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Abstract

This paper presentsa novel approach for reconstructing
free-form,texture-mapped,3D scenemodelsfrom a single
paintingor photograph.Givena sparsesetof user-speci�ed
constraints on the local shapeof the scene, a smooth3D
surface that satis�es the constraints is generated. This
problemis formulatedas a constrained variational opti-
mizationproblem. In contrast to previouswork in single
view reconstruction,our techniqueenableshigh quality re-
constructionsof free-formcurvedsurfaceswith arbitrary
re�ectanceproperties. A key feature of the approach is a
novel hierarchical transformationtechniquefor accelerat-
ing convergenceon a non-uniform,piecewise continuous
grid. The techniqueis interactiveand updatesthe model
in real time as constraintsare added,allowing fast recon-
structionof photorealistic scenemodels. Theapproach is
shownto yieldhigh quality resultsona largevarietyof im-
ages.

1 Intr oduction

One of the most impressive featuresof the humanvisual
systemis our ability to infer 3D shapeinformationfrom a
singlephotographor painting. A variety of strongsingle-
imagecueshave beenidenti�ed andusedin computervi-
sionalgorithms(e.g. shading,texture,andfocus)to model
objectsfrom a singleimage.However, existing techniques
arenotcapableof robustlyreconstructingfree-formobjects
with generalre�ectanceproperties.This de�ciency is not
surprisinggiven the ill-posednatureof the problem–from
a singleview it is not possibleto differentiatean imageof
anobjectfrom animageof a �at photographof theobject.
Obtaininggoodshapemodelsfrom a singleview therefore
requiresinvokingdomainknowledge.

In this paper, we arguethata reasonableamountof user
interactionis suf�cient to createhigh-quality3D scenere-
constructionsfrom a single image,without placingstrong
assumptionsoneithertheshapeor re�ectancepropertiesof
the scene. To justify this argument,an algorithm is pre-
sentedthattakesasinput a sparsesetof user-speci�edcon-

Figure1: The3D modelat right is generatedfrom a single
imageanduser-speci�edconstraints.

straints,including surfacepositions,normals,silhouettes,
andcreases,andgeneratesa well-behaved3D surfacesat-
isfying theconstraints.As eachconstraintis speci�ed, the
systemrecalculatesanddisplaysthe reconstructionin real
time. The algorithmyields high quality resultson images
with limited perspectivedistortion.

We cast the single-view modeling problem as a con-
strainedvariationaloptimizationproblem. Building upon
previouswork in hierarchicalsurfacemodeling[20, 8, 21],
thesceneis modeledasapiecewisecontinuoussurfacerep-
resentedonaquad-tree-basedadaptivegridandiscomputed
using a novel hierarchicaltransformationtechnique. The
advantagesof our approachare:

� A generalconstraintmechanism:any combinationof
point, curve, andregion constraintsmay be speci�ed
asimage-basedconstraintson thereconstruction.

� Adaptive resolution: the grid adaptsto the complex-
ity of the scene,i.e., the quad-treerepresentationcan
bemademoredetailedaroundcontoursandregionsof
highcurvature.

� Real-timeperformance:a hierarchicaltransformation
techniqueis introducedthatenables3D reconstruction
at interactiverates.

A technicalcontribution of our algorithm is the formula-
tion of a hierarchicaltransformationtechniquethathandles



discontinuities.Controlled-continuitystabilizers [24] have
beenproposedto model discontinuitiesin inversevisual
reconstructionproblems. Whereashierarchicalschemes
[20, 8] and quad-treesplines[21] have beenput forth as
fastsolutionsfor solving relatedvariationalproblems,our
approachfor integratingdiscontinuityconditionsinto a hi-
erarchicaltransformationframework is shown to yield sig-
ni�cant performanceimprovementsover theseprior meth-
ods.

Theremainderof thepaperis structuredasfollows. Sec-
tion 2 formulatessingle-view modelingasaconstrainedop-
timization problemin a high dimensionalspace. In order
to solve this large scaleoptimization problem ef�ciently
with adaptive resolution,a novel hierarchicaltransforma-
tion techniqueis introducedin Section3. Section4 presents
experimentalresultsandSection5 concludes.

