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(a) (b) (c) (d)
Figure1: Texturemappingof theMannequinHeadmodelwith threemeshparameterizationsusedin our method.(a) Textureandmodel.
(b) Floater's shapepreservingparameterization[6] is usedasan initial meshparameterization.(c) After a singleoptimizationpass.(d)
Ouroptimallow-stretchparameterization.

Abstract
We proposea fast and simplemethodfor generating a low-

stretch meshparameterization.Givena triangle mesh,we start
fromtheFloater shapepreservingparameterizationandthenim-
prove theparameterizationgradually. At each improvementstep,
we optimizethe parameterizationgeneratedat the previousstep
by minimizinga weightedquadratic energy where theweightsare
chosenin order to minimizetheparameterizationstretch. Thisop-
timizationprocedure doesnot generatetriangle �ips if thebound-
ary of the parameterdomainis a convex polygon. Moreover al-
readythe�r st optimizationstepproducesa high-qualitymeshpa-
rameterization.Wecompareour parameterizationprocedurewith
several state-of-artmeshparameterizationmethodsand demon-
strate its speedand high ef�ciency in parameterizinglarge and
geometricallycomplex models.

Keywords: meshparameterization,stretchminimization,remesh-
ing

1 Intr oduction
Surfaceparameterizationconsistsof asurfacedecompo-

sition into a setof patches,also referredto asan atlasof
charts,andestablishingone-to-onemappingsbetweenthe
patchesandreferencedomains.Numerousapplicationsof
surfaceparameterizationin computergraphicsandgeomet-
ric modelingincludetexturemapping,shapemorphing,sur-
facereconstructionandrepairing,andgrid generation.

In this paper, we dealwith a planarparameterizationfor
a trianglemeshapproximatingasmoothsurface,abijective
mappingbetweenthemeshanda triangulationof a planar
polygon. An excellentsurvey of recentadvancesin mesh
parameterizationis givenin [7], seealsoreferencestherein.
While variousalgorithmsare developedfor meshparam-
eterizationapproachesbasedon solid mathematicalthe-
ories (e.g., conformalmappings),effective computational
schemesfor generatingpractically important low-stretch
meshparameterizations[15] have not yetbeenproposed.

Consider a surface S 2 R3 topologically equiva-
lent to a disk and given parametricallyby r (s; t) =
[x(s; t); y(s; t); z(s; t)]. The Jacobianmatrix correspond-
ing to themappingr is givenby J = [@r =@s;@r =@t; ]. The
JacobianJ determinesall the �rst-order geometricproper-
ties of the parameterizationr (s; t), including the area,an-
gle,andlengthdistortionscausedby themappingr .

Denoteby �( s; t) and
 (s; t) themaximalandminimal
singularvaluesof J . Considerthe�rst fundamentalform of
S:

dl2 = E(s; t)ds2 + 2F (s; t)dsdt + G(s; t)dt2;

whereE = r 2
s , F = r s � r t , andG = r 2

t . Then� 2 and
 2

aretheeigenvaluesof themetrictensor

J T J =
�

E F
F G

�
:
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It is convenientto use� and
 for measuringvariousprop-
ertiesof r . For example,if �( s; t) = 
 (s; t), the parame-
terizationis conformalandmappingr = r (s; t) preserves
angles.

Sincetheconformalmappingsarewell understoodmath-
ematically, discreteapproximationsof conformalmappings
arewidely usedfor meshparameterizationpurposes[9, 10,
4, 8]. However conformalmappingsoften producehigh
stretchregionswheretexturemappingshave severeunder-
samplingartifacts.

It is naturalto measurethelocal stretchof mappingr =
r (s; t) by

p
(� 2 + 
 2) =2 [15]. Stretchminimizing mesh

parameterizationswereconsideredin [15, 14, 12]. Seealso
[16] wherea similar stretchmeasureis proposedand[11,
19] wherethe Green-Lagrangetensoris usedto measure
thestretch.

While the stretchminimization approachproposedin
[15] and further developedin [14] and [19] leadsto gen-
eratinghigh-qualitymeshparameterizations,the computa-
tional procedureusedin [15, 14, 19] for stretchminimiza-
tion is time consuming. Besidesthe meshparameteriza-
tion procedureof [15, 14] often generatesregionsof high
anisotropicstretch,consistingof slim triangles.Suchthere-
gionsonaparameterizedandtexturedmeshlook likecracks
andwe call themparametercracks. Fig.2 demonstratesan
appearanceof suchparametercrackson the texturedMan-
nequinHeadmodelparametrizedby thestretchminimiza-
tion methodfrom [15].

