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Abstract

As high-qualitygeometricalmodelsbecomeneces-
sary for realistic applications,the creationof so-
phisticatedsurfacedetailsquickly becomesa cru-
cial bottleneckto modeling.Geometrytexturesyn-
thesiscan alleviate this problem. We proposeto
combinegeometrytexture synthesiswith point-set
surfaces. Point-setsurfacesform a powerful and
�e xible representationto encodeintricate surface
details.Our algorithmincrementallybuilds up a �-
nal geometrytextureby �tting patchesfrom anini-
tial geometrytexture,accordingto a distance�eld-
basedmetric appliedto a point neighborhood.An
automaticpoint pairingschemeis usedto warpthe
mostsimilar patchwith a thin-platesplineinterpo-
lation to make it concordantwith its neighborhood.
The point-setrepresentationfreesus from coping
with explicit connectivity, while offeringtrivial ma-
nipulationfor cutting,merging,and�tting portions
of a surface. An appropriateblendingcorrectsfor
any remainingsmalltexturegaps.Experimentalre-
sultsareprovidedto illustratethegeneralityandthe
ef�ciency of ourapproach.

1 Intr oduction

Texturesin computergraphicsappearmostlyin the
form of details,whetherascolor or geometryalter-
ations,on the surfaceof an object. Thesedetails
aretraditionallyrepresentedas2D images(notnec-
essarilycolor) mappedon a surface,andoften as-
sociatedwith patternssuchascloth, wood,bricks,
etc.Unfortunatelycoveringanentiresurfacewith a
smallertextureusingregulartiling resultsin objec-
tionablevisualpatterns.

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

for suchgenerationprocessesrespondto Markov
random�elds (MRFs) criteria, meaningthey ex-
hibit locality andstationarityproperties.This class
of texturesrepresentsawide rangeof texturetypes.

This paperproposesto extendthetexturegener-
ation processto geometrytexturesin orderto pro-
duceadaptedsurfacedetails,a very tedioustaskto
performmanually.

Other researchershave addressedthis problem.
Onesimplesolutionappliesstandardcolor texture
synthesisto heightmaps[28, 30], boundedheight
being substitutedfor color. However, this limits
the geometriccomplexity of the surfacedetails. It
is also possibleto apply texture synthesisto vol-
umetric data (voxels with distanceand/ordensity
information) [15, 5]. This can representarbitrary
geometry, but may be costly in memoryandslow
to process. Geometryimages[16, 19] also form
a straightforward applicationof texture synthesis.
Althoughthey canrepresentmorecomplex geome-
try thanheightmaps,they cannotrepresentdiscon-
nectedcomponents.

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

A point-setsurfaceoffers an interestingalterna-
tive representationto meshes. It proved a valu-
able tool for geometryprocessingand modeling
(see[12] for a survey), asit requiresno structures
to explicitly maintaintopology, andit allows direct
processingof scanneddatawithout explicit surface
reconstruction.

Wethusproposeto exploit point-setsurfacesand
patch-basedsamplingschemes[17, 8, 14, 7, 29] in
a generalgeometrytexture synthesisapproach.In



order to focuson the many elementsaffecting the
synthesisprocess,we will limit our experimentsto
generationoveraplane.

The rest of the paperproceedsas follows. Re-
latedwork is presentedin Section2, our geometry
texture representationis de�ned in Section3, and
our synthesisalgorithm is �rst describedin Sec-
tion 4, andthendetailedin Section5. Our results
are analyzedin Section6, and a conclusioncom-
pletesthediscussionin Section7.

2 RelatedWork

Modelingby exampleis not a conceptexclusive to
textures.Sloanetal. [24] presentedasystemtogen-
eratenew shapesfrom a set of shapeswith some
interpolationscheme.Funkhouseret al. [9] devel-
opeda systemto build piecemealobjectsfrom dif-
ferentpartsof a shapedatabase.They retrieve dif-
ferentpartsbasedon their similarity with a target
shape. That similarity is evaluatedby comparing
distance�elds, an idea we also exploit. Pauly et
al. [22] alsousesearchin ashapedatabaseto repair
3D scans.All thesesystemsareessentiallyconsid-
eredasmacro-synthesis,asthey build up geometry
by parts, suchashandles,arms,feet, etc. (except
for [22]).

