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Abstract

As high-qualitygeometricamodelsbecomeneces-
sary for realistic applications,the creationof so-
phisticatedsurface detailsquickly becomesa cru-
cial bottleneckto modeling. Geometrytexture syn-
thesiscan alleviate this problem. We proposeto
combinegeometrytexture synthesiswith point-set
surfaces. Point-setsurfacesform a powerful and
e xible representatiorio encodeintricate surface
details.Our algorithmincrementallybuilds up a -
nal geometrytextureby tting patchesrom anini-
tial geometrytexture,accordingto a distanceeld-
basedmetric appliedto a point neighborhood.An
automaticpoint pairing schemes usedto warpthe
mostsimilar patchwith a thin-platesplineinterpo-
lationto make it concordantvith its neighborhood.
The point-setrepresentatiorirees us from coping
with explicit connectvity, while offeringtrivial ma-
nipulationfor cutting, meiging, and tting portions
of a surface. An appropriateblendingcorrectsfor
ary remainingsmalltexture gaps.Experimentate-
sultsareprovidedto illustratethegeneralityandthe
efciency of ourapproach.

1 Intr oduction

Texturesin computergraphicsappeamostlyin the
form of details,whetherascolor or geometryalter
ations,on the surfaceof an object. Thesedetails
aretraditionallyrepresenteds2D imageqnotnec-
essarilycolor) mappedon a surface,and often as-
sociatedwith patternssuchascloth, wood, bricks,
etc. Unfortunatelycoveringanentiresurfacewith a
smallertexture usingregulartiling resultsin objec-
tionablevisualpatterns.

Texture synthesisattemptsinsteadto generate
from an original texture a new texture of arbitrary
sizewith similar visual properties.Much work has
beendevotedto color textures,asindicatedby ex-
tensve suneys[18, 13]. Themostsuitabletextures

for suchgenerationprocessesespondto Markov
random elds (MRFs) criteria, meaningthey ex-
hibit locality andstationarityproperties.This class
of texturesrepresents wide rangeof texturetypes.

This paperproposego extendthe texture gener
ation procesgo geometrytexturesin orderto pro-
duceadaptedsurfacedetails,a very tedioustaskto
performmanually

Otherresearcherbiave addressedhis problem.
Onesimplesolutionappliesstandardcolor texture
synthesigo heightmaps[28, 30], boundedheight
being substitutedfor color. However, this limits
the geometriccomplity of the surfacedetails. It
is also possibleto apply texture synthesisto vol-
umetric data (voxels with distanceand/or density
information) [15, 5]. This canrepresentrbitrary
geometry but may be costly in memoryand slow
to process. Geometryimages[16, 19] also form
a straightforvard applicationof texture synthesis.
Althoughthey canrepresenmorecomplex geome-
try thanheightmaps,they cannotrepresentliscon-
nectedcomponents.

Extending texture synthesisto surfacic repre-
sentationshas only recently been investicated.
Theseapproachesan potentially representarbi-
trary topology and usually have a much smaller
memoryfootprintthanvolumetricdata.Zelinkaand
Garland[31] usegraph-cuttechniqueson meshes
to synthesizeextureson one objectfrom textures
on anotherobject. Closelyrelatedto our approach,
Zhouetal. [32] alsousemeshes.

A point-setsurfaceoffers aninterestingalterna-
tive representatiorio meshes. It proved a valu-
able tool for geometryprocessingand modeling
(see[12] for a suney), asit requiresno structures
to explicitly maintaintopology andit allows direct
processingf scannedlatawithout explicit surface
reconstruction.

We thusproposeo exploit point-setsurfacesand
patch-basedamplingscheme$17, 8, 14,7, 29] in
a generalgeometrytexture synthesisapproach.in



orderto focuson the mary elementsaffecting the
synthesigprocessye will limit our experimentso
generatioroveraplane.

The restof the paperproceedsasfollows. Re-
latedwork is presentedn Section2, our geometry
texture representations de ned in Section3, and
our synthesisalgorithmis rst describedin Sec-
tion 4, andthendetailedin Section5. Our results
areanalyzedin Section6, and a conclusioncom-
pletesthediscussiorin Section?.