Parameterization
Parameter Crack

Texture Mapping

Figure2: Parametercrackson texturedMannequinHeadmodel
parametrizedby thestretchminimizationmethodof Sanderet al.
[15].

In [12] theauthorsproposeto adda regularizationterm
to thestretchenergy in orderto avoid parametercracks.The
term dependson two parameters.Besidesminimizing the
resultingenergy doesnotproduceaminimalstretchparam-
eterization.

In this paper, we develop a simpleandfastmethodfor
generatinglow-stretchmeshparameterizations.Givenatri-
anglemesh,we �rst constructtheFloatershapepreserving
meshparameterization[6]. We improve the parameteriza-
tion gradually: at eachimprovementstepwe optimizethe
parameterizationgeneratedat the previous step. The opti-
mization is achieved by minimizing a weightedquadratic
energy with positive weightschosento minimize the pa-
rameterizationstretch.Thusthesingleoptimizationstepis
fast sinceit is basedon solving a sparsesystemof linear
equations.Besidesif theboundaryof theparameterization
domainformsaconvex polygon,triangle�ips neverhappen
[6].

Roughly speaking,our methodachieves a low-stretch
meshparameterizationvia aredistribution(diffusion)of lo-
calstretches.It alsoresemblesquasi-Newtontypeoptimiza-
tion procedures.

We compare our low-stretch mesh parameterization
procedurewith several state-of-artmeshparameterization
methodsanddemonstrateits speedandhigh ef�ciency in
parameterizinglarge and geometricallycomplex models.
Besideswe show how our meshparameterizationapproach
canbe combinedwith the interactive geometryremeshing
schemeof Alliez et al. [1] in orderto achieve fastandhigh
quality remeshing.

Fig.1 shows the threestagesof our meshparameteri-
zationmethod: generatingan initial parameterization,our
single-passlow-stretchparameterization,and the optimal
low-stretchparameterization.

The rest or the paperis organizedas follows. In Sec-
tion 2 we explain our low-stretchmeshparameterization
procedureandgive a motivationbehindit. We evaluateour
methodandcompareit with state-of-artmeshparameteriza-
tion techniquesin Section3. Weconcludein Section4.

2 Low stretchmeshparameterization
Givena parametrizedtrianglemeshM 2 R3, consider

a meshtriangle T = hp1; p2; p3i 2 M and its corre-
spondingtriangleU = hu1; u2; u3i in theparametricplane
R2

s;t . Trianglesf Ug de�ne a planarmeshU 2 R2
s;t and

theparameterizationof M is givenby one-to-onemapping
betweenmeshesU andM . The correspondencebetween
theverticesof T andU uniquelyde�nesanaf�ne mapping
P : U ! T. Let usdenoteby �( T) and
 (T) themaximal
andminimaleigenvaluesof themetrictensorinducedby the
mapping[15, 19]. As wementionedabove,quantity

� (U) =
p

(� 2 + 
 2) =2

characterizesthestretchof mappingP.
For eachvertex u i in theparameterdomainlet usde�ne

its stretch� i = � (u i ) by

� i =

r X
A(Tj )� (Uj )2

. X
A(Tj ) (1)
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whereA(T) denotesthe areaof triangle T and the sums
aretakenover all trianglesTj surroundingmeshvertex p i

correspondingto u i .
Our methodto build a low stretchmeshparameteriza-

tion consistsof several steps.First we constructan initial
meshparameterizationusingthe Floaterapproach[6]: the
boundaryverticesof meshM aremappedinto theboundary
verticesof U which form a polygonin theparameterplane
R2

s;t andfor eachinner vertex p i of M its corresponding
vertex u i inside the polygon is selectedsuchthat the fol-
lowing localquadraticenergy

E(u i ) =
X

j
wij (u j � u i )2; (2)

achieves its minimal value. Heref u j g areverticescorre-
spondingto the meshone-link neighborsof p i 2 M and
f wij g arepositive weights. Now theoptimalpositionsfor
u i arefoundby solvingasparsesystemof linearequations

X

j
wij (u j � u i ) = 0: (3)

Thiscomputationallysimpleprocedureproducesavalid pa-
rameterizationof meshM andavoids triangle �ips if the
boundaryof U is aconvex polygon[6].

