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Abstract

This paper presentsa novel approad for reconstructing
free-form,texture-mapped3D scenemodelsfrom a single
paintingor photaraph. Givena spaisesetof userspeci ed

constaints on the local shapeof the scene a smooth3D

surfacethat satis es the constrints is geneated. This

problemis formulatedas a constained variational opti-

mizationproblem. In contrastto previouswork in single
view reconstructionpur techniqueenableshigh quality re-

constructionsof free-formcurved surfaceswith arbitrary

re ectanceproperties. A key featute of the approad is a

novel hierarchical transformationtechniquefor acceleat-

ing convergenceon a non-uniform, piecavise continuous
grid. Thetedchniqueis interactive and updatesthe model
in real time as constaints are added,allowing fastrecon-
struction of photorealistic scenemodels. The approad is

shownto yield high quality resultson a large variety of im-

ages.

1 Intr oduction

One of the mostimpressie featuresof the humanvisual
systemis our ability to infer 3D shapenformationfrom a
single photographor painting. A variety of strongsingle-
imagecueshave beenidenti ed andusedin computervi-
sionalgorithms(e.g. shading texture,andfocus)to model
objectsfrom a singleimage. However, existing techniques
arenot capableof robustly reconstructindree-formobjects
with generalre ectanceproperties. This de ciency is not
surprisinggiven the ill-posed natureof the problem—from
asingleview it is not possibleto differentiateanimageof
anobjectfrom animageof a at photograplof the object.
Obtaininggoodshapemodelsfrom a singleview therefore
requiresnvoking domainknowledge.

In this paper we arguethata reasonablemountof user
interactionis sufcient to createhigh-quality3D scenere-
constructiondrom a single image, without placing strong
assumptionsn eitherthe shapeor re ectancepropertieof
the scene. To justify this agument,an algorithmis pre-
sentedhattakesasinput a sparsesetof userspeci ed con-

91128PalaisealCede
France

Figurel: The 3D modelatright is generatedrom a single
imageanduserspeci ed constraints.

straints,including surface positions, normals, silhouettes,
andcreasesandgenerates well-behared 3D surfacesat-

isfying the constraints.As eachconstraintis speci ed, the

systemrecalculatesanddisplaysthe reconstructiorin real

time. The algorithmyields high quality resultson images
with limited perspectie distortion.

We castthe single-viev modeling problem as a con-
strainedvariationaloptimization problem. Building upon
previouswork in hierarchicakurfacemodeling[20, 8, 21],
thescends modeledasa piecavisecontinuoussurfacerep-
resentednaquad-tree-basaatiaptvegrid andis computed
using a novel hierarchicaltransformationtechnique. The
adwantage®f our approactare:

A generalconstraintmechanism:arny combinationof
point, curve, andregion constraintsamay be speci ed
asimage-basedonstraintonthereconstruction.

Adaptive resolution: the grid adaptsto the complex-
ity of the scenej.e., the quad-treerepresentatiolcan
be mademoredetailedaroundcontoursandregionsof
high curvature.

Real-timeperformance:a hierarchicaltransformation
techniquds introducedhatenables3D reconstruction
atinteractverates.

A technicalcontribution of our algorithmis the formula-
tion of a hierarchicakransformatiortechniquehathandles



discontinuities.Contmlled-continuitystabilizes [24] have
beenproposedto model discontinuitiesin inversevisual
reconstructionproblems. Whereashierarchicalschemes
[20, 8] and quad-treesplines[21] have beenput forth as
fastsolutionsfor solving relatedvariationalproblems,our
approachor integratingdiscontinuityconditionsinto a hi-
erarchicatransformatiorframewvork is shawvn to yield sig-
ni cant performancemprovementsover theseprior meth-
ods.

Theremaindeiof the paperis structuredasfollows. Sec-
tion 2 formulatessingle-viev modelingasa constraineap-
timization problemin a high dimensionalspace. In order
to solwe this large scaleoptimization problem ef ciently
with adaptve resolution,a novel hierarchicaltransforma-
tion techniquas introducedn Section3. Sectior4 presents
experimentakesultsandSection5 concludes.

