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Figure 1: A traditional Chinesearchitecture,the Pavilion of Manifest Benevolence(also known as TiRen Ge) in the ForbiddenCity, is
modeledfrom asingleinput image.(a) is theinput imageoverlaidwith user-drawn strokes.(b) is therenderingof therecoveredmodelfrom
thesameviewpointastheinput imagefor validation.(c) shows therenderingfrom anovel viewpoint.

Abstract

We presenta methodto recover a 3D texture-mappedarchitecture
modelfrom asingleimage.Bothsingleimagebasedmodelingand
architecturemodelingarechallengingproblems.We handlethese
dif�culties by employing constraintsderived from shapesymme-
tries,which areprevalentin architecture.We �rst presenta novel
algorithmto calibratethecamerafrom asingleimageby exploiting
symmetry. Thena setof 3D points is recoveredaccordingto the
calibrationandtheunderlyingsymmetry. With thesereconstructed
points,theuserinteractively marksoutcomponentsof thearchitec-
turestructure,whoseshapesandpositionsareautomaticallydeter-
minedaccordingto the3D points.Lastly, we texturethe3D model
accordingto theinput image,andweenhancethetexturequalityat
thoseforeshortenedandoccludedregionsaccordingto their sym-
metriccounterparts.Themodelingprocessrequiresonly afew min-
utesinteraction.Multiple examplesareprovidedto demonstratethe
presentedmethod.
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1 Intr oduction
Creatinghighquality3D architecturemodelsis importantfor many
applicationsincluding digital heritage,games,movies,etc. Many
methods[Debevecet al. 1996;Liebowitz et al. 1996;Müller et al.
2007;Xiao et al. 2008;Sinhaet al. 2008]have beenproposedfor
this purpose. Most of them focus on piecewise planararchitec-
turesandtake multiple imagesas input. Planarstructuresinduce
strongshapeconstraintandsimplify the3D reconstruction.How-
ever, many traditionalandmoreartisticarchitectureshave intricate
geometricstructureandcurvedroofs,which arehighly non-planar

andcannotbemodeledwell by existing methods.Yet, thesebuild-
ingsareoftenlandmarksthatareparticularlyworthy of beingmod-
eled. Furthermore,multiple imagesof the samebuilding arenot
alwaysavailable.Thus,it is practicallyimportantto build amodel-
ing systemthatworkson thebasisof a singleinput image.Single
imagebasedmodelingis dif�cult. First, it is dif�cult to calibrate
thecamera(i.e. recoveringboth intrinsic andextrinsic camerapa-
rameters),which is necessaryto relatethe imageto the3D model.
Second,a singleimageoften doesnot provide enoughtexture in-
formationdueto foreshorteningandocclusion.

This paperaddressesthe problemof modelingcomplex architec-
ture from a single image. Insteadof relying on planarstructures
andmultiple images,weadvocateexploiting symmetriesfor 3D re-
construction.As MagdolnaandHargittai [1994] have commented,
symmetryis `aunifying concept'in architecture.A singleimageof
a symmetricbuilding effectively providesobservationsfrom mul-
tiple symmetricviewpoints[ZhangandTsui 1998;Francoiset al.
2002; Hong et al. 2004]. In otherwords,shapesymmetryeffec-
tively upgradesa singleinput imageto multiple images.To exploit
thisproperty, we�rst proposeamethodtocalibratethecamerafrom
a singleimageaccordingto thepresentedsymmetry. This calibra-
tion allows our systemto handleimageswith completelyunknown
camerainformation(e.g. internetdownloadedpicturesandarchive
pictures).Then,a virtual camerais duplicatedat thepositionsym-
metric to the real camera,andits observed imageis derived from
the input image. A stereoalgorithm follows to recover a set of
3D points from the real and virtual camerapair. After that, the
userinteractively organizesthereconstructed3D pointsinto a high
quality meshmodel. To keepthe interactionsimple,theuseronly
manipulatesin the imagespaceto mark out variousarchitecture
componentssuchaswalls androofs, whoseshapesandpositions
in 3D areautomaticallycomputed.Symmetriccounterpartsof each
markedcomponentaregeneratedautomaticallyto reducetheuser
interaction.Thanksto thestrongsymmetry, themodelingprocess
typically takeslessthan5 minutesof interaction.Lastly, themodel
is texturedaccordingto the single input image. We usesymme-
try again to enhancethe texturequality at thoseforeshortenedand
occludedregions.

The contribution of this paperis a systematicarchitecturemodel-
ing methodbuilding uponubiquitousarchitecturesymmetries.We
build a novel cameracalibrationalgorithm(sec. 3.1), an ef�cient
interactive architecturemodelinginterface(sec. 4.1) anda practi-



cal textureenhancementmethod(sec. 4.2). All thesecomponents
prove architecturemodelingcanbemadevery ef�cient by making
appropriateusageof symmetry-basedconstraints.

Figure2 shows the pipelineof our system. We �rst calibratethe
camerafrom asingleimage.Thenwereconstructasetof 3D points
accordingto the calibrationandarchitecturesymmetry. Next, the
user interactively marksout structuralcomponentssuchas roofs
andwalls to build an initial 3D model. The usercanalsoadd in
more geometricdetail, suchas roof tiles and handrails,or insert
prede�nedprimitives, suchas pillars and staircases.At last, the
recoveredmodelis texturedaccordingto the input image.Texture
synthesisis usedto improvetexturequalityattheforeshortenedand
occludedregions.

