Algorithms for Solid Noise Synthesis

J.P. Lewis

Compuer Graphcs Labomatory
New York Instituteof Techndogy

Abstract

A solid noiseis afunctionthatde nesarandan valueateachpoint
in space Solid noiseshave immediateandpowerful applicatiorsin
surfacetexturing, stochastianodeling,andtheanimationof natural
phenanena.

Existing solid noisesynthesisalgorithmsare sureyed and two
new algorithmsare presented.The rst usesWienerinterpolation
to interpolaterandomvalueson a discretelattice. The secondis
anef cient sparsecorvolution algorithm. Both algorithmsarede-
velopedfor model-dieced synthesisin which samplingand con-
structionof the noiseoccuronly at pointswherethe noisevalueis
required ratherthanover a regularly sampledegion of spaceThe
paperattemptso presentherationalefor theselectionof thesepar
ticular algorithms.

The new algorithmshave adwantagesof efciency, improved
control over the noise power spectrum,and the absenceof arti-
facts. The corvolution algorithm additionally allows quality to
be tradedfor ef ciency without introducingobvious deterministic
effects. The algorithmsare particularly suitablefor applications
wherehigh-quality solid noisesarerequired.Several sampleappli-
cationsin stochastianodelingandsolid texturing areshavn.

CR Categories and Subject Descriptors: 1.3.3 [Computer
Graphics]: Picture/ImageGeneration;l.3.7 [Computer Graph-
ics]: Three-Dimensioal Graphicsand Realism— color, shading
shadaving, andtexture.

General Terms: Algorithms, Graphics.

Additi onal KeyWords and Phrases:Solidnoise texture,stochas-
tic modeling,simulationof naturalphenanena,texture synthesis,
fractals.

1 INTRODUCTION

A solid noiseis a randan-valuedfunctionf : R®* ! R. “Noise”
is usedto dende a randomfunction with someknown statistical
properties. Solid noisesare a subsetof the conceptof solid tex-
turesintroducedn compuer graphicsby Perlin[17,18]andPeachy
[16]).

Solid noiseshave beenusedfor texturing three-dimensioal ob-
jects by assigningthe color at a visible point on the surfaceasa
function of the noisevalueat thatpointin space.In thisrole, solid

textures have several advantagesover corventioral texture map-

ping:

- Surfaces with Gaussiancunature can be textured homage-
neouslywithoutdistortionssuchaspolesthatoccurin texture

mapping.

- Thespatialnatureof thenoisecorrelationmakes possiblecertain
effectswhich would bedif cult with texturemapping for ex-
ample,the“carvedoutof” effect[18] which usesthefactthat
noisefeatures(e.g. veinsin simulatedrock) cancrossover-
hangsin theobject(Fig. 7).

Solid noisesalso have mary potentialapplicationsin describ-
ing compled/irregular forms or movement;a few possibilitiesare
shavn in Section5 of this paper

2 SOLID NOISE ALGORITHMS

In all applications,it is desirablethat a solid noise algorithm be
controllableand free of artifacts. Consistentwith recentwork
[18,9,11],the noisepower spectrumis consiceredasa reasonbly
powerful andintuitive framevork for developing control over the
noise.

Whenthenoiseis usedfor surfacetexturing, ef ciency is amajor
considerationsincethe three-dimensioal variantsof even simple
computationsuchaslinearinterpolationarefairly expersive when
the compuation is requiredat eachpixel. It is desirablethat the
noisesynthesisalgorithmallow quality to be tradedfor ef ciency
whereappropiate, e.g. for previewing or for background objects
which do not needa high-quality noise. For mostapplicationst is
probablypreferableto tradesomecontrolfor ef ciency ratherthan
adoptinganef cient methodthathasintrinsic artifacts.

For animationapplicationsthe solid noise should also be ban-
dlimited. Although the aliasingof an improperly samplednoise
functionwill oftennotbe objectionalte in astill picture(dueto the
sameprinciple evidert in stochasticsampling[5] - objectiorable
Moire patternsresultfrom the structuredsamplingof a structured
signal),the samealiasednoiseusedin an animationwill typically
producecharacteristi¢shimmering”or “bubbling” aliasingeffects.