1.1 PreviousWork on SingleView Modeling

The topic of 3D reconstructiorfrom a single imageis a

long-standingproblem in the computervision literature.
Traditional approachegor solving this problemhave iso-

lateda particularcue,suchasshading[9], texture[19], or

focus[15]. Becauseghesetechniquesnake strongassump-
tions on shape re ectance,or exposure they tendto pro-

duceacceptableesultsfor only arestrictedclassof images.
Of these,the topic of shapefrom shading pioneeredby

Horn[9], is mostrelatedto our approachn its useof vari-

ationaltechniquesandability to t free-formmodelsfrom

normal elds.

More recentwork by anumberof researchersasshovn
thatmoderataiserinteractionis highly effectivein creating
3D modelsfrom a singleview. In particular Horry et al.
[10] andCriminisi et al. [4] reconstructegiecevise planar
modelsbasedon userspeci ed vanishingpoints and geo-
metricinvariants.ShumandSzeliski[18] generatedimilar
modelsfrom panoramasisinga constraintsystembasecdn
userinput. The Facade system[6] modeledarchitectural
sceneausing collectionsof simple primitivesfrom one or
moreimagesalsowith theassistancef auser A limitation
of theseapproachess thatthey arelimited to scenecom-
posedof planesor othersimpleprimitivesanddonotpermit
modelingof free-formscenesA differentapproachsto use
domainknowledge;for example,BlanzandVetter[1] have
obtainedremarkableeconstructionsf humanfacesrom a
singleview by employing adatabasef previously-acquired
headmodels.

A primary sourceof inspirationfor our work is a series
of papersnthetopic of Pictorial Relief[13]. In this work,
Koenderinkand his colleaguesxploredthe depthpercep-
tion abilities of the humanvisual systemby having several
humansubjecthand-annotatenageswith relative distance
or surfacenormalinformation. They foundthathumansare

quite pro cient at specifyinglocal surfaceorientation,i.e.,
normals,andthatintegratinga denseuserspeci ed normal
eld leadsto a well-formed surfacethat approximateghe
realobject,upto adepthscale.Interestinglythedepthscale
variesacrossindividualsandis in uenced by illumination
conditions. We believe that the role of this depthscaleis
mitigatedin ourwork, dueto thefactthatwe allow theuser
to view thereconstructiorirom ary viewpoint(s)duringthe
modeling process—theiserwill setthe normalsand other
constraintsothatthe modelappearsorrectfrom all view-
points,ratherthanjust the original view. The surfaceinte-
grationtechniquausedby Koenderinketal. is notattractve
asageneraburposanodelingtool, dueto thelargeamount
of humanlaborneededo annotatesvery pixel or grid point
in theimage.Althoughit is alsobasedn the principlesput
forth in the Pictorial Relief work, our modelingtechnique
is muchmoreef cient, worksfrom sparseconstraintsand
incorporatedliscontinuitiesand other typesof constraints
in ageneral-purposeptimizationframenork.

An interestingalternatve to the approachadwocatedin
this paperis to treatthe sceneasan intensity-codedlepth
imageandusetraditionalimageeditingtechniqueso sculpt
the depthimage[27, 12, 16]. While our framework allows
direct speci cation of depthvalues,we found that surface
normalsare easierto specify and provide more intuitive
surfacecontrols. This conclusionis consistenwith Koen-
derink's ndings [13] that humansare more adeptat per
ceiving local surfaceorientationthanrelative depth.

2 A Variational Framework for Sin-
gle View Modeling

The subsetof a scenethat is visible from a singleimage
may be modeledasa piecavise continuoussurface. In our
approachthis surfaceis reconstructedrom a setof user
speci ed constraintssuchaspoint positions,normals,con-
tours,andregions. The problemof computingthe bestsur
facethat satis estheseconstraintss castasa constrained
optimizationproblem.