2 Related work
3D reconstructionandarchitecturemodelinghave receiveda lot of
researchinterest,with a largespectrumof modelingsystemsdevel-
opedto build realistic3D models.Hereweonly review thoseworks
relatedto symmetryandarchitecturemodeling.Wecategorizethem
accordingto theirmethodologies.

3D reconstruction fr om symmetries: It is well known thatsym-
metry providesadditionalconstraintfor 3D reconstruction.Roth-
well et al. [1993] andFrancoiset al. [2002] studiedthe3D recon-
structionof bilaterally symmetricobjects.ZhangandTsui [1998]
extendedit to handlearbitraryshapeby insertinga mirror into the
scene.Hong et al. [2004] provided a comprehensive studyof re-
constructionfrom varioussymmetries.Most of theseworks focus
on bilateralsymmetryandstudythe resultingmulti-view geomet-
ric structuressuchasthespecialcon�gurationsof thefundamental
matrix andepipoles.Theseworksoftenassumethecamerais pre-
calibratedwith known focal lengthand/orpose(positionandorien-
tation)for 3D reconstruction.AlthoughHonget al. [2004] studied
the cameracalibrationproblemfrom symmetries,their resultsare
limited, e.g.thecameracanbecalibratedfrom thevanishingpoints
of threemutually orthogonalaxis of bilateralsymmetry. In com-
parison,we focuson the applicationof architecturemodelingand
studybothbilateralandrotationalsymmetries.Sincewe aremore
speci�c aboutthe object to be modeled,we obtainedstrongerre-
sultsbothoncameracalibrationandtexturecreation,which leadto
a completesystemfor high quality modelingwith a singleuncali-
bratedimage.

Proceduralarchitecture modeling: Proceduralmethodsbuild 3D
architecturemodelsfrom rulesandshapegrammars.They cangen-
eratehighly detailedmodelsatthescaleof bothanindividualbuild-
ing anda wholecity [ParishandMüller 2001;Müller et al. 2006].
A disadvantageof thesemethodsis thatit takesexpertisefor its ef-
fective usage.It is alsohardto specifyrulesto modela particular
building.

Interacti ve architecture modeling Façade[Debevecet al. 1996]
�tted a parametricbuilding modelto thesingle(or multiple) input
image(s)accordingto theusermarkedgeometricprimitives. High
quality resultscanbeachieved. Therearealsocommercialmodel-
ing systemslike GoogleSketchUp,wheretheusersketchesfreely
to createa 3D building modelfrom scratchor accordingto an im-
age.Themajorlimitation of thesetwo systemsis thelargeamount
of user interactioninvolved. In GoogleSketchUp,all the shape
detailshave to be sketchedmanually. As reportedin Debevec's
PhD thesis[1996], for the relatively simple Berkeley Campanile
example(seeFigure13),aboutonehundrededgesneedto beman-
ually markedandcorrespondedwhich takes2 hours. Our method
involvesmuchlessinteraction,becausethe 3D informationis ex-
plicitly recoveredbefore the interactive façadedecompositionand
reconstruction.With our system,theuserdraws lessthan20 lines

and it takesonly 9 minutes(for a novice) to model the Berkeley
Campanilebuilding. Another limitation of the Façadesystemis
thatit requiresthecamerato bepre-calibratedwith known intrinsic
parameters.To handleuncalibratedcameras,the vanishingpoints
of threemutuallyorthogonaldirectionsneedto bedetectedfrom the
image[Debevec 1996], which is often impossible(e.g. for build-
ingsin Figure10–Figure12)andnumericalunstable[Wilczkowiak
et al. 2005]. In comparison,ournovel auto-calibrationalgorithmis
morerobust andcanhandlemoregeneraldata,which is a critical
featurefor adesktopmodelingtoolkit.

Single imagebasedarchitecture modeling: Imagesprovide very
useful information to assistmodeling. Even a single imagecan
guidethemodelingquiteeffectively. Hoiemet al. [2005] obtained
a rough3D modelby recognizing'ground', 'sky' and'vertical' ob-
jectsin the image.Liebowitz et al. [1996] createda 3D modelby
exploiting parallelismandorthogonalityfrom a singleimage. Oh
etal. [2001]manuallyassignedadepthwith apaintinginterfaceto
create3D model. Sucha procedureis tediousandlabor intensive.
Müller et al. [2007] derivedshapegrammarsfrom a singleimage
of a façadeplane. Thesesingle imagebasedmethodsarelimited
to simplebuildings. While our methodalsotakesa single image
asinput,we explicitly reconstruct3D pointsfrom theinput image,
whichhelpsbothto simplify theuserinteractionandto modelmore
complicatedbuildings.

Multiple imagesbasedarchitecture modeling: Multiple images
from differentviewpointsprovide stronggeometricconstraintson
3D structure.Dick etal. [2004]built statisticalmodelto infer build-
ing structurefrom multiple images.However, suchinferenceis un-
reliable for complex buildings. The multi-view stereoalgorithm
developedin thecomputervisioncommunitycangeneratecloudof
3D scenepointsfrom multiple images,which leadto morerobust
reconstruction.Sinhaet al. [2008] usedan unorderedcollection
of picturesto assistinteractive building reconstruction.Xiao et al.
[2008] tookpicturesalongstreetsandbuilt 3D modelsof thewhole
street. Pollefeys et al. [2008] developeda real-timesystemfor
urbanmodelingfrom video data. Our methodis inspiredby the
work of Sinhaet al. [2008] andXiao et al. [2008], whererecon-
structed3D pointscanbeusedtoguideuserfor ef�cient interaction.
Speci�cally, if 3D pointsarereconstructed,tediousmanualcorre-
spondenceasin [Debevecetal.1996]canbeavoided.Theuseronly
needsto markoutstructuralcomponents,whoseshapeandposition
canthenbe determinedfrom the reconstructed3D points. A dis-
advantageof thesemultiple imagebasedmethodsis their needfor
multiple imagesof thesamebuilding asinput,which is not always
available.In contrast,ourmethodrequiresonly asingleimage.