Now let us estimatelocal stretch� i = � (u i ) for each
innervertex u i in theparametricplane.We redistributethe
local stretchesby assigning

wnew
ij = wold

ij

�
� j (4)

in (2). Thenew positionsof f u i g arenow foundby solving
(3).

We canthink aboutverticesf u i g andcorrespondingen-
ergies(2) in termsof amass-springsystem.For anareapre-
servingparameterization,if ahigh(low) stretchis observed
at u i , that is � i > 1 (� i < 1), we relax (strengthen)the
springsconnectedwith u i by solving(3) with new weights
(4). It workssimilarly for ageneralparameterization.

Our ideato diffusethe local stretchesiteratively by (1),
(3), (4) can resemblethe relaxationapproachof Balmelli
et al. [2]. Notice however that in [2] the authorsusea
gradient-descentminimizationapproach(an explicit mesh
evolution scheme)while our methodis similar to quasi-
Newtontypeminimizationalgorithmsandanimplicit mesh
evolutionschemeis used.

One can also �nd a similarity between(2), (4) and
Winslow's variablediffusion method[18, 3] for adaptive
grid generation(seealso[17] for a comprehensive analysis
of numericalmethodsusedto minimizeWinslow'svariable
diffusionfunctional).

We start from the shapepreservingparameterizationof
Floater[6, x6] U0 =

�
u0

i

	
andthenimprove it gradually:

Uh+1 =
�

uh+1
i

	
is obtainedfrom Uh =

�
uh

i

	
by solving

(3) with weightswh+1
ij de�ned by

wh+1
ij = wh

ij

�
�

�
uh

j

�
:

Here w0
ij are the shapepreservingweights proposedby

Floater. The boundaryverticesof the evolving meshUh ,
h = 0; 1; 2; : : : , remain �x ed. When solving (3) with
wij = wh+1

ij numericallywe useUh as the initial guess
for thenumericalsolverweemploy.

WeusetheL 2 stretchmetricof Sanderetal. [15]

E h
s = Es(Uh ) =

q X
A(T)� (Uh )2/

X
A(T); (5)

wherethe sumsaretaken over all the trianglesT of mesh
M , to de�ne a stoppingcriterion. Namely, if E h+1

s � E h
s

we considerUopt =
�

uh
i

	
asanoptimal low stretchmesh

parameterization.
BesidesUopt we alsoconsiderU1 =

�
u1

i

	
, the mesh

parameterizationobtainedafteronestepof ouroptimization
proceduresince,accordingto our experiments,alreadythe
�rst stepdramaticallyimprovesthe parameterizationqual-
ity.

We also can vary the strengthof stretchredistribution
(diffusion)step(4) by usingtheweightsf � �

i g, 0 < � � 1,
insteadof f � i g in (4):

wnew
ij = wold

ij

�
� �

j : (6)

Using(6) with � < 1 slows down thestretchminimization
processbut, on theotherhand,oftenimprovesthemeshpa-
rameterizationquality. Thein�uenceof exponent� in (6) is
demonstratedin Fig.4 for our single-stepparameterization
U1. Choosingsmallervaluesfor � leadsto a lessaggressive
stretchminimization.

In thenext section,wecompareU1 andUopt with results
producedby conventionalmeshparameterizationschemes.

3 Resultsand comparisons
Computing. All the examplespresentedin this section
are computedusing gcc2.95 C++ compiler on a 1.7GHz
Pentium4 computerwith 512MB RAM. To solve a system
of linear equationAx = b we usePCBCG[13] with the
maximumnumberof iterationsequalto 104 andtheapprox-
imationerrorjAx � bj =jbj setto 10� 6.

Err or metrics. To evaluatethevisualqualityof aparam-
eterizationwe usethe checkerboardtexture shown in the
bottom-left imageof Fig.2. For a quantitative evaluation
of variousmeshparameterizationmethodswe employ L 2

stretchmetric (5) andconsideredge,angle,andareadis-
tortion error functionsde�ned below. To measuretheedge
distortionerrorweuse

X �
�
�
�

jp i � p j j
P

jp i � p j j
�

ju i � u j j
P

ju i � u j j

�
�
�
� ;
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wherethesumsaretaken over all theedgesof meshesM
andU. Theangledistortionerroris de�ned by

1
3F

X

j

3X

i =1

j� j ;i � � j ;i j ;

wherethesumsaretakenoverall theangles� j ;i and� j ;i of
thetrianglesof meshesM andU, respectively, andF is the
total numberof triangles(faces)of M . Theareadistortion
is measuredby

X �
�
�A (Tj ) =

X
A (Tj ) � A (Uj ) =

X
A (Uj )

�
�
� ;

wherethe sumsaretaken over all the trianglesof meshes
M andU.