2 RelatedWork

Modeling by exampleis not a conceptexclusive to
textures.Sloanetal. [24] presente@systento gen-
eratenev shapesrom a setof shapeswith some
interpolationscheme.Funkhouseet al. [9] devel-
opeda systemto build piecemeabbjectsfrom dif-
ferentpartsof a shapedatabaseThey retrieve dif-
ferent partsbasedon their similarity with a tamget
shape. That similarity is evaluatedby comparing
distance elds, anideawe also exploit. Pauly et
al. [22] alsousesearchin ashapedatabaséo repair
3D scans.All thesesystemsareessentiallyconsid-
eredasmacro-synthesigsthey build up geometry
by parts suchashandlesarms,feet, etc. (except
for [22]).

More closely relatedto our approach,Sharf et
al. [23] and Park et al. [20] useprinciplesof tex-
ture synthesido repair3D scansjncludingsurface
details. However, they aim at repairingmodelsby
ling holes,andnot generatinggeometrytextures.
They alsoadwocatetheuseof point-basedepresen-
tations.

3 Texture Representation

To synthesizegeometrytexturesof arbitrarytopol-
ogy, we needmorethanheight elds. Theideaof
our representatiotis akin to generalizedlisplace-
mentmaps[26], andis quite similar in conceptto
thetexturesof Zhouetal. [32].
We de ne our input geometrytexture Tin  with
thefollowing elements:
an axis-alignedboundingbox Br,, de ning
thedimensionof the geometrytexture.
arbitrary manifold uniformly sampledpoint-
setsurfacesresidingwithin Br,, . Thisgeom-
etry mustbe de ned beyond the limits of the

boundingboxin orderto avoid ill-de ned bor-

der conditions. We usethe surfacede nition

of AdamsorandAlexa[2].

an axis-alignedreferenceplane de ning the
orientationof thetexture. The heightof atex-

tureis de ned by thedimensionof the bound-
ing box perpendiculato this plane.

Figures4, 5, 7, and 8 shav examplesof input ge-
ometrytextures.

Our synthesismethodis patch-based.A patch
P T isde nedasthegeometryinsideanaxis-
alignedbox of heightequalto the texture's height.
As for standargatch-basetkxturesynthesisneth-
ods, the patchsize shouldbe chosenaccordingto
thesizeanddistribution of featuresn T, . It should
belargeenoughto encompasat leastatextureele-
ment(e.g., abumpin Figure4) plussomeneighbor
hood. If the patchis too small,the elements'shape
anddistribution may not be well presered. If too
large, theremay be lessvariationin the outputtex-
ture.

4 SynthesisAlgorithm

The generalprocessof our synthesisalgorithmis

similarto[8, 17]. It startswith aseedpatchandthen

proceedsncrementallyin scan-lineorder Sincethe

synthesiss performedalongthetexture's reference
plane thegeneratiorprocesss basically2D. Thus,

whenwe speakof aregion, we actuallyreferto the

volume de ned by an areain the referenceplane
extrudedto thefull heightof thetexture.

At a giveniterationk, we gathera point-setN
(the neighborhoodproundthe region wherea new
patchwill beplaced.Wethengatherasetof patches
matchingN andrandomlyselecione.Theselected
patchPy is thentranslatedo its destinationposi-
tion, transformedo bettermatchN, and meiged
with Tout . Forreasongxplainediater(Sections.1),
the patchhasto be augmentedvith anextra region
Ek extendingout of Py in the generalsynthesis
direction. Figure 1 illustratesthe terminologyde-
scribingdifferentregions.

Our synthesisalgorithmthusproceedssfollows:
1. Randomlyor manuallyselecta seedpatchPq
from Ti» andpasteit at the lower left corner
of Tout togethemith E. Setiterationcounter
k=1
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Figurel: Synthesigprocessi(a) Startwith aninitial patchandproceedn scanlineorder (b) A new patch
startsanew scanline(c) Thegenerakase.Thedashedsquareover Tou: representshegatheringregion.

2. Findthe setof candidategpatches

k=fP Tinjd(OL\‘k;OE)<dmaxg

where

Orax = (1+ ) min d(0y'*; Of ):

O, istheoverlappingregion of interestatiter-
ationk in Ny or ary patch(seeFigurel),d is
acomparisormetricbetweertwo overlapping
regions,and is therelative errortoleranceon
d (detailsin Section5.1).

3. Randomlyselecta patchPx from . Set
Fx = tr (P« [ Ek), wherethe function tr
translateghe unionto its destinatiorposition,
andlet By betheboundingboxof F.