Aerial imagesbasedarchitecturemodeling: Therearealsometh-
ods[Zebedinet al. 2006] which usedaerial imagesto reconstruct
buildings. Someof them[Früh andZakhor2003] combineaerial
imageswith ground-level imagesfor the modeling. The focusof
thesemethodsis on how to ef�ciently modelvery largesetof data.
As such,thequality of eachindividual building couldbesacri�ced
for modelingef�ciency. In comparison,our focusis onhow to cre-
ateahighqualitymodelfor asinglebuilding.

Ourmethodcombinesthestrengthof bothinteractivemodelingand
imagebasedmodeling. We take a single imageas input and re-
constructexplicit 3D informationby leveragingonprevalentarchi-
tecturalsymmetry. The reconstructed3D informationhelpsus to
designa moreef�cient interfacethanpreviousinteractive methods
andsingle imagebasedmethods. Comparedwith thosemethods
with multiple images,our systemis more�e xible sinceit requires
muchlessdata.



Figure2: Themodelingpipeline. We �rst calibratethecameraaccordingto theuserspeci�ed frustumverticesandreconstructa setof 3D
points. The architecturecomponents(i.e. walls androofs) aretheninteractively decomposedandmodeled.Shapedetailscanbe addedif
necessary. Lastly, the�nal modelis texturedwith our textureenhancementtechnique.

3 3D Reconstruction by Symmetr y
In this section,we reconstructthe cameraposeand a set of 3D
pointsfrom a singleimageby exploiting architecturalsymmetries,
includingbothbilateralandrotationalsymmetry. We �rst calibrate
thecamerafrom anobservedpyramidfrustum.Thenwe duplicate
avirtual cameraaccordingto thecalibrationandtheobservedsym-
metry. 3D pointsarecomputedby a stereoalgorithmfrom thereal
andvirtual cameras.

3.1 Symmetr y-based calibration

Camerasneedto be calibratedfor undistorted3D reconstruction.
Thecalibrationaccuracy is importantastheimageis relatedto the
3D modelaccordingto thecalibration.3D reconstructionis simpli-
�ed whenthecamerais pre-calibratedof�ine asin [Debevecet al.
1996]. However, therequirementof pre-calibrationalsolimits the
imagescanbeprocessed.Weproposeanovel auto-calibrationalgo-
rithm to give our systemthe �e xibility of working on imageswith
completelyunknown camerainformation,e.g.internetdownloaded
picturesandhistoricalpictures.

Cameracanbe calibratedfrom the vanishingpointsof threemu-
tually orthogonaldirectionsin a single image [Hartley and Zis-
serman2001], which is appliedfor façademodelingin [Debevec
1996]. However, many images,e.g. Figures 10–12, do not have
threesuchvanishingpoints.Furthermore,thevanishingpointbased
approachis oftennumericallyunstable[Wilczkowiak et al. 2005].
Naturallyembeddingtheconstraintsfromthreevanishingpoints,an
parallelepipedin asingleimagecanbeusedto calibratethecamera
[Wilczkowiak etal. 2001;Wilczkowiak etal. 2005].Thisapproach
is stableandaccurateandis appliedfor architecturemodeling.Par-
allelepiped,however, is not the mostsuitablegeometricprimitive
for architecture.A degreeof freedomis redundantfor architecture
sincethe horizontalshearingof a parallelepipedis not presentin
realbuildings. On theotherhand,thehorizontalsizeof realbuild-
ingsoftengraduallyshrinkwhentheheightincrease.This feature
is commonin architectures,asillustratedin Figure1 andFigures
10–12,but it cannotbe representedby a parallelepiped.A better
geometricprimitive is the pyramid frustum,which doesnot intro-
ducetheredundantdegreeof freedomandcanmodelrealbuildings
well.

A pyramidal frustumis a truncatedpyramid as illustratedin Fig-
ure3. Here,weuseafrustumwith arectangularbaseasanexample
for discussion,thoughour resultsarevalid for frustumswith differ-
ent bases.We parameterizea pyramid frustum by � ; � ; l1 ; l2 ; l3 ,
as illustratedin Figure3. � is � 1 andcontrolsthe shrinkingof
thepyramid. If � = 1, thepyramidfrustumdegeneratesto a right
prism,a parallelepipedwith zerohorizontalshearing.� is thean-
gle betweenthetwo adjacenthorizontaledgesof thefrustumbase.
l i ; 1 � i � 3; arethethreeindependentlengthsof thestructure.For
modelingapplications,the absolutepositionandsizeof the struc-
ture is not important.Hence,without lossof generality, we canlet
the heightl3 = 1 andconsiderthe origin of the world coordinate
systemto beat thebottomfaceof thefrustum,with thez-axispass-

Figure3: A pyramid frustumis a truncatedpyramid. It shapeis
de�ned by 5 parameters.l i ; 1 � i � 3 de�nes the lengthof its
edges.� controlstheshrinkingin verticaldirection. � is theangle
betweenthetwo horizontaledges.Blue edgesandredverticesare
thepartsof a frustumthatareoftenvisible in architectureimages.

ing throughtheapex of thepyramid,andthey-axisparallelto one
of theedges.Froma singleimageof a building, partof a pyramid
frustum can often be seen(the highlightedverticesand edgesin
Figure3). Thecorrespondingpointsarehighlightedin theFigure1
(a).

