Symmetric Architecture Modeling with a Single Image
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Figure 1: A traditional Chinesearchitecture the Pavilion of ManifestBenerolence(also knowvn as TiRen Ge) in the ForbiddenCity, is
modeledrom a singleinputimage.(a) is theinputimageoverlaid with userdrawn strokes. (b) is therenderingof therecoveredmodelfrom
thesameviewpointastheinputimagefor validation.(c) shavs therenderingirom a novel viewpoint.

Abstract

We presenta methodto recover a 3D texture-mappedrchitecture
modelfrom a singleimage.Both singleimagebasednodelingand
architecturemodelingare challengingproblems. We handlethese
dif culties by employing constraintsderived from shapesymme-
tries, which areprevalentin architecture.We rst presenta novel
algorithmto calibratethe camerarom a singleimageby exploiting
symmetry Thena setof 3D pointsis recoveredaccordingto the
calibrationandthe underlyingsymmetry With thesereconstructed
points,theuserinteractively marksout componentsf thearchitec-
ture structure whoseshapesndpositionsareautomaticallydeter
minedaccordingto the 3D points. Lastly, we texturethe 3D model
accordingo theinputimage,andwe enhancehetexture quality at
thoseforeshortenednd occludedregions accordingto their sym-
metriccounterpartsThemodelingprocessequiresonly afew min-
utesinteraction.Multiple examplesareprovidedto demonstratéhe
presentednethod.
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1 Introduction

Creatinghigh quality 3D architecturanodelsis importantfor mary
applicationsincluding digital heritage,games,movies, etc. Many
methodgDebevecet al. 1996; Liebowitz etal. 1996;Miiller etal.
2007; Xiao et al. 2008; Sinhaet al. 2008] have beenproposedor
this purpose. Most of them focus on pieceavise planararchitec-
turesandtake multiple imagesasinput. Planarstructuresnduce
strongshapeconstraintand simplify the 3D reconstruction.How-
ever, mary traditionalandmoreartisticarchitecturefave intricate
geometricstructureandcurved roofs, which arehighly non-planar

andcannotbe modeledwell by existing methods.Yet, thesebuild-

ingsareoftenlandmarkghatareparticularlyworthy of beingmod-
eled. Furthermoremultiple imagesof the samebuilding are not
alwaysavailable. Thus,it is practicallyimportantto build amodel-
ing systemthatworks on the basisof a singleinputimage. Single
imagebasedmodelingis dif cult. First, it is dif cult to calibrate
the camer&(i.e. recovering bothintrinsic andextrinsic camerapa-
rameters)which is necessaryo relatethe imageto the 3D model.
Seconda singleimageoften doesnot provide enoughtexture in-

formationdueto foreshorteningandocclusion.

This paperaddressethe problemof modelingcomplex architec-
ture from a singleimage. Insteadof relying on planarstructures
andmultiple imageswe adwcateexploiting symmetriegor 3D re-
construction As MagdolnaandHamjittai [1994] have commented,
symmetryis “aunifying concept'in architectureA singleimageof
a symmetricbuilding effectively provides obserationsfrom mul-
tiple symmetricviewpoints[Zhangand Tsui 1998; Francoiset al.
2002; Hong et al. 2004]. In otherwords, shapesymmetryeffec-
tively upgrades singleinputimageto multiple images.To exploit
thispropertywe rst proposeamethodo calibratethecamerdrom
asingleimageaccordingto the presentecsymmetry This calibra-
tion allows our systemto handleimageswith completelyunknavn
cameranformation(e.qg. internetdownloadedpicturesandarchive
pictures).Then,avirtual cameras duplicatedat the positionsym-
metric to the real cameraandits obsered 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 organizesthereconstructe@D pointsinto a high
quality meshmodel. To keepthe interactionsimple, the useronly
manipulatesn the image spaceto mark out various architecture
componentsuchaswalls androofs, whoseshapesand positions
in 3D areautomaticallycomputed Symmetriccounterpartef each
marked componentregeneratecautomaticallyto reducethe user
interaction. Thanksto the strongsymmetry the modelingprocess
typically takeslessthan5 minutesof interaction.Lastly, themodel
is textured accordingto the singleinput image. We usesymme-
try agpin to enhancehe texture quality at thoseforeshortenea@nd
occludedregions.

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



cal texture enhancemenmnethod(sec. 4.2). All thesecomponents
prove architectureanodelingcanbe madevery ef cient by making
appropriataisageof symmetry-basedonstraints.

Figure 2 shaws the pipeline of our system. We rst calibratethe
camerdrom asingleimage.Thenwe reconstruct setof 3D points
accordingto the calibrationandarchitecturesymmetry Next, the
userinteractvely marksout structuralcomponentsuch as roofs
andwalls to build aninitial 3D model. The usercanalsoaddin
more geometricdetail, suchas roof tiles and handrails,or insert
prede ned primitives, suchas pillars and staircases.At last, the
recoreredmodelis texturedaccordingto theinputimage. Texture
synthesigs usedto improve texturequality attheforeshortenednd
occludedregions.

2 Related work

3D reconstructiorandarchitecturenodelinghave recevedalot of
researchnterestwith alarge spectrunof modelingsystemsievel-
opedto build realistic3D models.Herewe only review thoseworks
relatedto symmetryandarchitecturenodeling.We categyorizethem
accordingo their methodologies.