While a large variety of particularthree-dimensionarandom-
valuedfunctionsare concevable, mostcanbe decompasedinto a
basicnoisesourceand somefunctional or procedurakransforma-
tion of thisnoise.As arguedby Perlin[18], thenoisesourceshould
be a controllable“primitive” thatallows the userto de ne various
adhocsolid noisefunctionsin termsof this noiseprimitive.

This paperpresentswo algorithmsfor the synthesisof high-
quality solid noiseswith control of the noisepower spectrumand
(optionally) distribution functions. Considerationshatleadto the
selectionof theseparticularalgorithmsarealsodescribed

2.1 MODEL-DIRECTED SYNTHESIS

Althoughthelinear Itering algorithmsfor obtainingnoiseshaving
desiredpower spectraare well understod [13], thesealgorithms
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#define
float
int

RANTABLEN/* somethin g prime
Rantab[RANT ABLEN];
Indx[IL EN],Indy[ILE  N],Indz[ILEN ];

float

t
int
return(

}

Fig. 1: Pseudocdefor thelattice white noisefunction.

hash3(float X,Y,2)

i = HASH( Indx[LO WBITS(X)],
Rantab[ i % RANTABLE] );

arenotideally suitedto therequirementsf compuergraphicmod-

eling and rendering In particular in place of the regular and

orderedsamplingthat is fundamenal to digital signal processing
we requirea model-diectedsynthesisin which the noisefunction

is constructedonly at particular points determinedby the object
model,andin anorderthatmay dependon the modelor the view-

point. In a texturing application thesepointsarethe pointson the

object’s surfacethat project without occlusionto pixelsin a per

spectve projectionof the object. Similarly, in a modelingapplica-
tion the noisemay be constructecat a limited andirregular setof

points,e.g.,theverticesof a polygonal model.

Digital Iters assumeegular samplingand spatialor temporal
ordering (causality) of the input signal and conseqently cannd
meaningflly operateat isolatedpointsin space.Thedirectappli-
cationof adigital Itering approacHor solid noisesynthesisvould
thusresultin a solid region of Itered noiseenclosirg the pointsof
interest. This is very costly in termsof storage sincethe storage
sizeof a solid noisevarieswith the cubeof the resolution.The di-
rectFFT or digital Iter synthesisof a medium-or high-resolution
solid noiseis usuallyimpracticalin thisrespectAlso it would seem
inef cient to constructhe noiseover a solid region whenit is only
neededitisolatedpoints,thoughthis maydepem onthe numbe of
pointsrequiredandon therespectie algorithms.A third dravback
of digital Itering appro&hesis thatsincethe noiseis sampledit
needsto beinterpolatedfrom the samplinglattice to the locations
of interest.

Model-directecsynthesicanbeachiezedby constructinghein-
put noisesignalasneededat synthesigime, andby employing an
acausahndmetaphoricallycontinuaisratherthansampleditering
approach Sincethe spatialorderingof the synthesiss unknown,
particularregions may be visited multiple times. The input noise
constructionmust be internally consistent(in the terminology of
[8]): indepemlentconstrutions of a particularpoint mustproduce
the samevalue. While model-directedsynthesisapproacks are
suitedfor mary computergraphicsproblemsit is evidentthatthey
cannoteasilyusethe coherene provided by regular samplingand
consegentlywill bemorecostlythanstandardltering appro@hes
for constructingegularly samplechoises.

2.2 LATTICE WHITE NOISE

A consistentuncorrelated“white”) noisecanbe generatedising
a hash-lile pseua-randomfunction of the mantissabits of the lo-
cationcoordinates; y; z. Onesuchfunctionwasdescribedn [4].
A variationof this function usesthe low-orderbits of eachcoordi-
nate(scaledsuitably)to index a corresponihg randomlypermuted
“indirectiontable’ of indicesinto asecondableof uncorrelatedan-
domvalueswith thedesiredprobabilitydensity Thethreeresulting
indexesarehashedo form anindex into the prime-lengthrandom
valuetable(Fig. 1).