The homogeneouscoordinatesof a frustum vertex can be repre-

sentedasPi = � � P̂
>
i , whereP̂i = (x i ; yi ; zi ; 1), andx i ; yi 2

f 1; � 1g; zi 2 f 0; 1g (seeFigure3). Here,

� =

0

B
@

l1 l2c 0 0
0 l2s 0 0
0 0 � l3 0
0 0 � � 1 1

1

C
A ;

where� = 1=� ; s = sin � andc = cos� . As � containsall the
shapeparametersof thepyramidfrustum,the3D reconstructionof
the frustumamountsto the estimationof � . Frustumverticesare
projectedinto imagecoordinatepi = (ui ; vi ; wi ) by theprojective
transformationM, i.e. pi ' MPi = M� P̂i = M̂P̂i , where'
meansequalityup to a scale.M = K � [Rjt] is the 3 � 4 camera
matrix, whereK encodesthecameraintrinsic parameters,R andt
representrelative rotationandtranslationbetweenthe cameraand
theworld coordinatesystem.If six or morefrustumverticescanbe
observedfrom theimage,M̂ canbecomputedby alinearalgorithm
[Hartley andZisserman2001]. Cameracalibrationand3D recon-
structionof thepyramid frustumthenamountsto the factorization
of M̂ as

M̂ = K � [Rjt] � � :
A generalcameraintrinsic matrix K contains5 unknowns. R; t
eachcontains3 unknowns. � hasanother4 unknowns(considering
l3 = 1), makinga totalof 15unknowns.The12componentsof the
3� 4 projectivematrix M̂ provideonly 11 independentconstraints.
This factorizationis impossiblewithout further assumptionabout
thecameraparametersandthescenestructure.Theassumptionin-
volvesthetradeoff betweenthegeneralityof thecameramodeland
the frustumstructures.To modela larger variety of buildings,we
assumethe simplestcameramodelwhereonly the focal lengthis
unknown1. With this simpli�cation, all the 11 unknowns can be

1The otherknown cameraparametersarethe principal point, the pixel
aspectratio,andthecameraskew.



(c) (d)

Figure4: Representingarchitecturesymmetryby pyramidfrustum.
(a) Bilateralsymmetryis characterizedby thesymmetryplane,i.e.
x-z plane.(b) Rotationalsymmetryis characterizedby therotation
axis, i.e. z-axis. With thecalibrationof the real camera,a virtual
cameracanbeduplicatedaccordingto theunderlyingsymmetry. (c)
Stereoalgorithmscanbeappliedto therealandvirtual camerapair
to recoverasetof 3D points.(d) With afew strokesto delineatethe
key parts,theusercanbuild aninitial modelfrom these3D points.

computedfrom the 11 constraintswith a generalnon-linearopti-
mizationmethod.If further informationis known aboutthearchi-
tecturestructureasa prior, suchasthevalueof theangle� or the
lengthratiobetweenl1 andl2 , wecanhandlemoregeneralcamera
matrixwith unknown pixel aspectratioor principalpoint.

Quadratic initialization A goodinitializationiscritical for thesuc-
cessof theabovenon-linearoptimization.In thissubsectionwede-
scribea methodto initialize the estimationby solving a quadratic
equation.Weobserve that

M̂
>

K �> � K � 1M̂ =

0

B
@

l2
1 l1 l2c � �

l1 l2c l2
2 � �

� � � �
� � � �

1

C
A :

Here,K �> � K � 1 = ! is thematrix representingtheimageof the
absoluteconic(IAC). Hence,wehave thefollowing equations,

m̂>
1 ! m̂1 = l2

1 ; m̂>
1 ! m̂2 = l1 l2c; m̂>

2 ! m̂2 = l2
2 : (1)

Here,m̂1 ; m̂2 arethe �rst two columnsof M̂ . Assumingthesim-
plestcameramodel,! dependsonly on the focal lengthf . Equa-
tion (1) provides3 equationsfor 4 unknowns l1 ; l2 ; � ; f . From a
single image,very often we can either tell the value of � or the
lengthratio of l1 andl2 , which reducesoneunknownsfrom Equa-
tion (1) andenablestherecovery of theotherthrees.This provides
the initialization of l1 ; l2 ; � , and f . Next, we initialize the other
unknowns,i.e. R; t, and� .

Oncef is determined,K is known andwecancompute

[Rjt]� = K � 1M̂ = [r 1 ; r 2 ; r3 ; t]�
= [l1r1 ; l2c2r1 + l2s2r2 ; � r 3 + (� � 1)t; t]:

Here,r 1 ; r 2 ; r3 arethe threecolumnsof R. Hence,r 1 canbe ob-
tainedby normalizingthe �rst columnof K � 1M̂ . r 2 is generated
by projectingthe secondcolumnto the planeperpendicularto r 1 ,
andr 3 is simply r 1 � r 2 . t is the last columnof K � 1M̂ . � can
beobtainedfrom themagnitudeof the third column. This givesa
completeinitializationto thecameracalibrationandfrustumrecon-
structionprocedure.