3D reconstruction from symmetries: It is well known thatsym-

metry providesadditionalconstraintfor 3D reconstruction.Roth-

well etal. [1993] andFrancoiset al. [2002] studiedthe 3D recon-
structionof bilaterally symmetricobjects. Zhangand Tsui [1998]

extendedit to handlearbitraryshapeby insertinga mirror into the

scene.Hong et al. [2004] provided a comprehensie study of re-

constructiorfrom varioussymmetries.Most of theseworks focus
on bilateral symmetryand study the resultingmulti-view geomet-
ric structuressuchasthe specialcon gurationsof the fundamental
matrix andepipoles.Theseworks oftenassumehe camerais pre-

calibratedwith known focallengthand/orpose(positionandorien-

tation)for 3D reconstructionAlthoughHonget al. [2004] studied
the cameracalibrationproblemfrom symmetriestheir resultsare

limited, e.g.thecameracanbe calibratedrom thevanishingpoints

of threemutually orthogonalaxis of bilateralsymmetry In com-

parison,we focuson the applicationof architecturemodelingand

studyboth bilateralandrotationalsymmetries.Sincewe aremore

speci ¢ aboutthe objectto be modeled,we obtainedstrongerre-

sultsbothon camerecalibrationandtexture creation which leadto

a completesystemfor high quality modelingwith a singleuncali-

bratedimage.

Procedural architecture modeling: Proceduramethodsbuild 3D
architecturenodelsfrom rulesandshapegrammarsThey cangen-
eratehighly detailedmodelsatthescaleof bothanindividual build-
ing anda whole city [ParishandMuller 2001;Muller et al. 2006].
A disadwantageof thesemethodss thatit takesexpertisefor its ef-
fective usage.lt is alsohardto specifyrulesto modela particular
building.

Interactive architecture modeling Facade[Debevecetal. 1996]
tted a parametridouilding modelto the single (or multiple) input
image(s)accordingto the usermarked geometricprimitives. High
quality resultscanbe achiezed. Therearealsocommerciaimodel-
ing systemdike GoogleSketchUp,wherethe usersketchedreely
to createa 3D building modelfrom scratchor accordingto anim-
age.Themajorlimitation of thesetwo systemds thelarge amount
of userinteractioninvolved. In Google SketchUp, all the shape
detailshave to be sketchedmanually As reportedin Debevec's
PhD thesis[1996], for the relatively simple Berkeley Campanile
example(seeFigure13), aboutonehundrededgeseedto be man-
ually marked andcorrespondedvhich takes 2 hours. Our method
involves much lessinteraction,becausehe 3D informationis ex-
plicitly recoreredbefoe the interactve facadedecompositiorand
reconstruction With our system the userdraws lessthan20 lines

andit takesonly 9 minutes(for a novice) to modelthe Berkeley
Campanilebuilding. Another limitation of the Fagade systemis
thatit requiresthe camerao bepre-calibratedvith known intrinsic
parametersTo handleuncalibratedcamerasthe vanishingpoints
of threemutuallyorthogonabirectionsneedio bedetectedromthe
image[Deberec 1996], which is oftenimpossible(e.g. for build-
ingsin Figure10-Figurel2) andnumericalunstablgWilczkowiak
etal. 2005]. In comparisonpur novel auto-calibratioralgorithmis
morerobust and canhandlemore generaldata,which is a critical
featurefor adesktopmodelingtoolkit.

Singleimage basedarchitecture modeling: Imagesprovide very
usefulinformation to assistmodeling. Even a single image can
guidethe modelingquite effectively. Hoiemetal. [2005] obtained
arough3D modelby recognizingground', 'sky' and'vertical' ob-
jectsin theimage. Liebowitz etal. [1996] createda 3D modelby
exploiting parallelismand orthogonalityfrom a singleimage. Oh
etal. [2001] manuallyassigned depthwith a paintinginterfaceto
create3D model. Sucha procedures tediousandlaborintensve.
Miiller etal. [2007] derived shapegrammardrom a singleimage
of afagadeplane. Thesesingleimagebasedmethodsare limited
to simple buildings. While our methodalsotakesa singleimage
asinput, we explicitly reconstruc8D pointsfrom theinputimage,
which helpsbothto simplify theuserinteractionandto modelmore
complicatedbuildings.

Multiple imagesbasedarchitecture modeling: Multiple images
from differentviewpoints provide stronggeometricconstraintson

3D structure Dick etal. [2004] built statisticaimodelto infer build-

ing structurefrom multiple images.However, suchinferences un-

reliable for comple buildings. The multi-view stereoalgorithm
developedin thecomputevision communitycangenerateloud of

3D scenepointsfrom multiple images which leadto morerobust
reconstruction.Sinhaet al. [2008] usedan unorderedcollection
of picturesto assistinteractve building reconstructionXiao etal.

