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Abstract

Creatingsurfaceswith intricatesmall-scalefeatures(mi-
crogeometry)and detail is an important task in geomet-
ric modelingand computergraphics.We presenta model
processingmethodcapableof producinga wide variety of
complex surfacefeaturesbasedon displacementmapping
and stochasticgeometry. The latter is a branch of mathe-
maticsthat analyzesandcharacterizesthestatisticalprop-
ertiesof spatial structures.Thetechniquehasbeenincor-
poratedinto an interactivemodelingenvironmentthat sup-
ports the designof stochastic microgeometries.Addition-
ally a tool hasbeendevelopedthatprovidesrandomexplo-
ration of the technique's entire parameterspaceby gener-
ating samplemicrogeometryover a broadrange of values.
We demonstratetheeffectivenessof our techniquebycreat-
ing diverse, complex surfacestructuresfor a varietyof geo-
metricmodels,e.g. arrowheads,candybars, busts,planets
andcoral.

1. Intr oduction

Generatingcomplex surfacetextureswith powerful and
ef�cient techniquesis an importantproblemin computer
graphics.To solve this problemproceduralmodelingtech-
niques,as well as proceduraltexture mappingmethods,
have beendevelopedto increasethe visual complexity of
geometricmodelsand computergraphicsscenes.Ideally
thesetechniquesproducegeometricmodelswith intricate
and realistic surface featureswith a conciserepresenta-
tion and a minimum of user input, while also providing
a userwith �e xible tools for adjustinglow-level parame-
tersthat may be usedto �ne-tune a desiredresult.We de-
scribea geometryprocessingmethodbasedon techniques
from the �eld of stochasticgeometrythat addressesthese
issuesand offers an approachto creatinga wide variety
of complex, realistically-appearinggeometricmodels.The
methodproducesdetailedsmall-scalefeatureson triangle
meshesby reconstructingstochasticfeaturedistributionson
themeshesin orderto de�ne offsetvaluesfor displacement
maps.Given stochasticfunctionsand statistical informa-
tion thatcharacterizeanddescribecomplex 2D patterns,the
offset valuesareassignedto the individual verticesof the
mesh,producingstochasticmicrogeometryon themodel's
surface.
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The technique is useful for producing many dif-
ferent kinds of irregular surface detail with a single
mathematically-and physically-soundcomputationalap-
proach;thus providing a powerful model processingtool
for transformingsmooth, “ideal” geometricmodels into
convincing representationsof natural or hand-madeob-
jects. SeeFigure 1. For example,smoothobjectscan be
madeto appearto be formed from clay, or chiseledfrom
stone.Sincethemethodis basedon reconstructionof a sta-
tistical distribution, it maybeusedto createlargenumbers
of different, but statistically and visually similar mod-
els. This allows for the automatedconstructionof whole
families of complex objects that share a common vi-
sual characteristic,but individually are quite different.
This may be useful when populating a scenewith nu-
merousobjectsthat are of the sametype, while eachob-
ject is still unique;for examplewhencreatingmodelsof a
gravel walk, a cinder-blockwall, a coralreef,a tray of pre-
historicstoneimplements,or a candycounter.

The statisticalpropertiesof the microgeometrycan be
producedfrom several sources.For instancethey may be
derivedfrom scanningrealmaterials[19, 34]. Alternatively
thedistributionsandparametersthatcharacterizethesepat-
ternsmaybecomputationallygeneratedor interactively de-
�ned. Wehavecreatedthreetoolsthatallow auserto design
stochasticmicrogeometries.Similar to Sim's imagegener-
ationtechnique[36] andtheDesignGalleriesconcept[22],
weareableto randomlysampletheparameterspacethatde-
�nes theresultingsurfacestructures.For eachrandompoint
in theparameterspaceaspeci�c reconstructionis produced
for a givenmodel.If theexactdesireddisplacementmapis
not producedand further �ne-tuning is required,an inter-
active environmentis availablefor adjustingthemodeland
algorithmparameters.Finally, featuredistributionsmaybe
producedby analyzingimagesof texturedsurfaces.

We demonstratethe effectivenessof our techniqueby
creatingdiverse,complex surfacestructuresfor a variety
of geometricmodels,e.g. arrowheads,candybars,busts,
planetsand coral. Additionally, descriptionsof our tools
with representative resultsare presented.Once a desired
displacementmap is de�ned, it is usedto randomlypro-
cessa singlemodel to producenumerousinstantiationsof
thestochasticdistribution.Thestochasticdisplacementmap
maythenbeappliedto any trianglemesh.