3.2 Symmetr y-based triangulation
Many architecturesexhibit symmetry. Thetwo commonestsymme-
triesarebilateralsymmetryandrotationalsymmetry. Bothof them
canberepresentedby thepyramidfrustumasillustratedin Figure4
(a) and(b) respectively. Bilateralsymmetryis characterizedby the
symmetryplane,i.e. thex-z plane.(Somebuildingsexhibit further

Figure5: Theuserinteractively draw a few strokesto build anini-
tial model.Thebluequadrilateralis theuser-drawn wall structure.
Greenstrokesaretheuser-drawn roof boundaries.

symmetryacrossthey-z plane.)Rotationalsymmetryis character-
ized by the rotationaxis, i.e. the z-axis. Oncethe frustumshape,
i.e. � , is computed,thetypeof symmetrycanthenbeautomatically
determinedfrom thefrustumshape.

With the cameracalibration, we can virtually duplicateanother
cameraaccordingto theunderlyingsymmetryof thebuilding. The
virtual camerais generatedby �ipping the real cameraacrossthe
x-z planein thecaseof bilateralsymmetry, or by rotatingthereal
cameraaroundthe z-axis for an angle� � � in the caseof rota-
tional symmetry. Theobservedimagefrom thevirtual cameracan
bederived from the input image. It is the input imagewith a hor-
izontal �ipping in thecaseof bilateralsymmetry, or is exactly the
input imagein thecaseof rotationalsymmetry[Hong et al. 2004].
Somepreviousworks[ZhangandTsui 1998;Francoiset al. 2002]
demonstratethat stereoalgorithmscanbe appliedto the real and
virtual camerapairwith manuallyspeci�edcorrespondences.

In practice,we �nd thattherecentprogressin featuredetectionand
matching[Lowe 2004] hasmadethe automaticstereoalgorithm
feasibleon therealandvirtual imagepair without manuallyestab-
lishedcorrespondences.To facilitatematching,we take the frus-
tum'ssidefaceasaninitial estimationof thebuilding façade,which
inducesa homography betweentherealandvirtual image[Hartley
andZisserman2001]. We only considermatchesconsistentwith
this homography. To reduceprojective distortion,theimageregion
enclosedin thefrustumsidefaceis further`recti�ed' by mappingit
to a rectangle.Imagefeaturesarecomputedin this `recti�ed' rect-
angle. Obtainedmatchesare further propagatedaccordingto the
methoddescribedin [Lhuillier andQuan2002]. Thenall matched
featuresarereconstructedby triangulation[Hartley andZisserman
2001],which generatesa setof 3D pointson the building façade.
An exampleof this reconstructionis shown in Figure4 (c). More
examplesof 3D reconstructionsareincludedin thesupplementary
video.

4 Surface Modeling
After the symmetry-basedtriangulation, we obtain a set of 3D
points on the building façade. Then the userinteractively builds
a surfacemodelaccordingto thesepointsandthe imageinforma-
tion. Theuser�rst marksout largearchitecturalcomponents,such
aswalls androofs,with a few strokes.Theshapesof thesecompo-
nentsareautomaticallydeterminedfrom therecovered3D informa-
tion. If furthershapedetailsarerequired,theusercanalsoaddroof
tiles andhandrailsby a few additionalstrokes. The whole model
is thentexturedaccordingto the input image. In the input image,
partof themodelis viewed from slantedangle,which causestex-
ture distortion. We usetexture on fronto-parallelfacesto correct
this distortion.Textureon theinvisible surfacesaresynthesizedby
takingtheweatheringpatterninto consideration.

4.1 Geometr y modeling

Model initialization Multi-view stereo automatically recon-
structsa setof 3D points. User interactionoften follows to build



(a) (b)
Figure6: Model re�nement. (a) Theusermarksout the tile shape
from arecti�ed view of theroof's front edge.This tile is appliedto
all roofs. (b) Cut patternis automaticallyextracted.The usercan
alsore�ne someincorrectline segmentsasillustratedin red.

surfacemodelaccordingto thesepoints. This leveragingof auto-
matic vision techniquetogetherwith userinteractionis employed
in several previous systems,suchas[van denHengelet al. 2007;
Sinhaet al. 2008; Xiao et al. 2008]. Similarly, we interactively
identify architecturalcomponentssuchaswalls androofsfrom the
imageplane,andthencomputetheir3D shapeandpositionaccord-
ing to the reconstructed3D information. Müller et al. [2007] and
Xiao et al. [2008] proposeanautomaticmethodto partitionbuild-
ing façadesinto rectangularcomponents.However, thesemethods
cannothandleourcomplex façadedatasuchasthoseshown in Fig-
ure1 andFigure11. Thus,we rely on userinteractionto markout
architecturalstructuresandleave theautomaticpartitionfor future
research.Wemarkout two kindsof structures,namelyplanarwalls
andcurvedroofs.

The userinteractively marksout a planarstructurein the image.
Thenits positionis determinedaccordingto theenclosed3D points.
Its symmetriccounterpartsarealsoautomaticallygenerated.Each
planarstructureshouldpassthroughtwo additionalpoints,which
are the intersectionof the two pairsof edgesof the frustumside
face. In the left of Figure5, thesetwo pointsare illustratedash
andv. h is thevanishingpointof thehorizontaldirection.v canbe
a �nite or in�nite point, dependingon theparameter� of thefrus-
tum. Similar plane�tting approachis usedin [Sinhaet al. 2008].
Thesevanishingpointsserve the purposeof maintainingarchitec-
tureshaperegularities,suchastheanglebetweentwo adjacentwall
planes. Of coursethe usercanalsochooseto discardthesecon-
straintsto have larger modeling�e xibility . In Figure5, the blue
quadrilateralis theuser-drawn planarstructure.With thetwo con-
straintpointsh; v, onereconstructed3D point in the enclosedre-
gion canuniquelydeterminea planarstructure.If multiple points
areavailable,weapplyRANSAC to obtaina robust�tting.

