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Abstract

We describea methodof automatedreconstructionof buildings from a setof uncalibratedphotographs.The
methodproceedsin two steps(i) Recoveringthecameracorrespondingto eachphotographandasetof sparsescene
featuresusinguncalibratedstructurefrom motion techniquesdevelopedin theComputerVision community. (ii) A
novel plane-sweepalgorithmwhich progressively constructsa piecewise planar3D modelof thebuilding. In both
steps,therich geometricconstraintspresentin architecturalscenesareutilized. It is alsodemonstratedthatwindow
indentationsmaybecomputedautomatically.

Themethodsareillustratedon animagetriplet of acollegecourtat Oxford,andon theCIPA referenceimageset
of ZurichCity Hall.

Keywords: 3D computervision,multipleview geometry, planesweeping,inter imagehomography

1 Introduction
Therehasbeenintensive researcheffort in thePhotogrammetryandComputerVision communitieson reconstruction
of architecturefrom photographs.For example,thefollowing largescaleprojectsdealtwith variousdegreesof auto-
matedscenerecovery, generallystartingfrom cameraswith known calibrationand/orrangeimagery:Ascender[4],
Facade[14], IMPACT [1, 6, 10], andRESOLV [13].

In particular, theFacadeprojectdemonstratedthehighqualityof modelsthatcouldbeconstructedmanuallyfrom
photographsusingaparadigmbasedonfirst constructingapolyhedralapproximationof thesceneandthenconsidered
deviationsfrom thisapproximation.Theaimof thework hereis anautomatedFacademodeller– thegoalat thisstage
is first to recovera piecewiseplanarmodelthatapproximatesthedominantplanesin thesceneandtheir delineation;
andthento usetheseplanesto organizethesearchfor perturbationsfrom theplanesuchasindentations(e.g.windows)
andprotrusions(e.g.window sills).

Weareinterestedherein architecturalsceneswhichtypicallycontainplanesorientatedin threedominantdirections
whichareperpendicularto eachother, for exampletheverticalsidesof a building andthehorizontalgroundplane.It
is assumedthatthescenecontainsthreesuchprincipaldirectionsandthattheimagescontainsufficient informationto
obtainthevanishingpointsof thesedirections.

Wedescribeamethodwhichproceedsin two steps:first, thecamerasaredeterminedfrom theimages.Weassume
thatthecamerashavesquarepixelsanddeterminethecameramatricesusingacombinationof multipleview matching,
andvanishingpointscorrespondingto thethreeprincipalscenedirections.This is describedin section2.

The secondstepis to build the piecewise planarmodel given the cameras.Here we usea “plane sweeping”
approachto determinetheplanesin theprincipaldirections.Thisplanesweepingstrategy buildsonpreviouswork on
automatedreconstructionfrom aerialviews by Baillard et al [1]. It is a powerful building block for anarchitecture
reconstructionsystemenablingthe main walls to be recoveredefficiently and reliably. Oncethe main structures
aredetermined,moredemandingsearchesfor smallerpiecewiseplanarparts,detailsin thewall, etc follow. This is
describedin section3.

2 Computing the camera matrices
In many photogrammetryapplicationsboththeinteriorandexteriororientationof thecamerasareprovided.Herewe
considerthecase,which is morecommonlythestartingpoint in computervisionapplications,whereonly theimages
�
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Figure1: Threeimagesof MertonCollege,Oxford,acquiredwith a handheldlow costOlympusdigital camera.The
imagesare ���	��

������� pixels.

areavailableandthe camerasmustbe computeddirectly from these.We needto computefor eachview � a ����

cameramatrix of the form ���������! "��$#&%��(' , where � is an uppertriangular ���)� matrix representingthe internal
parameters," is a rotationmatrix and % a translation.We describein this sectiontheautomaticcomputationof these
camerasfrom theimages.

Determiningcameras(withoutusing3D fiducialpointsandresectioning)generallyproceedsin two stages:first, a
projectivereconstructionis obtainedby determiningimagepointsandtheir correspondences;second,a metricrecon-
structionis determinedfrom theprojectivereconstructionusingadditionalconstraints.