More closely relatedto our approach,Sharf et
al. [23] andPark et al. [20] useprinciplesof tex-
turesynthesisto repair3D scans,includingsurface
details. However, they aim at repairingmodelsby
�lling holes,andnot generatinggeometrytextures.
They alsoadvocatetheuseof point-basedrepresen-
tations.

3 TextureRepresentation

To synthesizegeometrytexturesof arbitrarytopol-
ogy, we needmorethanheight�elds. The ideaof
our representationis akin to generalizeddisplace-
mentmaps[26], andis quite similar in conceptto
thetexturesof Zhouetal. [32].

We de�ne our input geometrytexture Tin with
thefollowing elements:

� an axis-alignedboundingbox BT in de�ning
thedimensionsof thegeometrytexture.

� arbitrary manifold uniformly sampledpoint-
setsurfacesresidingwithin BT in . This geom-
etry mustbe de�ned beyond the limits of the

boundingbox in orderto avoid ill-de�ned bor-
der conditions. We usethe surfacede�nition
of AdamsonandAlexa [2].

� an axis-alignedreferenceplane de�ning the
orientationof thetexture. Theheightof a tex-
tureis de�ned by thedimensionof thebound-
ing boxperpendicularto thisplane.

Figures4, 5, 7, and8 show examplesof input ge-
ometrytextures.

Our synthesismethodis patch-based.A patch
P � Tin is de�ned asthegeometryinsideanaxis-
alignedbox of heightequalto the texture's height.
As for standardpatch-basedtexturesynthesismeth-
ods, the patchsizeshouldbe chosenaccordingto
thesizeanddistributionof featuresin Tin . It should
belargeenoughto encompassat leasta textureele-
ment(e.g., abumpin Figure4) plussomeneighbor-
hood.If thepatchis too small,theelements'shape
anddistribution may not be well preserved. If too
large,theremaybelessvariationin theoutputtex-
ture.

4 SynthesisAlgorithm

The generalprocessof our synthesisalgorithm is
similarto [8, 17]. It startswith aseedpatchandthen
proceedsincrementallyin scan-lineorder. Sincethe
synthesisis performedalongthetexture's reference
plane,thegenerationprocessis basically2D. Thus,
whenwe speakof a region,we actuallyreferto the
volume de�ned by an areain the referenceplane
extrudedto thefull heightof thetexture.

At a given iterationk, we gathera point-setN k

(theneighborhood)aroundtheregion wherea new
patchwill beplaced.Wethengatherasetof patches
matchingN k andrandomlyselectone.Theselected
patchPk is then translatedto its destinationposi-
tion, transformedto bettermatchN k , andmerged
with Tout . For reasonsexplainedlater(Section5.1),
thepatchhasto beaugmentedwith anextra region
Ek extending out of Pk in the generalsynthesis
direction. Figure1 illustratesthe terminologyde-
scribingdifferentregions.

Oursynthesisalgorithmthusproceedsasfollows:
1. Randomlyor manuallyselecta seedpatchP0

from Tin andpasteit at the lower left corner
of Tout togetherwith E0 . Setiterationcounter
k = 1.
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Figure1: Synthesisprocess:(a) Startwith aninitial patchandproceedin scanlineorder. (b) A new patch
startsanew scanline.(c) Thegeneralcase.ThedashedsquareoverTout representsthegatheringregion.

2. Find thesetof candidatepatches

	 k = f P � Tin j d(ON k
k ; OP

k ) < dmax g

where

dmax = (1 + � ) min
P �T in

d(ON k
k ; OP

k ):

O �
k is theoverlappingregionof interestat iter-

ationk in N k or any patch(seeFigure1), d is
a comparisonmetricbetweentwo overlapping
regions,and� is therelativeerrortoleranceon
d (detailsin Section5.1).

3. Randomlyselecta patch Pk from 	 k . Set
F k = tr (Pk [ Ek ), wherethe function tr
translatestheunionto its destinationposition,
andlet Bk betheboundingboxof F k .