[2008]took picturesalongstreetsaandbuilt 3D modelsof thewhole
street. Pollefeys et al. [2008] developeda real-time systemfor

urbanmodelingfrom video data. Our methodis inspiredby the
work of Sinhaet al. [2008] and Xiao etal. [2008], whererecon-
structed3D pointscanbeusedo guideuserfor ef cient interaction.
Speci cally, if 3D pointsarereconstructediediousmanualcorre-
spondencasin [Debevecetal. 1996]canbeavoided. Theuseronly

needgo markoutstructuralcomponentsyhoseshapeandposition
canthenbe determinedrom the reconstructe@®D points. A dis-

adwantageof thesemultiple imagebasedmethodss their needfor

multiple imagesof the samebuilding asinput, which is not always
available.In contrastour methodrequiresonly asingleimage.

Aerial imagesbasedarchitecture modeling: Therearealsometh-
ods[Zebedinet al. 2006] which usedaerialimagesto reconstruct
buildings. Someof them[Frith and Zakhor2003] combineaerial
imageswith ground-lerel imagesfor the modeling. The focus of
thesemethodss on how to ef ciently modelvery large setof data.
As such,the quality of eachindividual building couldbe sacri ced
for modelingef ciency. In comparisonpur focusis on how to cre-
atea high quality modelfor a singlebuilding.

Ourmethodcombineghestrengthof bothinteractive modelingand
imagebasedmodeling. We take a singleimageasinput andre-

constructexplicit 3D informationby leveragingon prevalentarchi-
tecturalsymmetry The reconstructe@dD information helpsus to

designamoreefcient interfacethanpreviousinteractve methods
andsingleimagebasedmethods. Comparedwith thosemethods
with multiple images,our systemis more e xible sinceit requires
muchlessdata.
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Figure2: The modelingpipeline. We rst calibratethe cameraaccordingto the userspeci ed frustumverticesandreconstruct setof 3D
points. The architecturecomponentgi.e. walls androofs) aretheninteractvely decompose@ndmodeled. Shapedetailscanbe addedif
necessarylLastly, the nal modelis texturedwith ourtexture enhancementchnique.

3 3D Reconstruction by Symmetry

In this section,we reconstructthe cameraposeand a setof 3D

pointsfrom a singleimageby exploiting architecturasymmetries,
includingboth bilateralandrotationalsymmetry We rst calibrate
the camerarom anobsened pyramid frustum. Thenwe duplicate
avirtual cameraaccordingo the calibrationandthe obseredsym-

metry 3D pointsarecomputedoy a sterecalgorithmfrom thereal

andvirtual cameras.

3.1 Symmetr y-based calibration

Cameraseedto be calibratedfor undistorted3D reconstruction.
The calibrationaccurag is importantastheimageis relatedto the
3D modelaccordingo thecalibration.3D reconstructioris simpli-
ed whenthe camerds pre-calibratedf ine asin [Debevecetal.
1996]. However, the requiremenbf pre-calibratioralsolimits the
imagescanbeprocessedWe proposeanovel auto-calibratioralgo-
rithm to give our systemthe e xibility of working onimageswith
completelyunknavn camerénformation,e.g.internetdowvnloaded
picturesandhistoricalpictures.

Cameracan be calibratedfrom the vanishingpoints of threemu-
tually orthogonaldirectionsin a single image [Hartley and Zis-
serman2001], which is appliedfor facademodelingin [Debevec
1996]. However, mary images.e.g. Figures 10-12, do not have
threesuchvanishingpoints. Furthermorethevanishingpointbased
approachs often numericallyunstablegWilczkowiak et al. 2005].
Naturallyembeddingheconstraintérom threevanishingpoints,an
parallelepipedn asingleimagecanbeusedto calibratethecamera
[Wilczkowiak etal. 2001;Wilczkowiak etal. 2005]. Thisapproach
is stableandaccurateandis appliedfor architecturenodeling.Par
allelepiped,however, is not the mostsuitablegeometricprimitive
for architecture A degreeof freedomis redundanfor architecture
sincethe horizontalshearingof a parallelepipeds not presentin
realbuildings. On the otherhand,the horizontalsize of real build-
ings often graduallyshrink whenthe heightincrease.This feature
is commonin architecturesasillustratedin Figure1 andFigures
10-12,but it cannotbe representedby a parallelepiped.A better
geometricprimitive is the pyramid frustum, which doesnot intro-
ducetheredundantiegreeof freedomandcanmodelrealbuildings
well.

A pyramidal frustumis a truncatedpyramid asillustratedin Fig-
ure3. Here,we useafrustumwith arectangulabaseasanexample
for discussionthoughourresultsarevalid for frustumswith differ-
ent bases. We parameterizea pyramid frustumby ; ;l1;12; 13,
asillustratedin Figure3. is 1 andcontrolsthe shrinking of
thepyramid. If = 1, the pyramidfrustumdegenerateso aright
prism, a parallelepipedvith zerohorizontalshearing. is thean-
gle betweerthe two adjacentorizontaledgesof the frustumbase.
li;1 i 3;arethethreeindependentengthsof thestructure For
modelingapplications the absolutepositionandsize of the struc-
tureis notimportant. Hence without lossof generality we canlet
the heightl; = 1 andconsiderthe origin of the world coordinate
systento beatthebottomfaceof thefrustum,with thez-axispass-
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Figure3: A pyramid frustumis a truncatedpyramid. It shapeis
de ned by 5 parametersl;;1 i 3 de nesthe lengthof its
edges. controlstheshrinkingin verticaldirection. istheangle
betweerthetwo horizontaledges.Blue edgesandred verticesare
thepartsof afrustumthatareoftenvisible in architecturémages.

ing throughthe apex of the pyramid, andthe y-axis parallelto one
of the edges.Froma singleimageof a building, partof a pyramid
frustum can often be seen(the highlightedverticesand edgesin

Figure3). Thecorrespondingointsarehighlightedin the Figurel
(a).