4. WarpF to male it concordanwith N, and
let F? betheresult(detailsin Section5.2).

5. Blend the geometriesof N andF? into F°
(detailsin Section5.3).

6. Remaweall pointsof Ty containednsideBy,
andcopy all samplesrom F insideBy into
Tout - Setk = k + 1.

7. Repeasteps2 to 6 until Toy is lled.

8. Remue aregion wg wide alongthe bound-
ariesof Tout .

During the synthesis,we needto dynamically
addandremove samplesrom Ty , aswell aslo-
cate neighbors. In orderto achiee good perfor
mancefor theseoperations,Tou: IS encodedas a
hashedegulargrid of bucketsof points.

5 Processinga Patch

Severalstepsn theabove algorithminvolve search-
ing and pastinga new patchduring the synthesis

processln this sectionwe provide detailsfor three
basicsteps:searchingwarping,andblending.

5.1 Finding a Similar Patch

Step?2 of our algorithmcreateshe set ¢ of best
candidatepatches,accordingto a patchsimilarity
metricd. As alarge numberof patcheseedto be
evaluatedd needgo befastto compute.

Zhou et al. [32] computea similarity costbased
onvertices'projectiondistancesandnormaldiffer-
ences.However, sucha costfunctionis expensve
to evaluate particularlywith point-sets.

Anothercommonlyusedsimilarity metricde ni-
tion is the Euclideandistancewhich is fastto eval-
uate,but would requireto mapour point-setgo an
Euclideanspace.Park et al. [20] and Zelinka and
Garland31] requirelocal parameterizatioto eval-
uatefeaturevectors,which limits the local topol-
ogy (nodisconnectedomponents)Sharfetal. [23]
locally t implicit functionsto point-setsandtake
a few samplesof signeddistanceand gradientsof
thosefunctions.In our case we needadensesam-
pling to allow more complex geometryinside our
patches We thereforeoptedto usesigneddistance
elds [15, 9] togetherwith a gradient eld. The
elds arecomputedonly insidethe overlappingre-
gionsO, . LetD(S) bethedistanceeld of agiven
point-setS, extendedwith the correspondingradi-
ent eld. By interpretingthose elds assinglehigh-
dimensionalvectors,our distancemetric d is thus
de nedas:

d(Oy';0F) = kD(Oy¥) D(OF)K?

wherek kistheEuclideamorm,andP T, .



Figure 2: Error in distancecomputation:the long
arrov indicatesthe computeddistanceinside the
box, but the shortarrow indicatesthe correctdis-
tance.

D(S) is computeddy projectingpointsof areg-
ular grid on the surface(s)of S using the quasi-
orthogonal projection operator of Adamsonand
Alexa [2]. To determinethe distancesign, the op-
eratorshouldalwaysyield consistennormals,and
thereforewe requireexplicit normalsfor our point-
sets. The userde ned grid resolutionshould be
large enoughto roughly capturethe geometricde-
tails, yetbecausehe eld is usedonly for compar
isonandnotfor reconstructionthis resolutiondoes
notneedto bevery dense.

Only D(OEl ) hasto becomputecbnthe y . For
al P Tin, D(O}) is extractedfrom D(Ti, ).
The resolutionof D(Ti, ) discretizesthe setof all
possiblepatches.

Somecareneedso be taken to accuratelycom-
putedistancesandgradientsneara eld' s borders.
Only consideringhegeometrywithin the eld' sex-
tentsmay resultin falsedistancevalues,asillus-
tratedin Figure2. To circumwentthis problem,we
allow projectionsto fall on the geometryoutside
the eld' sextents.Thereforegeometrymustextend
Br,, , asdescribedn Section3. Thisis alsowhy we
pastean extra region E« togetherwith Py. It pro-
videsa paddingregion aroundOEl k, asillustrated
in Figure 1. We identify the width of thoseextra
regionsaswe . It is setaccordinglywith the type
anddensityof featuresin Ti, . In our examplesiit
varied between? and £ of a patchs size. Larger
proportiongendto only slov down computations.

A metric over an Euclideanspacealso offers

thepossibilityto usesearchacceleratiorstructures.

Two popular and efcient methodsare approxi-
matenearesneighborsearch(ANN) [3] andtree-
structuredrectorquantizationTSVQ) [10], bothof
which have beenusedsuccessfullyfor texture syn-
thesis[17, 27, 11, 5]. However, the high dimen-
sionality of our searchspacesmakes ANN about
the sameas an exhaustve search.We could make

useof TSVQ by tradingquality for speedhowever,
we have foundthatevenby searchingexhaustvely,
the searchstepis not a bottleneckof our synthe-
sis method(seeTable 1). We can help to make
the searchfasterby unpackingall D(P); P 2 Tis
as a precomputatiorstep. This can be memory-
intensve, but for all our testcasesit rarely takes
morethan100-200MB (with singleprecision oat-
ing pointscalars).