Figure 1. Turquoise arrowhead, coral disk, chocolate cand y bar, Giacometti-style bust and a vir tual
planet. Displacement maps based on stoc hastic micr ogeometr y provide the surface features.

2. RelatedWork

Proceduraltexture mappingis a commontechniquefor
computationallyadding complexity to simple geometric
models[13]. Most of thesetechniquescombinenoisefunc-
tionsand/orsimulationsto producevariedandrealistictex-
turemapsfor surfaces[6, 14, 16, 38, 42, 43] andvolumes
[28, 29]. Otherstake similar approaches,suchas the sta-
tistical learning techniqueof [3]. Other less generalap-
proacheshave beenproposedfor speci�c modelingtasks,
e.g.modelingstonefacades[24], stonesolid textures[19]
and�o w patterns[11]. Texturevaluesmayalsobeutilized
to de�ne offsetsfrom thesurfaceto producedisplacement
maps[8, 40]. Additionally, computationaltechniqueshave
beenusedto tile complex modelswith image fragments
[26, 39, 41, 45] andgeometricsurfacetextures[5].

Another related�eld of study is stochasticprocedural
modeling [12, 15, 21, 25, 27, 30]. Here stochastictech-
niquesare usedto placeparticle systems,subdivide sur-
facesand de�ne 3D density functions.Our work differs
from all the previous examplesin that it brings a new
mathematicalmodelingconstruct(stochasticgeometry)to
computergraphicsand geometryprocessing.Reconstruc-
tion andtexturemappingalgorithmsbasedonstochasticge-
ometryprovide a generalandpowerful approachfor gen-
eratingvariedand intricate 2D (the work describedhere)
and 3D [34] structureswith well-de�ned and consistent
statisticalproperties;thusproviding a superiormethodfor
addingnaturally-appearingdetailsto smooth“ideal” geo-
metricmodels.

Stochastictechniquesarebeingwidely investigatedfor
otherpurposes,suchas improving renderingperformance
[20] and reproducingcharacteristicsof one-dimensional
curves[17].

3. StochasticGeometry

Stochastic geometry1 is the study of the randompro-
cessesthat producegeometricstructuresand spatial pat-
terns.It focuseson analyzingandunderstandingthe con-

1 Stochasticgeometryis abranchof mathematics.Whenusingtheterm
stochasticgeometryin thispaperwearereferringto thisdistincttech-
nical �eld ratherthanthe heuristicperturbationtechniquesgenerally
usedin computergraphics.

nectionsbetweengeometryandprobability in orderto de-
scribeandcharacterizegeometricsmall-scalefeaturesand
large-scalespatialevents[4, 37]. It hasbeenusedto ana-
lyze the porosityof materialslike sandstone[18, 44], the
spatialarrangementof particlestrikeson a detectorin or-
der to detectbiasor skew [37], the microstructureof bio-
logicalmaterials[33, 34], fracturepatternsin rock [2], veg-
etationdistribution [10], humansettlementpatterns[7], and
evenbombcoveragepatterns[31, 32]. For all theseapplica-
tions,stochasticgeometryprovidesarich andconciserepre-
sentationfor complex structuresandamathematicalframe-
work for computingandanalyzingaggregatestatisticalge-
ometricproperties.Stochasticgeometryis supportedby a
numberof key concepts.

3.1. The StochasticPoint Process

De�nition A pointprocessis thefamily of all sequencesof
points satisfyingtwo specialconditions:(1) the sequence
is locally �nite; Eachboundedsubsetmustcontaina �nite
numberof points,and(2) thesequenceis simple,i.e. it con-
tainsnoduplicates.Thesesequencescanin generalbecon-
sideredasa randomset,whenorderis not important.The
term point processis 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-
cessis onethatis bothstationaryandisotropic.

3.2. Contact Distributions

ThecontactdistributionfunctionH B (r ) is de�nedasthe
probability that rB doesnot intersect� , wherer is a non-
negativescalarandB is a convex compactset.H B maybe
expressedas

HB (r ) = 1 � P(# � (rB ) = 0); (1)

where# � (�) is thenumberof itemsfrom point process�
that are includedin set � , andP(Q) is the probability of
eventQ. If we let B betheunit disk,weareleft with thera-
dial contactdistribution (or hitting distribution).Thedistri-
butionHB (r ) givestheprobabilitythatadiskB of radiusr



canberandomlyplacedinsidetheobjectwithout intersect-
ing (contacting)theobject.

