof aparticularprocessor's �oating point
pipelinefor theIFFT, or performingthecomputationon the
GPU[MA03]. This is a topic for futurework.

6.2. Examplevideosfor singlebackground images

We have presentedthree demonstrationscenesfor static
backgroundimages.(See�rst threerows of Table 1.) All
were implementedusingDirectX 9 on a Windows XP PC
with a Pentium4, 2.4GHzprocessorand1GB of RAM. In
addition,thePChasanATI Radeon9800Prographicscard

with 256MB of texturememory. For all scenarios,thespec-
tral snow opacityfunctionsareloadedas8-bits-per-pixel lu-
minancetextures.Eachspectralsnow sequenceis 30frames,
andat runtimewe iteratethroughthetexturesequenceat 30
fps.

Our snow particlesystemusedtheCParticleSystemclass
implementedin theDirectX 9 PointSpritessampleapplica-
tion. The video scenesaccompanying this paperwereren-
deredto disk frame-by-frameusinga syntheticclock with
a 1/30thof a seconddelaybetweenframes.However, all of
our demonstrationsrun at muchhigherinteractive rates,as
shown in Table2.

Our �rst example,human_condition.avi , is based
on a RenéMagrittepaintingof thesamename,andwasin-
spiredby [HAA97]. We divided the painting into two tex-
tures:a foregroundtexture that correspondsto the interior
scene(the room,ball, canvas,andeasel)anda background
texture that correspondsto the exterior scene(the seaand
sky). Thebackgroundtextureandspectralsnow arerendered
orthographicallyonto a polygonat a far distancefrom the
camera.Thespectralsnow, which mimicsa constantdown-
ward snow fall, has a resolutionof 512� 512 pixels per
frame,and is tiled acrossthe polygon.Sinceeachopacity
function is toroidal in (x;y), thereareno seamsacrosstile
boundaries.Seamlesstiling is advantageoussinceit allows
usto usesmallertextures.

Closerto the camera,we rendera secondpolygonwith
only theforegroundtextureandnospectralsnow. Snow par-
ticles arethendroppedinto the scenein the spacebetween
thetwo texturedpolygons.Thespectralsnow wasgenerated
to matchthespeedof thesnow particlesclosestto thecam-
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Model RenderingTimesPer Frame(ms)
BasicScene LowParticle High Particle Spectral Snow LowParticles

Count Count PlusSpectral 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

Table2: Renderingperformancefor variousscenes.Renderedto an800� 600window. Notethatwhile thenumberof particles
maysigni�cantly affectrenderingtimes,performanceis lessaffectedbyaddingin thespectral snow.

era.The entirescenecanbe renderedin under2 millisec-
onds.(SeeTable2.)

In the accompanying video, we seethat combiningthe
spectralsnow with the particlesystemlooks betterthanei-
theronealone.Theparticlesprovidevisible individualsnow
�ak es,but donotmakethescenelook full of snow. Thespec-
tral snow givesanatmospherictexturaleffectof heavy snow
fall, but is lacking in individual snow particlesandcansuf-
fer from a "shower door" effect. Together, the scenelooks
as if it hasa heavy snowfall. Justas signi�cantly, simply
increasingthe numberof particles(from 2000 particlesto
16000particles)doesnotyield thesamevisualeffectasthat
of combiningthe particle-basedand image-basedsystems.
(SeeFigure2.) We believe the hybrid systemmoreclosely
mimics the visual effect of heavy snowfall. Furthermore,it
doessowith signi�cantly fasterrenderingrates.In our tim-
ing tests,renderingratesslowed to anaverageof nearly10
msperframewith theincreasednumberof particles.

The son_of_man.avi , also basedon a picture by
Magritte,wasrenderedin muchthesameway asthehuman
conditiondemo.

Theventana.avi sequencedemonstrateshow themo-
tion blur methoddescribedin Sec.5.5canbeusedto gener-
atea motiontexturethat is reminiscentof falling rain. (Fig-
ure 4.) Here we usedvertical motion directionand a high
valueof C, suchthattheonly spatialfrequency components
(wx;wy) that contributedto the spectralsumwerethosein
which j wy j wasnearzero,that is, only long wavelengths
in they direction.

All of thesedemoswerequiteeasilycreated,showing that
our methodis a practicalway to addconvincing weatheref-
fectsto 2D imagery.