In moredetail,supposea setof 3D points *,+ is viewedby a setof cameraswith matrices��� . Denoteby -.�+ the
coordinatesof the / -th pointasseenby the � -th camera.Thenaprojectivereconstruction0����213*,+�4 satisfies�	�5*,+768-.�+ ,
and is relatedto the true scenegeometryby an arbitrary3D projective transformation.A metric reconstructionis
relatedto thetruescenegeometryby a scaledEuclideantransformation.

In this casedeterminingtheprojective reconstructioninvolvesobtainingthecorrespondingimagepoints -9�+ . De-
termining a metric reconstructioninvolvesobtainingthe vanishingpoints correspondingto the three(orthogonal)
principalscenedirections.We will illustratethemethodfor theimagetriplet shown in figure1.

2.1 Projective cameras
For a significantvarietyof scenetypestheepipolargeometrycanbecomputedautomaticallyfrom two uncalibrated
imagesprovided the motion betweenthe views is limited [15, 17]. The computationmethodsarebasedon robust
statisticsandproceedin threesteps:first, interestpointsaredetectedindependentlyin eachimage;second,putative
point matchesarecomputedbetweentheimagesbasedon a measureof proximity andintensityneighbourhoodsim-
ilarity; third, the fundamentalmatrix (representingthe epipolargeometry)anda subsetof thesematchesconsistent
with theepipolargeometryaredeterminedsimultaneously, usinga robustestimationalgorithmsuchasRANSAC or
LMS. Similarly for limited motionthetrifocal geometrycanbeestimatedautomaticallybetweenimagetriplets[16].
Thesemethodsarereviewedin [8].

We have adapteda numberof previous algorithmsfrom the literature,in particularthosesuitedto “wide base
line stereo”applications,to be especiallysuitedto architecturalscenes.In suchscenesthereis generallysufficient
texture, from bricks,windows etc, to generatea plentiful supplyof interestpoint features;andalsosufficient planar
patchesto enablegrowing of matchesusing local planarhomographies.The matchingalgorithmcombinesideas
from threepreviouspapers:first, detectinginterestpointsat characteristicscales[9]; second,labellingeachpoint by
anaffine invariantdescriptor[2] so thatpointscanbematchedon theselabels;third, growing matchesusingplanar
homographies[11] sincesurfacesarepiecewiseplanar.

Thealgorithmis illustratedin figure2 for thetriplet of figure1. A reconstructionis computedfrom theresulting
matchesacrossthetriplet usingthemethodof [12]. Theresultof this algorithmis a projective reconstructionfor the
imagetriplet over 684 points. The bundleadjustmentachievesa RMS reprojectionaccuracy of �;:<��
 pixels,with a
maximumerrorof ��: �=� pixels.

2.2 Metric cameras
Theapproachusedhereto upgradetheprojectivereconstructionto metricis basedondeterminingvanishingpointsin
eachimagecorrespondingto thethreeprincipalandorthogonalscenedirections,andproceedsin threesteps.First,the
threeprincipaldirections(pointsat infinity) arecomputedfrom their images(thevanishingpoints). This determines
the planeat infinity as the planedefinedby the threedirections,andconsequentlythe projective reconstructionis
upgradedto affine. Second,theprincipaldirectionsareforcedto bemutuallyorthogonal.This determinesa recon-
structionwhichdiffersfrom metriconly by ascalingin eachof theprincipaldirections.In thelaststep,thesescalings
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Figure2: Stepsin computingimagepoint correspondencesandprojective cameramatricesfor thetriplet of figure1.
(a) The first imageof the triplet. (b) Harris corners(2000per image)andtheir characteristicscalesrepresentedby
circles. Note thatvery few featuresarefoundon thegrass.(c) Theaffine invariantneighbourhoodsfor eachcorner
representedby anellipse,(d) showsacloseupof this. (e)Putativematchesto thesecondimageof thetriplet basedon
theinvariantdescriptorof eachcornerneighbourhood.A matchis indicatedby a line from thecurrentpositionof the
cornerto thepositionof theputative matchin theotherimage.A total of 1441matchesarefound. (f) The684final
matchesafterverificationandgrowing.

aredetermined(up to anoverall scale)usingtheconstraintthat thecamerapixelsaresquareby linearly minimizing
analgebraicresidual.