2.1 SurfaceRepresentation

In this paperthescends representedsa piecavisecontin-
uousfunction, , referredto asthe depthmap Sam-
plesof arerepresentednadiscretegrid, ,
wherethe and samplesorrespondo pixel coordinates
of theinputimage,and is the distancebetweenadjacent
samplesassumedo bethesamein and . Denote as
thevectorwhosecomponentsre

A setof four adjacentsamples A= , B= ,
C= , andD= de ne the cornersof a



grid cell. Notethata cell, written asA-B-C-D, is speci ed
by its verticeslistedin counterclock-wiseordet

The techniquepresentedn this paperreconstructthe
smoothessurfacethat satis esa setof userspeci ed con-
straints.A naturalmeasuref surfacesmoothnesis thethin
platefunctional[24]:

1)

where ,and  areweightsthattake on valuesof
0 or 1 andareusedto de ne discontinuitiesasdescribedn
Section2.2.2.

2.1.1 PiecewiseContinuous Surface Representation

While it is corvenientto represent surfaceby a grid of

samplesusersshouldhave the freedomto interactwith a
continuoussurfaceby specifyingconstraintsatany location
with sub-gridaccurag. Givena sampledsurface , we
representhe continuoussurface usingatriangular
mesh.Speci cally, eachgrid cell is dividedinto four trian-
glesby insertinga vertex at the centerwith depthde ned

astheaverageof the depthsof thefour cornersamplesand
addingedgesconnectingthe new vertex with the four cor

ners.Theresultingmeshde nesapieceavise planarsurface
over the cell. The depthof eachpoint in the cell canbe
expresseasa barycentriccombinationof the depthvalues
of four cornersamplesGrid cellsthatintersectdiscontinu-
ity curvesareomittedfrom therepresentatioandappeams
gapsin thereconstruction.

2.2 Constraints

Ourtechniquesupports ve typesof constraintspoint con-

straints,depthdiscontinuities,creasesplanarregion con-

straints, and fairing curve constraints. Point constraints
specifythe position or the surfacenormal of any point on

the surface. Surfacediscontinuityconstraintsdentify tears
in the surface,andcreaseconstraintspecifycurvesacross
which surfacenormalsare not continuous. Planarregion

constraintdeterminesurfacepatcheghat lie on the same
plane. Fairing curve constraintsallow usersto control the

smoothnes®f the surfacealongary curve in the image.
Eachconstraintis describedn detailin the following sub-

sections.

2.2.1 Point Constraints

A point constraintsetsthe depthand/orthe surfacenormal
of ary pointin the input image. A position constraintis

(@) (b) ()

(d) (e) ()

Figure 2: Modeling constraints. (a) The effects of posi-
tion (bluecrossesandsurfacenormalconstraintgreddisks
with needles)(b) A depthdiscontinuityconstraintreates
tear (c) A creaseconstraint(greencurwe). (d) The blue
region is a planarregion constraint. (e) A fairing curve
minimizing cunature. (f) A fairing curve minimizing tor-
sionmakesthesurfacebendsmoothlygivenasinglenormal
constraint—thigype of constraintis usefulfor modelingsil-
houettes.

speci ed by clicking at a point in the imageto de ne the
(sub-pixel) position , andthendraggingup or down
to specifythedepthvalue.A surfacenormalis speci ed by
renderinga gure representindghe projectionof a disk sit-
ting onthesurfacewith ashortline pointingin thedirection
of the surfacenormal(Figure2(a)). This gure is superim-
posedover the point in the imagewherethe normalis to
be speci ed and manuallyrotateduntil it appeardo align
with the surfacein the mannermproposedoy [13]. In order
to uniquelydeterminghe normalfrom its imageplanepro-
jection,we assumerthographicprojection

A positionconstraint de nesthefollow-
ing constraint

2

where is locatedin grid cell
and , , ,and arethe barycentriccoordi-
natesof , asdescribedn Section2.1.1. Specifying

thenormalof a point to be , de nes
thefollowing pair of constraints
—
— @




Substituting Eq. (2) for and
yieldstwo linearconstraint®n . An exampleof theeffects
of positionandnormalconstraintss shavn in Figure2(a).