The HASH3function generatesn uncorrelatedperiodic noise,
with the perioddeterminedy the numbe of coordinde bits which
areretained. The function takes on new valuesonly on the lattice
de ned by the low bits of the coordinatemantissasthus “lattice

*/

Indy[LO WBITS(y)],

Indz[LO WBITS(2)] );

noise”. For mostpurpcsesit will benecessey to interpolateor Iter
thenoisevalueson thelatticeto obtaina continuots andcorrelated
solid noise.

2.3 PERLIN ALGORITHM

Perlin [17,18] outlined a model-directedsolid noise algorithm
basedbn interpolatinga locationhashingfunction suchasHASH3
Theresultingnoiseis employed asa spectralbasisfunction, with
adesirednoise” beingapproximatedoy a weightedsumof basis
noises x atdifferentscales:
X
M= @

The characteristicef the resultingnoisearedeterminedy the se-
lectedinterpolationapproach The cubic polynomial interpolation
suggesteth [18] hascertaindisadantages.Interpolationin several
dimensionsusingtheseparale tensomprodud of aone-dimeni®nal
interpolationschemeresultsin preferreddirectionsalongthe coor
dinate systemaxes; this artifact can only be avoided by usingan
intrinsically multi-dimensionalnterpolationapprach. Cubicpoly-
nomial interpolationin three dimensionsis also quite expensve.
Thedirecttensorproductschemefor cubic splineinterpolationre-
quiresasupportof 43 = 64 pointsaswell as16(x)+ 4(y)+ 1(z) =
21 spline evaluatiors [2]. The interpolationmustbe repeatedor
eachbasisfunctionin the spectrasummation(1).

Onepopularimplementatiorof Perlin's appraachemplo/s Her-
mite interpolation,usingthe lattice noiseto de ne gradientsat the
(eight)nearest-neightr pointson thelattice[10]. Thesevaluesare
separablyjinterpolatedusinga cosine-lile function. While this ap-
proachis consideraly moreefcient thana cubicsplineinterpola-
tion, it hasstrongerirectionalartifacts(Fig. 2). Anotherdravback
is that the noisevalue and second-devative are both zero at the
lattice points. Thedirectionaltrendsandregularly spacedzerosare
visible (e.g.seeFig. 3), thoughit maybe possibleto disguisethem
throughapplicationof the summation(1).

In orderto be approxmately orthogmal, candidatespectralba-
sis functions should be zero beyond a particular range of fre-
quencieq“bandpas”). Approacteswhich usestandardmeaning
non-oscillatoryenegy minimizing, spline-like) interpolationmeth-
odsto interpolatean uncorrelatechoiselattice producea low-pass
ratherthan a band-@ssrandomfunction, however, sincethey do
not remove or attenuatehe low frequercy portion of the original
noisepower spectrum(which hasequalexpectedpower at all fre-
quencies)Fig. 4.) This canbe seenin partby consideringhezero
frequeng: interpolationwill not remove the mean.Froma signal-
processingziewpoint, standardnterpolationmethodshave the ef-
fect of attenuatinghigh frequencieq19] (also seeproblem26 in
[3]).

One misinterpretationof the summation(1) is that, by anal-
ogy with Fourier summationa bandpasnoisemight be produce
using a lowpassnoise primitive by subtractinga more bandlim-
ited noisefrom a given noise, in the hope of remaving the low-
frequeny portion of the spectrum. Pawer spectraof mutually

ak k(k )
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Fig. 4. Computedamplitudespectrum(zerofrequerty atleft) of a
long one-dimeionalsectionof the noiseshavn in Fig. 2. The
spectrums not bandpass.

uncorrelatednoisescannd be meaningfully subtractedhowever:
S( 1 2) = S( 1) ZC( 1, 2)+ S( z)whereC( 1, 2) = 0is
the covariarce betweerthe noises.Eq. (1) is a spectralsummation
but nota Fouriersummation.

The high-frequery (amplitude) spectrumof the Perlin basis
noiseusingcubicinterpolationfallsoff as  * sincetheamplitude
spectralervelopeof a C, functionis " 2 [3]. Thisalsois not
ideally bandlimited. We concludethat polynomially interpolated
noisedoesnot provide anideal spectrabasis.