1.1 PreviousWork on SingleView Modeling

The topic of 3D reconstructionfrom a single imageis a
long-standingproblem in the computervision literature.
Traditionalapproachesfor solving this problemhave iso-
lateda particularcue,suchasshading[9], texture [19], or
focus[15]. Becausethesetechniquesmake strongassump-
tions on shape,re�ectance,or exposure,they tendto pro-
duceacceptableresultsfor only arestrictedclassof images.
Of these,the topic of shapefrom shading, pioneeredby
Horn [9], is mostrelatedto our approachin its useof vari-
ationaltechniquesandability to �t free-formmodelsfrom
normal�elds.

Morerecentwork by anumberof researchershasshown
thatmoderateuser-interactionis highly effectivein creating
3D modelsfrom a singleview. In particular, Horry et al.
[10] andCriminisi et al. [4] reconstructedpiecewiseplanar
modelsbasedon user-speci�ed vanishingpointsandgeo-
metricinvariants.ShumandSzeliski[18] generatedsimilar
modelsfrom panoramasusingaconstraintsystembasedon
userinput. The Façadesystem[6] modeledarchitectural
scenesusingcollectionsof simpleprimitivesfrom oneor
moreimages,alsowith theassistanceof auser. A limitation
of theseapproachesis that they arelimited to scenescom-
posedof planesor othersimpleprimitivesanddonotpermit
modelingof free-formscenes.A differentapproachis to use
domainknowledge;for example,BlanzandVetter[1] have
obtainedremarkablereconstructionsof humanfacesfrom a
singleview by employingadatabaseof previously-acquired
headmodels.

A primarysourceof inspirationfor our work is a series
of paperson thetopicof Pictorial Relief[13]. In this work,
Koenderinkandhis colleaguesexploredthe depthpercep-
tion abilitiesof thehumanvisualsystemby having several
humansubjectshand-annotateimageswith relativedistance
or surfacenormalinformation.They foundthathumansare

quitepro�cient at specifyinglocal surfaceorientation,i.e.,
normals,andthat integratinga denseuser-speci�ednormal
�eld leadsto a well-formedsurfacethat approximatesthe
realobject,upto adepthscale.Interestingly, thedepthscale
variesacrossindividualsandis in�uenced by illumination
conditions. We believe that the role of this depthscaleis
mitigatedin ourwork, dueto thefactthatweallow theuser
to view thereconstructionfrom any viewpoint(s)duringthe
modelingprocess–theuserwill set the normalsandother
constraintssothatthemodelappearscorrectfrom all view-
points,ratherthanjust theoriginal view. Thesurfaceinte-
grationtechniqueusedby Koenderinketal. is notattractive
asageneralpurposemodelingtool, dueto thelargeamount
of humanlaborneededto annotateeverypixel or grid point
in theimage.Althoughit is alsobasedon theprinciplesput
forth in the Pictorial Relief work, our modelingtechnique
is muchmoreef�cient, works from sparseconstraints,and
incorporatesdiscontinuitiesandother typesof constraints
in a general-purposeoptimizationframework.

An interestingalternative to the approachadvocatedin
this paperis to treatthe sceneasan intensity-codeddepth
imageandusetraditionalimageeditingtechniquesto sculpt
thedepthimage[27, 12, 16]. While our framework allows
direct speci�cationof depthvalues,we found that surface
normalsare easierto specify and provide more intuitive
surfacecontrols. This conclusionis consistentwith Koen-
derink's �ndings [13] that humansare moreadeptat per-
ceiving local surfaceorientationthanrelativedepth.

2 A Variational Framework for Sin-
gleView Modeling

The subsetof a scenethat is visible from a single image
maybemodeledasa piecewisecontinuoussurface. In our
approach,this surfaceis reconstructedfrom a setof user-
speci�edconstraints,suchaspoint positions,normals,con-
tours,andregions.Theproblemof computingthebestsur-
facethat satis�es theseconstraintsis castasa constrained
optimizationproblem.

2.1 SurfaceRepresentation

In thispaper, thesceneis representedasapiecewisecontin-
uousfunction, ���������
	 , referredto asthedepthmap. Sam-
plesof � arerepresentedonadiscretegrid, �
��� �����������
������	 ,
wherethe � and � samplescorrespondto pixel coordinates
of the input image,and � is thedistancebetweenadjacent
samples,assumedto be thesamein � and � . Denote � as
thevectorwhosecomponentsare �

��� � .
A setof four adjacentsamples,A= ��������	 , B= ��� �"!#����	 ,

C= �����$!#���%�$!&	 , andD= ���'���(�$!)	 de�ne thecornersof a



grid cell. Notethata cell, written asA-B-C-D, is speci�ed
by its verticeslistedin counter-clock-wiseorder.