2.2.2 Depth Discontinuitiesand Creases

A depthdiscontinuityis a curve acrosswhich surfacedepth
is notcontinuousgreatinga tearin the surface.A creasds
a curve acrosswhich the surfacenormalis not continuous
while the surfacedepthis continuous. Depth discontinu-
itiesandcreaseareintroducedo modelimportantfeatures
in real-world imagery For example mountainridgescanbe
modeledascreasesndsilhouettesof objectscanbe mod-
eledasdepthdiscontinuities. Thesefeaturescanbe easily
speci edby userswith a 2D graphicsinterface.
Depthdiscontinuitiesandcreasesremodeledby de n-
ing theweights ,and inthesmoothnessbjec-
tive functionof Eq. (1). Givena depthdiscontinuitycurve,
let A-B-C be a setof threeconsecutie colineargrid points
thatcrossthecurve,andD-E-F-Gacell thatthecurweinter-
sectsForeachsuchtupleA-B-C, theterm

isdroppedrom  bysetting or to0. Foreachsuch
cellD-E-F-G,theterm is alsodropped
by setting  to 0. Eachcreasecurwe is rst scancon-

verted[7] to the samplinggrid points. Then,all the terms
aredroppedf B is onthecurve;all the
terms aredroppedf eitheredgeD-E
or edgeF-Gis onthecurve. Otherwise all theweightsare
1 by default. Examplesof depthdiscontinuityand crease
constraintareshavn in Figures2(b) and(c) respectiely.

2.2.3 Planar RegionConstraints

Thenecessargndsufcient conditionsfor surfaceplanarity
overaregion are ,
, andde ne thefollowing constrainton

(®)
(6)

for all threeconsecutie colineargrid pointsA-B-C in
andfor all cells D-E-F-Gin . An exampleof a planar
region constraints shavn in Figure2(d).

2.2.4 Fairing Curve Constraints

It is oftenvery usefulfor usersto controlthe smoothnesef
the surfacebothalongandacrossa speci ¢ curve. For ex-
ample surfacedepthis madeto vary slowly alongacurvein
Figure2(e),andthe surfacegradientis madeto vary slowly
acrossa cunve in Figure 2(f). Fairing curvesprovide bet-
tercontrolof theshapeof thesurfacealongsalientcontours
suchassilhouettesandareachievedasfollows.

Supposehatauserspeci esacurve
in theimage.To maximizethe smoothnesalongthecurve,
thefollowing integral is minimized

— ()

The gradientof the surfaceacross is , Where

is the gradientof the surface atthe

point and — — is the normal

of . To malke the surfacegradientacross have small
variation,theintegral

— (8)

is minimized. Note that — is the derivative of
the surface gradientacross the curve with respectto the

curve parameter

The terms — and — may be dis-
cretizedas
where are samplingpoints on the curve. Conse-

quently Egs. (7) and (8), can be expressedas quadratic
formsof . Theresultingequationsareaddedwith weights

and , into Eq. (1), resultingin a modi ed surface
smoothnessbjective function

(9)

We call the curvatue term and the tor-

sionterm. Notethat is aquadraticform.

2.3 Linearly Constrained Quadratic Opti-
mization

Basedonthesurfaceobjectivefunctionandconstraintgpre-
sentedin Section2.1 and 2.2, nding the smoothessur
facethat satis es theseconstraintsmay be formulatedas
a linearly constrainedquadraticoptimization. Point con-
straintsandplanarregion constraintsntroducea setof lin-
earequationsEgs. (2-6), for the depthmap , expressed
as . Surfacediscontinuityand creaseconstraints
de neweights , ,and andfairing curve constraintsn-
troduce in Eq. (9). is a quadraticform and



canbeexpresseds , where istheHessiarmatrix.
Consequentlyour linearly constrainedjuadraticoptimiza-
tionis de ned by

(10)

The Lagrangemultiplier methodis usedto corvert this
probleminto thefollowing augmentedinearsystem

(11)

TheHessiamatrix  isadiagonally-bandedparsema-
trix. Foragrid of size by , isof size by
with bandwidth of andabout13 non-zeroelements
perrow. Direct methodssuchasLU Decompositionare
of time compleity, andarethereforedo not scale
well for large grid sizes. Iterative methodsaremoreappli-
cable.We usethe MinimumResiduanethod[17], designed
for symmetricnon-positve-de nite systems.However, the
linear systemarising from Eg. (10) is often poorly condi-
tioned,resultingin slow corvergenceof theiterative solver.
To addresghis problem,a hierarchicalbasisprecondition-
ing approachwith adaptve resolutionis presentedn the
next section.

