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Abstract

Creatingsurfaceswith intricate small-scaldeatures(mi-
crogeometry)and detail is an important task in geomet-
ric modelingand computergraphics.We presenta model
processingnethodcapableof producinga wide variety of
comple surfacefeatures basedon displacemenmapping
and stohastic geometry The latter is a brandch of mathe-
maticsthat analyzesand characterizeshe statisticalprop-
erties of spatial structues. The techniquehas beenincor-
poratedinto an interactivemodelingervironmenthat sup-
ports the designof stodastic microgeometries Addition-
ally a tool hasbeendevelopedhat providesrandomexplo-
ration of the technique's entire parameterspaceby gener
ating samplemicrogeometryover a broad range of values.
We demonstatethe effectivenessf our techniqueby creat-
ing diverse comple surfacestructuesfor a varietyof geo-
metricmodels.e.g. arrowheadscandybars, busts,planets
andcoral.

1. Intr oduction

Generatingcomplex surfacetextureswith powerful and
efcient techniqueds an importantproblemin computer
graphics.To solve this problemproceduraimodelingtech-
nigues,as well as proceduraltexture mapping methods,
have beendevelopedto increasethe visual compleity of
geometricmodelsand computergraphicsscenesldeally
thesetechniquegproducegeometricmodelswith intricate
and realistic surface featureswith a conciserepresenta-
tion and a minimum of userinput, while also providing
a userwith e xible tools for adjustinglow-level parame-
tersthat may be usedto ne-tune a desiredresult.We de-
scribea geometryprocessingnethodbasedon techniques
from the eld of stochastigeometrythat addresseghese
issuesand offers an approachto creatinga wide variety
of comple, realistically-appearinggeometricmodels.The
methodproducesdetailedsmall-scalefeatureson triangle
meshedby reconstructingtochastideaturedistributionson
themeshesn orderto de ne offsetvaluesfor displacement
maps. Given stochasticfunctions and statisticalinforma-
tion thatcharacterizanddescribecomplex 2D patternsthe
offset valuesare assignedo the individual verticesof the
mesh,producingstochastianicrogeometryon the model's
surface.
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The technique is useful for producing mary dif-
ferent kinds of irregular surface detail with a single
mathematically-and physically-soundcomputationalap-
proach;thus providing a powerful model processingool
for transformingsmooth, “ideal” geometricmodelsinto
convincing representation®f natural or hand-madeob-
jects. SeeFigure 1. For example, smoothobjectscan be
madeto appearo be formedfrom clay, or chiseledfrom
stone.Sincethe methodis basedn reconstructiorof a sta-
tistical distribution, it may be usedto createlarge numbers
of different, but statistically and visually similar mod-
els. This allows for the automatedconstructionof whole
families of complex objects that sharea common vi-
sual characteristic,but individually are quite different.
This may be useful when populatinga scenewith nu-
merousobjectsthat are of the sametype, while eachob-
jectis still unique;for examplewhencreatingmodelsof a
gravel walk, a cinderblockwall, a coralreef,atray of pre-
historic stoneimplementspr a candycounter

The statisticalpropertiesof the microgeometrycan be
producedfrom several sourcesFor instancethey may be
derivedfrom scanningealmateriald19, 34]. Alternatively
thedistributionsandparametershatcharacterizeéhesepat-
ternsmaybe computationallygeneratear interactvely de-
ned. We have createdhreetoolsthatallow auserto design
stochastianicrogeometriesSimilar to Sim's imagegener
ationtechniqug36] andthe DesignGalleriesconcepf22],
weareableto randomlysamplethe parametespacehatde-
nes theresultingsurfacestructureskFor eachrandompoint
in theparametespacea speci ¢ reconstructions produced
for agivenmodel.If the exactdesireddisplacemeninapis
not producedand further ne-tuning is required,an inter-
active ervironmentis availablefor adjustingthe modeland
algorithmparameterdrinally, featuredistributionsmay be
producedy analyzingimagesof texturedsurfaces.

We demonstratehe effectivenessof our techniqueby
creatingdiverse,complex surface structuresfor a variety
of geometricmodels,e.g. arrovheads,candy bars, busts,
planetsand coral. Additionally, descriptionsof our tools
with representatie resultsare presentedOnce a desired
displacemenmapis de ned, it is usedto randomly pro-
cessa singlemodelto producenumerousnstantiationsof
thestochastidistribution. Thestochastiaisplacementap
maythenbeappliedto ary trianglemesh.



Figure 1. Turquoise arrowhead, coral disk, chocolate candy bar, Giacometti-style bust and a virtual
planet. Displacement maps based on stoc hastic micr ogeometry provide the surface features.