The techniquepresentedin this paperreconstructthe
smoothestsurfacethat satis�esa setof user-speci�ed con-
straints.A naturalmeasureof surfacesmoothnessis thethin
platefunctional[24]:
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where
�

��� � ,
�

��� � , and ����� � areweightsthattake on valuesof
0 or 1 andareusedto de�ne discontinuities,asdescribedin
Section2.2.2.

2.1.1 PiecewiseContinuousSurfaceRepresentation

While it is convenientto representa surfaceby a grid of
samples,usersshouldhave the freedomto interactwith a
continuoussurfaceby specifyingconstraintsatany location
with sub-gridaccuracy. Given a sampledsurface �

��� � , we
representthecontinuoussurface ����� � �
	 usinga triangular
mesh.Speci�cally, eachgrid cell is dividedinto four trian-
glesby insertinga vertex at the centerwith depthde�ned
astheaverageof thedepthsof thefour cornersamples,and
addingedgesconnectingthenew vertex with the four cor-
ners.Theresultingmeshde�nesapiecewiseplanarsurface
over the cell. The depthof eachpoint in the cell can be
expressedasa barycentriccombinationof thedepthvalues
of four cornersamples.Grid cellsthatintersectdiscontinu-
ity curvesareomittedfrom therepresentationandappearas
gapsin thereconstruction.

2.2 Constraints

Our techniquesupports� ve typesof constraints:pointcon-
straints,depthdiscontinuities,creases,planarregion con-
straints,and fairing curve constraints. Point constraints
specifythe positionor the surfacenormalof any point on
thesurface.Surfacediscontinuityconstraintsidentify tears
in thesurface,andcreaseconstraintsspecifycurvesacross
which surfacenormalsare not continuous. Planarregion
constraintsdeterminesurfacepatchesthat lie on the same
plane. Fairing curve constraintsallow usersto control the
smoothnessof the surfacealong any curve in the image.
Eachconstraintis describedin detail in the following sub-
sections.

2.2.1 Point Constraints

A point constraintsetsthedepthand/orthesurfacenormal
of any point in the input image. A position constraintis

(a) (b) (c)

(d) (e) (f)

Figure 2: Modeling constraints. (a) The effects of posi-
tion (bluecrosses)andsurfacenormalconstraints(reddisks
with needles).(b) A depthdiscontinuityconstraintcreatesa
tear. (c) A creaseconstraint(greencurve). (d) The blue
region is a planar region constraint. (e) A fairing curve
minimizing curvature. (f) A fairing curve minimizing tor-
sionmakesthesurfacebendsmoothlygivenasinglenormal
constraint–thistypeof constraintis usefulfor modelingsil-
houettes.

speci�ed by clicking at a point in the imageto de�ne the
(sub-pixel) position ���

�

���

�

	 , andthendraggingupor down
to specifythedepthvalue.A surfacenormalis speci�edby
renderinga �gure representingtheprojectionof a disk sit-
ting onthesurfacewith ashortline pointingin thedirection
of thesurfacenormal(Figure2(a)). This �gure is superim-
posedover the point in the imagewherethe normal is to
be speci�ed andmanuallyrotateduntil it appearsto align
with the surfacein the mannerproposedby [13]. In order
to uniquelydeterminethenormalfrom its imageplanepro-
jection,weassumeorthographicprojection.

A positionconstraint�����
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de�nesthefollow-
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Substituting Eq. (2) for �����

���

� � �

�

	 and �����

�

���

���

��	

yieldstwo linearconstraintson � . An exampleof theeffects
of positionandnormalconstraintsis shown in Figure2(a).

2.2.2 Depth Discontinuitiesand Creases

A depthdiscontinuityis acurveacrosswhichsurfacedepth
is not continuous,creatinga tearin thesurface.A creaseis
a curve acrosswhich the surfacenormal is not continuous
while the surfacedepthis continuous. Depth discontinu-
itiesandcreasesareintroducedto modelimportantfeatures
in real-world imagery. For example,mountainridgescanbe
modeledascreasesandsilhouettesof objectscanbemod-
eledasdepthdiscontinuities.Thesefeaturescanbe easily
speci�edby userswith a 2D graphicsinterface.