3 Hierarchical Transformation with
Adaptive Resolution

The reasonfor the slow corvergenceof the Minimum
Residuemethodis that it takes mary iterationsto propa-
gatea constrainto its neighborhooddueto the sparseness
of . The rst row of Figure4 shavs an exampleof this
constraintoropagatiorprocesswherethe two normalcon-
straintsgeneratenly two smallripplesafter200iterations.
Multigrid techniqueg$23] have beenappliedto this type of
problem however, they aretricky to implementandrequire
a fairly smoothsolutionto be effective [20]. Szeliski[20]
andGortleretal. [8] usehierarchicabasisfunctionsto ac-
celeratethe solution of linear systemdike Eq. (11). We
review their approachext, to provide a foundationfor our
work which builds uponit.

In thehierarchicabpproacharegulargrid is represented
with a pyramidof coefcients [3], wherethe numberof co-
ef cients is equalto theoriginal numberof grid points. The
coarsdevel coefcients in thepyramiddeterminealow res-
olution surfacesamplingand ne level coefcients deter
mine surfacedetails,represente@dsdisplacementselative
to theinterpolationof the low resolutionsampling.To con-
vert from coefcients to depthvalues,the algorithmstarts
from the coarsestevel, doublesthe resolutionby linearly

Figure3: A cellis theprimitivefor 2D hierarchicatransfor
mation. Thedepthat the centerpoint| is interpolatedrom
themidpointsk, F, G, andH, which arein turninterpolated
alongeachedgeof thecell.

interpolatingthe valuesof currentlevel, addsin the dis-
placemenvaluesde nedbythecoefcients in thenext ner
level, movesto the next ner level, andrepeatshe proce-
dureuntil the nest resolutionis obtained. Using similar
notationasSzeliskis [21], the processanbe written

where is the numberof levelsin hierarchy is the
hierarchicatoefcient for is thesetof grid pointsin
level usedin interpolationfor  in level , and

is aweightthatwill bedescribedater. Level consistofa
singlecell, with coefcients de ned to be the depthvalues
atthecornersof thecell.

In previouswork, theweights werede nedto aver
ageall thepointsin  , resultingin asimpleaveragingop-
erationfor computing from . Thisapproachmplicitly
assumefocalsmoothneswithin theregionde nedby
resultingin poorcornvergencen thepresencef discontinu-
ities. In practice,this choiceof weightscauseghe artifact
that modifying the surface on one side of a discontinuity
boundanydisturbsthe shapeon the othersideduringtheit-
eratve convergenceprocess.As aresult,it takeslongerto
corvergeto asolution,andresultsin unnaturakcornvergence
behaior. The latter artifactis a problemin anincremen-
tal solver wherethe evolving surfaceis displayedfor user
consumptionasis donein ourimplementation.To address
this problem,we next introducea new interpolationrule to
handlediscontinuitiesbetweerthe grid pointsin

Thebasicunitin the 2D hierarchiattransformatiortech-
nigue is the cell shavn in Figure 3, wherethe depthfor
cornersA, B, C, andD hasalreadybeencomputedandthe
taskis to transformcoefcients atE, F, G, H, andl to depth



valuesatthesepoints. With the samenotationasin thepro-

cedure,CoefToDepth , ,

) , and .

and arerst interpolatedrom , , ,and

along edges,andthen offset by their respectie coef-

cients ,and . Second, isinterpolatedrom

and andoffsetbyitscoefcient, . Thetwo

interpolationstepsabove usecontinuity-basedhterpolation
with weightsde ned as

(12)