In general,thereare many choicesfor B . If B werea
cubecenteredat theorigin, thedistribution would describe
the likelihoodthat a non-intersectingcubeof a given size
would �t at a point (without changingits orientation).B
cangeneralizedto star-shapedsetsin placeof the convex
requirement.

RadialContactDistribution Theradialcontactdistribution
attemptsto characterizethemicrostructureof an objectby
analyzingthedistancesassociatedwith pointsoutsideof an
object's boundary(porousregion).Additional usefulinfor-
mationis obtainedby supplementingthiswith aseconddis-
tribution that considerspointsinsideof an object's bound-
ary (solid region) in thesamemanner. In our 2D work the
boundaryde�nes an interfacebetweentwo regionson the
surfaceof theprocessedmeshes,with eachregion contain-
ing a differentdisplacementsub-map.

We modelmicrostructureson the meshwith two distri-
butions;onespeci�esthe likelihoodthatpointsin theneg-
ative (porous)region are a certaindistancefrom the pos-
itive (solid) region, and the other speci�es the likelihood
thatpointsin thepositiveregionareacertaindistancefrom
thenegativeregion.ThemeasureddistancesarenotEuclid-
ian; they aregeodesicandarecalculatedover thesurfaceof
themesh.SeeSection4.2 for moredetail.Our variationof
theradialcontactdistribution is illustratedin Figure6.

4. StochasticReconstruction

Stochasticdisplacementmappingbeginswith thede�ni-
tion of thetwo distributionsfor thepositiveandnegativere-
gionsand the trianglemeshto be processed.The general
strategy involvesassigningadistancevalueto eachtriangle
in the mesh,wherethevaluecorrespondsto theminimum
distanceto thepositive/negativeboundaryandis consistent
with agivenradialcontactdistribution.Thetotalnumberof
trianglesin themeshandthedistributionsareusedto create
ahistogram,whereeachbin representsthenumberof trian-
glesthatshouldbeassigneda distancevaluein a particular
interval. As we assigndistancevaluesto trianglescompat-
ible with theconstraintsof themeasure,we decrementthe
appropriatebin in thehistogram.Oncethis processis com-
pleted,offsetvaluesfor theverticesarecomputedby aver-
agingthedistancevaluesof thesurroundingtriangles.The
averagevalueis thenusedto displacethe vertex in thedi-
rectionof thelocal surfacenormal.

4.1. StochasticFunction

Themicrogeometrystochasticfunction is a variationof
the radial contactdistribution for complex surfaces.The
function capturesinformationregardingthe distancefrom
randompoints on a surface to the nearestregion bound-
ary. In thecontext of a porousobject,thedistribution gives
the probability that a randompoint is a distanceR from
thepore/materialinterface.This informationis storedin the
form of two distributionsasshown in Figure8. In our prior

work we usedthis information to describethe geometric
propertiesof a porous3D object[33, 34]. In the work de-
scribedhere,the distinctionbetweenpore andmaterialis
not germane.We simply de�ne two regionswith different
displacementmapson a trianglemesh.As such,theuseof
pore and material to describethe two typesof regions is
abandoned.The two regions are identi�ed by the sign of
their associateddistances.

4.2. GeodesicDistance

We measuredistanceover thesurfaceof a trianglemesh
with an approximationof the geodesicdistance.Consider
the dual of the mesh,wherenodesare locatedat the cen-
troidsof triangles.Giventwo triangles,wecomputethedis-
tancebetweenthemastheshortestpathbetweenthecorre-
spondingnodesalongthedualgraph.Themeasureis com-
putedincrementallyandis thusef�ciently obtained[9].

4.3. Preparing the Distributions

The two contactdistributionsmay be derived from real
materials,randomlygenerated,or interactively de�ned by
a user. The two initial distributions,which areat �rst de-
�ned only for non-negative distancevalues,arecombined
into a singledistribution over all real numbers.Onedistri-
bution remainsde�ned for positive real numbers,and the
other distribution is re�ected into the negative real num-
bers.Thefrequency valuefor eachinterval (bin) in thedis-
tribution is calculatedby multiplying the total numberof
trianglesby the averageprobability, given by the distribu-
tion, over the interval. The transformationof two distribu-
tions into a singlehistogramis outlined in Figure9. Cre-
atinga singlehistogramsimpli�es thereconstructionalgo-
rithm andits implementation,by allowing two microstruc-
tureregionsto bede�ned with asinglesetof frequency val-
ues.