Depthdiscontinuitiesandcreasesaremodeledby de�n-
ing theweights

�

��� � ,
�

��� � , and � ��� � in thesmoothnessobjec-
tive functionof Eq. (1). Givena depthdiscontinuitycurve,
let A-B-C bea setof threeconsecutivecolineargrid points
thatcrossthecurve,andD-E-F-Gacell thatthecurveinter-
sects.ForeachsuchtupleA-B-C, theterm �����
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by setting
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� or ��� to 0. For eachsuch
cellD-E-F-G,theterm ����	
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� is alsodropped
by setting

�

� to 0. Eachcreasecurve is �rst scancon-
verted[7] to the samplinggrid points. Then,all the terms
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� aredroppedif B is on thecurve; all the
terms ����	
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� aredroppedif eitheredgeD-E
or edgeF-G is on thecurve. Otherwise,all theweightsare
1 by default. Examplesof depthdiscontinuityandcrease
constraintsareshown in Figures2(b)and(c) respectively.

2.2.3 Planar RegionConstraints

Thenecessaryandsuf�cient conditionsfor surfaceplanarity
overaregion � are ��! ! ��� � �
	 � � ! #
����� �
	 ��� #�# ����� �
	 ��� ,
�

��� � �
	���� , andde�ne thefollowing constraintson �
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for all threeconsecutive colineargrid pointsA-B-C in � ,
and for all cells D-E-F-G in � . An exampleof a planar
regionconstraintis shown in Figure2(d).

2.2.4 Fairing Curve Constraints

It is oftenveryusefulfor usersto controlthesmoothnessof
thesurfacebothalongandacrossa speci�c curve. For ex-
ample,surfacedepthis madeto varyslowly alongacurvein
Figure2(e),andthesurfacegradientis madeto varyslowly
acrossa curve in Figure2(f). Fairing curvesprovide bet-
tercontrolof theshapeof thesurfacealongsalientcontours
suchassilhouettes,andareachievedasfollows.

Supposethatauserspeci�esacurve � ����	 � ��� ����	 � � ����	 	 '

in theimage.To maximizethesmoothnessalongthecurve,
thefollowing integral is minimized
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Thegradientof thesurfaceacross� is �� � 	 '"!$# , where
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of � . To make the surfacegradientacross� ����	 have small
variation,theintegral
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is minimized. Note that
�

�

�

���� � 	 '"!$#
	 is the derivative of
the surfacegradientacross the curve with respectto the
curveparameter.
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where *�� ��� ��	�+ are samplingpoints on the curve. Conse-
quently, Eqs. (7) and (8), can be expressedas quadratic
formsof � . Theresultingequationsareadded,with weights

,

# and -
# , into Eq. (1), resulting in a modi�ed surface

smoothnessobjective function
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We call
,

#

���

��� 	 the curvature term and -
#

��%

��� 	 the tor-
sionterm.Notethat

�

��� 	 is a quadraticform.

2.3 Linearly Constrained Quadratic Opti-
mization

Basedonthesurfaceobjectivefunctionandconstraintspre-
sentedin Section2.1 and 2.2, �nding the smoothestsur-
facethat satis�es theseconstraintsmay be formulatedas
a linearly constrainedquadraticoptimization. Point con-
straintsandplanarregion constraintsintroducea setof lin-
earequations,Eqs.(2-6), for the depthmap � , expressed
as 1 � �32 . Surfacediscontinuityandcreaseconstraints
de�ne weights

�

,
�

, and � andfairing curveconstraintsin-
troduce4

#

��.

��� 	 in Eq. (9).
�

��� 	 is a quadraticform and



canbeexpressedas � '�� � , where � is theHessianmatrix.
Consequently, our linearly constrainedquadraticoptimiza-
tion is de�ned by
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The Lagrangemultiplier methodis usedto convert this
probleminto thefollowing augmentedlinearsystem
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(11)

TheHessianmatrix � is adiagonally-bandedsparsema-
trix. For a grid of size � by � , � is of size �

� by �

� ,
with bandwidth of ' � � 	 andabout13 non-zeroelements
per row. Direct methods,suchasLU Decomposition,are
of ' � �)( 	 time complexity, andarethereforedo not scale
well for largegrid sizes.Iterative methodsaremoreappli-
cable.We usetheMinimumResiduemethod[17], designed
for symmetricnon-positive-de�nite systems.However, the
linear systemarisingfrom Eq. (10) is often poorly condi-
tioned,resultingin slow convergenceof theiterativesolver.
To addressthis problem,a hierarchicalbasisprecondition-
ing approachwith adaptive resolutionis presentedin the
next section.