4. WarpF k to make it concordantwith N k , and
let F 0

k betheresult(detailsin Section5.2).
5. Blend the geometriesof N k andF 0

k into F 00
k

(detailsin Section5.3).
6. Removeall pointsof Tout containedinsideBk ,

andcopy all samplesfrom F 00
k insideBk into

Tout . Setk = k + 1.
7. Repeatsteps2 to 6 until Tout is �lled.
8. Remove a region wE wide along the bound-

ariesof Tout .
During the synthesis,we needto dynamically

addandremove samplesfrom Tout , aswell aslo-
cateneighbors. In order to achieve good perfor-
mancefor theseoperations,Tout is encodedas a
hashedregulargrid of bucketsof points.

5 Processinga Patch

Severalstepsin theabovealgorithminvolvesearch-
ing and pastinga new patchduring the synthesis

process.In thissection,weprovidedetailsfor three
basicsteps:searching,warping,andblending.

5.1 Finding a Similar Patch

Step2 of our algorithmcreatesthe set 	 k of best
candidatepatches,accordingto a patchsimilarity
metricd. As a largenumberof patchesneedto be
evaluated,d needsto befastto compute.

Zhouet al. [32] computea similarity costbased
on vertices'projectiondistancesandnormaldiffer-
ences.However, sucha costfunction is expensive
to evaluate,particularlywith point-sets.

Anothercommonlyusedsimilarity metricde�ni-
tion is theEuclideandistance,which is fastto eval-
uate,but would requireto mapour point-setsto an
Euclideanspace.Park et al. [20] andZelinka and
Garland[31] requirelocalparameterizationto eval-
uatefeaturevectors,which limits the local topol-
ogy(nodisconnectedcomponents).Sharfetal. [23]
locally �t implicit functionsto point-setsandtake
a few samplesof signeddistanceandgradientsof
thosefunctions.In ourcase,weneedadensersam-
pling to allow morecomplex geometryinsideour
patches.We thereforeoptedto usesigneddistance
�elds [15, 9] togetherwith a gradient�eld. The
�elds arecomputedonly insidetheoverlappingre-
gionsO �

k . Let D(S) bethedistance�eld of agiven
point-setS, extendedwith thecorrespondinggradi-
ent�eld. By interpretingthose�elds assinglehigh-
dimensionalvectors,our distancemetric d is thus
de�ned as:

d(ON k
k ; OP

k ) = kD(ON k
k ) � D(OP

k )k2

wherek � k is theEuclideannorm,andP � Tin .
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Figure2: Error in distancecomputation:the long
arrow indicatesthe computeddistanceinside the
box, but the short arrow indicatesthe correctdis-
tance.

D(S) is computedby projectingpointsof a reg-
ular grid on the surface(s)of S using the quasi-
orthogonal projection operator of Adamson and
Alexa [2]. To determinethe distancesign, the op-
eratorshouldalwaysyield consistentnormals,and
thereforewe requireexplicit normalsfor our point-
sets. The user-de�ned grid resolutionshould be
large enoughto roughly capturethe geometricde-
tails, yet becausethe�eld is usedonly for compar-
isonandnot for reconstruction,this resolutiondoes
notneedto beverydense.

Only D(ON k
k ) hasto becomputedonthe�y . For

all P � Tin , D(OP
k ) is extractedfrom D(Tin ).

The resolutionof D(Tin ) discretizesthe setof all
possiblepatches.

Somecareneedsto be taken to accuratelycom-
putedistancesandgradientsneara �eld' s borders.
Only consideringthegeometrywithin the�eld' sex-
tentsmay result in falsedistancevalues,as illus-
tratedin Figure2. To circumvent this problem,we
allow projectionsto fall on the geometryoutside
the�eld' sextents.Thereforegeometrymustextend
BT in , asdescribedin Section3. Thisis alsowhy we
pastean extra region Ek togetherwith Pk . It pro-
videsa paddingregion aroundON k

k , as illustrated
in Figure1. We identify the width of thoseextra
regionsaswE . It is setaccordinglywith the type
anddensityof featuresin Tin . In our examples,it
variedbetween1

4 and 1
3 of a patch's size. Larger

proportionstendto only slow down computations.
A metric over an Euclideanspacealso offers

thepossibilityto usesearchaccelerationstructures.
Two popular and ef�cient methodsare approxi-
matenearestneighborsearch(ANN) [3] andtree-
structuredvectorquantization(TSVQ)[10], bothof
which have beenusedsuccessfullyfor texturesyn-
thesis[17, 27, 11, 5]. However, the high dimen-
sionality of our searchspacesmakes ANN about
the sameasan exhaustive search.We could make

useof TSVQby tradingquality for speed,however,
we have foundthatevenby searchingexhaustively,
the searchstepis not a bottleneckof our synthe-
sis method(seeTable 1). We can help to make
thesearchfasterby unpackingall D(P); P 2 Tin

as a precomputationstep. This can be memory-
intensive, but for all our test cases,it rarely takes
morethan100-200MB (with singleprecision�oat-
ing point scalars).