2. RelatedWork

Proceduratexture mappingis a commontechniquefor
computationallyadding compleity to simple geometric
models[13]. Most of thesetechniquesombinenoisefunc-
tionsand/orsimulationsto producevariedandrealistictex-
ture mapsfor surfaces[6, 14, 16, 38, 42, 43] andvolumes
[28, 29). Otherstake similar approachessuchasthe sta-
tistical learning techniqueof [3]. Other less generalap-
proacheshave beenproposedior speci ¢ modelingtasks,
e.g.modelingstonefacadeq24], stonesolid textures[19]
and o w patterng11]. Texture valuesmay alsobe utilized
to de ne offsetsfrom the surfaceto producedisplacement
maps[8, 40]. Additionally, computationatechniquehave
beenusedto tile complex modelswith image fragments
[26, 39, 41, 45] andgeometricsurfacetextures[5].

Anotherrelated eld of studyis stochasticprocedural
modeling[12, 15, 21, 25, 27, 30]. Here stochastictech-
niguesare usedto place particle systems subdvide sur
facesand de ne 3D density functions. Our work differs
from all the previous examplesin that it brings a new
mathematicamodelingconstruct(stochastiogeometry)to
computergraphicsand geometryprocessingReconstruc-
tion andtexturemappingalgorithmsbasedn stochastige-
ometry provide a generaland powerful approachfor gen-
eratingvaried and intricate 2D (the work describedhere)
and 3D [34] structureswith well-de ned and consistent
statisticalpropertiesthus providing a superiormethodfor
addingnaturally-appearingletailsto smooth“ideal” geo-
metricmodels.

Stochastidechniquesare beingwidely investigatedor
other purposessuchasimproving renderingperformance
[20] and reproducingcharacteristicsof one-dimensional
curves[17].

3. StochasticGeometry

Stotastic geometry is the study of the random pro-
cesseghat producegeometricstructuresand spatial pat-
terns.It focuseson analyzingand understandindghe con-

1 Stochastigeometryis abranchof mathematicswhenusingtheterm
stodhasticgeometryin this paperwe arereferringto this distincttech-
nical eld ratherthanthe heuristicperturbationtechniquegenerally
usedin computergraphics.

nectionsbetweengeometryand probabilityin orderto de-
scribeand characterizegeometricsmall-scalefeaturesand
large-scalespatialevents[4, 37]. It hasbeenusedto ana-
lyze the porosity of materialslike sandstong18, 44, the
spatialarrangemenbf particle strikes on a detectorin or-
der to detectbiasor skew [37], the microstructureof bio-
logical materialg33, 34], fracturepatternsn rock [2], veg-
etationdistribution[10], humansettlemenpatterng7], and
evenbombcoveragepatterng31, 32]. For all theseapplica-
tions,stochastigeometryprovidesarich andconciserepre-
sentatiorfor complex structuresanda mathematicaframe-
work for computingandanalyzingaggrejatestatisticalge-
ometric properties.Stochastiqgeometryis supportecby a
numberof key concepts.

3.1. The StochasticPoint Process

De nition A pointprocesss thefamily of all sequencesf
points satisfyingtwo specialconditions: (1) the sequence
is locally nite; Eachboundedsubseimustcontaina nite
numberof points,and(2) thesequencés simple,i.e.it con-
tainsno duplicatesThesesequencesanin generabecon-
sideredasa randomset,whenorderis notimportant.The
term point processs introducedto aid in de ning a con-
tactdistribution.

Stationarity and Isotropy A stationary point process
is one whose properties are invariant under transla-
tion. An isotropic point processis one whoseproperties
areinvariantunderrotation. A motion invariantpoint pro-
cesds onethatis both stationaryandisotropic.

3.2. Contact Distributions

ThecontactdistributionfunctionHg (r) isde ned asthe
probabilitythatrB doesnot intersect , wherer is anon-
negative scalarandB is a cornvex compactset.Hg maybe
expresse@ds

He(r)=1 P# (rB)=0); 1)

where# () isthenumberof itemsfrom point process

thatareincludedin set , andP(Q) is the probability of
eventQ. If welet B betheunit disk, we areleft with thera-
dial contactdistribution (or hitting distribution). The distri-
butionHpg (r) givestheprobabilitythatadisk B of radiusr



canberandomlyplacedinsidethe objectwithoutintersect-
ing (contactingthe object.

In generalthereare mary choicesfor B. If B werea
cubecenteredht the origin, the distribution would describe
the likelihoodthat a non-intersectingube of a given size
would t at a point (without changingits orientation).B
cangeneralizedo starshapedsetsin placeof the convex
requirement.

RadialContactDistribution Theradialcontactdistribution
attemptso characterizehe microstructureof an objectby
analyzingthedistancesssociatedvith pointsoutsideof an
object's boundary(porousregion). Additional usefulinfor-
mationis obtainedoy supplementinghis with asecondlis-
tribution that considergointsinside of an object's bound-
ary (solid region) in the samemannerIn our 2D work the
boundaryde nes an interfacebetweentwo regionson the
surfaceof the processeanesheswith eachregion contain-
ing adifferentdisplacemensub-map.