The various disadwantagesof polynomial interpolationfor a
spectrakynthesisapproab areavoidedin the Wienerinterpolation
algorithmpresentedn section3 below.

2.4 GARDNER AND PEACHY ALGORITHMS

Gardner[9] developed a naturalistictexturing function basedon a
modi ed Fourier series. This approachis unusualin its useof a
concepually deterministicfunction to simulateirregular texture?!
Thefunctionappearsasa productof two one-dimesionalseriesn
x andy (asdescribedt is two-dimensimal but anequivalert three-
dimensiona function can be formulated). A separble function
f(u;v) = fu(ufy(v) hasstrongdirectionalartifactsthat make
it unsutable for simulatinga naturalistictexture even if the com-
poner functions f; f, are characteristicsectionsof the desired
texture. Gardnerovercamethis “checlerboardeffect' by coupling
the phasesf eachtermin the u-seriesto v, andcorversely The
resultingtexture is not separale andis sufciently comple thatit
mimicsarandomtexture whenappliedcarefully

The spectrunof the Gardnerfunctionhasnot beenanalyzel but
is not (asmight be supposd) directly de ned by the Fourierseries
coefcients. This canbe seenby consideringthe kth term of the
u-seriesevaluatedalonga diagonalpro le with u andv varying

fr(u) = aksin(! ku+ | sin(! ¢« 1v))
Thisis aform of frequeny modulation.From[1]

sin( +1sin )=

Jo(l)sin + Jk(l) sin( +k )+ ( 1)k sin( k)
k=1

so althoughthe Gardnertexturing function hasa line spectrumit
is more complex thansuggestedby its Fourier seriesresemblance
(alsoit is evidentthatit is not strictly bandimited).

Peachy[16] proposedsolid function generatiorby the compo-
sition (e.g. sumor produd) of several lower-dimensionalfunc-
tions. If the functionsarerandomthe resultis a solid noise. As in
the Gardneralgorithm, the compgsition function can be designed
to eliminateseparabilitybut the absenceof anintrinsically three-
dimension&correlationstructuremay be visually evidert.

1while thecompuerimplementaton of ary randomprocesss necessar
ily deteministic, thereis a pracical aswell asa conceptual difference,in
thattheperiodof ann-termFourierseriesis 2n samplesvherea the period
of asimulaedrandan processis usually consideably larger, asdetermired
by the periodof the pseudo-radomnumberfunction.

3 WIENER
RITHM

INTERPOLATION  ALGO-

Wienerinterpolationdiffersfrom otherinterpolationapproackesin
thatit is basedon the expectedcorrelationof theinterpolatedunc-
tion. Sincethe autocorrelatioror autocaariancefunctionis equiv-
alentinformation to the power spectrum,Wiener interpolationis
particularly suited for noise synthesiswhere control of the noise
correlationandspectrumis required.Control of thenoisespectrum
is intrinsic to Wienerinterpolation so problemswith band-limiting
andthe expensve spectrasummation(1) areavoided.

Wiener interpolationhas mary other potential applicationsin
computergraphics(e.g., as the basisfor an improved stochastic
subdvision method[11], or possiblyasanapproacho resampling
stochasticallysampledmagesfor display). Someadditionalchar
acteristicandadwantagesof Wienerinterpolationare:

- Thedatacanbearbitrarily spaced.

- Thealgorithmapplieswithout modi cation to multi-dimensional
data.

- Wienerinterpolationof discretedatais simple,requiringonly the
solutionof alinearequation.

- In an estimationapplicationthe algorithm provides an error or
con dencelevel associateavith eachpointontheinterpolated
surface.

- The algorithm is optimal by a particular criterion (see below)
which may or may notberelevant.

- The interpolationcan be madelocal or global to the extent de-
sired. This is achieved by adjustingthe covariancefunction
sothatpointsheyonda desireddistancehave anggligible cor
relation.

- Theinterpolationcanbe as smoothas desired,for example,an
analyticcovariarcefunctionwill resultin ananalyticinterpo-
latedcurve or surface.