Comparison and evaluation. We have implementeda
number of conventional mesh parameterizationmethods
andcomparedthemwith our low stretchtechnique:

(a) Ecketal. harmonicmap[5]
(b) Floater's shapepreservingparameterization[6, x6]
(c) Desbrunetal. intrinsicparameterization[4]
(d) Sanderetal. stretchminimizingparameterization[15]
(e) Oursingle-stepparameterizationU1

(fh ) OuroptimalparameterizationUopt

The subindex h in (fh ) in the bottomrow of the above
tableshows the total numberof optimizationsteps(3), (4)
neededto generateUopt .

Tables1-12andFigures3 and6 presentqualitative and
visual comparisonsof the above mesh parameterization
schemestestedon variousmodelstopologicallyequivalent
to a disk. Theunit squareis usedastheparameterdomain
andfor eachmodelsits the boundaryverticesare�x ed on
the boundaryof the square.The errorsandcomputational
times measuredin seconds(s) and sometimesin minutes
(m) andhours(h) aregiven.

For theintrinsicparameterizationmethod[4], weusethe
equalblendingof theDirichlet andAuthalicenergiesfor all
themodels,exceptfor theFishmodel(Table11) wherewe
useonly theDirichlet energy in orderto avoid triangle�ips.

Our single-stepmeshparameterizationprocedure(gen-
eratingU1) is only slightly slower thanthefastFloaterand
Eck et al. parameterizationmethodsandfasterthanthein-
trinsic parameterizationof Desbrunet al. [4]. BesidesU1

demonstratescompetitive resultsin minimizing thestretch,
edge,area,andangledistortions.

Our optimal meshparameterizationprocedureis also
fastenoughandsometimesachievesbetterresultsin stretch
minimizing than the probabilisticminimization of Sander
et al. [15] which is very slow. Moreover, by contrastwith
[15], Uopt doesnot generateparametercracks(seeFig.6)
because(3) actslike a diffusionprocess.Besides,if a very
low stretchparameterizationis needed,U opt canbeusedas
aninitial parameterizationfor [15].

Fig.7 shows Uopt parameterizationof the Mannequin
Head model when the parameterdomain has boundaries
of variousshapes.The left imagesshow the parameteri-
zationandcorrespondingtexturemappingresultswhenthe
boundaryis the unit circle. The right imagesdemonstrate
similar resultswhentheboundaryof theparameterdomain
wasobtainedastheso-callednaturalboundaryfor thecon-
formal parameterizationof [4]. Notice that thestretchdis-
tortionsnearthe boundaryaresubstantiallyreducedin the
lattercase.

In Fig.8 meshparameterizationsU0, U1, andUopt are
evaluatedand comparedusing the checkerboardtexture.
SometimesUopt doesnot producethebestvisualresultbe-
causeof high anisotropy andU1 is preferable.Finally, in
Fig.9 we analyzehow the stretchdistribution over a com-
plex geometrymodel is changingduring the optimization
processU0 ! U1 ! Uopt . Thetop row of imagespresents
the model (a decimatedMax-Planckbust model) and re-
sults of checkerboardtexture mappingwith U0, U1, and
Uopt . The four remainingimagesof the model show the
stretchdistribution over the model for U0, U1, and Uopt

parameterizations.The imagesdemonstratehow well our
stretchminimizationproceduresminimizeandequalizethe
stretch.It is interestingto noticethatnearthemeshbound-
ary the optimizedmesheshave large areaand angledis-
tortions(the sameeffect is observed in all the othertested
models)but relatively low stretchdistortions.Onecanhope
that an appropriaterelaxationof boundaryconditionswill
reducethoseareaandangledistortionswhile maintaining
low stretch.