3 Hierar chical Transformation with
AdaptiveResolution

The reasonfor the slow convergenceof the Minimum
Residuemethodis that it takes many iterationsto propa-
gatea constraintto its neighborhood,dueto thesparseness
of � . The �rst row of Figure4 shows an exampleof this
constraintpropagationprocess,wherethetwo normalcon-
straintsgenerateonly two smallripplesafter200iterations.
Multigrid techniques[23] have beenappliedto this typeof
problem,however, they aretricky to implementandrequire
a fairly smoothsolutionto be effective [20]. Szeliski[20]
andGortleret al. [8] usehierarchicalbasisfunctionsto ac-
celeratethe solution of linear systemslike Eq. (11). We
review their approachnext, to providea foundationfor our
work whichbuildsuponit.

In thehierarchicalapproach,aregulargrid is represented
with a pyramidof coef�cients [3], wherethenumberof co-
ef�cients is equalto theoriginalnumberof grid points.The
coarselevel coef�cients in thepyramiddeterminealow res-
olution surfacesamplingand �ne level coef�cients deter-
mine surfacedetails,representedasdisplacementsrelative
to theinterpolationof thelow resolutionsampling.To con-
vert from coef�cients to depthvalues,the algorithmstarts
from the coarsestlevel, doublesthe resolutionby linearly

Figure3: A cell is theprimitivefor 2D hierarchicaltransfor-
mation.Thedepthat thecenterpoint I is interpolatedfrom
themidpointsE, F, G, andH, whicharein turn interpolated
alongeachedgeof thecell.

interpolatingthe valuesof current level, addsin the dis-
placementvaluesde�nedby thecoef�cients in thenext �ner
level, movesto the next �ner level, andrepeatsthe proce-
dureuntil the �nest resolutionis obtained. Using similar
notationasSzeliski's [21], theprocesscanbewritten
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where 7 is thenumberof levels in hierarchy, �54�6

�

M is the
hierarchicalcoef�cient for D , �

M is thesetof grid pointsin
level �



! usedin interpolationfor D in level � , and

U

M

�

O

is aweightthatwill bedescribedlater. Level � consistsof a
singlecell, with coef�cients de�ned to bethedepthvalues
at thecornersof thecell.

In previouswork, theweights
U

M

�

O werede�nedto aver-
ageall thepointsin �

M , resultingin asimpleaveragingop-
erationfor computingD from �

M . Thisapproachimplicitly
assumeslocalsmoothnesswithin theregionde�nedby �

M ,
resultingin poorconvergencein thepresenceof discontinu-
ities. In practice,this choiceof weightscausestheartifact
that modifying the surfaceon one side of a discontinuity
boundarydisturbstheshapeon theothersideduringtheit-
erative convergenceprocess.As a result,it takeslongerto
convergeto asolution,andresultsin unnaturalconvergence
behavior. The latter artifact is a problemin an incremen-
tal solver wherethe evolving surfaceis displayedfor user
consumption,asis donein our implementation.To address
this problem,we next introducea new interpolationrule to
handlediscontinuitiesbetweenthegrid pointsin �

M .
Thebasicunit in the2D hierarchialtransformationtech-

nique is the cell shown in Figure 3, wherethe depth for
cornersA, B, C, andD hasalreadybeencomputedandthe
taskis to transformcoef�cients atE, F, G, H, andI to depth



valuesat thesepoints.With thesamenotationasin thepro-
cedure,CoefToDepth , � 
 � *��%��� + , � � � *�� ��� + ,