5.2 Warping

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

Sharfet al. [23] usea methodakin to ICP [4, 6],
extendedwith a non-rigid quadraticwarp. This
warp proved not powerful enoughfor our needs.
Wu andYu [29] usefeaturecorrespondenceto warp
thepatchwith a thin-platesplineinterpolation.We
have optedfor a similar approach.Usingthin-plate
splinesinvolves �nding a setof matchingpairsof
pointsfrom sourceandtargetsurfaces.Wu andYu
[29] automaticallymatchpointsbasedonproximity
andtangentsof featurespoints.Dealingwith geom-
etry is morecomplicated.Most notably, we have to
be careful that neighboringmatchingpairsdo not
crosseachotherto avoid local surface�ips.

Let S = f s1 ; :::; sm g bethesourcepoint-setand
Q = f q1 ; :::; qn g be the target 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 thatwouldminimizeashapesimilarity
metricbetweenthesurfacesde�ned respectively by
W~� (S) andQ.

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

C(�) =
X

( s;q ) 2 �

[c(s; q) + g(s; q; �)] (1)

wherec is a costfunctionevaluatingthequality of
a givenpair (s; q), s 2 S, q 2 Q, andg evaluates
thecoherenceof (s; q) andits neighborsin � .

In our case,we de�ne c asa functionof thedis-
tancebetweentwopoints,thedifferenceof normals,
and the differencein local surfacevariation [21],



whichgivesaroughestimateof thelocalshape.The
importanceof eachaspectof c mayvary from one
geometrytexture to another, so they areweighted
with user-de�ned valuesasfollows:

c(s; q) = ! pkp s � pqk2 +
! n

2
(1 � nT

s nq)

+ ! v (vs � vq)2 (2)

wherep � , n � , andv� denoterespectively theposi-
tion, normal,andsurfacevariationof a point, and
wp , wn , andwv their respective weights. If any of
the threetermsin Equation2 is above its speci�c
user-de�ned threshold,then we set c(s; q) = 1 .
This eliminatesbad pairings, such as two points
with oppositenormals.

Thefunctiong evaluatesthedifferencein length
anddirectionbetweenapair (s; q) andall its neigh-
bors.Eachaspectis computedandweightedasfol-
lows:

g(s; q; �) = ! l

�
�kp s � pqk � f l (q; �)

�
� +

! d

2

�
1 � f d (q; �) T p s � pq

kp s � pqk

�

wheresummingfor all (t; r ) 2 �

f l (q; �) =

P
kp t � p r k� (kpq � p r k)P

� (kpq � p r k)

f d (q; �) =

P
(p t � p r )� (kpq � p r k)



 P
(p t � p r )� (kpq � p r k)






andwhere� is amonotonicallydecreasingfunction
(a Gaussian,in our implementation).Weightingis
computedfrom distancesin Q ratherthanS, sim-
ply becausen � m, which makesit moreconve-
nient to build pairingsby matchingelementsof Q
to elementsof S.

Then,wede�ne theset� of all possiblepairings

� =
�

f (sj i ; qi ) j i = 1::n and c(sj i ; qi ) < 1g
�
� f j 1 ; :::; j n g is a n� permutation

of f 1::mg
	

:

Thepairing ~� wearelooking for is therefore

~� = arg min
� 2 �

C(�) : (3)

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

gorithm:
1. SetM = ; , � = ; .
2. For eachq 2 Q:

2.1. Find s 2 S suchthats =2 M andc(s; q)
is minimal.

2.2. SetM = M [ f sg, � = � [ f (s; q)g.
3. SetM = ; ; ~� = ; .
4. For each(s; q) 2 � :

4.1. Finds 2 S suchthats =2 M andc(s; q)+
g(s; q; �) is minimal.

4.2. SetM = M [ f sg, ~� = ~� [ f (s; q)g.
5. Set� = ~� .
6. Repeatsteps3 to 5 agivennumberof times.

Whenthe algorithmterminates,the last stateof ~�
holdsour pairing. ~� is thenusedto solve thethin-
platesplinelinearsystem[25] to obtainourwarping
functionW ~� .