The homogeneousoordinatesof a frustum vertex can be repre-
sentedasP, = B, whereP = (xi;yi;z;1), andxi;y; 2

f1, 19,z 2 f0; 1g peeFigure3). Here, 1

|1 |2C 0 0
_ 0 Izs 0 0C .
- %} 0 O I3 0 g
0O O 11
where = 1= ;s = sin andc = cos . As containsall the

shapeparametersf the pyramid frustum,the 3D reconstructiorof
the frustumamountsto the estimationof . Frustumverticesare
projectednto imagecoordinatep; = (u;; Vvi; w;) by theprojective
transformationM, i.e. p, © MP, = M P = P, where'
meansequalityupto ascale.M = K [Rjt] isthe3 4 camera
matrix, whereK encodeghe cameraintrinsic parametersR andt
representelative rotationandtranslationbetweerthe cameraand
theworld coordinatesystem.If six or morefrustumverticescanbe
obseredfrom theimage K1 canbecomputedby alinearalgorithm
[Hartley and Zissermar2001]. Cameracalibrationand 3D recon-
structionof the pyramid frustumthenamountso the factorization
of NI as

M=K IRkt] -
A generalcameraintrinsic matrix K” contains5 unknavns. R;t
eachcontains3 unknovns.  hasanother unknovns(considering
I3 = 1), makingatotal of 15 unknavns. The 12 componentsf the
3 4 projective matrix M1 provide only 11 independentonstraints.
This factorizationis impossiblewithout further assumptiorabout
the camergparameterandthe scenestructure. The assumptiorin-
volvesthetradeof betweerthegeneralityof the cameramodeland
the frustumstructures.To modela larger variety of buildings, we
assumehe simplestcameramodelwhereonly the focal lengthis
unknavn®. With this simpli cation, all the 11 unknavns canbe

1The otherknown cameraparametersrethe principal point, the pixel
aspectatio, andthe cameraskew.
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Figure4: Representingrchitecturesymmetryby pyramidfrustum.
(a) Bilateral symmetryis characterizethy the symmetryplane,i.e.
x-z plane.(b) Rotationalsymmetryis characterizetby the rotation
axis, i.e. z-axis. With the calibrationof the real cameraa virtual
cameraanbeduplicatecaccordingo theunderlyingsymmetry (c)
Stereaalgorithmscanbeappliedto therealandvirtual camergpair
to recoverasetof 3D points.(d) With afew strokesto delineatehe
key parts,theusercanbuild aninitial modelfrom these3D points.

computedfrom the 11 constraintswith a generalnon-linearopti-

mizationmethod.If furtherinformationis known aboutthe archi-

tecturestructureasa prior, suchasthe value of theangle orthe

lengthratio betweerl; andl,, we canhandlemoregeneratamera
matrix with unknavn pixel aspectatio or principal point.

Quadratic initialization A goodinitializationis critical for thesuc-
cesf theabore non-linearoptimization.In this subsectiorwe de-
scribea methodto initialize the estimationby solving a quadratic
equation We obsenre that 0 1

% |1|2C

|
'OI>K> K 1'<>|= %|1|2C |§ g:

Here,K> K ! =1 isthematrix representingheimageof the
absoluteconic(IAC). Hence we have thefollowing equations,

My !ty = 12 My ! i = Ll ;! = 130 (1)
Here,m;; fh, arethe rst two columnsof M. Assumingthe sim-
plestcameramodel,! depend®nly onthefocal lengthf . Equa-
tion (1) provides 3 equationsfor 4 unknawns|y;l2; ;f. Froma
single image, very often we can eithertell the valueof or the
lengthratio of I, andl,, which reducesoneunknovns from Equa-
tion (1) andenablegherecovery of the otherthrees.This provides
the initialization of 11;12; , andf. Next, we initialize the other
unknawvns,i.e. R;t,and .

Oncef is determinedK is knovn andwe cancompute
[Rjt] K K= [ri;ra;ra;t]
[lirg;locary + losora; ra+ (

Dt; t]:

Here,rq;r2;r3 arethethreecolumnsof R. Hence,r; canbe ob-

tainedby normalizingthe rst columnof K *K1. r, is generated
by projectingthe secondcolumnto the planeperpendiculato r1,

andrs is simplyry  ro. tisthelastcolumnof K M. can
be obtainedfrom the magnitudeof the third column. This givesa

completeanitializationto thecameracalibrationandfrustumrecon-
structionprocedure.

3.2 Symmetr y-based triangulation

Mary architecturesxhibit symmetry Thetwo commonessymme-
triesarebilateralsymmetryandrotationalsymmetry Both of them
canberepresentetly the pyramidfrustumasillustratedin Figure4
(a) and(b) respectiely. Bilateralsymmetryis characterizedby the
symmetryplane,i.e. thex-z plane.(Somebuildingsexhibit further

Figure5: Theuserinteractvely drav a few strokesto build anini-
tial model. The blue quadrilaterals the userdravn wall structure.
Greenstrokesarethe userdravn roof boundaries.

symmetryacrosghey-z plane.)Rotationalsymmetryis character
ized by the rotationaxis, i.e. the z-axis. Oncethe frustumshape,
i.e. ,iscomputedthetypeof symmetrycanthenbeautomatically
determinedrom thefrustumshape.