We modelmicrostructure®n the meshwith two distri-
butions;onespeci esthelikelihoodthat pointsin the neg-
ative (porous)region are a certaindistancefrom the pos-
itive (solid) region, and the other speci es the likelihood
thatpointsin the positive region area certaindistancefrom
thenegativeregion. Themeasuredlistancesrenot Euclid-
ian; they aregeodesi@andarecalculatecover the surfaceof
the mesh.SeeSection4.2 for moredetail. Our variationof
theradialcontactdistributionis illustratedin Figure6.

4. StochasticReconstruction

Stochastidisplacementnappingbeginswith thede ni-
tion of thetwo distributionsfor the positve andnegative re-
gions andthe triangle meshto be processedThe general
stratgy involvesassigninga distancevalueto eachtriangle
in the mesh,wherethe value correspond$o the minimum
distanceto the positive/negative boundaryandis consistent
with agivenradialcontactdistribution. Thetotal numberof
trianglesin the meshandthedistributionsareusedto create
ahistogramwhereeachbin representthe numberof trian-
glesthatshouldbe assigned distancevaluein a particular
interval. As we assigndistancevaluesto trianglescompat-
ible with the constraintof the measureywe decrementhe
appropriatebin in the histogram Oncethis procesds com-
pleted,offsetvaluesfor the verticesarecomputedoy aver-
agingthe distancevaluesof the surroundingriangles.The
averagevalueis thenusedto displacethe vertex in the di-
rectionof thelocal surfacenormal.

4.1. StochasticFunction

The microgeometrystochastidunctionis a variation of
the radial contactdistribution for complex surfaces.The
function capturesnformationregardingthe distancefrom
randompoints on a surfaceto the nearestregion bound-
ary. In the context of a porousobject,the distribution gives
the probability that a randompoint is a distanceR from
thepore/materiainterface.Thisinformationis storedin the
form of two distributionsasshown in Figure8. In our prior

work we usedthis informationto describethe geometric
propertiesof a porous3D object[33, 34]. In the work de-
scribedhere, the distinction betweenpore and materialis

not germane We simply de ne two regionswith different
displacementapson a trianglemesh.As such,the useof

pore and materialto describethe two typesof regionsis

abandonedThe two regions areidenti ed by the sign of

their associatedistances.

4.2. Geodesidistance

We measuralistanceover the surfaceof atrianglemesh
with an approximationof the geodesiadistance.Consider
the dual of the mesh,wherenodesare locatedat the cen-
troidsof triangles Giventwo triangles we computethedis-
tancebetweernthemasthe shortespathbetweerthe corre-
spondingnodesalongthe dualgraph.The measures com-
putedincrementallyandis thusef ciently obtained9].

4.3. Preparing the Distrib utions

The two contactdistributionsmay be derived from real
materials,randomlygeneratedor interactvely de ned by
a user The two initial distributions,which areat rst de-
ned only for non-ngjative distancevalues,are combined
into a singledistribution over all real numbers Onedistri-
bution remainsde ned for positive real numbersand the
other distribution is re ected into the negative real num-
bers.Thefrequeng valuefor eachinterval (bin) in thedis-
tribution is calculatedby multiplying the total numberof
trianglesby the averageprobability, given by the distribu-
tion, over the interval. The transformatiorof two distribu-
tionsinto a single histogramis outlinedin Figure9. Cre-
atinga single histogramsimpli es the reconstructioralgo-
rithm andits implementationby allowing two microstruc-
tureregionsto bede ned with asinglesetof frequeng val-
ues.

4.4, Processing Triangle Mesh

Stochasticgeometryreconstructionis the processthat
takesa contactdistribution andgenerates speci ¢ model
with structuresstatisticallyconsistentvith the distribution.
For stochastidisplacemenmappingthis procesdnvolves
removing distancevaluesfrom thebinsof thehistogranmand
assigningthemto trianglesin a meshbasedon a geodesic
contactdistribution.

Since our approachcreatessurface detail with micro-
geometryit is sometimesiecessaryo rst remeshand/or
subdvide aninput model[1] beforethereconstructiorstep
in orderto producea surfacewith minute, high-resolution
facets.Becausethe reconstructiortechniqueworks at the
trianglelevel, it is necessaryo split trianglesuntil themesh
is ne enoughto obtainthedesiredevel of detailandavoid
aliasing.lIt is importantto choosea triangulationmethod
that producesreasonabl@aspectratio triangles,sincehigh
aspectatioscouldleadto undesirablartifacts.Althougha



uniformly high-resolutionrmeshis bestsuitedto this tech-
nique,it may be desirableto adaptvely reducethe resolu-
tion of the nal processetheshbasednthecharacteristics
of themicrogeometryf35].

ReconstructionWe begin by identifying thebinsin thehis-

togramthathave the highestabsolutevalue.Processindpe-

gins from the outside(highestabsolutevalue) of the his-

togramandterminatesafter the zero bin hasbeenconsid-
ered.Eachiterationof the algorithmassignsvaluesfrom a

bin until it is emptyor cannoteprocesseéurtherdueto the

constraintgddescribedelon. From our experienceprocess-
ing from high to low absolutevaluescreatesa morestruc-

tured,ef cient andlessrandomresult.The choiceof direc-

tion is not arbitrary but ratheris relatedto the bin packing
natureof theproblem[23].