7. Varying the spectralparametersover position-time

Wenext considerthecaseof falling snow asseenby amov-
ing camera.This caseis morechallengingsincethe image
directionsandrangeof speedsof theparticlescanvary with
imagepositionandframenumber. Sincethe spectralsnow
motionmustbeconsistentwith theparticlemotion,thespec-
tral snow mustalsovaryoverposition-time.

For simplicity, we assumethe falling snow�ak e particles
have a constant3D velocity, andso the velocity of the 3D
snow in cameracoordinatesat any framet is thedifference
of the snow's 3D velocity vectorand the camera's 3D ve-
locity vector. To renderthespectralsnow in cameracoordi-
nates,withoutfurtherlossof generalitywetreatthe3D snow
velocityas�x edandassumethecameraasmoving with are-
sultant3D velocity, whichwedenote(Tx;Ty;Tz).

We apply the equationsof image motion developedin
[LHP80] which describethe imagevelocity �eld seenby
a cameramoving relative to a rigid 3D scene(see also
[TV98]). If the imageplaneis at depthZ = f , andZ(x;y)
is the depthof a 3D point visible at imageposition (x;y),
thentheimagevelocityat (x;y) is:

�
vx
vy

�
= Tz

Z(x;y)

�
x� xT
y� yT

�
(8)

wherethespecialimageposition

(xT ;yT ) =
f

Tz
(Tx;Ty)

is calledthefocusof expansion(FOE).

If thescenewereasinglefronto-parallelplane,thenimage
velocity (vx;vy) would increaselinearlywith imagedistance
from the FOE.This is the caseshown in Fig. 3. The FOE,
(xT ;yT ), is at thecenter, thesecondrow from thetop.

Whenthesceneis 3D snow, multiple velocity vectorsare
presentin eachtile, correspondingto differentZ(x;y) values
of snow�ak esthatprojectto this tile. For any givenrangeof
snow�ak edepthswithin a tile, therangeof velocitiesin that
tile scaleslinearlyby theimagedistanceto theFOE.Patches
neartheFOEhave little or nomotion,eventhoughthey may
havea largerangeof depths.

To accountfor thesespatially varying propertiesof the
velocities,both betweenand within tiles, we renderedthe
spectralsnow usinga 1024� 1024imagewith overlapping
smalltilesof sizeM � M whereM = 64.Theoverlapwas10
pixels,hencetherewereapproximately20� 20 tiles.This is
thesamplingshown in Fig. 3. Spectralsnow for neighboring
tileswasblendedlinearlyacrossthetile overlapregion.

The directionqi j waschosento be constantin eachtile
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Figure3: Imagevelocity�eld seenbya camera moving for-
ward andupward. Thedepthmapis a singlefronto-parallel
planei.e. Z(x;y) = constant.

(i; j). Let thecenterpointof thattile be(xi j ;yi j ), andde�ne

qi j = arctan
�

yi j � yT

xi j � xT

�
:

Therangeof speedswithin eachtile wasdeterminedby the
C constantwhichalsovariesfrom tile to tile. Sincetherange
increaseslinearlywith thedistancefrom theFOE,wede�ne:

Ci j = C0

q
(xi j � xT )2 + (yi j � yT )2 :

TheconstantC0 is chosenoncefor thewholeimage.In this
way, therangeof speedsateachposition(x;y) in thespectral
snow �eld roughly matchesthe rangeof imagespeedsof
thesnow particlesnearthatposition.(This assumesthat the
rangeof depthsof particlesis constantover all tiles. See,
however, the�nal paragraphof Section8.)

7.1. Examplevideo for translating camera

Flythrough.avi showsanexample(Figure5), which is
basedon a modi�ed versionof the DirectX 9 "Billboard"
sampleapplication.TheFOEis similar to Fig. 3.

Thespectralsnow opacityfunctionis mappedontoapoly-
goncloseto thenearclipping plane.Thespectralsnow tex-
tures are not tiled; eachframe covers the entire polygon
once.Again, we seethat the hybrid systemyields better
looking resultsthaneitherparticlesor spectralsnow alone.
In thesecondvideoof this scene,comparison.avi , we
canobserveagainthatsigni�cantly increasingthenumberof
particles(from 30,000to 150,000)doesnot leadto thesame

Figure4: A still image fromtheVentanarain simulation.

visualeffect asour hybrid approach,andit signi�cantly de-
creasesperformance,causingframeratesto dropbelow the
thresholdfor interactivity aswecanseein Table2. (Weren-
deredthe heavy snowfall off-line to achieve 30 framesper
secondin thevideo.)