Application to remeshing. In the right columnof Fig.3
andin Fig.5 we demonstratehow our meshparameteriza-
tion techniquecanbeusedfor fastandhighquality remesh-
ing of complex surfaces. We have chosenthe interactive
geometryremeshingschemeof Alliez et al. [1] andimple-
mentedits mainsteps:

1. Createameshparameterization.
2. Computearea,curvature,andcontrolmapsusinghard-

wareacceleratedOpenGLcommands.
3. Samplepoints by applying an error diffusion to the

controlmap.
4. ConnectthepointsusingtheDelaunaytriangulation.
5. Usetheparameterizationto mapthepointsinto 3D.

A conformalmeshparameterizationis the bestchoicefor
thedescribedremeshingscheme.

It is clearthattheremeshingquality dependson thesize
of animageusedfor thehardwareassistedacceleration:the
biggersize,the betterresult. On the otherside,the image
sizeis restrictedby thegraphicscardmemory. It turnsout
thatahighqualityremeshingcanbeobtainedevenfor arel-
atively small imagesize. Let us assumethat we have two
parameterizationsof a 3D mesh: a conformalparameter-
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ization andan area-preservingone. Then let us the area-
preservingparameterizationfor computingthecontrolmap
andresamplingthepointsvia anerrordiffusionprocess.Fi-
nally, the pointsaremappedfrom the area-preservingpa-
rameterizationto theconformaloneandareconnectedus-
ing theDelaunaytriangulation.

The above remeshingmodi�cation hasone drawback:
it requires two parameterizations,conformal and area-
preserving. However sinceour low-stretchparameteriza-
tion Uopt hasnice area-preservingpropertiesand the ini-
tial Floater's parameterizationU0 is closeto a conformal
one,weuseUopt andU0 insteadof theconformalandarea-
preservingparameterizationsin the above modi�cation of
theinteractive geometryremeshingschemeof Alliez etal.

Right images(a)-(c)of Fig.3 demonstrateresultsof the
single-parameterizationremeshingschemeif the discrete
harmonicmap parameterization[5], Floater's shapepre-
servingparameterization[6], andintrinsic discreteconfor-
mal parameterizationareused,respectively. Right images
(d)-(f) of Fig.3 presentour experimentswith the double-
parameterizationremeshingscheme.We setFloater's pa-
rameterizationU0 as a substituteof a conformal param-
eterizationand usedU0 as an initial parameterizationto
generatethestretch-minimizingparameterizationof Sander
et al. [15] and U1 and Uopt . Theselow-stretchparame-
terizationswere usedas substitutesof an area-preserving
parameterization. Fig.5 presentsremeshedMax-Planck
bustandStanfordbunny modelsobtainedby theremeshing
schemesbasedon(from left to right)

�
U0

	
,
�

U0; U1
	

, and�
U0; Uopt

	
parameterizations(hereusingf U0; U00g param-

eterizationsmeansthatwe useU0 asa substituteof a con-
formal parameterizationandU00asa substituteof an area
preservingone). Notice that the double-parameterization
remeshingschemewith

�
U0; Uopt

	
producesthe bestre-

sults.

4 Conclusion

We have presenteda fastandpowerful methodfor gen-
erating low-stretch mesh parameterizationsand demon-
strateits applicability to high quality texture mappingand
remeshing. Our methodis much fasterthan the stochas-
tic stretchminimization procedureof Sanderet al. [15]
(notethattheir morerecentcoarse-to-�nestretchoptimiza-
tion procedure[14] is signi�cantly fasterthanthat of [15]
but still slower thanours)andoftenproducesbetterquality
results.In particular, it doesnotgenerateparametercracks.

Our methodis heuristic. At presentwe arenot ableto
supportit by rigorousmathematicalresults.

In future we plan to extend our approachto spherical
parameterizationsand usequadraticenergies with matrix
weightsfor incorporatingananisotropy in ouroptimization
process.
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PARAMETERIZATION CURVATURE MAP TEXTURE MAPPING PARAMETER CRACKS? REMESHING [1]

(a)Harmonicmapof Ecketal. [5]: time0.37s, Stretch:6.661, Edge:0.997, Angle: 0.068, Area:1.403

(b) Floatershapepreservingweights[6]: time0.32s, Stretch:5.792, Edge:0.959, Angle: 0.18, Area:1.373

(c) Intrinsicparameterizationof Desbrunetal. [4]: time0.76s, Stretch:6.129, Edge:0.978, Angle: 0.12, Area:1.388

(d) Stretchminimizationof Sanderetal. [15]: time23m, Stretch:1.327, Edge:0.539, Angle: 0.274, Area:0.495