With the cameracalibration, we can virtually duplicateanother
cameraaccordingo the underlyingsymmetryof the building. The
virtual camerais generatedy ipping the real cameraacrossthe
x-z planein the caseof bilateralsymmetry or by rotatingthe real
cameraaroundthe z-axis for an angle in the caseof rota-
tional symmetry The obseredimagefrom the virtual cameracan
be derived from the inputimage. It is the inputimagewith a hor

izontal ipping in the caseof bilateralsymmetry or is exactly the
inputimagein the caseof rotationalsymmetry[Hong et al. 2004].
Somepreviousworks[Zhangand Tsui 1998;Francoiset al. 2002]
demonstratehat stereoalgorithmscan be appliedto the real and
virtual camergpair with manuallyspeci ed correspondences.

In practicewe nd thattherecentprogressn featuredetectionrand
matching[Lowe 2004] has madethe automaticstereoalgorithm
feasibleon the realandvirtual imagepair without manuallyestab-
lished correspondencesTo facilitate matching,we take the frus-
tum's sidefaceasaninitial estimatiorof thebuilding fagade which
inducesa homograpk betweertherealandvirtual image[Hartley
and Zisserman2001]. We only considermatchesconsistentwith
thishomograph. To reduceprojective distortion,theimageregion
enclosedn thefrustumsidefaceis further recti ed' by mappingit
to arectangle Imagefeaturesarecomputedn this ‘recti ed' rect-
angle. Obtainedmatchesare further propagitedaccordingto the
methoddescribedn [Lhuillier andQuan2002]. Thenall matched
featuresarereconstructedby triangulation[Hartley andZisserman
2001], which generates setof 3D pointson the building facade.
An exampleof this reconstructioris shovn in Figure4 (c). More
examplesof 3D reconstructionsireincludedin the supplementary
video.

4 Surface Modeling

After the symmetry-basedriangulation, we obtain a set of 3D
pointson the building fagade. Thenthe userinteractively builds
a surfacemodelaccordingto thesepointsandthe imageinforma-
tion. Theuser rst marksout large architecturacomponentssuch
aswalls androofs,with afew strokes. The shape®f thesecompo-
nentsareautomaticallydeterminedrom therecorered3D informa-
tion. If furthershapedetailsarerequired theusercanalsoaddroof
tiles and handrailsby a few additionalstrokes. The whole model
is thentexturedaccordingto the inputimage. In the input image,
partof the modelis viewed from slantedangle,which causegex-
ture distortion. We usetexture on fronto-parallelfacesto correct
this distortion. Texture on theinvisible surfacesaresynthesizedy
takingthe weatheringpatterninto consideration.

4.1 Geometry modeling

Model initialization ~ Multi-view stereo automatically recon-
structsa setof 3D points. Userinteractionoften follows to build
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Figure6: Model re nement. (a) The usermarksout thetile shape
from arecti ed view of theroof's front edge.Thistile is appliedto
all roofs. (b) Cut patternis automaticallyextracted. The usercan
alsore ne someincorrectline sgmentsasillustratedin red.

surfacemodelaccordingto thesepoints. This leveragingof auto-
matic vision techniquetogetherwith userinteractionis employed

in several previous systemssuchas[van denHengelet al. 2007;

Sinhaet al. 2008; Xiao et al. 2008]. Similarly, we interactively

identify architecturacomponentsuchaswalls androofsfrom the

imageplane,andthencomputetheir 3D shapeandpositionaccord-
ing to thereconstructe@®D information. Muller et al. [2007] and
Xiao etal. [2008] proposean automaticmethodto partition build-

ing fagadesinto rectangulacomponentsHowever, thesemethods
cannothandleour complex fagadedatasuchasthoseshavn in Fig-

urel andFigurell. Thus,we rely on userinteractionto mark out

architecturaktructuresandleave the automaticpartition for future

researchWe markouttwo kindsof structuresnamelyplanarwalls

andcurvedroofs.

The userinteractively marksout a planarstructurein the image.
Thenits positionis determinedccordingo theenclose®D points.
Its symmetriccounterpart@realsoautomaticallygeneratedEach
planarstructureshouldpassthroughtwo additionalpoints, which
arethe intersectionof the two pairs of edgesof the frustumside
face. In the left of Figure5, thesetwo pointsareillustratedash
andv. h is thevanishingpoint of the horizontaldirection.v canbe
a nite orin nite point,dependingpnthe parameter of thefrus-
tum. Similar plane tting approachs usedin [Sinhaet al. 2008].
Thesevanishingpointssene the purposeof maintainingarchitec-
tureshapeegularities,suchastheanglebetweertwo adjacentvall
planes. Of coursethe usercanalso chooseto discardthesecon-
straintsto have larger modeling e xibility. In Figure5, the blue
quadrilaterals the userdravn planarstructure.With the two con-
straintpointsh; v, onereconstructe@D pointin the enclosede-
gion canuniquelydeterminea planarstructure.If multiple points
areavailable,we applyRANSAC to obtainarobust tting.