5.2 Warping

After step3 of our synthesisalgorithm, a chosen
patch Py usually doesnot t perfectly N«. For
color texture synthesis,blending[17], nding an
optimal seam[8, 14], or bothmethodsareapplied.
Blending geometriesproves much more dif cult
thanblendingcolors,however.

Sharfetal. [23] usea methodakinto ICP [4, 6],
extendedwith a non-rigid quadraticwarp. This
warp proved not powerful enoughfor our needs.
Wu andYu [29] usefeaturecorrespondend® warp
the patchwith a thin-platesplineinterpolation.We
have optedfor a similar approachUsingthin-plate
splinesinvolves nding a setof matchingpairs of
pointsfrom sourceandtargetsurfaces.Wu andYu
[29] automaticallymatchpointsbasedn proximity
andtangent®of featuregoints. Dealingwith geom-
etry is morecomplicated Most notably we have to
be carefulthat neighboringmatchingpairs do not
crosseachotherto avoid local surface ips.

LetS = fs;;:::; sm g bethesourcepoint-setand
Q = fa; i ohg bethetamget point-set,n  m.
Let W be the warping function for a given pair
ing  of points. We are looking for a pairing ~
from S to Q thatwould minimizea shapesimilarity
metrichetweerthe surfacesde ned respectiely by
W_(S) andQ.

Finding sucha pairing is dif cult. We thusap-
proximateit by minimizing a cost function for a
givenpairing as

X
cO) =
(sia)2

[c(s;a) + g(s;q; )] 1

wherec is a costfunction evaluatingthe quality of
agivenpair(s;g),s 2 S, q2 Q, andg evaluates
thecoherencef (s; g) andits neighbordn

In our casewe de ne c asafunction of the dis-
tancebetweertwo points,thedifferenceof normals,
and the differencein local surface variation [21],



whichgivesaroughestimateof thelocalshapeThe
importanceof eachaspectof ¢ mayvary from one
geometrytexture to anothey so they are weighted
with userde ned valuesasfollows:

|
c(s;0) = !pkps  Ppaka+ —-(1 nsng)
+1,(Vs  Vg)? )

wherep ,n , andv denoterespectiely the posi-
tion, normal, and surfacevariation of a point, and
Wp, Wn, andw, their respectie weights. If ary of
the threetermsin Equation2 is above its speci c
userde ned threshold,thenwe setc(s;q) = 1.
This eliminatesbad pairings, such as two points
with oppositenormals.

Thefunctiong evaluateshe differencein length
anddirectionbetweera pair (s; ) andall its neigh-
bors.Eachaspecis computedandweightedasfol-
lows:

g(s;a ) = 'ikps pok fi(g) +
!7d \T Ps Pgq
2 1 fd(q1 ) kps qu

wheresummingfor all (t; r) 2

P
kg Prk (kpq

. _ prk)
@) = (kpa Pk
(e pr) (kpa  prk)
fa(g) = P
(@) (b po) (kpa Pk

andwhere is amonotonicallydecreasindgunction
(a Gaussianin our implementation).Weightingis
computedfrom distancesn Q ratherthanS, sim-
ply becausen m, which makesit more corve-
nientto build pairingsby matchingelementsf Q
to elementf S.
Then,wede ne theset of all possiblepairings
= f(s;;;6)ji=1linandc(s;,;g) < 1lg
fj1;:5jng isan permutation
of f1:mg
The pairing ~ we arelooking for is therefore

= arg mzin C() : )

Solving Equation3 is a dif cult task. We ap-
proximatethe solutionwith an iteratedgreedyal-

gorithm:
1. SetM =;, =;.
2. Foreachq2 Q:
2.1. Finds 2 S suchthats 2 M andc(s;q)

is minimal.
22.SetM = M [ fsg, = [ f(s;9)g.
3. SetM = ;; 7= ;.

4. Foreach(s; q) 2
4.1. Finds 2 S suchthats 2 M andc(s;q)+
o(s;q; ) isminimal.
42.SetM = M [ fsg, ~ =

5.Set = 7.

6. Repeasteps3 to 5 agivennumberof times.
Whenthe algorithmterminatesthe last stateof ~
holdsour pairing. ~ is thenusedto solve the thin-
platesplinelinearsysteni25] to obtainourwarping
functionW -.