- Theinterpolationneednot be “smootH’, for example,the corre-
lation canbe negative at certaindistancespscillatory or (in
severaldimensionshave directionalpreferencs.

(Thelastthreepropertiesesultfrom thedirectspectrakcontrol pro-
videdby Wienerinterpolation.)

Thereare a numberof formulationsand variationsof Wiener
interpolation[20,7]. A simpleprobalilistic formulationsuitablefor
solid noiseinterpolationwill beusedhere.Thedescriptiorrequires
two conceptdrom probability:

- The correlationof two randomvariablesis the expectationof
their prodwct, E[xy]. The autocorrelatioror autocwariarce
functionof arandan procesgnoise)is thecorrelationof pairs
of pointsfrom the process:

C(t1;t2) = E[ (t1) (t2)]

For homageneousioise this expectationis afunctiononly of
the distancebetweerthetwo points:C(t;t+ )= C( ) =
E[ (t) (t+ )]. Thevarianceis thevalueof the autocwari-
ancefunction at zero. (Auto)covarianc refersto the correla-
tion of a processvhosemeanis removedand(usually)whose
variancels normalizedto beone.
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- Expectationbehaes as a linear operata, so ary factoror term
which is known canbe moved “outside” the expectation.For
example,assuminga andb areknown,

Efa +bg=aE[ ]+ b

Also, theorderof differentiationandexpectationcanbeinter-
changel, etc.

Wienerinterpolationestimateghe value » of the process ata
particularlocationasa weightedsumof the values ; obsered at
somenumter of otherlocation)s(:

tE )

The weightsa; arechosa to minimize the expectedsquareddif-
ferenceor error betweenthe estimateand the value of the “real”
processatthe samelocation:

E (Y 3
The referenceto the “real” processin (3) seemstroublesone be-
causeherealprocessnaybeunknowableattheparticularlocation,
but sinceit is the expectederrorwhich is minimized,this reference
disappear thesolution.

Wiener interpolation is optimal among linear interpolation
schemesn thatit minimizesthe expectedsquarecerror(3). When
the datahave jointly Gaussiarprobability distributions (and thus
are indistinguishdle from a realizationof a Gaussianstochastic

process)Wienerinterpolationis alsooptimalamongnonlinear in-
terpolationschems.

3.1 DERIVATION

By theorthogonality principle [21,14],thesquarecerrorof alinear
estimatoris minimum whenthe erroris orthogoral in expectation
to all of theknown data,with “orthogonal” meaningthattheexpec-
tationof the productof thedataandtheerroris zero:

E f( N) kg= 0 forall k
Substituting” from (2),
n

X 0]
E ( g j)x =0 (4)
n X (o}
E k aJ j k =0
The expectationof ¢ is thecorrelationC(t ti), andlikewise
for j «,so:
X
C(t ty)= aC(tj ty)
or
Ca=c )

This equationcan be solved for the coefcients g . The coef-
cientsdependon the positionsof the data ; throughthe covari-
ancefunction, but not on the actual datavalues; the valuesap-
pearin the interpolation(2) though. Also, (5) doesnot directly
involve the dimensionalityof the data. The only differencefor
multi-dimensionatiatais thatthecovariarceis afunctionof several
agumentsE[pd = C(Xp  Xq;¥p VYa:Zp  Zg;:iii).

3.2 COST

From (5) and(2), the coefcients a; area = C *c, andthe esti-
mateis » = 'C lc. Thevectorc changesrom point to point,
but 'C ! isconstanfor givendata,sotheinterpolationcostis a
dot produd

A=« tc l; c> (6)
of two vectorswhosesizeis the numbe of datapoints.