Generally, therearenotenoughreconstructed3D pointsontheroof
(seeFigure4 (c) ) to determineits shapeandposition. The user
needsto mark out roof boundariesin 3D to model the roof. To
simplify theuserinteraction,we introduceasetof auxiliaryplanes.
The userdraws 2D curveswithin theseplanesto decide3D roof
boundaries.Oncethe roof modelingfunction is enabled,multiple
blueauxiliary planesareoverlaidon the input imageasillustrated
in Figure5. 2 The usermarksout the back edge of the roof, i.e.
the solid greencurve. Its 3D positionis determinedby projecting
the drawn curve to the auxiliary planeaccordingto the calibrated
pinholecamera.All thesymmetriccounterpartsof this back edge
aregeneratedaccordingto the symmetryautomatically. The roof
hip, the beamalongthe back edge, is modeledby raisingthe 3D
edgefor a constantdistance.Thenthe userdraws the front edge,
i.e. thedashedgreencurve in Figure5. Similarly, its 3D position
is obtainedby projectingthe drawn curve to the brown auxiliary
plane,which is parallel to the z-axis andpassingthroughthe end
pointsof theback edge. Thecurvedroof is interpolatedaccording
to thesesurroundingedges. More detailsof the user interaction

2The auxiliary planesof bilaterally symmetricbuildings areillustrated
in thesupplementaryvideo.

(a) (b)

(c)

(d)
Figure 7: Examplesof texture enhancement.The texture in (a)
haslow resolutionbecauseof the foreshorteningin the input im-
age. This texture is enhancedto (b) to reduceartifacts. Texture
(d) is synthesizedaccordingto thesamplefrom texture(c). Similar
weatheringpatternis maintained.

can be found in the supplementaryvideo. With thesestrokes to
mark out walls androofs,an initial 3D modelof the building can
be obtainedasshown in Figure4 (d). Correspondingstrokesare
shown in Figure1 (a).

Model re�nement Many architecturescontainintricategeomet-
ric ornaments,which arehardto reconstructfrom stereotriangula-
tion. We describeanef�cient way to modelthesedetails.We deal
with two typesof shapedetailhere,roof tilesandcarvedhandrails.
In addition,we alsohave prede�nedgeometricprimitivessuchas
spheres,pillars andsteps,which canbe directly insertedinto the
building model.Theusercanalsomodelrevolvedsurfaceby spec-
ifying therevolving boundary.

Fromtheinitial model,we extracta recti�ed view of theroof front
edge asshown in Figure6 (a). Theusermarksout onetile in this
recti�ed view. Thetile's shapeandinterval aredeterminedaccord-
ing to thesetwo strokes.Thenumberof tiles is calculatedby divid-
ing thewholefrontedge lengthby thetile's sizeandinterval. Then
thetiling is appliedto thewholeroof surface.Eachtile is textured
by a prede�nedgenerictexture. Handrailshave intricatecut pat-
terns. We alsoextracta recti�ed view of thehandrailasshown in
Figure6 (b). WeapplyCanny edgedetectionto extractedgepixels,
whicharethentracedto form segments.Wediscardshortsegments
andconstrainremainingonesto have a few prede�neddirections,
suchasverticalor horizontal. In Figure6 (b), thegreenedgesare
automaticallydetected,while theredstrokesareuser-inputto re�ne
incorrectedges.The usercaneitheraddor deleteedges.The 3D
shapeof thehandrailis createdfrom the2D patternwith aconstant
depth.

4.2 Texture enhancement
One inevitable problemin single imagemodeling is the lack of
texture samples. Somepartsof the building are viewed from a
slantedview angleor occludedin the input image. Texturing by
back-projectingtheimageto the3D modelwill causelargetexture
distortion. This distortion is systematicallystudiedin [Tai et al.
2008], wherethe texture map is segmentedandsynthesizedwith
considerationof orientationandscalechanges.We alsoapplysyn-
thesistechniquesto improve thetexturequalitywith two novel fea-
tures. First, we requirethe �nal texture to be consistentwith the
foreshortenedimage,which containspartial informationof theun-
derlyingtexture.Second,werequirethesynthesizedtextureto have
consistentweatheringpatterns.

Weenhancetexturemapsby applyingpatchbasedsynthesis[Kwa-



Figure8: A pavilion example. On the left is the singleinput im-
age. On the right is the recoveredmodelrenderedfrom the same
viewpointastheinput image.

tra et al. 2003]. We �rst generatean initial texture mapby back
projection. This texture map is marked automaticallyas regions
freeof distortion,with distortion,or occluded,by thresholdingthe
ratio betweenthe size of the meshtriangle and that of its image
projection.Largerratio indicateslarger texturedistortion. Texture
in thedistortionfreeregionsis usedassamplesto enhancethatof
otherregions.Wetreattheenhancementof foreshortenedregionas
a `super-resolution'problem[Freemanet al. 2000]. This enhance-
mentrunsby iterations.At eachiteration,weoverwriteaforeshort-
enedtexturepatchby adistortionfreepatchthatis mostsimilar (in
the senseof SSD) to it. This new patchis stitchedto the texture
mapby a graph-cutoptimizationasin [Kwatraet al. 2003]. A re-
sult of this super-resolutionis shown in Figure7. The texture in
(a) haslimited resolutiondueto foreshorteningin theinput image.
Our methodcanenhanceit to onewith a similar resolutionto the
fronto-parallelview (Figure7(b)).