W~� essentiallytransformspositions, not nor-
mals.Wecouldsimplyrecomputethenormalsafter
thetransformationusingtheprojectionoperator[2],
but we foundthe following techniquemorerobust,
albeit computationallymoreexpensive. Assuming
~� hasnocrossings,let s 2 S, s0 = W~� (s), u s and
v s betwo tangentorthogonalvectorsto n s , andJ
betheJacobianmatrixof W ~� , then

n s0 =
J u s � J v s

kJ u s � J v sk
:

NotethatJ canbeanalyticallycomputed.
To �t theseequationswith theterminologyof the

previoussections,we have Q � N k andF k � S.
Q cannotbe the full neighborhoodfor two rea-
sons: (1) points in the outskirt of N k are lessre-
liable,notablyfor surfacevariation,and(2) consid-
eringall pointswould leadto hugeandcostlylinear
systemsto solve, andwould alsomake it dif�cult
to avoid crossingpairs. We have found that sim-
ply running an adaptive clusteringalgorithm [21]
in a sub-region of N k yields a reasonableset Q.
Also, becausethin-platespline interpolationhasa
global effect, W ~� may generatedeformationsthat
are too strong in non-overlappingregions of F k .
To counterthis, we add to ~� a few extra pairsof
pointsmappingto themselvesin cornerregionsof
F k . For the samereason,we actuallyhave to ex-
tendF k beforewarping,to ensurethat the regions
insideBk are fully coveredby W ~� (F k ). Finally,
we have F k � S becausesomepoints in the out-
skirt of Q may actuallyhave a bettermatchif we
extendF k .
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Figure3: Blending. (a) N k (light grey) superim-
posedwith F 0

k (dark grey). The bump in the cen-
ter shows a remainingmismatchafterwarping. (b)
Theresultof blendingF 0

k with N k . (c) Parametric
valueof the interpolationasa function of position
inside the region enclosingN k . The dashedlines
matchthe boundariesof ON k

k . (d) Differencebe-
tweenblendingwith projection(top) andray inter-
sections(bottom)overavalley.

5.3 Blending

Becausethe warping from the previous sectionis
not perfect,gapsmaystill remain(seeFigure3 (a)
and(b)). Howeverasthesegapsshouldbesmall,we
canremove themwith a simpleprogressive linear
interpolationfrom F 0

k to N k . The interpolationis
actuallydonebetweenpoints(with theirnormal)of
F 0

k andtheir projection[2] on N k . Theparametric
valuevariesgraduallyasillustratedin Figure3 (c).

A smallproblemariseswith theprojectionwhen
thegapoccursover 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 intersection[1]. We testtheintersectionof two
raysemanatingfrom thepoint's positionin thetwo
directionsparallelto the normal. We usethe clos-
estintersection.If no intersectionis found,we fall
backto regular projection. Figure3 (d) illustrates
theeffectof thismethod.

6 Results

Our approachinherits the bene�ts and also some
limitationsfrom bothpatch-basedtexturesynthesis
andpoint-setsurfaces.This sectionpresentssome
of our results,anddiscussestheirparticularities.

The�rst examplestartsfrom acolor textureused
extensively in texture synthesis,converted into a
height �eld. Figure4 shows in the top left corner
the original height �eld, with its boundingbox in
blackwire frame,andtwo views of thesynthesized
height�eld generatedatfour timestheoriginalsize.

Figure5 illustratesthe �e xibility of our synthe-
sis algorithm to different topology in presenceof
holesin theshapeaswell assmallersurfacedetails.
The patch-basedapproachgivesgoodresultseven
for larger generatedpatterns,as illustratedin Fig-
ure6.

Figure 7 has inter-weaved and disconnected
threads. The point-set behaves very well here,
and the resulting generatedpattern retains well-
connectedthreads.

Figure 8 shows more disconnected3D �o wers.
Thegeneralpatternis well capturedby thesynthe-
sized�o wers,andmostindividual �o wersareade-
quatelyreconstructed.

In thepreviousexamples,weappliedarelaxation
of the point-setsas a post-processingstep to im-
prove local samplingdensity.