3.3 EVALUATION

The spectralde nition possiblein Wienerinterpolationis propa-

tional to the numberof datapointsconsideredn theinterpolation.
For simple spectrarequiringa small neightorhoodof points (e.g.
3% or 4° points), the computation(6) appeas to be consideraly

moreef cient thanpolynomal splineinterpolation. A fair degree
of spectratontrolcanbeachievedif largerneightmrhoodsareused,
for example,oscillatory(bandpas) noisesarepossible. The expen-
sive spectrakummation(1) is alsoavoided

Thedisadwantageof this algorithmis intrinsic to the approachof

interpolating an uncorrelatedhoiselattice: the three-dimenienal

covariancefunction,centeredat a noiselattice point, shouldstrictly

be zerowhensampledat ary otherlattice point, sincethesepoints
are not correlated. For an isq{ropic covariarce, this requiresthat

Ci( ) = Oatdistances = i2 + j2 + k2 for all lattice offsets
i+ )+ k>= 1( isthelattice spacing). The covariarce struc-
tureis thusarti cially constrainedlIf the speci ed covariancedoes
not satisfythis constraintthe interpolationerror (con dencemea-
sure)will benon-zercandtherealizedcovariane will besomeavhat
differentthanthatspeci ed.

4 SPARSE CONVOLUTION ALGORITHM

A secondalgorithm avoids the covariancefunction constraintsof
the noiselattice interpolationappro&h but retainsthe direct spec-
tral control of the Wienerinterpolationapproad. In addition,it has
theadwantageof conceptual simplicity.

In this algorithm a three-dimensioal noiseis synthesizedby
the corvolution of athree-dimensionadkernelh( ) with aPoisson
noiseprocess

z

()= ( h( )d @)

R3
The Poissonprocessconsistsof impulsesof uncorrelatedntensity
distributedat uncorrelatedocationsin space:
X
()= a( k)

( « isthelocationof the kth impulse). This is a “sparse‘form of
white noise,hence'sparseconvolution”.

The power spectrumS, at the outputof a linear time-invariant
Iter (expressibleasa convolution) is relatedto theinput spectrum
Sx by [21]

Sy(1) = Sx(1)jH( )i

whereH is the Fouriertransformof the Iter impulserespons or
kernelh. Since is uncorrelatedts transformis a constantsothe
spectrunof anoisesynthesizedby sparsecorvolutionis simply the
(deterministicspectrumof the kernel,scaledby a constant.

4.1 EFFICIENCY

Sparsecorvolution hasseveraladvantage for digital computation.
Becausef the impulsive natureof the noise,the corvolution inte-
gral (7) reducego a summatiorover theimpulses:
X
()= ah( k) ®

Thus,the synthesisis reducednaturallyto a compuationally real-
izableform without requiringsampling(and subsequst interpola-
tion) of the noise.

The quality of the noisecanbe variedasrequiredfor the appli-
cationby varying the densityof the Poissomoise. This is anim-
portantproperty sincee.g. background objectsor interactve pre-
viewing applicationsmay not requirefull quality noise. A density
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of lessthan one impulse per kernel volume produes a “lumpy”

noisewith littl e spectralde nition. Typical applicatiors requirea
densityof severalimpulsesperkernd volume,andnoisesprodiwced
with a densityof 10 or more pointsper kernelare usuallynot dis-
tinguishablefrom thoseproducedby corvolving with a uniformly
samplednon-sgarse)white noise thoughthe sparseconvolutionis
consideraly moreefcient.

For anisotropicnoisethekernelh is alsoisotropicand(assuming
it is non-zroover a nite radius)canbe approxmately evaluated
by a one-dimeisionaltablelookup. In this casethe summation(8)
canberestrictedto only thoseimpulses i within thekernelradius
of thelocation . The problemthenis to identify thesepointsef-
ciently, in particular without requiring examinationof all points
andanexpensve distancecomputatiorrequiringa square-rot.

This can be accomflished with an appr@riate constructionof
the Poissonprocess . A simple constructionis to de ne alarge
but nite samplinglattice over the noisedomainandapproximate
the Poissorprocessy choosirg N Poisson-distribtedimpulsesn
eachvoxel. Thevoxels canthenbe numberegandthe voxel num-
ber senes asa randomnumbergeneratorseedfor generatinghe
impulseswithin that voxel. The lattice spacingandkernd radius
arecorveniently setto one (with spacescaledaccordindy). Then
the impulseslying within a unit radiusof a particularlocation
arethosein thevoxel containing andin theadjacentvoxels. The
summation(8) is modi ed accordindy. Squareroots are entirely

removed by using the squareddistancej ka to index a pre-

warpedkerneltablefi( ) = h(" ).