W. essentiallytransformspositions, not nor
mals.We couldsimply recomputehenormalsafter
thetransformatiorusingtheprojectionoperatof2],
but we found the following techniquemorerobust,
albeit computationallymore expensve. Assuming
~ hasnocrossingslets 2 S, s°= W_(s), us and
Vs betwo tangentorthogonalvectorsto ns, andJ
bethe Jacobiammatrix of W -, then

~[ f(s;9)0.

Jus Jvs |

0= kJus Jvsk’

5

NotethatJ canbeanalyticallycomputed.

To t theseequationsvith theterminologyof the
previoussectionswehave Q Ny andFy  S.
Q cannotbe the full neighborhoodfor two rea-
sons: (1) pointsin the outskirt of N« arelessre-
liable, notablyfor surfacevariation,and(2) consid-
eringall pointswould leadto hugeandcostlylinear
systemgo solve, and would also male it dif cult
to avoid crossingpairs. We have found that sim-
ply running an adaptve clusteringalgorithm [21]
in a sub-r@ion of N yields a reasonableset Q.
Also, becausehin-platesplineinterpolationhasa
global effect, W- may generataedeformationghat
are too strongin non-overlappingregions of Fy.
To counterthis, we addto ~ a few extra pairs of
points mappingto themselesin cornerregions of
F. For the samereasonwe actually have to ex-
tendF« beforewarping,to ensurethatthe regions
inside Bx arefully coveredby W-(Fg). Finally,
we have Fy S becausesomepointsin the out-
skirt of Q may actually have a bettermatchif we
extendFy.



Figure 3: Blending. (a) N (light grey) superim-
posedwith F? (dark grey). The bumpin the cen-
ter shavs a remainingmismatchafterwarping. (b)
Theresultof blendingF 2 with N (c) Parametric
value of the interpolationasa function of position
inside the region enclosingN . The dashedines
matchthe boundarieof OkN k. (d) Differencebe-
tweenblendingwith projection(top) andray inter-
sectiongbottom)over avalley.

5.3 Blending

Becausethe warping from the previous sectionis
not perfect,gapsmay still remain(seeFigure3 (a)
and(b)). Howeverasthesegapsshouldbesmall,we
canremove themwith a simple progressie linear
interpolationfrom F 2 to Ny. The interpolationis
actuallydonebetweerpoints(with their normal)of
F 2 andtheir projection[2] on N. The parametric
valuevariesgraduallyasillustratedin Figure3 (c).

A smallproblemariseswith the projectionwhen
the gap occursover a valley, asit is morelikely to
fall on the sidesthan at the bottom, thus creating
a hole in the samplingof the nal result. We can
improve this situationby using a limited form of
ray intersectionf1]. We testtheintersectiorof two
raysemanatingrom the point's positionin thetwo
directionsparallelto the normal. We usethe clos-
estintersection.If nointersections found, we fall
backto regular projection. Figure 3 (d) illustrates
theeffect of this method.

6 Results

Our approachinherits the bene ts and also some
limitationsfrom both patch-basetexture synthesis
andpoint-setsurfaces. This sectionpresentsome
of ourresults,anddiscussesheir particularities.

The rst examplestartsfrom a color textureused
extensiely in texture synthesis,corvertedinto a
height eld. Figure4 shows in the top left corner
the original height eld, with its boundingbox in
blackwire frame,andtwo views of the synthesized
height eld generatea@tfour timestheoriginalsize.

Figure5 illustratesthe e xibility of our synthe-
sis algorithm to differenttopology in presenceof
holesin theshapeaswell assmallersurfacedetails.
The patch-base@pproachgives goodresultseven
for larger generategpatterns,asillustratedin Fig-
ure6.

Figure 7 has interweasred and disconnected
threads. The point-set behaes very well here,
and the resulting generatedpattern retains well-
connectedhreads.

Figure 8 shaovs more disconnected®D o wers.
The generalpatternis well capturedby the synthe-
sized o wers,andmostindividual o wersareade-
guatelyreconstructed.

In thepreviousexampleswe appliedarelaxation
of the point-setsas a post-processingtepto im-
prove local samplingdensity

None of our examplesexhibit very sharpfea-
tures. This limitation is due to the point-setrep-
resentation. Indeed,comparedto mesh-baseap-
proaches[32], a stratgy basedon or similar to
moving-leastsquaregin our case:[2]) is not well
suitedto dealwith sharpfeatures Thepoint-setsur
facesalsorequirea high samplingdensityto disam-
biguatecloseopposingsurfaces. Neverthelesspus-
ing this representatioranstill cover a wide range
of geometrytextures.