This linear, non-iterative algorithmyields a very goodinitial estimateof the metric cameras���>�?���3 "	�@#A%��(' ,
i.e. both the internalandexterior orientation.For examplethecomputedinternalparametersfor thefirst imageare:
principal point BDC����=:EC�1���
GF=: �GH , aspectratio 1.00055,anglebetweenimageaxes ��F;: �GF�
�
�I , andfocal length1085.4
pixels. Their futher improvementis possibleby a bundleadjustmentconstrainedby orthogonalityandsquarepixels
assumptions.Thetypical line setsusedto computethevanishingpointsareshown in figure3.

3 Computing the principal scene planes by sweeping
In this sectionwe presenta novel strategy for determiningplanarpartsof thescene,typically walls andtheground
plane,by “planesweeping”.

(a) (b) (c)

Figure3: Vanishingpoint computation.(a), (b) and(c) shows the lines (in white) supportingthe vanishingpoints
correspondingto the threeprincipal directionsfor the thirst imageof figure 1. The thick line in (b) and(c) is the
horizoncomputedastheline throughthevanishingpoints.
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Figure 4: Planesweepsundertranslationsalong the principal scenedirections. Eachcolumnshows the first and
secondimagesof figure1 superimposedby ahomographymapcorrespondingto a translatingsceneplane.In thefirst
columnthetranslationdirectionis perpendicularto the left plane,andin thesecondcolumnthedirectionis vertical.
The circleson the scorefunction at the bottomof eachcolumncorrespondto the translations( J.K axis) andimage
correlations( LMK axis)of eachsuperpositionof thecolumn. In eachcasethemiddle translationis theonewhich best
registerstheplanes,andthis is visiblebecausetheplaneof interestis most“focussed”.Notethattherepeatedstructure
on thegrassgivesriseto a secondmodein thescorefunctionfor thegroundplane.



Considerthe vanishingline of the groundplane. This is the horizonin the imageandmay be computedfrom
the two vanishingpointscorrespondingto the setsof lines in thescenewhich areparallelto thegroundplane. See
figure3b andc. Given the horizonin two imagesandthecameramatricesthe line at infinity which projectsto the
horizonin eachimagemaybecomputed.Sinceall planeswhich intersectin a commonline at infinity areparallel,
we canconstructa one-parameterfamily of sceneplanesparallelto thegroundplane,andusetheseto definea one
parameterfamily of homographiesbetweenviews. In effectwearetranslating(sweeping)asceneplaneparallelto the
groundplane(i.e. vertically)andusingthis to definethehomographymapbetweentheimages.

Whenthe sweptplanecorrespondsto the actualgroundplane,thenthe intensityfunction in oneimageandthe
intensityfunction from anotherimagetransformedby this homographywill be highly correlatedin the region cor-
respondingto theground. By determiningthesweptplanewhich producesthehighestcorrelation(measuredby an
appropriaterobust function describedbelow) the true positionof the groundplaneis determined.The sweepingis
illustratedfor two of theprincipaldirectionsin figure4.

The cross-correlationis measuredas follows: first imagepointsat significantimagegradientsaredetermined;
second,a sampleof thesepointsareselectedasthekey pointsat which to measurethecross-correlation.Only these
pointsareusedin orderto improvethesignalto noiseratioby discardinguninformativepointsin homogeneousimage
regions. Approximately ���	N of imagepixels wereselectedasthe keypoints. At eachof the key pointsthe cross-
correlationis computedbetweenthepoint’sneighbourhoodandthecorrespondingneighbourhoodin theotherimage
mappedby the homographyinducedby the sweepingplane. The cross-correlationis computedbetweenall pairs
of images,andthe resultaveraged.A scorefunctionconsistsof thecross-correlationsaveragedover all pointsasa
functionof planetranslation.Typical scorefunctionsareshown in figure4.