Theauthorsimplementatiorof sparseonvolution usesstandard
tricks suchas x ed-pointcomputation. In addition, the noiseim-
pulses , arestoredin a cachearrayasthey arecomputedandare
reusedf the next locationfalls within the samevoxel. With these
optimizationsthealgorithmusingoneimpulsepervoxel is slightly
slower than the previously describedHermite implementationof
Perlin's algorithm,but doesnot have visible artifactsandprovides
somecontrol over the spectrum.

The upperleft panelin Fig. 5 shavs a planarsectionof a sam-
ple texture generatedvith the sparsecorvolution algorithmusinga
smoothcosinekernell=2+ 1=2coy ); j j < l.Thetexturedoes
notrevealthesynthesisoordinatesystemor displayotherartifacts.

5 APPLICATIONS

A solid noisealgorithmis mostusefulasa primitive in alanguage
that allows oneto easilyde ne functionalor procediral transfor
mationsof the noise. An importantcharacteristiof this language
is thatit shouldallow functionsto bedynamicdly de ned atmodel-
ing/renderinganimationtime — the “user” shouldhave thefreedom
to de ne anadhocfunctionin the model,ratherthanrequiringthe
original programner of the graphicssystemto anticipateandim-
plementlibrariesof special-purposéunctions. This requireseither
aninterpretedanguageor usercompiledfunctionsthataredynam-
ically linkedwith thegraphicssystem An interpretedanguagevas
describedn [18], while theshade-treeapproacti6] appearso use
compiled functionsthat are dynamicdly linked to an interpreted
expressiorevaluata.

In the languageapproachadoptedby the author a small and
portablepublic-damain Lisp languag@ interpreterwas adaptedto
allow compiledC languag functionsto be dynamicallylinkedand
calledfrom Lisp. This approab avoids the de nition andimple-
mentationof a new special-purpos languag, and permits func-
tions to be implementedn eitherLisp or C or somecombination
of these. Typically a function is developedin Lisp, andif needed
the inner loops are reimplementedn C and dynamically “glued”
togethemwith Lisp.

Steppingback from the full power of procediral manipulation

Fig. 8: Porousobjectmodelde ned by theiso-densitysurfaceof a
solid noise.

of the noise, we note that the specialcaseof a functional trans-
formationis usefulfrom ananalysis-resynthgsviewpoint, sincea
desiredprobability density(a commaly measuredandomtexture
characteristickanbe obtainedby functionaltransformatior12].

5.1 SOLID TEXTURE

Although spectralsynthesisadequatelysimulatesmost homage-
neousandomtextures,mary textureshave somestructurafeatures
thatcannd be simulatedusingthis approad. Suchtexturescanof-
ten be simulatedusing a procediral transformof a homogeneous
texture. An exampleis the marbletexture describedn [18]. An-
otherexampleof a procedual transformis the solid wood texture
shavn in (Figs.6, 7). The structureof conceirtric rings parallelto
the tree trunk is prodiwced using a periodic or (preferably)quasi-
periodicfunction xtab of the radial distancefrom the z axis. This
function describeghe color variation acrossa radial sectionof a
typical ring. Naturalirregularity is introducedby perturbingthe
radialdistanceby a solid noise:

wood( ) = xtab[p X2+ y2+ ()]
(where :x denotesthe x-componehof ). Variousre nements
are possible,for example, the radial distancecan be replacedby
arandommonotornic function of this distancetherebycreatingra-
dial regionsof denselyor sparselyseparatedingsto simulateperi-
odsof slow or fastgrowth. Fig. 6 shavs planarsectionsof several
solidwoodsimulationswheretheperturbatiomoise andthering
crosssectionfunctionxtab arealteredto simulatedifferentwoods.
Fig. 7 shavs a gure modelwith a solid wood texture. This sur
face/taturecombinatiorwould bedif cult to achieve usingtexture

mapping.

5.2 STOCHASTIC MODELING

An interestingstochasticmodelingapprozh utilizing solid noise
is to de ne objectsasthe equd-density surface of a solid noise.
The overall shapeof the object canbe controlled by multiplying
the noiseby ananalyticdensityfunctionthattapersto zerooutside
of thedesiredobjectshape This approactcanproduceporousand
highly irregularshapesuchasthe coral-like formin Fig. 8.