The assignmenbf thesevalueshasa geometricinter-
pretation,and with this interpretationcomesa constraint.
If atriangle hasbeenassignedhe valuex (whichimplies
thatthetriangleis a distancex from the region boundary),
anothertriangle locatedat a distancem away mustbe as-
signedavaluein therange[x ~ m; x + m]. Here,distances
are computedbetweenthe centroidsof trianglesalongthe
surfaceof themesh.For example,if atrianglehasbeenas-
signedthe value5.0, a trianglethatis 0.4 units away, must
be assignedh valuein therange[4.6, 5.4]. This constraint
is globalandappliesto ary pair of triangles.However, the
constraintaslittle effect ontrianglesthatarewidely sepa-
rated.

Eachiteration of the algorithm consistsof two steps.
First, trianglesthatareconstrainedo have avaluethatfalls
within the interval of the currentbin areidenti ed. Values
are calculatedfor thesetrianglesbasedon the distanceto
the nearestssignedriangle.A rangeof acceptablevalues
is maintainedor eachunassignedriangle.

For example,if the rangeof a triangleis [2.3, 5.7] and
bins 3-5 are empty the triangle must be assigned label
from bin 2. It will receve the label 2.3, the mostextreme
valueit may be given. Note that the rangeof ary particu-
lar trianglegivestherangeof labelsthatmaybeassignedo
thattrianglewithout violating ary distanceconstraint.

When a label is assignedthe constraintis propagated
outwards and the rangesare adjustedif necessaryThis
would normally requirethat every triangle be checled to
seeif it musthave its rangeupdated Becauseghe measure
is geodesicit canbe computedncrementallyin increasing
order In this way, the propagatiorcanbe terminatedvhen
the distanceis large enoughthat it canno longerhave an
impact.More speci cally, onecanstopwhenthevaluesas-
signedplusor minusthe currentdistancebothlie outsideof
therangeof ary triangle.

The next stepdistributesthe remaininglabelsfrom the
currentbin randomlyin away thatdoesnotviolatearny con-
straints.If bin 4 is beingprocessedihe value 4.0 (though
ary valuebetweer4.0 and5.0 would work) is assignedo
randomtrianglesif 4.0is in the acceptableangefor that
triangle andthe triangleisn't alreadylabeled.If no trian-
glesmeetthesecriteria, the bin is considerednished and
the next bin is processedThe algorithm terminateswhen

all bins have beenprocessedThe reconstructioralgorithm
is illustratedin Figure 5. Note thatit is this seedingpro-
cesghatultimatelydetermineshelocationanddistribution
of mostof thelargerpositve andnegative regions.

Dealing Wth Error Our reconstructioralgorithmis effec-
tively a form of bin packing[23], which cannotin general
beaccomplishedn polynomialtime without someerror. In

mostcaseghealgorithmis unableto assigrall valuesin the
histogramto triangles.This leavesa certainnumberof tri-

angleswithout anoffsetvalue(typically about5%to 10%).
Thesetrianglesare then assigneda value which is an av-

erageof neighboringvaluesandis consistentvith the dis-
tanceconstraintsregardlessf the valuesremainingin the
histogram.This heuristicguaranteeshat an outputcanbe
generatedor ary input,andthatthe outputwill notviolate
the distanceconstraintHowever, this will degradethe sta-
tistical propertiesof theresultingstructure.

4.5. DisplacementMapping

Oncethe trianglesof the mesharelabeledwith signed
distancevalues,valuesfor verticesare calculatedby aver-
agingthe valuesof adjacentriangles.The useris thenof-
feredavarietyof optionsandparameterfor mappingvertex
valuesinto offsetvalueswhich maybeindependentlcho-
senfor eachregion. Thesechoiceggive the userfreedomto

nely adjustthelook andfeel of the processednodeland
provide apowerful approacho generatingawide variety of
surfacedetail.

First, thedirectionof the offsetis speci ed. Thevertices
may be offset outward, inward or left untouchedThe pa-
rametessinf 1;1;0gspeci esthesignof theoffsetvalue,
with 1 signifying an outward offset, 1 inward,and0 no
changeSeconda scalefactork thatdetermineshe magni-
tude of the offsetis available.Finally, we have two func-
tionsf (x) andf. (x) that mapthe value x into a dis-
placementamountf (jxj) for verticesin the negative re-
gionor f, (jxj) for verticesin the positive region. A vertex
is in the positive regionif the valuefor thatvertex is posi-
tive, andsimilarly for negative. The nal offsetdistances
skf _(jxj) or skf . (jxj). We initially utilize the functions
fx; Xg aschoicesfor f (x) andf. (x) to generateour
examples.thoughotherfunctionscould be used.(The lat-
terwaschoserfor its smoothingeffect; it causesidgesand
crevicesto be morerounded) Oncethe parameters/options
are speci ed, the model's verticesare offsetin the direc-
tion of thelocal surfacenormaln. An additionalparameter
u de nes theratio of the units of the distribution with the
units of the geometricmodel, and controlsthe spatialfre-
gueng of thesurfacestructures.