(e)OurU1 parameterization: time0.5s, Stretch:1.642, Edge:0.507, Angle: 0.383, Area:0.871

(f) OurUopt = U3 parameterization: time1.09s, Stretch:1.382, Edge:0.4748, Angle: 0.4132, Area: 0.3832

Figure3: Comparisonof variousmeshparameterizationschemeson theMannequinHeadmodel(V = 2732, F = 5420).
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time Stretch Edge Angle Area
(a) 0.06s 6.6507 0.9918 0.125 1.4032
(b) 0.06s 5.9171 0.9635 0.1995 1.3801
(c) 0.12s 6.2751 0.9778 0.1619 1.3931
(d) 80.91s 1.375 0.5162 0.2952 0.5232
(e) 0.08s 1.6691 0.5084 0.3717 0.8836
(f3) 0.16s 1.4084 0.4814 0.4479 0.4165

Table1: MannequinHeadmodel:V = 689, F = 1355

time Stretch Edge Angle Area
(a) 0.21s 1.9708 0.4935 0.0969 0.8455
(b) 0.17s 1.8084 0.4648 0.1568 0.8409
(c) 0.33s 1.8511 0.4753 0.1189 0.84
(d) 213s 1.172 0.2996 0.2239 0.3043
(e=f1) 0.3s 1.2057 0.2862 0.2881 0.3179

Table2: CatHeadmodel:V = 1856, F = 3660

time Stretch Edge Angle Area
(a) 0.37s 6.6617 0.9971 0.0685 1.4036
(b) 0.32s 5.7921 0.9599 0.1807 1.3733
(c) 0.76s 6.1295 0.9784 0.1209 1.3886
(d) 23m 1.3279 0.5393 0.2744 0.4956
(e) 0.5s 1.6425 0.5073 0.3838 0.8717
(f3) 1.09s 1.382 0.4748 0.4132 0.3832

Table3: Re�ned MannequinHeadmodel:V = 2732, F = 5420

time Stretch Edge Angle Area
(a) 1.23s 13.306 0.7563 0.1041 1.0207
(b) 0.87s 11.729 0.6976 0.2545 0.9526
(c) 1.81s 12.266 0.7232 0.176 0.9795
(d) 1h 1.3408 0.4955 0.3477 0.4227
(e) 1.5s 1.7643 0.4551 0.3735 0.4676
(f3) 3.44s 1.4791 0.4661 0.5226 0.3613

Table4: Catmodel:V = 5649, F = 11168

time Stretch Edge Angle Area
(a) 3.16s 18.027 1.2288 0.0361 1.692
(b) 2.29s 15.941 1.2074 0.1441 1.6373
(c) 17.4s 16.933 1.2157 0.0857 1.6618
(d) 57.5h 1.3257 0.7021 0.2501 0.5436
(e) 4.18s 2.2037 0.6249 0.372 1.1899
(f3) 9.22s 1.5392 0.5623 0.4905 0.6217

Table5: DecimatedMax-Planckbustmodel:V = 9462, F = 18866

time Stretch Edge Angle Area
(a) 12.9s 1.5348 0.3025 0.1313 0.5063
(b) 6.21s 1.485 0.3412 0.1748 0.5651
(c) 25.8s 43.947 0.7602 0.3622 1.0085
(d) 4.5h 1.2226 0.2833 0.1934 0.4338
(e) 17.9s 1.2105 0.2477 0.2112 0.3876
(f3) 42.6s 1.1718 0.24 0.2636 0.2375

Table6: Fandiskmodel:V = 9919, F = 19617

time Stretch Edge Angle Area
(a) 5.55s 9179549 1.6037 0.0915 1.7599
(b) 4.24s 1120318 1.5049 0.3491 1.7175
(c) 21.1s 231989 1.5494 0.2707 1.7387
(d) 39.7h 7635.3 1.1442 0.3544 0.8435
(e) 6.99s 313.64 0.9883 0.6341 1.4739
(f8) 33.2s 3.5688 0.8522 0.8253 0.7897

Table7: Half-of-Dragonmodel:V = 13927, F = 27782

time Stretch Edge Angle Area
(a) 12.4s 9462.1 0.9729 0.0704 1.5132
(b) 8.95s 181.05 0.9983 0.3852 1.5725
(c) 90.7s 320.53 0.9845 0.2281 1.5425
(d) 43.4h 1.6816 0.7193 0.2917 0.6665
(e) 14.7s 3.3929 0.5041 0.6184 0.8078
(f3) 32.3s 2.884 0.6399 0.7747 0.5344