5.3 STOCHASTIC DEFORMATION

This is a powerful stochasticmodeling technique which usesa
vectorvaluedsolid noise (vector eld) v : R®* I R3 to perturb



ProceedingsSSiggraph 89

Fig. 12: Trajectoriesof a numberof particlesforcedby a vector
solid noise.

an existing object model. Threeindepenent scalarsolid noises
form the comporentsof thevector eld. Stochastiadeformationis
particularly ef cient for polygonal bourdary-representedchodels,
sinceonly theverticesareperturbed.

Stochastidleformationcanbe usedto simulatethe individuality
of naturalobjectsby slightly deforminga prototypeobjectmodel
(Figs.9, 11). Thenoisecanbevariedto produceeitherrealisticor
caricaturaindividuality.

Large-amplitude or iterated deformation can prodwce self-
intersectingor twisted forms which do not resemblethe original
object(Fig. 10). A deformationcanbe animatedby offsettingthe
objectlocationby a continuaisly chandng vector beforeperturb-
ing, effectively moving the objectthroughthe noise.

5.4 CORRELATED FLOW

Solid noisesmaybe emplo/edasa correlatedcandomervironmen-
tal factorfor mary physicallymotivatedsimulations.For example,
asolidnoisecanbeusedasaforce eld to produceturbulenttrajec-
toriesor o w. Fig.12shawvsthetrajectorieof anumberof particles
obeying asimpledynamicsequations = ( ). Theresultingcol-
lection of trajectoriesdisplaysbifurcationsand resemblesanimal
fur and other natural structures. Fig. 13 is a frame from a brief
animationin which the trajectoriesare animatedby the previously
mentionedtechniqueof moving the modelthroughthe noise. The
trajectoriesare renderedo producethe effect of an “organic re-

ball”.

6 CONCLUSION

In additionto theirdemorstratedusein solid texturing, solid noises
have directapplicationsin stochastianodeling. In both modeling
andtexturingit is desirablehatthe solid noisesynthesisbe control-
lable, ef cient, andfree of artifacts. Spectralsynthesisprovidesa

framework for assessinghe control andquality of varioussynthe-
sisappro@hes.Existingsolid noisealgorithmsweresuneyedfrom

this viewpoint.

Two new algorithmswere describedand evaluated. Both algo-
rithmsprovide improvedspectrakontrolandef ciency. Thesparse
convolution algorithmis attractive in thatit allows a tradeof be-
tweenquality and ef ciency asrequiredby the application,with-
outintroducinggrossartifacts. Several solid texturing andstochas-
tic modeling examplesvisually illustrate the control and quality
achievablewith this algorithm.

Symbols

S( ) powerspectrum

C( ) autocwariancefunction

h Iter kernel
uncarelatednoise
correlatedsynthesizedhoise

; locationsin space

! frequeng, angdar frequengy
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Fig. 3: Three-dimensioal gure texturedwith aprocedual solid
woodtexture which usesthe solid noiseshowvn in Fig. 2 asa
primitive. Noiseartifactsresultingfrom theregularly spacedzeros
of this noiseprimitive arevisible (compae with Fig. 7).

Fig. 5: Planarsectionf solid noisessynthe&zed usingthe sparse
cornvolution algorithm.

Fig. 6: Sectionof solid wood texturessynthesizd by procedual
transformatiorof suitablehomogeneougextures.

Fig. 7: Solid woodtexture appliedto a gure model.
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Fig. 9: Individual headmodelsgeneratedy displacingthe verticesof a prototypepolygonal headmodelwith a vectorsolid noise.
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Fig. 10: A shapecreatedy distortinga polygonal sphereby a vectorsolid noise.

Fig. 11: Shrubberycreatedby stochastideformation
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Fig. 13: An objectrenderedrom trajectoriesasin Fig. 12.

Fig. 14: Cloudstudiesusingsolid noisesin arenderingalgorithmsimilar to thatin [9].
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