5. UserTools

A geometryprocessingechniquethat doesnot offer a
user effective handlesfor controlling the resulting output
haslimited usefulnessand value. We thereforedeveloped
threestratgjiesfor designingdisplacemenmapsbasedon



stochastiomicrogeometryThe rst stratgyy emplgys ran-

dom samplingof the parametespaceof the contactdistri-

butionsandthealgorithminputvalues Similarto Sim'sim-

agegeneratiorntechniqug36] andtheDesignGalleriescon-

cept[22], auseris ableto quickly view theresultsproduced
by a large numberof parametecombinationsOnceanin-

terestingsetof approximateparametewaluesarefoundthe

secondstrategy allowstheuserto interactvely modify those
parameter$o createthe nal desiredeffect. Finally, contact
distributionsmay be computationallygeneratedy analyz-
ing imagesof texturedsurfaces.

5.1. Parameter SpaceExploration

The rst tool is implementedwith a setof scriptsthat
canbeusedto exploretheparametespaceThesescriptsal-
low theuserto specifyasubsebf theentireparametespace
andthenumberof testresultsto begeneratedor agiventri-
anglemesh.The scriptsrandomlysamplethe selectedsub-
setandgeneratea large numberof processednodels.The
modelsarerenderedandpresentean a web pagefor rapid
viewing, alongwith theparameterassociateavith eachre-
sult. Givenanumberof potentialcandidatenodels atighter
searchcanbe employed on a smallerrangeof the parame-
ter space At ary time the parametergor a speci ¢ candi-
datemodelmaybefedto aninteractietool for further ne-
tuning. Figures1 and 2 presentseveral processedneshes
thatwererandomlygeneratedvith our parametespacesx-
plorationtool.

5.2. Interactive Design

The secondtool is an interactive applicationfor ne-
tuningamodel'sdistributionandthealgorithm'sparameters
in orderto obtainadesirednal processednesh.Theinter-
activeprogramvisually dividesthedesignprocessnto three
parts.In the rst partthe contactdistribution is designed,
modi ed, and ne-tuned. This involvessettingthe number
of elementsn theindividualbinsof thehistograndescribed
in Section4.4. Distributionsmay be normalizedandsaved
for furtherexplorationsatalatertime. Thesecondartgives
the useraccesgo algorithmparametersTheseparameters
include meshresolution distribution frequeny (coarseef-
fectsversusne ones)andoffsettingparametersg.g.scale
factorsanddisplacementunctions.Thethird partis theac-
tual reconstructiongdisplacemenandrendering This stage
occursquickly, requiringonly a few secondgo apply and
displaya new stochastienicrogeometndisplacementap;
thusallowing the userto rapidly corverge on a desiredre-
sult.Figure3 (Top) presentseveralscreen-shaf ourinter-
activetoolwhile it is beingusedto designaspeci ¢ stochas-
tic displacemeninap.

5.3. Image-BasedAcquisition

The radial contactdistribution canbe computedfrom a
2D imageof atexturedsurface.Via a thresholdingprocess
the input imageis rst corvertedinto a binary image of

Example Scale | Displacementk Direction f(x)
Units Neg Pos Neg Pos | Neg Pos
Fig1,Arrow | 63.27 | .02876 .03489 - in - TX
Fig 1, Disk 64.69 | .01092 .05097 | out - p¥ -
Fig1,Candy | 38.93 | .01860 .03970 | in - p X -
Fig 1, Head 27.78 | .02033 .01647 | in in X P
Fig1,World | 36.65 | .05472 .02389 - out - p X
Fig 6, All 79.82 | .04906 .03232 - in p_ p z
Fig8,Candy | 71.48 | .02111 .02856 | out out p X p X
Fig 8, Coral 57.27 | .03061 .03400 in out p X X
Fig 8, Head 81.97 | .01083 .01319 | out out X X
Fig 10,All 40.00 | .05000 .03000 - in - X

Table 1. Parameters used to generate exam-
ple models.

black andwhite regions. The white regionscanbe labeled
aspositive andthe black asnegative. The distribution gen-
erationproceseaginsby zeroinga setof counterdor each
integer distancevalue of the histogram.A radial searchis

thenperformedat eachpixel in theimageuntil a pixel with

theoppositecoloris found. The distancebetweerthesewo

pixelsis computedThe unsigneddistancevalueis negated
if the original pixel is black. The countercorrespondindo

thedistancevalueis incrementedOncethis processs com-
pletedfor all pixels,thevaluesin every counteraredivided
by the total numberof pixelsin the imageto producethe
histogranfor theradial contactdistribution associateavith

thetexture.