Generallytherearenotenoughreconstructe@D pointson theroof
(seeFigure4 (c) ) to determineits shapeand position. The user
needsto mark out roof boundariesn 3D to modelthe roof. To
simplify theuserinteractionwe introducea setof auxiliary planes.
The userdraws 2D curveswithin theseplanesto decide3D roof
boundaries.Oncethe roof modelingfunctionis enabledmultiple
blue auxiliary planesare overlaid on the inputimageasillustrated
in Figure5. 2 The usermarksout the back edge of the roof, i.e.
the solid greencurwe. Its 3D positionis determinedoy projecting
the drawvn curve to the auxiliary planeaccordingto the calibrated
pinholecamera.All the symmetriccounterpart®f this badk edge
aregeneratedaccordingto the symmetryautomatically The roof
hip, the beamalongthe badk 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 dravn curve to the brown auxiliary
plane,which is parallelto the z-axis and passingthroughthe end
pointsof the badk edge. The curvedroof is interpolatedaccording
to thesesurroundingedges. More detailsof the userinteraction

2The auxiliary planesof bilaterally symmetricbuildings areillustrated
in thesupplementaryideo.
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Figuse)7: Examplesof texture enhancement.The texture in (a)
haslow resolutionbecausef the foreshorteningn the input im-
age. This texture is enhancedo (b) to reduceartifacts. Texture
(d) is synthesizedccordingo the samplefrom texture (c). Similar
weatheringpatternis maintained.

canbe found in the supplementarywideo. With thesestrokesto
mark out walls androofs, aninitial 3D modelof the building can
be obtainedasshowvn in Figure4 (d). Correspondingstrolesare
shavn in Figurel (a).

Model re nement  Many architecturegontainintricate geomet-
ric ornamentswhich arehardto reconstrucfrom stereatriangula-
tion. We describean ef cient way to modelthesedetails. We deal
with two typesof shapedetailhere roof tilesandcarnedhandrails.
In addition,we alsohave prede nedgeometricprimitivessuchas
spherespillars and steps,which canbe directly insertedinto the
building model. Theusercanalsomodelrevolved surfaceby spec-
ifying therevolving boundary

Fromtheinitial model,we extractarecti ed view of theroof front
edge asshavn in Figure6 (a). The usermarksout onetile in this
recti ed view. Thetile's shapeandintenal aredeterminecdaccord-
ing to thesetwo strokes. The numberof tiles is calculatedy divid-
ing thewholefrontedge lengthby thetile's sizeandinterval. Then
thetiling is appliedto thewholeroof surface. Eachtile is textured
by a prede nedgenerictexture. Handrailshave intricate cut pat-
terns. We alsoextracta recti ed view of the handrailasshavn in
Figure6 (b). We apply Canry edgedetectiorto extractedgepixels,
which arethentracedto form sggments We discardshortsegments
andconstrainremainingonesto have a few prede neddirections,
suchasvertical or horizontal. In Figure6 (b), the greenedgesare
automaticallydetectedwhile theredstrokesareuserinputto re ne
incorrectedges.The usercaneitheraddor deleteedges.The 3D
shapeof thehandrailis createdrom the 2D patternwith a constant
depth.

4.2 Texture enhancement

One inevitable problemin single image modelingis the lack of
texture samples. Someparts of the building are viewed from a
slantedview angleor occludedin the input image. Texturing by
back-projectingheimageto the 3D modelwill causdargetexture
distortion. This distortionis systematicallystudiedin [Tai et al.
2008], wherethe texture mapis segmentedand synthesizedvith
consideratiorof orientationandscalechangesWe alsoapply syn-
thesistechniqueso improve thetexture quality with two novel fea-
tures. First, we requirethe nal texture to be consistentwith the
foreshortenedmage,which containspartialinformationof the un-
derlyingtexture. Secondwe requirethesynthesizedextureto have
consistentveatheringpatterns.

We enhanceexture mapsby applyingpatchbasedsynthesigkwa-



Figure8: A pavilion example. On theleft is the singleinput im-
age. On theright is the recoreredmodelrenderedrom the same
viewpointastheinputimage.

tra et al. 2003]. We rst generatean initial texture map by back
projection. This texture mapis marked automaticallyas regions
free of distortion,with distortion,or occluded by thresholdinghe
ratio betweenthe size of the meshtriangle and that of its image
projection. Largerratio indicateslarger texture distortion. Texture
in the distortionfree regionsis usedassamplego enhancehat of
otherregions.We treatthe enhancemeruf foreshortenedegion as
a ‘supefresolution'problem[Freemaret al. 2000]. This enhance-
mentrunsby iterations.At eachiteration,we overwriteaforeshort-
enedtexture patchby a distortionfree patchthatis mostsimilar (in
the senseof SSD)to it. This new patchis stitchedto the texture
mapby a graph-cutoptimizationasin [Kwatraetal. 2003]. A re-
sult of this supefresolutionis shavn in Figure 7. Thetexture in
(a) haslimited resolutiondueto foreshorteningn theinputimage.
Our methodcanenhancet to onewith a similar resolutionto the
fronto-parallelview (Figure7(b)).