In the absence of discontinuities, the proposed
continuity-basedveighting schemeis the sameas simple
averagingschemesisedin previouswork [20, 21]. In the
presencef discontinuitiesonly locally continuouscoarse
level grid points are usedin the interpolation. The new
schemepreventsinterferenceacrossdiscontinuity bound-
ariesand consequenthaccelerateshe convergenceof the
Minimum Residuealgorithm. The secondandthird rows of
Figure4 shawv a performanceomparisorbetweerstandard
hierarchical transformationand our transformationwith
continuity-basedveighting on a simple surface modeling
problemwith onediscontinuitycurve. Theimprovementof
our algorithmis quite evidentin this example. In the third
row, our new transformatiorboth accelerateshe propaga-
tion of constraintsandremovesthe interferenceacrossthe
discontinuityboundary We have found this kind of behar-
ior very typical in practiceand nd thataddingcontinuity-
basedweighting yields dramaticimprovementsin system
performance.

To summarizeour approachn brief, insteadof solving
Eq. (11) directly, we solve the hierarchicalcoefcients
of the grid point instead. The corversionfrom to
is implementedby the procedure,CoefToDepth , with
continuity-basedveighting. The procedureimplementsa
linear transformationand can be describedoy a matrix
[20]. Substituting into Eq. (10) andapplyingthe
LagrangeMultiplier methodyields the transformedinear
system8]:

(13)

Thematrix is shavn to bebetterconditioned20],
resultingin fastercorvergence. The numberof oating
point operationsof the procedure andits
adjoint[20] is approximately  for agrid sizeof
Consideringhattherearearoundl13 non-zercelementger

, the overheadintroducedby in multiplying
with a vectoris about30%. Giventhe considerable
reductionin numberof iterationsshown in Figure 4, the
total run time is generallymuchlower usinga hierarchical
techniquegvenwith this overhead.

row in

Adaptive Surface Resolution

As analternatve to solvingfor the surfaceon thefull grid,
it is oftenadvantageouso useanadaptie grid, with higher
resolutionusedonly in areaswhereit is needed. For ex-
ample,the surfaceshouldbe sampleddenselyalonga sil-
houetteandsparselyin areasvherethe geometryis nearly
planar We supportadaptve resolutionby allowing the
userto specify the grid resolutionfor eachregion via a
userinterface. Subdvision may alsooccurautomatically—
in ourimplementationdiscontinuityand creasecurvesare
automaticallysubdvidedto enableaccuratdooundaries A
guad-treerepresentations usedto representhe adaptve
grid. By modifying our hierarchicaltransformationtech-
nigueto operateon a quad-treyrid, asin [21], theruntime
of thealgorithmis proportionako the numberof subdvided
grid points, which is typically much smallerthan the full
grid.

Modifying the algorithmto operateon a quad-treere-
quiresthe following changes. First, the triangular mesh
representatiofin Section2.1.1is adaptedso that eachin-
sertedvertex is connectedo all the grid pointson the cell,
notjustto thefour corners.Secondgexpressiongor the rst
andsecondderivativesof in termsof shouldbederived
from the quad-treerepresentationg.g., by interpolatinga
regular grid neighborhoodaroundeachpoint from the tri-
angularmesh. Finally, specialcareshouldbe takento ap-
proximatesurfaceandcurve integralsby summationse.g.,
Eq. (1), onthe non-uniformgrid, by weighingeachtermin
the summatioraccordingto the size of thelocal neighbor
hood. The full detailsof thesemodi cations are omitted
herefor lack of spacebut canbefoundonline[29].

4 Experimental Results

We have implementedhe approactdescribedn this paper
andappliedit to createreconstructionsf a wide variety of
objects. Only threeof theseresultsare presentedn this
sectionbut higherresolutionimagesand 3D VRML mod-
els canbe found online [29]. We encouragehe readerto
peruseheseresultsonlineto bettergaugethe quality of the
reconstructions.