Table8: DragonHeadmodel:V = 23929, F = 47783

time Stretch Edge Angle Area
(a) 11.2s 3.4799 0.7924 0.0542 1.3399
(b) 8.46s 4.676 0.8678 0.1627 1.3664
(c) 93.8s 34.621 0.8104 0.1831 1.3525
(d) 18.6h 1.3092 0.4603 0.2265 0.5492
(e) 15.2s 1.4373 0.4166 0.3446 0.6868
(f2) 27.2s 1.304 0.385 0.3923 0.4123

Table9: Igeamodel:V = 24720, F = 49301

time Stretch Edge Angle Area
(a) 17.9s 712.33 0.7097 0.0797 1.098
(b) 13.2s 85.181 0.7241 0.1522 1.0861
(c) 231s 672.45 0.7062 0.2866 1.0957
(d) 55.6h 1.5159 0.4982 0.3109 0.4868
(e) 22.5s 4.7926 0.4582 0.387 0.5632
(f6) 79.8s 1.8755 0.6143 0.6065 0.5241

Table10: StanfordBunny model:V = 31272, F = 62247

time Stretch Edge Angle Area
(a) 92.4s 6.3061 0.8241 0.0445 1.3021
(b) 66.3s 6.092 0.7752 0.1782 1.2613
(c0) 486s 6.306 0.8241 0.0445 1.3021
(d) 120h 2.5689 0.6481 0.2444 0.926
(e) 125s 1.5683 0.4252 0.3476 0.6387
(f2) 206s 1.5041 0.4414 0.4678 0.3946

Table11: Fishmodel:V = 64982, F = 129664

time Stretch Edge Angle Area
(a) 250s 18.207 1.2578 0.03 1.6936
(b) 204s 18.1025 1.25 0.0512 1.6912
(c) 52.1m 2.8434 1.2341 0.3068 1.6924
(e) 384s 2.2094 0.6598 0.3698 1.2017
(f3) 848s 1.4926 0.5939 0.4865 0.4812

Table12: Max-Planckbustmodel:V = 199169, F = 398043
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Figure 4: Choosingsmallervaluesfor � leadsto a lessaggressive stretchminimization. From left to right: U1 parameterizationof
MannequinHeadwith � = f 0; 0:1; 0:2; 0:4; 0:6; 0:8; 1g.

Figure5: Remeshingof Max-Planckbust model (threeleft images)andStanfordbunny (threeright images)models. For eachmodel
remeshingsaccordingto U0 ,

�
U0 ; U1 	

, and
�

U0 ; Uopt 	
areshown. Seethetext for details.

Figure6: Parametercrackson variousmodelstexturedwith checkerboardtexture. The imagesof the upperrow demonstrateparameter
cracksgeneratedby the stretch-minimizationmethodof Sanderet al. [15]. The imagesof the bottomrow show the samepartsof the
modelsparameterizedby ourUopt .

Uopt = U5 with circularparameterdomain.Time: 1.51s,
Stretch:1.34,Edge:0.43,Angle: 0.47,Area:0.4.

Uopt = U1 with naturalboundary[4]. Time:1.67s,
Stretch:1.68,Edge:0.5,Angle: 0.37,Area:0.9.

Figure7: Usingvariousparameterdomainsfor Uopt .
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Figure8: Checkerboardtexturemappingwith U0 (left), U1 (mid-
dle),andUopt (right).

U0 U1

Min : 0.17 Ave: 11.12 Max: 37.96

U1 Uopt

Min : 0.21 Ave: 2.11 Max: 4.51

Figure9: Top row: a decimatedMax-Planckbust modelandre-
sultsof checkerboardtexturemappingwith U0 , U1 , andUopt pa-
rameterizations.Thefour remainingimagesof themodelshow the
distributionof thevertex stretchesover themodelfor U0 , U1 , and
Uopt . Firstly coloringby stretch� 2 [0:17; 37:96] is usedto com-
pareU0 andU1 . Thenthe samecoloring schemeon the stretch
interval [0:21; 4:51] is employed to comparethe stretchdistribu-
tions for U1 , andUopt . Heretheboundsof the interval areequal
to themaximalandminimal stretchvalues.
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