The simplestway to texture the occludedregions is to repeatthe
sametexture as thoseof their symmetriccounterparts.However,
this simplerepeatingmakesthe modellook arti�cial. Instead,we
synthesizetexture in the occludedregionsaccordingto thosetex-
ture found in the distortionfree region. Anotherdif�culty lies in
maintainingconsistentweatheringpatterns.Architecturesurfaces
oftenhave strongweatheringpatternsasexempli�ed in Figure10.
Wanget al. [Wanget al. 2006] proposeto extract the surfaceap-
pearancemanifold and weatheringdegreemap from imagesam-
plesto generatephysically correctresult. Here,we seeka simple
solutionthatyieldsplausibleresults.We applysimilar ideato [Ra-
manarayananand Bala 2007], wherea constraintmap is usedto
guild texturesynthesis.We observe that theweatheringdegreeon
buildings is generallyinverselyproportionalto theheight. Hence,
we take theheightasindicative of theweatheringdegree,which is
usedto guidethepatch-basedsynthesisto generatethemissingtex-
ture. We iteratively copy a patchfrom a distortionfreeregion with
consistentboundaryandsimilar weatheringdegreeto theoccluded
surface.Thecopiedpatchis alsostitchedwith graph-cutoptimiza-
tion. To maintainsemantictexture structures,suchas doorsand
windows, we �rst copy themfrom the symmetriccounterpartand
keepthemuncoveredduringsynthesis.An exampleof this synthe-
sisis shown in Figure7 where(c) depictsthedistortionfreetexture,
and(d) depictsthetexturesynthesizedaccordingto (c).

5 Results
We�rst evaluateoursymmetrybased3D reconstructionwith asyn-
theticfrustumimage.Wemanuallymarkout6 visible frustumver-
ticesto reconstructthefrustumshape.In our experiments,theuser
clicksoftendeviatefrom thetruevertex positionby 1:3 pixels(in an
imageof resolutionof 1200x800).Theerrorof focal lengthis 4:3%
of the truevalue,andthemeanerrorof vertex positionis 0:1% of
thedistancebetweenthecameraandpyramid frustumcenter. The
reconstructedfrustum(shown in redwireframe)is veri�ed from a
novel viewpoint asshown in the right of Figure9. Thenwe veri-
�ed theaccuracy of estimatedfocal lengthin realphotoof Figure8.
The true focal lengthcalculatedfrom photosof a checkerboardis
2864:8 pixels (50 mm). In 10 trials, our estimatedfocal length

Figure9: Validationof symmetrybasedreconstructiononsynthetic
data. On the left is the input image(overlaid with userclicked 6
vertices).On theright is a renderingfrom a novel viewpoint. The
reconstructedshapeis overlayedon the image(drawn asredwire-
frame).

(a) (b) (c)

(d) (e)
Figure10: A pagodaexample. (a) is the single input image. (b)
is the recoveredmodel renderedfrom the sameviewpoint as the
input image. (c) is the renderingfrom a novel viewpoint. (d) and
(e) aretwo differentfaçadesat thesameheight. The façadein (d)
is texturedfrom the input image;the texture in (e) is synthesized
by our method.Our texturesynthesisgeneratesmorevivid texture
thansimplerepetition.

variesfrom 2582:4 pixelsto 3069:8 pixels. In comparison,wealso
implementedthe calibrationmethoddiscussedin [Debevec 1996]
whichgeneratesresultsvary from 2029:4 pixelsto 3968:8 pixels.

Wetestourmethodonseveralexampleswith differentlevel of com-
plexity. Our symmetry-basedtriangulationtakes4-5 minuteson a
PCwith 2.83GHzCPUand4GB memory. With therecovered3D
points,theuserdraws strokesto build aninitial model(strokesfor
eachexampleareprovided in thesupplementaryvideo). We mea-
suretheusereffort by the interactiontime, becausetheotherparts
areautomatic. It takes 2 – 10 minutesuserinteractionto gener-
atea result. We reporttheuserinteractiontime andthenumberof
reconstructed3D pointsfor eachexamplein theTable1. 3

As no groundtruth 3D model is available,herewe only evaluate
the resultsvisually against the input image. Figure 1 shows an
examplewith bilateralsymmetry(the TiRen Ge in the Forbidden
City). Figure1 (a) shows theuser-drawn strokes. Thehighlighted
six pointsareasthecornersof thepyramidfrustum.Featurematch-
ing is mosteffectiveon thisexample,with 12,0003D pointsrecov-
eredasshown in Figure4 (c). Figure1 (b) shows the rendering
of the recoveredmodel from the sameviewpoint asthe input im-

3This interactiontime is measuredfor anexperienceduser. We alsolet
anovice try oursystem.After watchinga10minutesinstructionof thesys-
tem(with thepavilion example),hespends9 minutesin total to modelthe
Berkeley Campanile(5 minutesfor theautomatictriangulationand4 min-
utesfor userinteraction;no texturesynthesisis appliedfor thisexample).