None of our examplesexhibit very sharp fea-
tures. This limitation is due to the point-setrep-
resentation.Indeed,comparedto mesh-basedap-
proaches[32], a strategy basedon or similar to
moving-leastsquares(in our case:[2]) is not well
suitedto dealwith sharpfeatures.Thepoint-setsur-
facesalsorequireahighsamplingdensityto disam-
biguatecloseopposingsurfaces.Nevertheless,us-
ing this representationcanstill cover a wide range
of geometrytextures.

Noneof our original texturesaretileable,which
can createdif�culties with synthesistechniques.
Thewarpingstephelpsto countertheproblem.We
give in Table 1 somevaluesusedfor the differ-
ent weightsfrom Section5.2. All exampleshave
wp = 1 and aboutthe samebasedimensionsfor
BT in . Thus, we observe that the larger the fea-
turesrelative to thesamplingrate(height�eld), the
moreimportantarethesurfacevariationandnormal
termsin Equation2, while smallerfeatureson sur-
facesrequirelower weights,but a strongersmooth-



Point-setsize Weightvalues Synthesistime (seconds)
Tin Tout wn wv wl wd 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 8.5 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 7.7 12.0 2.6 28.0
Flowers 37473 68290 2 2 6 6 11.0 14.9 7.4 2.7 36.0

Table 1: User parametersand computationtimes. The numberof input points correspondsto the total
numberof points, including paddinggeometry(seeSection3). On average,about40% of the points lie
insideBT in .

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

Thecomputationtimesin Table1 wereobtained
on a 2.2GHz AMD Athlon 64 processor. Thegen-
eratedtextureshaveaboutfour timesthenumberof
originalpoints,exceptfor thelargechainmail. Pre-
computationson D(Tin ) andon the surfacevaria-
tion of Tin take lessthan10seconds.

One can observe that our synthesisalgorithm
is much fasterthanvolumetricapproaches[15, 5]
(they reporthoursof processingtime). Undersim-
ilar conditions(planargenerationexamples),Zhou
et al. [32] report timesof aboutthreeminutes. In
ourcase,weseldomexceedoneminute.

Many factorsaffect synthesistime. The most
in�uential is the numberof points in Tin . Next
comesthe numberof matchingpairs for warping.
The size of the thin-platespline linear systemto
solve is directly proportionalto this number, as is
theevaluationof thewarpingfunction. Theresolu-
tion of D(Tin ) is anotherimportantfactor, affecting
search,althoughin all our examples,we usedrela-
tively low resolutions,between51� 51� 12(weave)
and84 � 68 � 15 (�o wers).

7 Conclusionand Futur eWork

We have presenteda patch-basedsynthesisalgo-
rithm that generatesgeometry textures using a
point-setrepresentation.Pairing, evaluatingsimi-
larity, pasting,warping,andblendingpoint-setsal-
low for ef�cient quality generation,while avoiding
the issueof connectivity. The �e xibility of theap-
proachis illustratedover a numberof different3D
geometricpatterns.Mesh-quilting[32] alsoshares
a similar �e xibility . However, our methodoffersan

alternative to handlescanneddatawithout theneed
of conversionto mesh.Simplestructuresof point-
setsalsoallow fastprocessingtimes.

Thethin-platesplineinterpolationrequiresqual-
ity pairing to yield good results. Finding sucha
pairing can be sometimessensitive to the various
weights. An in-depthinvestigation of pairing with
differenttypesof geometryshouldhelp to produce
betterresults. A higher level surfacecharacteriza-
tion shouldallow to providesuchinsight.

Even though generationhas been shown only
over a planarsurface,extensionsto general3D sur-
facesappearreasonablysimpleandpromising,both
in memoryandprocessingrequirements.This will
beour next step.We will alsoinvestigatehow this
methodbehavesfor repairing3D models. Finally,
we will apply our methodto more sophisticated
geometrysynthesis,for instancein generatingter-
rains,roadmaps,andentireenvironments.
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Figure4: Originalandsynthesizedheight�eld. Figure7: Originalandsynthesizedweaving pattern.

Figure5: Original andsynthesizedchainmail with
smallbumps.

Figure8: Originalandsynthesized�o wers.

Figure6: Chainmail generatedovera largerarea.