� � � *�� ��� + , �
	 � *�� ����+ , and �
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� along edges,and thenoffset by their respective coef�-
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 � � � � � � � and��	 andoffsetby its coef�cient, ���� . Thetwo
interpolationstepsaboveusecontinuity-basedinterpolation
with weightsde�ned as
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(12)
In the absence of discontinuities, the proposed

continuity-basedweightingschemeis the sameas simple
averagingschemesusedin previouswork [20, 21]. In the
presenceof discontinuities,only locally continuouscoarse
level grid points are usedin the interpolation. The new
schemeprevents interferenceacrossdiscontinuitybound-
ariesandconsequentlyacceleratesthe convergenceof the
Minimum Residuealgorithm.Thesecondandthird rowsof
Figure4 show aperformancecomparisonbetweenstandard
hierarchical transformationand our transformationwith
continuity-basedweighting on a simple surfacemodeling
problemwith onediscontinuitycurve. Theimprovementof
our algorithmis quiteevident in this example. In the third
row, our new transformationbothacceleratesthe propaga-
tion of constraintsandremovesthe interferenceacrossthe
discontinuityboundary. We have foundthis kind of behav-
ior very typical in practiceand�nd thataddingcontinuity-
basedweighting yields dramaticimprovementsin system
performance.

To summarizeour approachin brief, insteadof solving
Eq. (11) directly, we solve the hierarchicalcoef�cients *�

of the grid point � instead. The conversionfrom *� to �

is implementedby the procedure,CoefToDepth , with
continuity-basedweighting. The procedureimplementsa
linear transformationandcanbe describedby a matrix +

[20]. Substituting� �,+-* � into Eq. (10) andapplyingthe
LagrangeMultiplier methodyields the transformedlinear
system[8]:
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Thematrix +�'��.+ is shown to bebetterconditioned[20],
resulting in fasterconvergence. The numberof �oating
point operationsof the procedure�
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�

6YH JLK and its
adjoint[20] is approximately2 �

� for agrid sizeof �

�

� .
Consideringthattherearearound13non-zeroelementsper

row in � , the overheadintroducedby + in multiplying
+ '��.+ with a vectoris about30%. Giventheconsiderable
reductionin numberof iterationsshown in Figure 4, the
total run time is generallymuchlower usinga hierarchical
technique,evenwith thisoverhead.

AdaptiveSurfaceResolution

As analternative to solvingfor thesurfaceon thefull grid,
it is oftenadvantageousto useanadaptivegrid, with higher
resolutionusedonly in areaswhereit is needed.For ex-
ample,the surfaceshouldbe sampleddenselyalonga sil-
houetteandsparselyin areaswherethegeometryis nearly
planar. We supportadaptive resolutionby allowing the
user to specify the grid resolutionfor eachregion via a
user-interface. Subdivision may alsooccurautomatically–
in our implementation,discontinuityandcreasecurvesare
automaticallysubdividedto enableaccurateboundaries.A
quad-treerepresentationis usedto representthe adaptive
grid. By modifying our hierarchicaltransformationtech-
niqueto operateonaquad-treegrid, asin [21], theruntime
of thealgorithmis proportionalto thenumberof subdivided
grid points,which is typically much smallerthan the full
grid.

Modifying the algorithm to operateon a quad-treere-
quires the following changes. First, the triangular mesh
representationin Section2.1.1 is adaptedso that eachin-
sertedvertex is connectedto all thegrid pointson thecell,
not just to thefour corners.Second,expressionsfor the�rst
andsecondderivativesof � in termsof � shouldbederived
from the quad-treerepresentation,e.g., by interpolatinga
regular grid neighborhoodaroundeachpoint from the tri-
angularmesh. Finally, specialcareshouldbe taken to ap-
proximatesurfaceandcurve integralsby summations,e.g.,
Eq. (1), on thenon-uniformgrid, by weighingeachtermin
thesummationaccordingto thesizeof the local neighbor-
hood. The full detailsof thesemodi�cations are omitted
herefor lackof space,but canbefoundonline[29].

4 Experimental Results

We have implementedtheapproachdescribedin this paper
andappliedit to createreconstructionsof a wide varietyof
objects. Only threeof theseresultsare presentedin this
sectionbut higherresolutionimagesand3D VRML mod-
els canbe found online [29]. We encouragethe readerto
perusetheseresultsonlineto bettergaugethequalityof the
reconstructions.