Smoothobjectswithout position discontinuitiesare es-
pecially easyto reconstrucusingour approach.As a case
in point, the Jelly Beanimagein the rst row of Figure5re-
quiresonly isolatednormalsandcrease$o generatea com-
pelling model, and can be createdquite rapidly (about20



minutes,ncludingtime to specifyconstraintslusingourin-
teractve system.The rst row of Figure5 shows theinput
image,quad-treggrid with constraintsa view of the quad-
treefrom a novel viewpoint, anda texture mappedrender
ing of the sameview. For this example,the userworked
with a grid thatwasautomaticallysubdvidedasthe
creasecurvesweredrawn. This modelhas144 constraints
in all, 3396grid points,andrequired25 second$o corverge
completelyona 1.5GHzPentium4 processqrusingour hi-
erarchicaltransformationtechniquewith continuity-based
weighting. The systemis designedso thatnew constraints
may be addedinteractvely at arny time during the model-
ing process—thaiserdoesnot have to wait until full con-
vergenceto specify more constraints. The secondrow of
Figure5 shaws a single-viav reconstructiorof The Great
Wall of China. This examplewas muchmorechallenging
thantheJelly Bean,dueto thecomplex scenegeometryand
signi cant perspectie distortions. Despitetheseobstacles,
a 3D modelwas reconstructedhat appearsvisually con-
vincing from a signi cant rangeof views. This modelhas
135 constraints2566 grid points,andrequired40 seconds
to corvergecompletely

An interestingapplicationof singleview modelingtech-
niguesis to reconstruct3D modelsfrom paintings. In
contrastto other techniques[6, 10, 1, 4], our approach
doesnot make strongassumptionsboutgeometrymaking
it amenableto impressionistand other non-photorealistic
works. Herewe shav areconstructiorcreatedrom a self-
portraitof van Gogh. This modelhas264 constraints3881
grid points,andrequired45 secondgo corverge. Thiswas
the most complex model we tried, requiring roughly 1.5
hoursto design. For purposesof comparisonjt takes 70
secondgo cornverge without using the hierarchicaltrans-
formationand3 minutesusingthe hierarchicakransforma-
tion without continuity-basedveighting,indicatingthatan
inappropriately-weightedlierarchicalmethodcan perform
signi cantly worsethannot usinga hierarchyat all. Note,
however, thatthereis signi cant room for optimizationin
ourimplementationandwe expectthatthetimingsfor both
hierarchicalmethodscould be improved by a factorof 1.5
or2.

5 Conclusions

In this paperit wasarguedthatareasonablamountof user
interactionis sufcient to createhigh-quality3D scenere-
constructionsrom a single image, without placing strong
assumptionsn eitherthe shapeor re ectancepropertiesof
the scene.To justify this agument,an algorithmwas pre-
sentedhattakesasinput a sparsesetof userspeci ed con-
straints,including surface positions,normals, silhouettes,
andcreasesand generates well-behared 3D surfacesat-
isfying the constraints.As eachconstraintis speci ed, the

systemrecalculatesaind displaysthe reconstructiorin real

time. A technicalcontribution is a novel hierarchialtrans-
formation techniquethat explicitly modelsdiscontinuities
and enablessurface computationat interactve rates. The
approachwasshawn to yield very goodresultson realim-

ages.

Therearea numberof interestingavenuedor futurere-
searchn this area.In particular single-viev modelinghas
theinherentimitation thatonly visible surfacesn animage
canbemodeled]eadingto distractingholesnearoccluding
boundariesAutomatichole lling techniquesouldbede-
velopedthat maintainthe surfaceandtextural attributesof
the scene.Anotherimportantextensionwould beto gener
alize to perspeciie projectionaswell asotheruseful pro-
jectionmodelslik e panoramas.
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Figure4: Performanceomparisorof solving Eg. 11 by usingno hierarchicakransformationtraditionaltransformationand
our novel transformatiorin termsof numberof iterations.Themodelhasapproximatelyl 400grid points,and4 constraints.
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Figure5: Examplesof singleview modelingon differentscenesFromleft to right, the columnsshawv the original images,
userspeci ed constrainton adaptve grids, 3D wireframerendering andtexturedrendering.