6. Implementation

Let n be the numberof trianglesin the meshafter sub-
division has been performed.All of the initial meshing
operationsare O(n). The reconstructionconsidersin the
worst caseevery point in the meshfor every distribution
value,yielding a worst casecostof O(n). (The numberof
valuesin the distribution is assumedo be constant.)Be-
causea propagatiorof constraintinformationmustbe per
formedwhenrandomplacementsre made,reconstruction
has(worstcase)ime compleity of O(n?). In practice the
behaior is much fasterthan quadratic(after the rst few
passesthe propagatioraffectsonly the local portion of the
mesh)and behaeslinearly. The nal displacemenmap-
ping andothermeshoperationsareall linearin thenumber
of triangles.

Our modelingtoolswereimplementedn C++, perland
bash For meshesvith tensof thousandsf trianglesthere-
constructiorcodecompletesn afew second®na900MHz
SFARC Solaris workstation. The parameterspaceexplo-
rationtoolsarea collectionof seseralprogramsandscripts.
Typically, generationof eachcandidatemodeland associ-
atedimagerequiresa few secondson the same900MHz
SFARC Solarisworkstation.

7. Results

We have processechumerousgeometricmodels with
our stochastidisplacemeninappingtechnique For explo-
ration purposesp00 candidatemodelswere generatedy



Figure 2. (Top) Five models are modied with displacement maps based on stoc hastic micr ogeom-
etry, demonstrating a wide diversity of surface characteristics. The r st image is the original mesh
that is processed to produce the remaining models. (Bottom) Close-up views of arice-co vered candy

bar, coral and clay head.




Figure 3. (Top) Designing a stoc hastic micr ogeometry displacement map. (Bottom) Twenty diff erent
textured meshes using the distrib ution from the bottom left distrib ution from the (Top) examples.




Figure 4. Processing diff erent triangle meshes with the same stoc hastic micr ogeometry displace-

ment map.

randomly samplingthe parameterspaceof our algorithm
(frequeng valuesof the histograms, k, f (jxj) andu) for
eachinput mesh. Selectedimagesfor six of the meshes
areshawn in Figuresl1 and 2. Theseimagesdemonstrate
the diversity of possiblemicrogeometrieproducedby our
techniqueThe processindoop consistsof randomparame-
tergenerationreconstructionmeshvisualization andother
backgroundprocessingthe entire procesgakeson the or-
derof afew secondpermodel.Themodelshave ontheor-
der of tensof thousand®f triangles,with the largestones
having overahundreadthousandriangles.

The parametewvaluesand contactdistributions usedto

generatanmostof theseresultscanbe foundin Table1 and
Figure7. TheparametefScaleUnits” setsthe scalefor the
model. Themodelis containedwithin a box with edgesize
2(ScaleUnits). Oncescaledthedistancesn theobjectcor
respondto distancesn the distribution. Displacemenpa-
rameterk is the scalefactorthatcontrolsthe magnitudeof
avertex offsetin a particularregion. The functionf (x) in-
uencestheshapeof theresultingdisplacementdn partic-
ular, the magnitudeof the displacements kf (jLj), where
L is thelabelassignedo thatvertex. “Direction” indicates
whetherverticesshould be displacedinward or outward.
Note that verticeswith positive and negative labels have
their own DisplacementDirection, and Function.A dash
indicatesthat verticeswith positive or negative labelsare
notdisplaced.

While the techniquemay not fully reconstructhe geo-
metric propertiesof the input distribution on the surfaceof
the model, this doesnot affect its ability to createrealis-
tic microgeometryFurther the techniqueexhibits the de-
sirablepropertieghatwould be obtainedrom afaithful re-
construction,suchasthe consisteng of statisticalproper
tiesacrossvariedgeometry

The interactve ervironmenthasbeenemployed to de-
sign numerous stochastic microgeometry displacement
maps.One designsessionis presentedn Figure 3 (Top).
Theseareseveralscreershotsthatdemonstratbow thedis-
placementmap changesas a user modi es the individ-
ual contactdistributionvalues.Onceadesireddisplacement
mapis de ned, it may be repeatedlyandstochasticallyap-
plied to a singlemeshin orderto createnumerousnodels
that have similar overall appearancebut are all individ-
ually different, as seenin Figure 3 (Bottom). The same

stochastiadisplacementnapmay alsobe appliedto differ-
entmodelsasseenn Figure4.

Despiteits mary bene ts andusefulcharacteristicspur
modelingtechniquedoeshave limitations. The contactdis-
tributionfunctionis isotropic,whichlimits thetypeof struc-
tureit canrepresentThus,this techniquecannotcurrently
beusedto recreatanisotropidexturesandmicrostructures,
but canbe extendedwith otherdistribution functionsto do
so. Further designingwith distributionsis not particularly
intuitive, requiring somepracticeand learningin orderto
generatespeci c results.