Smoothobjectswithout positiondiscontinuitiesarees-
peciallyeasyto reconstructusingour approach.As a case
in point,theJellyBeanimagein the�rst row of Figure5 re-
quiresonly isolatednormalsandcreasesto generateacom-
pelling model,andcanbe createdquite rapidly (about20



minutes,includingtimeto specifyconstraints)usingour in-
teractive system.The�rst row of Figure5 shows the input
image,quad-treegrid with constraints,a view of thequad-
treefrom a novel viewpoint, anda texturemappedrender-
ing of the sameview. For this example,the userworked
with a �

�

�

�

�

grid thatwasautomaticallysubdividedasthe
creasecurvesweredrawn. This modelhas144constraints
in all, 3396gridpoints,andrequired25secondsto converge
completelyona1.5GHzPentium4 processor, usingourhi-
erarchicaltransformationtechniquewith continuity-based
weighting. Thesystemis designedso thatnew constraints
may be addedinteractively at any time during the model-
ing process–theuserdoesnot have to wait until full con-
vergenceto specifymoreconstraints.The secondrow of
Figure5 shows a single-view reconstructionof The Great
Wall of China. This examplewasmuchmorechallenging
thantheJellyBean,dueto thecomplex scenegeometryand
signi�cant perspective distortions.Despitetheseobstacles,
a 3D model was reconstructedthat appearsvisually con-
vincing from a signi�cant rangeof views. This modelhas
135constraints,2566grid points,andrequired40 seconds
to convergecompletely.

An interestingapplicationof singleview modelingtech-
niques is to reconstruct3D models from paintings. In
contrastto other techniques[6, 10, 1, 4], our approach
doesnot makestrongassumptionsaboutgeometry, making
it amenableto impressionistand other non-photorealistic
works. Herewe show a reconstructioncreatedfrom a self-
portraitof vanGogh.This modelhas264constraints,3881
grid points,andrequired45 secondsto converge.This was
the most complex model we tried, requiring roughly 1.5
hoursto design. For purposesof comparison,it takes70
secondsto converge without using the hierarchicaltrans-
formationand3 minutesusingthehierarchicaltransforma-
tion without continuity-basedweighting,indicatingthatan
inappropriately-weightedhierarchicalmethodcanperform
signi�cantly worsethannot usinga hierarchyat all. Note,
however, that thereis signi�cant room for optimizationin
ourimplementation,andweexpectthatthetimingsfor both
hierarchicalmethodscouldbe improvedby a factorof 1.5
or 2.

5 Conclusions

In thispaper, it wasarguedthatareasonableamountof user
interactionis suf�cient to createhigh-quality3D scenere-
constructionsfrom a single image,without placingstrong
assumptionsoneithertheshapeor re�ectancepropertiesof
thescene.To justify this argument,an algorithmwaspre-
sentedthattakesasinput a sparsesetof user-speci�edcon-
straints,including surfacepositions,normals,silhouettes,
andcreases,andgeneratesa well-behaved3D surfacesat-
isfying theconstraints.As eachconstraintis speci�ed, the

systemrecalculatesanddisplaysthe reconstructionin real
time. A technicalcontribution is a novel hierarchialtrans-
formation techniquethat explicitly modelsdiscontinuities
andenablessurfacecomputationat interactive rates. The
approachwasshown to yield very goodresultson real im-
ages.

Therearea numberof interestingavenuesfor futurere-
searchin this area.In particular, single-view modelinghas
theinherentlimitation thatonly visiblesurfacesin animage
canbemodeled,leadingto distractingholesnearoccluding
boundaries.Automatichole�lling techniquescouldbede-
velopedthatmaintainthesurfaceandtextural attributesof
thescene.Anotherimportantextensionwould beto gener-
alize to perspective projectionaswell asotherusefulpro-
jectionmodelslike panoramas.
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renderingarchitecturefrom photographs”,ACM SIGGRAPH
Proceedings, pp.11-20,1996.

[7] J.D. Foley, A. vanDam,S.K. Feiner, J.F. Hughes,Computer
Graphics:PrinciplesandPractice, Addison-Wesley Publish-
ing Company, Inc., pp.72-91,1990.

[8] S. Gortler and M. Cohen, “Variational modeling with
wavelets”,TR-456-94, Deptof ComputerScience,Princeton
Univ, 1994.

[9] B. K. P. Horn, “Height andgradientfrom shading”,Int' l J.of
ComputerVision,vol. 5, no.1, pp.37-75,1990.