4.4. Processinga Triangle Mesh

Stochasticgeometryreconstructionis the processthat
takesa contactdistribution andgeneratesa speci�c model
with structuresstatisticallyconsistentwith thedistribution.
For stochasticdisplacementmappingthis processinvolves
removingdistancevaluesfrom thebinsof thehistogramand
assigningthemto trianglesin a meshbasedon a geodesic
contactdistribution.

Since our approachcreatessurface detail with micro-
geometry, it is sometimesnecessaryto �rst remeshand/or
subdivideaninput model[1] beforethereconstructionstep
in orderto producea surfacewith minute,high-resolution
facets.Becausethe reconstructiontechniqueworks at the
trianglelevel, it is necessaryto split trianglesuntil themesh
is �ne enoughto obtainthedesiredlevel of detailandavoid
aliasing.It is importantto choosea triangulationmethod
that producesreasonableaspectratio triangles,sincehigh
aspectratioscouldleadto undesirableartifacts.Althougha



uniformly high-resolutionmeshis bestsuitedto this tech-
nique,it may be desirableto adaptively reducethe resolu-
tion of the�nal processedmeshbasedonthecharacteristics
of themicrogeometry[35].

ReconstructionWebegin by identifyingthebinsin thehis-
togramthathave thehighestabsolutevalue.Processingbe-
gins from the outside(highestabsolutevalue) of the his-
togramandterminatesafter the zerobin hasbeenconsid-
ered.Eachiterationof thealgorithmassignsvaluesfrom a
binuntil it is emptyor cannotbeprocessedfurtherdueto the
constraintsdescribedbelow. Fromour experienceprocess-
ing from high to low absolutevaluescreatesa morestruc-
tured,ef�cient andlessrandomresult.Thechoiceof direc-
tion is not arbitrary, but ratheris relatedto thebin packing
natureof theproblem[23].

The assignmentof thesevalueshasa geometricinter-
pretation,and with this interpretationcomesa constraint.
If a trianglehasbeenassignedthe valuex (which implies
that the triangleis a distancex from theregion boundary),
anothertrianglelocatedat a distancem away mustbe as-
signeda valuein therange[x � m; x + m]. Here,distances
arecomputedbetweenthe centroidsof trianglesalongthe
surfaceof themesh.For example,if a trianglehasbeenas-
signedthevalue5.0,a trianglethat is 0.4 unitsaway, must
be assigneda valuein the range[4.6, 5.4]. This constraint
is globalandappliesto any pair of triangles.However, the
constrainthaslittle effect on trianglesthatarewidely sepa-
rated.

Each iteration of the algorithm consistsof two steps.
First, trianglesthatareconstrainedto haveavaluethatfalls
within the interval of the currentbin areidenti�ed. Values
arecalculatedfor thesetrianglesbasedon the distanceto
thenearestassignedtriangle.A rangeof acceptablevalues
is maintainedfor eachunassignedtriangle.

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

When a label is assigned,the constraintis propagated
outwards and the rangesare adjustedif necessary. This
would normally requirethat every triangle be checked to
seeif it musthave its rangeupdated.Becausethemeasure
is geodesic,it canbecomputedincrementallyin increasing
order. In this way, thepropagationcanbeterminatedwhen
the distanceis large enoughthat it canno longerhave an
impact.More speci�cally, onecanstopwhenthevaluesas-
signedplusor minusthecurrentdistancebothlie outsideof
therangeof any triangle.

The next stepdistributesthe remaininglabelsfrom the
currentbin randomlyin awaythatdoesnotviolateany con-
straints.If bin 4 is beingprocessed,the value4.0 (though
any valuebetween4.0 and5.0 would work) is assignedto
randomtrianglesif 4.0 is in the acceptablerangefor that
triangleand the triangle isn't alreadylabeled.If no trian-
glesmeetthesecriteria, the bin is considered�nished and
the next bin is processed.The algorithmterminateswhen

all binshave beenprocessed.Thereconstructionalgorithm
is illustratedin Figure 5. Note that it is this seedingpro-
cessthatultimatelydeterminesthelocationanddistribution
of mostof thelargerpositiveandnegativeregions.