The simplestway to texture the occludedregionsis to repeatthe
sametexture asthoseof their symmetriccounterparts.However,

this simplerepeatingmakesthe modellook arti cial. Insteadwe

synthesizeexture in the occludedregionsaccordingto thosetex-

ture found in the distortionfree region. Anotherdif culty liesin

maintainingconsistenweatheringpatterns. Architecturesurfaces
often have strongweatheringpatternsasexempli ed in Figure 10.

Wanget al. [Wanget al. 2006] proposeto extractthe surfaceap-
pearancemanifold and weatheringdegree map from image sam-
plesto generatghysically correctresult. Here,we seeka simple
solutionthatyields plausibleresults.We apply similar ideato [Ra-

manarayanamnd Bala 2007], where a constraintmapis usedto

guild texture synthesis.We obsenre thatthe weatheringdegreeon

buildingsis generallyinverselyproportionalto the height. Hence,
we take the heightasindicative of the weatheringdegree ,which is

usedto guidethepatch-basedynthesito generatehe missingtex-

ture. We iteratively copy a patchfrom a distortionfree region with

consistenboundaryandsimilar weatheringdegreeto the occluded
surface.The copiedpatchis alsostitchedwith graph-cutoptimiza-
tion. To maintainsemantictexture structures suchas doorsand
windows, we rst copy themfrom the symmetriccounterpartand
keepthemuncoveredduring synthesis An exampleof this synthe-
sisis shavn in Figure7 where(c) depictsthedistortionfreetexture,
and(d) depictsthetexture synthesizedccordingo (c).

5 Results

We rst evaluateour symmetrybased3D reconstructionvith asyn-
theticfrustumimage.We manuallymarkout 6 visible frustumver
ticesto reconstructhe frustumshape In our experimentstheuser
clicks oftendeviatefrom thetruevertex positionby 1:3 pixels(in an
imageof resolutionof 1200x800).Theerrorof focallengthis 4:3%
of thetrue value,andthe meanerror of vertex positionis 0:1% of
the distancebetweenthe cameraandpyramid frustumcenter The
reconstructedrustum (shavn in red wireframe)is veri ed from a
novel viewpoint asshawn in the right of Figure9. Thenwe veri-
ed theaccurag of estimatedocal lengthin realphotoof Figure8.
The true focal length calculatedfrom photosof a checlerboardis
28648 pixels (50 mm). In 10 trials, our estimatedfocal length

Figure9: Validationof symmetrybasedeconstructioron synthetic
data. On the left is the input image (overlaid with userclicked 6
vertices).On theright is a renderingfrom a novel viewpoint. The
reconstructeghapeis overlayedon theimage(dravn asred wire-
frame).

(@) (b) ()

d e

Fig(ur)e 10: A pagodaexample. ((a)) is the single input image. (b)
is the recorered model renderedfrom the sameviewpoint as the
inputimage. (c) is the renderingfrom a novel viewpoint. (d) and
(e) aretwo differentfacadesat the sameheight. The facadein (d)
is textured from the input image;the texture in (e) is synthesized
by our method.Our texture synthesiggeneratesnorevivid texture
thansimplerepetition.

variesfrom 25824 pixelsto 30698 pixels. In comparisonye also
implementedhe calibrationmethoddiscussedn [Deberec 1996]
which generatesesultsvary from 20294 pixelsto 39688 pixels.

Wetestourmethodon severalexampleswith differentlevel of com-
plexity. Our symmetry-basettiangulationtakes4-5 minuteson a
PCwith 2.83GHzCPU and4GB memory With therecorered3D
points,the userdraws strokesto build aninitial model(strokesfor
eachexampleareprovidedin the supplementaryideo). We mea-
surethe usereffort by theinteractiontime, becausehe otherparts
are automatic. It takes 2 — 10 minutesuserinteractionto gener
atea result. We reportthe userinteractiontime andthe numberof
reconstructe®D pointsfor eachexamplein the Table1. 3

As no groundtruth 3D modelis available, herewe only evaluate
the resultsvisually against the input image. Figure 1 shavs an
examplewith bilateral symmetry(the TiRen Ge in the Forbidden
City). Figurel (a) shavs the userdrawvn strokes. The highlighted
six pointsareasthe cornersof thepyramidfrustum.Featurematch-
ing is mosteffective on this example with 12,0003D pointsrecor-

eredasshavn in Figure4 (c). Figurel (b) shavs the rendering
of the recovreredmodelfrom the sameviewpoint asthe input im-

3This interactiontime is measuredor an experiencecduser We alsolet
anovice try our system After watchinga 10 minutesinstructionof the sys-
tem (with the pavilion example),he spend<®) minutesin total to modelthe
Berkeley Campanile(5 minutesfor the automatictriangulationand4 min-
utesfor userinteraction;no texture synthesiss appliedfor this example).