[10] Y. Horry, K. Anjyo, K. Arai, “Tour into the picture: using
a spiderymeshinteraceto make animationfrom a singleim-
age”,ACM SIGGRAPHProceedings, pp.225-232,1997.

[11] T. Igarashi,S. MatsuokaandH. Tanaka,“Teddy: a sketch-
ing interfacefor 3D freeformdesign”,ACM SIGGRAPHPro-
ceedings, pp.409-416,1999.

[12] S.B. Kang, “Depth painting for image-basedrenderingap-
plications”,Tech.Rep.CRL,CompaqComputerCorporation,
CambridgeResearchLab., Dec.1998.

[13] J. J. Koenderink,“Pictorial Relief”, Phil. Trans.of theRoy.
Soc.:Math.,Phys,andEngineeringSciences, 356(1740),pp.
1071-1086,1998.



[14] M. Levoy, K. Pulli, B. Curless,S. Rusinkiewicz, D. Koller,
L. Pereira,M. Ginzton,S.Anderson,J.Davis, J.Ginsberg, J.
Shadeand D. Fulk, “The digital michelangeloproject: 3D
scanningof large statues”,ACM SIGGRAPHProceedings,
pp.131-144,2000.

[15] S.K. Nayar, Y. Nakagawa,“Shapefrom focus”,IEEETrans.
onPAMI, vol.16,no.8,pp.824-831,1994.

[16] B. M. Oh,M. Chen,J.Dorsey, andF. Durand,“Image-based
modelingandphotoediting”, ACM SIGGRAPHProceedings,
pp.433-442,2001.

[17] W. H. Press,B. P. Flannery, S.A. Teukolsky, andW. T. Vet-
terling,Numericalrecipesin C, CambridgeUniversityPress,
pp.83-89,1988.

[18] H.-Y. Shum,M. Han,andR. Szeliski.“Interactive construc-
tion of 3D modelsfrom panoramicmosaics”,IEEE Conf. on
CVPR, pp.427-433,June1998.

[19] B. J. Super, A. C. Bovik, “Shapefrom texture using local
spectralmoments”,IEEE Transon PAMI, vol. 17, no. 4, pp.
333-343,1995.

[20] R.Szeliski,“Fastsurfaceinterpolationusinghierarchicalba-
sisfunctions”,IEEE Trans.on PAMI, vol. 12,no.6, pp.513-
528,June1990.

[21] R. Szeliski,H.-Y. Shum,“Motion estimationwith quadtree
splines”, IEEE Trans.on PAMI, vol. 18, no. 12, pp. 1199-
1209,1996.

[22] R. SzeliskiandR. Zabih, “An experimentalcomparisonof
stereoalgorithms”,Int'l Workshopon Vision Algorithms, pp.
1-19,September1999.

[23] D. Terzopoulos,“Imageanalysisusingmultigrid relaxation
methods”,IEEE Trans.on PAMI, vol. 8, no. 2, pp. 129-139,
June1986.

[24] D. Terzopoulos,“Regularizationof inversevisual problems
involving discontinuites”,IEEETrans.onPAMI, vol. 8,no.4,
pp.413-424,June1986.

[25] A. N. Tikhonov, V. Y. Arsenin,Solutionsof Ill-Posedprob-
lems, Washington,DC: Winston,1977.

[26] W. Welch and A. Witkin, “Variationalsurfacemodeling”,
ACM SIGGRAPHProceedings, pp.157-166,1992.

[27] L. Williams, “3D paint”, Proceedingsof the Symposiumon
Interactive 3D GraphicsComputerGraphics, pp. 225-233,
1990.

[28] H. Yserentant,“On themulti-level splittingof �nite element
spaces”,NumerischeMathematik, vol. 49,pp.379-412,1986.

[29] “Single view modeling project website”,
http:grail.cs.washington.eduprojectssvm.



Methods Iteration0 Iteration200 Iteration1200 Iteration2500 Iteration9500

Figure4: Performancecomparisonof solvingEq.11by usingnohierarchicaltransformation,traditionaltransformation,and
ournovel transformationin termsof numberof iterations.Themodelhasapproximately1400grid points,and4 constraints.

original image constraints 3D wireframe novel view

Figure5: Examplesof singleview modelingon differentscenes.Fromleft to right, thecolumnsshow theoriginal images,
user-speci�edconstraintsonadaptivegrids,3D wireframerendering,andtexturedrendering.