DealingWith Error Our reconstructionalgorithmis effec-
tively a form of bin packing[23], which cannotin general
beaccomplishedin polynomialtime without someerror. In
mostcasesthealgorithmis unableto assignall valuesin the
histogramto triangles.This leavesa certainnumberof tri-
angleswithoutanoffsetvalue(typically about5%to 10%).
Thesetrianglesare thenassigneda valuewhich is an av-
erageof neighboringvaluesandis consistentwith thedis-
tanceconstraints,regardlessof thevaluesremainingin the
histogram.This heuristicguaranteesthat an outputcanbe
generatedfor any input,andthattheoutputwill not violate
thedistanceconstraint.However, this will degradethesta-
tisticalpropertiesof theresultingstructure.

4.5. DisplacementMapping

Oncethe trianglesof the meshare labeledwith signed
distancevalues,valuesfor verticesarecalculatedby aver-
agingthevaluesof adjacenttriangles.The useris thenof-
feredavarietyof optionsandparametersfor mappingvertex
valuesinto offsetvalues,whichmaybeindependentlycho-
senfor eachregion.Thesechoicesgive theuserfreedomto
�nely adjustthe look andfeel of theprocessedmodeland
provideapowerful approachto generatingawidevarietyof
surfacedetail.

First, thedirectionof theoffsetis speci�ed.Thevertices
may be offset outward, inward or left untouched.The pa-
rameters in f� 1; 1; 0gspeci�esthesignof theoffsetvalue,
with 1 signifying an outward offset, � 1 inward, and0 no
change.Second,ascalefactork thatdeterminesthemagni-
tudeof the offset is available.Finally, we have two func-
tions f � (x) and f + (x) that map the value x into a dis-
placementamountf � (jxj) for verticesin the negative re-
gion or f + (jxj) for verticesin thepositive region.A vertex
is in thepositive region if thevaluefor thatvertex is posi-
tive, andsimilarly for negative. The �nal offsetdistanceis
skf � (jxj) or skf + (jxj). We initially utilize the functions
f x;

p
xg aschoicesfor f � (x) and f + (x) to generateour

examples,thoughotherfunctionscould be used.(The lat-
terwaschosenfor its smoothingeffect; it causesridgesand
crevicesto bemorerounded).Oncetheparameters/options
are speci�ed, the model's verticesare offset in the direc-
tion of thelocal surfacenormal~n. An additionalparameter
u de�nes the ratio of the units of the distribution with the
units of the geometricmodel,andcontrolsthe spatialfre-
quency of thesurfacestructures.

5. UserTools

A geometryprocessingtechniquethat doesnot offer a
usereffective handlesfor controlling the resultingoutput
haslimited usefulnessandvalue.We thereforedeveloped
threestrategiesfor designingdisplacementmapsbasedon



stochasticmicrogeometry. The �rst strategy employs ran-
domsamplingof theparameterspaceof thecontactdistri-
butionsandthealgorithminputvalues.Similar to Sim's im-
agegenerationtechnique[36] andtheDesignGalleriescon-
cept[22], auseris ableto quickly view theresultsproduced
by a largenumberof parametercombinations.Onceanin-
terestingsetof approximateparametervaluesarefoundthe
secondstrategyallowstheuserto interactivelymodify those
parametersto createthe�nal desiredeffect.Finally, contact
distributionsmaybecomputationallygeneratedby analyz-
ing imagesof texturedsurfaces.

5.1. Parameter SpaceExploration

The �rst tool is implementedwith a set of scriptsthat
canbeusedto exploretheparameterspace.Thesescriptsal-
low theuserto specifyasubsetof theentireparameterspace
andthenumberof testresultsto begeneratedfor agiventri-
anglemesh.Thescriptsrandomlysampletheselectedsub-
setandgeneratea largenumberof processedmodels.The
modelsarerenderedandpresentedona webpagefor rapid
viewing,alongwith theparametersassociatedwith eachre-
sult.Givenanumberof potentialcandidatemodels,atighter
searchcanbeemployedon a smallerrangeof theparame-
ter space.At any time the parametersfor a speci�c candi-
datemodelmaybefedto aninteractivetool for further�ne-
tuning. Figures1 and2 presentseveral processedmeshes
thatwererandomlygeneratedwith ourparameterspaceex-
plorationtool.