7.2. Exampleof time-varying parameters

In thepreviousexample,theparametersC andq variedfrom
oneimagetile to thenext, but did notvaryover time.Our �-
nal example,FOEmoving.mpeg , shows thespectralsnow
suchthat the xT coordinateof the FOE is madeto vary si-
nusoidallywith framet. Thiswouldberoughlythecase,for
example,if the moving camerawere to changetranslation
directionby panningbackandforth over time.

8. Conclusionsand Futur eWork

We have presenteda hybrid geometry-and image-based
methodfor renderingfalling snow. Therearetwo maincon-
tributionsof this work. First, we introducean image-based
spectralsynthesismethodfor renderingfalling snow which
is basedon the size/speed/depthrelationshipthat results
from linearperspective.Thisrelationshipde�nesmulti-scale
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Figure 5: In the Flythrough sequence, the spectral snow
combinedwith theparticlesnowproducestheeffectof heavy
snowfall relativeto a movingcamera.

textural propertiesof thesnow. We show how to synthesize
this dynamictexture frame-by-frameusing a 2D IFFT on
imagetiles.Themotionparametersareconstantwithin tiles,
but can vary betweentiles and from frame-to-frame.The
methodwe describeis quite �e xible, enablingus to simu-
lateeffectssuchasmotionblur, rain,andamoving camera.

The secondcontribution is to use the spectralsnow as
a way of “�lling in” the dynamic texture propertiesof a
particlesystem.We usea standardparticlesystemto gen-
erate a large number of particles with discretepositions
and velocities,and we choosethe parametersof the spec-
tral snow within eachimagetile to be consistentwith mo-
tion of thoseparticleswithin that tile. Becausethe spectral
snow �lls in the textural properties,far fewer particlesare
needed,signi�cantly improving renderingrates.We alsoar-
guethatspectralsnow cando a betterjob of conveying the
atmospheric/texturalpropertiesof thesnow thandoesalarge
numberof particles.Furthermore,the spectralsnow canbe
easily incorporatedinto existing 3D systemswith texture
mapping.

In regardsto future work, we hopeto incorporatemore
motion �e xibility . In eachof our examples,the snow�ak es
wereassumedto move with a single3D velocity, asif there
werea rigid body �lling the atmosphere.In particular, the
directionq of thespectralsnow motionwasconstantwithin
eachimagetile. However, real falling snow is oftensubject
to wind andother�uid-lik e atmosphericphenomena,caus-
ing 3D velocity to varywith position.Indeed,therehasbeen
greateffort in developing renderingmethodsthat simulate
preciselytheseeffects,ascitedin Section2.

Our methodcould be extendedso that the directionand
speedof the3D snow canvary asa functionof depth.For a
givenimagetile, eachcircleof radiusw =

p
w2 + w2 repre-

sentspartof the3D view volume– namely, atadepththatis
proportionalto w andatpositionsthatprojectto thepixelsin

this tile. Theaverage3D velocity of snow�ak esin this part
of theview volumede�nesanimagevelocity (similar to Eq.
8) whichcanbeusedto determinetheslopeanddirectionof
themotionplanewhichthespatialfrequency circleof radius
w contributesto thetent.The3D snow�ak e velocitiesin the
view volumecould be determinedusingknown techniques
[Sta01, SF92, SF93, Sta97]. Hence,it couldbeagain possi-
ble to integratethespectralmethodwith aparticlemethod.

A secondtopic for futureresearchis to allow therangeof
“depths”of thespectralsnow to vary from tile to tile, justas
the depthsof the visible particlesnow will vary depending
on occlusionrelationships.(Currently the spectralmethod
assumesa �x ed three-octave rangeof depthsover all tiles.)
For example,in anoutdoorscene,pixelscoveringtheground
shouldhave an opacityfunction whosecontributing spatial
frequenciesaredifferent thanthosefor pixels covering the
sky. Oneway to implementthis effect would beto vary the
octavebandwidthacrosstiles.Althoughthedepthmapof the
backgroundvideomaynotbegiven,it couldbeprovidedby
a computervision technique[HZ00] or paintedin by a user.
Suchimage-basedinteractionindeedmaybepreferablefor
someusersthanmethodsthatrequiretheuserto specify3D
models.
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