Noneof our original texturesaretileable,which
can createdif culties with synthesistechniques.
Thewarpingstephelpsto counterthe problem.We
give in Table 1 somevaluesusedfor the differ-
entweightsfrom Section5.2. All exampleshave
wp = 1 andaboutthe samebasedimensionsfor
Br,, . Thus, we obsere that the larger the fea-
turesrelative to the samplingrate(height eld), the
moreimportantarethesurfacevariationandnormal
termsin Equation2, while smallerfeatureson sur
facesrequirelower weights,but a strongersmooth-



Point-setsize Weightvalues Synthesidime (seconds)

Tin Tout Wn | Wy | W | Wg | Search] Warp | Blend | Other| Total
Height eld 33194| 87101 | 3 |30| 9 | 7 6.7| 11.2| 10.8| 2.0| 30.7
Chainmail 71454| 197282 | 1 | 10| 8 | 6 85| 7.3| 18.4| 3.8| 38.0
Chainmail (large) | 71454| 2947085 1 | 10| 8 | 6 | 147.5/201.3| 316.2| 45.8|710.8
Weave 43592| 126139| 2 (15| 6 | 5 5.7 77| 12.0| 2.6| 28.0
Flowers 37473| 68290 | 2 | 2 | 6 | 6 11.0| 14.9 7.4 27| 36.0

Table 1. User parametersand computationtimes. The numberof input points correspondgo the total
numberof points,including paddinggeometry(seeSection3). On average,about40% of the pointslie

insideBr,, .

ing with neighboringpairs (chainmail vs. weave).
Surfacevariationis lessimportantin the presence
of smallscalesymmetry( o wers).

The computatiortimesin Table1 wereobtained
ona2.2GHz AMD Athlon 64 processarThegen-
eratedextureshave aboutfour timesthe numberof
original points,exceptfor thelargechainmail. Pre-
computationon D(Tj, ) andon the surfacevaria-
tion of Tin take lessthan10seconds.

One can obsene that our synthesisalgorithm
is much fasterthan volumetric approache$l15, 5]
(they reporthoursof processingime). Undersim-
ilar conditions(planargeneratiorexamples),Zhou
et al. [32] reporttimesof aboutthreeminutes. In
our casewe seldomexceedoneminute.

Mary factorsaffect synthesistime. The most
in uential is the numberof pointsin Tin . Next
comesthe numberof matchingpairs for warping.
The size of the thin-plate spline linear systemto
solwe is directly proportionalto this number asis
the evaluationof the warpingfunction. Theresolu-
tionof D(Tin ) is anotheimportantfactor affecting
searchalthoughin all our exampleswe usedrela-
tively low resolutionsbetweerbl 51 12(weave)
and84 68 15(owers).

7 Conclusionand Futur e Work

We have presenteda patch-basedynthesisalgo-
rithm that generatesgeometry textures using a
point-setrepresentation.Pairing, evaluating simi-
larity, pasting,warping,andblendingpoint-setsal-
low for ef cient quality generationyhile avoiding
theissueof connectiity. The e xibility of the ap-
proachis illustratedover a numberof different3D
geometricpatterns.Mesh-quilting[32] alsoshares
asimilar e xibility. However, our methodoffersan

alternatve to handlescannedlatawithout the need
of conversionto mesh. Simplestructureof point-
setsalsoallow fastprocessindgimes.

Thethin-platesplineinterpolationrequiresqual-
ity pairing to yield good results. Finding sucha
pairing can be sometimessensitve to the various
weights. An in-depthinvestigation of pairingwith
differenttypesof geometryshouldhelpto produce
betterresults. A higherlevel surfacecharacteriza-
tion shouldallow to provide suchinsight.

Even though generationhas been shavn only
over aplanarsurface,extensiongo general3D sur
facesappeareasonablgimpleandpromising,both
in memoryandprocessingequirementsThis will
be our next step. We will alsoinvestigate how this
methodbehaesfor repairing3D models. Finally,
we will apply our methodto more sophisticated
geometrysynthesisfor instancein generatinger
rains,roadmaps,andentireernvironments.
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Figure4: Original andsynthesizedheight eld. Figure7: Originalandsynthesizedvearing pattern.

Figure5: Original andsynthesizeathainmail with  Figure8: Original andsynthesizedo wers.
smallbumps.

Figure6: Chainmail generatedver alargerarea.