5.2. Interactive Design

The secondtool is an interactive applicationfor �ne-
tuningamodel'sdistributionandthealgorithm'sparameters
in orderto obtainadesired�nal processedmesh.Theinter-
activeprogramvisuallydividesthedesignprocessinto three
parts.In the �rst part the contactdistribution is designed,
modi�ed, and�ne-tuned.This involvessettingthenumber
of elementsin theindividualbinsof thehistogramdescribed
in Section4.4.Distributionsmaybenormalizedandsaved
for furtherexplorationsatalatertime.Thesecondpartgives
theuseraccessto algorithmparameters.Theseparameters
includemeshresolution,distribution frequency (coarseef-
fectsversus�ne ones),andoffsettingparameters,e.g.scale
factorsanddisplacementfunctions.Thethird partis theac-
tual reconstruction,displacementandrendering.This stage
occursquickly, requiringonly a few secondsto apply and
displayanew stochasticmicrogeometrydisplacementmap;
thusallowing theuserto rapidly convergeon a desiredre-
sult.Figure3 (Top)presentsseveralscreen-shotof ourinter-
activetoolwhile it is beingusedtodesignaspeci�c stochas-
tic displacementmap.

5.3. Image-BasedAcquisition

The radial contactdistribution canbe computedfrom a
2D imageof a texturedsurface.Via a thresholdingprocess
the input imageis �rst convertedinto a binary imageof

Example Scale Displacement,k Direction f (x )
Units Neg Pos Neg Pos Neg Pos

Fig 1, Arrow 63.27 .02876 .03489 - in -
p

x
Fig 1, Disk 64.69 .01092 .05097 out - x -
Fig 1, Candy 38.93 .01860 .03970 in -

p
x -

Fig 1, Head 27.78 .02033 .01647 in in
p

x x
Fig 1, World 36.65 .05472 .02389 - out -

p
x

Fig 6, All 79.82 .04906 .03232 - in -
p

x
Fig 8, Candy 71.48 .02111 .02856 out out

p
x

p
x

Fig 8, Coral 57.27 .03061 .03400 in out
p

x
p

x
Fig 8, Head 81.97 .01083 .01319 out out

p
x x

Fig 10,All 40.00 .05000 .03000 - in - x

Table 1. Parameter s used to generate exam-
ple models.

blackandwhite regions.The white regionscanbe labeled
aspositive andtheblackasnegative.Thedistribution gen-
erationprocessbeginsby zeroinga setof countersfor each
integer distancevalueof the histogram.A radial searchis
thenperformedat eachpixel in theimageuntil a pixel with
theoppositecolor is found.Thedistancebetweenthesetwo
pixelsis computed.Theunsigneddistancevalueis negated
if theoriginal pixel is black.Thecountercorrespondingto
thedistancevalueis incremented.Oncethisprocessis com-
pletedfor all pixels,thevaluesin everycounteraredivided
by the total numberof pixels in the imageto producethe
histogramfor theradialcontactdistributionassociatedwith
thetexture.

6. Implementation

Let n be thenumberof 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 worstcasecostof O(n). (Thenumberof
valuesin the distribution is assumedto be constant.)Be-
causea propagationof constraintinformationmustbeper-
formedwhenrandomplacementsaremade,reconstruction
has(worstcase)time complexity of O(n2). In practice,the
behavior is much fasterthanquadratic(after the �rst few
passes,thepropagationaffectsonly thelocal portionof the
mesh)and behaves linearly. The �nal displacementmap-
ping andothermeshoperationsareall linearin thenumber
of triangles.

Our modelingtoolswereimplementedin C++, perl and
bash.For mesheswith tensof thousandsof triangles,there-
constructioncodecompletesin afew secondsona900MHz
SPARC Solaris workstation.The parameterspaceexplo-
rationtoolsareacollectionof severalprogramsandscripts.
Typically, generationof eachcandidatemodelandassoci-
atedimagerequiresa few secondson the same900MHz
SPARC Solarisworkstation.

7. Results

We have processednumerousgeometricmodelswith
our stochasticdisplacementmappingtechnique.For explo-
ration purposes,500 candidatemodelsweregeneratedby



Figure 2. (Top) Five models are modi�ed with displacement maps based on stoc hastic micr ogeom-
etry, demonstrating a wide diver sity of surface characteristics. The �r st image is the original mesh
that is processed to produce the remaining models. (Bottom) Close-up views of a rice-co vered cand y
bar, coral and clay head.