8. Conclusion

Combiningstochastigeometrywith displacementnap-
ping createsatechniqueor producingcomplec surfacemi-
crogeometnthatis bothvisually appealingandrealistic. It
providesa powerful andeffective meandor generating di-
versesetof surfacemodelsby stochasticallyde ning offset
valueson triangularmeshesn statistically-consisternpat-
terns.The approachillustratesthe ability of stochastigge-
ometryto supplemengexisting texture mappingtechniques
for computergraphicamodelingapplications.

9. Acknowledgments

The coral model was provided by Dr. StephenJefrey
of the Universityof Queenslandjustralia. The mannequin
headmodel was provided by Caltechs Multi-Res Model-
ing Group. This work was supportedin part by National
ScienceFoundationGrantsITR/DMI-0219176 and CCF-
0310619.Any opinions, ndings, and conclusionsor rec-
ommendationgxpressedn this material are thoseof the
author(syanddo not necessarilye ect theviews of theNa-
tional ScienceFoundationor the other supportinggovern-
mentandcorporateorganizations.

References

[1] P Alliez, M. Meyer, and M. Desbrun. Interactve geom-
etry remeshing. ACM Trans. Graph. (Proc. SIGGRAPH)
21(3):347-3542002.



(2]

(3]

(4]

(5]

(6]

(7]

(8]

(9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

(23]

G. Baecher Statisticalanalysisof rock massfracturing. In-
ternational Journal of the Associationof MathematicalGe-
ologists 15(2):333-3521984.

Z. Bar-JosephR. El-Yank, D. Lischinski,andM. Werman.
Texture mixing andtexture movie synthesiaisingstatistical
learning. IEEE Trans.Misualizationand ComputerGraph-
ics, 7(2):120-352001.

0. Barndorf-Nielsen, W. Kendall, and M. van Lieshout.
Stodastic Geometry:Likelihood and Computation Chap-
mané& Hall / CRC,1999.

P. Bhat,S.Ingram,andG. Turk. Geometridexture synthesis
by example.In Proc. EurographicsSymposiunon Geometry
Processingpagest3—46,July 2004.

J.S.D. Bonet. Multiresolutionsamplingprocedurdor anal-
ysisandsynthesiof textureimages.In ComputerGraphics
pages361-68. ACM SIGGRAPH,1997.

A. Bradley andC. Small. Looking for circular structurein
post hole distributions: quantitatve analysisof two settle-
mentsfrom Bronze Age England. Journal of Archaeol@i-
cal Sciencepages285-297,1985.

R. L. Cook. Shadetrees. In Proc. SIGGRAPHpages223—
231,1984.

T. H. Cormen,C. E. LeisersonR. L. Rivest,andCliffor. In-
troductionto Algorithms,SeconcEdition. MIT Press2001.
P. Diggle. Binary mosaicsandthe spatialpatternof heather
Biometrics 37:531-5391981.

J.Dorsg, A. EdelmanH. W. Jensen,). Legakis,andH. K.
Pedersen.Modeling and renderingof weatheredstone. In
Proc. SIGGRAPH pages225-234,1999.

D. Ebert,W. Carlson,andR. Parent. Solid spacesandin-
verseparticlesystemdor controllingthe animationof gases
and uids. TheVisual Computey10(4):179-1901994.

D. S. Ebert, F. K. Musgrare, D. Peachg, K. Perlin, and
S. Worley. Texturingandmodeling:a procedual approach.
MorganKaufmann Amsterdam2003.

K. W. Fleischer D. H. Laidlaw, B. L. Currin, and A. H.
Barr. Cellular texture generation. In Proc. SIGGRAPH
pages239-248,1995.

A. Fournier D. FusselandL. Carpenter Computerender
ing of stochastiomodels. Comm.of the ACM, 25(6):371—
384,1982.

D. J.HeggerandJ.R. Bergen. Pyramid-basetexture analy-
sis/synthesisln Proc. SIGGRAPHpages229-238,1995.
A. HertzmannN. Oliver, B. CurlessandS. M. Seitz. Cune
analogieslIn Proc. 13th Eurographics\Workshopon Render
ing, pages233—45,June2002.

R. Hilfer andC. Manwart. Permeabilityandconductvity for
reconstructioomodelsof porousmedia. PhysicalReview E,
64,JUL 2001.

R.Jagnev, J. Dorsg, andH. RushmeierStereologicatech-
niguesfor solid textures. ACM Trans. Graph. (Proc. SIG-
GRAPH) 23(3):329-3352004.

A. KalaiahandA. Varshng. Statisticalpoint geometry In
Eurographics Symposiunon GeometryProcessing pages
107-15,June2003.

J. Lewis. Generalizedstochasticsubdvision. ACM Trans.
on Graphics 6(3):167-1901987.

J.Marksetal. Designgalleries:agenerabpproacho setting
parametergor computergraphicsand animation. In Proc.
SIGGRAPH pages389-400,1997.