@ (b) ()

d e
Figl(JrZell: A pagodawith highly(cgrved roof. Eachroofis different
from the others. (@) is the singleinputimage. (b) is therecorered
modelrenderedrom the sameview astheinputimage. (c) is the
renderingfrom a novel viewpoint. (d) shavs a closeupview of the
building. (e) is the shadedwireframeto highlight the geometry
(Pleasezoomin the electronicversion.)

age. A novel viewpoint renderingis provided in Figurel (c) for
validation. A simplepavilion exampleis shavn in Figure8, where
(a) is the inputimageand (b) shavs the modelrenderedrom the
sameviewpointfor validation.A ridgeonthetopis missing,which
is causedby theinaccurag in the interactve modeling. The roof
hip is alittle higherthanit shouldbe,andthusoccludesartof the
secondridge. Figure 10 shavs an examplewith multiple oors.
We rst modelthe rst oor andapply the modeledresultto the
other oors with only onestroke to computea scalingandvertical
translation(pleasaeferto the supplementaryideo). This example
highlightsour texture enhancementsrigures10 (d) and(e) shav
two differentbuilding facadesat the sameheight; while thefacade
in (d) is texturedaccordingto theinputimage,thetexturein (e)is
synthesizedising our method. Our synthesizedexture produces
consistentveatheringpattern. Figure 11 shavs a complex pagoda
with rotationalsymmetry It hashighly curved roofs, which are
differentat each oor. We drawv 3 strokesto model eachroof (1
additionalstroke for the badk edge to modelthe shrinking of the
hip). Furthermorejts handrailhasintricate cut patterns. It takes
about10 minutesof userinteractionto modelthis nely detailed
example.Figurell (d) shawvs a closeupview. Furthergeometrical
detailsarehighlightedby thewireframerenderingn Figurel1 (e).

Ourmethodis alsoapplicableio themodelingof westerrbuildings,

asthe variousprinciplesinvoked in this paperare generallytrue
for mostarchitecturalforms. The Eiffel Tower in Figure 12 and
the Berkeley Campanilein Figure 13 shav two westernbuildings
modeledusing our method. We modelthe curved surface of the
Eiffel Tower accordingto its curved silhouettes. One of the cut

patternss modeledn thesamewayasthehandrail. TheBerkeley is

the easieststhereis no curvedroof andcut patternslt is modeled
with lessthan2 minutesinteraction.

6 Discussion

Architecturemodelinghasbeenan active researcheld for mary
years.Existing systemssuchas[Debevecet al. 1996; Sinhaet al.
2008; Xiao et al. 2008], createhighly realisticresultsfrom multi-
ple images. In comparisonwe seekto provide an alternatve so-

Figurel2: TheEiffel Towerexample.Ontheleft is thesingleinput
image.Ontherightis therecoseredmodelrenderedrom thesame
viewpointastheinputimage.

Figure13: The Berkeley Campanileexample. From left to right,
they are:thesingleinputimage therenderingrom the sameview-
pointastheinputimageandtherenderingfrom a novel viewpoint.

lution for architecturenodelingwhenonly a singleimageis avail-
able. Hence,we do not requirecomplicatedgeometricand photo-
metricimagealignments.Our methodcanbe a standaloneoolkit
for artiststo create3D architecturenodelsfrom online picturesor
archive pictures.It canalsobeintegratedinto previous multi-view
basedsystemso provide furthershapeconstraints.

Limitations ~ The currentmethodhas several limitations. First,
like mostimagebasedmodelingsystemsour methodprefersthe
inputimagesto befree of shadev effect. Otherwise shadaev could
be mistalen as texture and causeartifactsin the renderedmod-
els. Second,in the casethat no symmetryis present(thougha
rare case),we cannotmodelthe building from a singleimage. If
the building canbe decomposethto multiple symmetricparts,we
might still modelit partby part. If multiple imagesareavailable,
our interactize systemfor decomposingindmodelingarchitecture
componentganstill be applied. However, we cannotreducethe
interactionsby symmetry In thatcaseour methodwill bearegu-
lar multi-view interactve modelingsystemlik e [Sinhaetal. 2008].
Third, our cameracalibrationrelieson the quadraticinitialization,
which requiresthe principle point to be closeto the imagecenter
unlesshoththelengthratiosandthe frustumanglein Equation(1)
areknown. Last, large lensdistortionscould be a problem,asour
currentalgorithmfor calibrationdoesnot considerit.

Examples: TiRenGe | pavilion | P1 | P2 | ET | BC
#3Dpts( 10°): 12 5 7 | 11|05 0.7
IT: (Mins) 5 2 2 10| 5 2

able1: Modelingstatistics We shav thenumberof reconstructed
3D points and the userinteractiontime for eachexamplein the
paper Most of our examplesrequirelessthan5 minutesof user
interaction. Note: IT = userinteractiontime, P1 = the pagodain
Figurel0,P2=thepagodan Figurell, ET = the Eiffel Tower, BC
= theBerkeley Campanile.



7 Conclusion and Future Work

We presentan ef cient methodto build high quality architecture
modelsfrom a singleimageby exploiting constraintslerived from
symmetry To achieve this, a novel methodis designedo calibrate
the cameraandrecover 3D scenepointsfrom a singleimage. The
recovered 3D information helpsto reducethe amountof userin-
teractionby avoiding tediousmanualcorrespondencalfe alsoen-
hancethetexture quality to improve singleview modeling.

Thereareseveralwaysto improve our currentsystem.For example,
in the currentsystemtheroof tile is manuallymarked out from the
recti ed view. This part canbe automatedyy imageanalysisand
shapeemplatematching.Imageprocessindechniquesanalsobe
appliedto snapuserstrokesto imageedgesto make the interface
moreef cient.
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