Figure 3. (Top) Designing a stoc hastic micr ogeometr y 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 ogeometr y displace-
ment map.

randomlysamplingthe parameterspaceof our algorithm
(frequency valuesof thehistogram,s, k, f (jxj) andu) for
eachinput mesh.Selectedimagesfor six of the meshes
are shown in Figures1 and 2. Theseimagesdemonstrate
thediversityof possiblemicrogeometriesproducedby our
technique.Theprocessingloopconsistsof randomparame-
tergeneration,reconstruction,meshvisualization,andother
backgroundprocessing;the entireprocesstakeson the or-
derof a few secondspermodel.Themodelshaveontheor-
der of tensof thousandsof triangles,with the largestones
having overa hundredthousandtriangles.

The parametervaluesandcontactdistributionsusedto
generatemostof theseresultscanbe found in Table1 and
Figure7. Theparameter“ScaleUnits” setsthescalefor the
model.Themodelis containedwithin a box with edgesize
2(ScaleUnits). Oncescaled,thedistancesin theobjectcor-
respondto distancesin the distribution. Displacementpa-
rameterk is thescalefactorthatcontrolsthemagnitudeof
a vertex offset in a particularregion.Thefunctionf (x) in-
�uencestheshapeof theresultingdisplacements.In partic-
ular, the magnitudeof the displacementis kf (jLj), where
L is the labelassignedto thatvertex. “Direction” indicates
whetherverticesshouldbe displacedinward or outward.
Note that verticeswith positive and negative labelshave
their own Displacement,Direction, andFunction.A dash
indicatesthat verticeswith positive or negative labelsare
notdisplaced.

While the techniquemay not fully reconstructthe geo-
metricpropertiesof theinput distribution on thesurfaceof
the model, this doesnot affect its ability to createrealis-
tic microgeometry. Further, the techniqueexhibits the de-
sirablepropertiesthatwould beobtainedfrom a faithful re-
construction,suchas the consistency of statisticalproper-
tiesacrossvariedgeometry.

The interactive environmenthasbeenemployed to de-
sign numerous stochastic microgeometry displacement
maps.One designsessionis presentedin Figure 3 (Top).
Theseareseveralscreenshotsthatdemonstratehow thedis-
placementmap changesas a user modi�es the individ-
ualcontactdistributionvalues.Onceadesireddisplacement
mapis de�ned, it mayberepeatedlyandstochasticallyap-
plied to a singlemeshin orderto createnumerousmodels
that have similar overall appearance,but are all individ-
ually different, as seenin Figure 3 (Bottom). The same

stochasticdisplacementmapmayalsobeappliedto differ-
entmodels,asseenin Figure4.

Despiteits many bene�ts andusefulcharacteristics,our
modelingtechniquedoeshave limitations.Thecontactdis-
tributionfunctionis isotropic,whichlimits thetypeof struc-
ture it canrepresent.Thus,this techniquecannotcurrently
beusedto recreateanisotropictexturesandmicrostructures,
but canbeextendedwith otherdistribution functionsto do
so.Further, designingwith distributionsis not particularly
intuitive, requiringsomepracticeand learningin order to
generatespeci�c results.

8. Conclusion

Combiningstochasticgeometrywith displacementmap-
pingcreatesatechniquefor producingcomplex surfacemi-
crogeometrythat is bothvisually appealingandrealistic.It
providesapowerful andeffectivemeansfor generatingadi-
versesetof surfacemodelsby stochasticallyde�ning offset
valueson triangularmeshesin statistically-consistentpat-
terns.The approachillustratesthe ability of stochasticge-
ometryto supplementexisting texturemappingtechniques
for computergraphicsmodelingapplications.
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Figure 5. Labels are assigned beginning with
high absolute values (red and blue), pro-
gressing towards zero (white). Labeling oc-
cur s in two ways: random placement (most
evident in the �r st illustration), and manda-
tor y 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 par ticular 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 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 8. Distrib utions obtained from a
por ous bone sample . The horizontal axis is
the distance R to the pore/material interface .
The ver tical axis is the probability that a point
is distance R from the interface .
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Figure 9. The distrib utions are originall y
de�ned separatel y. 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 conver ted into the histogram that is used
by the reconstruction algorithm.