(a) (b) (c)

(d) (e)
Figure11: A pagodawith highly curvedroof. Eachroof is different
from theothers.(a) is thesingleinput image. (b) is therecovered
modelrenderedfrom thesameview asthe input image. (c) is the
renderingfrom a novel viewpoint. (d) shows a closeupview of the
building. (e) is the shadedwireframeto highlight the geometry.
(Pleasezoomin theelectronicversion.)

age. A novel viewpoint renderingis provided in Figure1 (c) for
validation.A simplepavilion exampleis shown in Figure8, where
(a) is the input imageand(b) shows the modelrenderedfrom the
sameviewpoint for validation.A ridgeonthetop is missing,which
is causedby the inaccuracy in the interactive modeling. The roof
hip is a little higherthanit shouldbe,andthusoccludespartof the
secondridge. Figure 10 shows an examplewith multiple �oors.
We �rst model the �rst �oor andapply the modeledresult to the
other�oors with only onestroke to computea scalingandvertical
translation(pleasereferto thesupplementaryvideo).Thisexample
highlightsour textureenhancements.Figures10 (d) and(e) show
two differentbuilding façadesat thesameheight;while thefaçade
in (d) is texturedaccordingto the input image,thetexture in (e) is
synthesizedusingour method. Our synthesizedtexture produces
consistentweatheringpattern.Figure11 shows a complex pagoda
with rotationalsymmetry. It hashighly curved roofs, which are
differentat each�oor . We draw 3 strokes to modeleachroof (1
additionalstroke for the back edge to model the shrinkingof the
hip). Furthermore,its handrailhasintricatecut patterns.It takes
about10 minutesof userinteractionto model this �nely detailed
example.Figure11 (d) shows a closeupview. Furthergeometrical
detailsarehighlightedby thewireframerenderingin Figure11 (e).

Ourmethodis alsoapplicableto themodelingof westernbuildings,
as the variousprinciplesinvoked in this paperare generallytrue
for most architecturalforms. The Eiffel Tower in Figure 12 and
the Berkeley Campanilein Figure13 show two westernbuildings
modeledusingour method. We model the curved surfaceof the
Eiffel Tower accordingto its curved silhouettes. One of the cut
patternsismodeledin thesamewayasthehandrail.TheBerkeley is
theeasiestasthereis nocurvedroof andcutpatterns.It is modeled
with lessthan2 minutesinteraction.

6 Discussion
Architecturemodelinghasbeenan active research�eld for many
years.Existingsystems,suchas[Debevecet al. 1996;Sinhaet al.
2008;Xiao et al. 2008],createhighly realisticresultsfrom multi-
ple images. In comparison,we seekto provide an alternative so-

Figure12: TheEiffel Towerexample.Ontheleft is thesingleinput
image.On theright is therecoveredmodelrenderedfrom thesame
viewpointastheinput image.

Figure13: The Berkeley Campanileexample. From left to right,
they are:thesingleinput image,therenderingfrom thesameview-
pointastheinput imageandtherenderingfrom anovel viewpoint.

lution for architecturemodelingwhenonly a singleimageis avail-
able. Hence,we do not requirecomplicatedgeometricandphoto-
metric imagealignments.Our methodcanbea standalonetoolkit
for artiststo create3D architecturemodelsfrom onlinepicturesor
archive pictures.It canalsobeintegratedinto previousmulti-view
basedsystemsto provide furthershapeconstraints.

Limitations The currentmethodhasseveral limitations. First,
like most imagebasedmodelingsystems,our methodprefersthe
input imagesto befreeof shadow effect. Otherwise,shadow could
be mistaken as texture and causeartifacts in the renderedmod-
els. Second,in the casethat no symmetryis present(thougha
rarecase),we cannotmodel the building from a single image. If
thebuilding canbedecomposedinto multiple symmetricparts,we
might still modelit part by part. If multiple imagesareavailable,
our interactive systemfor decomposingandmodelingarchitecture
componentscanstill be applied. However, we cannotreducethe
interactionsby symmetry. In thatcase,our methodwill bea regu-
lar multi-view interactivemodelingsystemlike [Sinhaetal. 2008].
Third, our cameracalibrationrelieson thequadraticinitialization,
which requiresthe principle point to be closeto the imagecenter
unlessboththelengthratiosandthefrustumanglein Equation(1)
areknown. Last, large lensdistortionscouldbea problem,asour
currentalgorithmfor calibrationdoesnotconsiderit.

Examples: TiRenGe pavilion P1 P2 ET BC
# 3D pts(� 103): 12 5 7 11 0.5 0.7

IT: (mins) 5 2 2 10 5 2
Table1: Modelingstatistics.Weshow thenumberof reconstructed
3D points and the user interactiontime for eachexample in the
paper. Most of our examplesrequirelessthan5 minutesof user
interaction. Note: IT = userinteractiontime, P1 = the pagodain
Figure10,P2= thepagodain Figure11,ET = theEiffel Tower, BC
= theBerkeley Campanile.



7 Conc lusion and Future Work
We presentan ef�cient methodto build high quality architecture
modelsfrom a singleimageby exploiting constraintsderivedfrom
symmetry. To achieve this,a novel methodis designedto calibrate
thecameraandrecover 3D scenepointsfrom a singleimage.The
recovered3D informationhelpsto reducethe amountof userin-
teractionby avoiding tediousmanualcorrespondence.We alsoen-
hancethetexturequality to improvesingleview modeling.

Thereareseveralwaysto improveourcurrentsystem.For example,
in thecurrentsystem,theroof tile is manuallymarkedout from the
recti�ed view. This part canbe automatedby imageanalysisand
shapetemplatematching.Imageprocessingtechniquescanalsobe
appliedto snapuserstrokesto imageedgesto make the interface
moreef�cient.
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