S.MartelloandP. Toth. Knapsa& Problems:Algorithmsand
ComputedmplementationsJohnWiley & Sons,1990.

[24]

[25]

[26]
[27]
(28]
[29]

[30]

[31]
[32]

[33]

[34]

[35]
[36]
[37]

[38]

[39]

[40]

[41]

[42]
[43]

[44]

[45]

K. Miyata. A methodof generatingstonewall patterns.in

Proc. SIGGRAPHpages387—394,1990.

F. K. Musgrare, C. E. Kolb, andR. S. Mace. The synthe-
sis and renderingof erodedfractal terrains. In Proc. SIG-
GRAPH page#41-50,1989.

F. Neyret andM.-P. Cani. Pattern-basetiexturing revisited.

In Proc. SIGGRAPHpages235-2421999.

A. Norton. Generatioranddisplay of geometricfractalsin

3-D. In Proc. SIGGRAPHpages$1-67,1982.

K. Perlin. An imagesynthesizerln Proc. SIGGRAPHpages
287-296,1985.

K. PerlinandE. M. Hoffert. Hypertexture. In Proc. SIG-
GRAPH pages253-262,1989.

W. T. Reeves. Particle systems atechniquefor modelinga
classof fuzzy objects.In Proc. SIGGRAPHpages359-376,
1983.

H. Robbins. On the measureof a randomsetl|.
MathematicalStatistics 15:70-74,1944.

H. Robbins. On the measureof a randomsetll. Annalsof

MathematicalStatistics 16:342—3471945.

C. SchroederW. C. Rayli, A. Sholoufandeh,and W. Sun.
Representationf porousartifactsfor bio-medicalapplica-
tions. In 8th ACM Symposiunon Solid Modelingand Appli-

cations,2003 pages254-57 June2003.

C. SchroederW. C. Rayli, A. Sholoufandeh,and W. Sun.
Computeraideddesignof porousartifacts. ComputerAided
Design 37(3):339—-353March2005.

W. SchroederDecimationof trianglemeshesin Proc. SIG-

GRAPH page$5-70,1992.

K. Sims.Arti cial evolutionfor computegraphics.In Proc.

SIGGRAPHpages319-328,1991.

D. Stoyan, W. Kendall,andJ. Mecke. StodasticGeometry
and|ts Applications JohnWiley & Sons,1987.

G. Turk. Generatingtextureson arbitrary surfacesusing
reaction-difusion. In Proc. SIGGRAPH pages289-298,
1991.

G. Turk. TexturesynthesionsurfacesIn Proc. SIGGRAPH

pages347-3542001.

L. Wang,X. Wang,X. Tong,S.Lin, S.Hu, B. Guo,andH.-Y.

Shum.View-dependentlisplacementapping.ACM Trans.
Graph, 22(3):334-3392003.

L.-Y. Wei and M. Levoy. Texture synthesisover arbitrary
manifold surfaces. In Proc. SIGGRAPH pages355-360,
2001.

A. Witkin andM. Kass.Reaction-difusiontextures.In Proc.

SIGGRAPHpages299-308,1991.

S.Worley. A cellulartexture basisfunction. In Proc. SIG-

GRAPH pages291-294,1996.

C.L. Y. YeongandS. Torquato.Reconstructingandomme-

dia.ll. Three-dimensionahediafrom two-dimensionatuts.
PhysicalReview E, 58(1):224-330CT 1997.

J. Zhang, K. Zhou, L. Velho, B. Guo, and H.-Y. Shum.
Synthesiof progressiely-varianttextureson arbitrary sur

faces. ACM Trans.Graph. (Proc. SIGGRAPH) 22(3):295—
302,2003.

Annalsof



6 -4 2 02 4 6|6-220246)|64-20246

0246 |6-4-20246]|6-4-20224°¢6

Figure 5. Labels are assigned beginning with
high absolute values (red and blue), pro-
gressing towards zero (white). Labeling oc-
curs in two ways: random placement (most
evident in the r st illustration), and manda-
tory placement (causing the spreading effect
seen in the remaining stages).

Figure 6. The radial contact distrib ution is
based on the probability that a random point
is a particular distance to a positive region
(blue) and the negative region (red). Since
we are taking measurements on comple x sur-
faces, we utiliz e geodesic distances during
this calculation.
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Figure 8. Distrib utions obtained from a
porous bone sample. The horizontal axis is
the distance R to the pore/material interface .
The vertical axis is the probability that a point
is distance R from the interface .
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Figure 7. Distrib utions used to generate ex-
ample models. The models in Figures 1, 2
and 4 were created with the left distrib ution.
The models in Figure 3 (Bottom) were created
with the right distrib ution, whic h was de ned
with the interactive tool presented in Figure 3

(Top).
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Figure 9. The distrib utions are originall y
dened separately. The distrib utions are
merged into a single distrib ution that extends
in both positive and negative directions. Us-
ing the mesh's triangle count, the distrib ution
is converted into the histogram that is used
by the reconstruction algorithm.