The idea of using a point-to-pointmap to correctly measurethe cross-correlationis not new – indeedGruen
proposedthis in the Photogrammetryliteraturein 1985[7]. However, the mapin that casewasan affinity (an ap-
proximation),andits computationrequireda searchover six parameters.Hereno approximationis involved,andthe
homography(in generalspecifiedby eightparameters)is computedby a one-parametersearch.Collins [3] usedaho-
mographyin thismannerto searchfor line matchesaboveagroundplaneby sweepingaplanein theverticaldirection.
However, theexteriororientationof thecameraswasknown. A similarmethodwasemployedin [5] to searchfor lines
onverticalfacades.

Themostsignificantresulthereis determiningtheplanecorrespondingto thegroundplane,sinceveryfew features
aredetectedon thisplane.Consequentlyit is verydifficult to determinethegroundplanefrom featurematchesalone.

Giventhesethree(infinite) planesit is thenpossibleto determinethepartialdelineationof eachplanefrom their
intersection(figure 7a);andhenceto texturemaptheappropriatepartsof theimagesontoa threedimensionalmodel
(figure7b,c).

4 Determining perturbations from the principal planes
Havingcomputedtheprincipalplanesandtheirpartialdelineations,wearenow abletoconcentrateonparticularimage
regions(andtherebyimprovethesignalto noise),andusethedelineatedsceneplanesto organizethesearchfor model
refinements.In particularit will beshown herethatrectangularwindow indentationscanbemodelledautomatically.

The idea is to determineregionsof the planewhich do not coincidewith the coarselyfitted sceneplane,and
thento modeltheseregionsasrectanglesalignedwith theprincipalscenedirections.Note,eachregion is modelled
independentlyasopposedto assumingthatall windowsareat thesamedepthandhaveequalsizeandarearrangedon
a regulargrid.

Pointswhich lie behindthe fitted plane(indentations)aredeterminedby thresholdingdepthsof individual key-
points.Thethresholdvalueis obtainedfrom thescorefunctionrecomputedfor theimageregioncorrespondingto the
currentfacade,seefigure5a. Two modesareclearly discernablein the function – onecorrespondingto the coarse
facadeplane,andtheotherto thewindow plane.

The keypoints labeledby thresholdingas being behindthe wall are shown in figure 5d. Contiguousregions
(correspondingto eachof thewindows anddoors)arethencomputedby robustly clusteringthesepoints. Thefitted
planehasessentiallysimplifiedthis taskto thatof clusteringasetof pixelsin a2D imageastheanalysiscanbecarried
out on a rectifiedversionof the image(wheretheprincipalscenedirectionsareorthogonalin the image). Standard
imageprocessingmethods,suchassimpleoperationsof binary morphology, areused. Rectangularboxesarethen
fitted to theclusters.Theresultingwindowsboundariesareshown in figure5e.

The window boundariesare thenrefinedusinga further correlationbasedsearch,but now concentratedin the
vicinity of theputative window boundary. For eachboundarya one-dimensionalsearchis carriedout perpendicular
to that boundary. For examplefor a verticalboundarythe searchis horizontal. Two scorefunctionsarecomputed,
onebasedon thehomographyinducedby thewall plane,theotherbasedon thehomographyinducedby thewindow
plane,asillustratedin figure6. For thewall planethescoreis highwhenthepixelsin therectanglebelongto thewall
andsmall otherwise.Conversely, for thewindow planehomographythesimilarity scoreis high for window pixels,
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Figure5: (a)Aggregatedsimilarity scorein theneighbourhoodof thewall planecomputedover threeviews. ModeA
correspondsto thewall plane,andB to theplaneof thewindows.Themagnitudeof thesimilarity scoresfor individual
keypointsarerepresentedby pixeldarknessin (b) for thesweptplaneatthepositionof modeA, and(c) for theposition
of modeB. Thekeypointsbelongingmostlyto thewall planescorehighly (aredark)in (b) andthosebelongingto the
window planescorehighly in (c). Pointsbelongingto windows,(d), areobtainedby thresholdingdepthsat thevalue
denotedby thecrossin plot (a). (e)Rectanglesrobustlyfitted to clusteredpointsshown on therectifiedfacade.

andlow for wall ones.Theproductof thesetwo similarity scorespeaksat theactualwindow boundary, asshown in
thefigure.

The facademodelis thenupdatedwith theserectangularindentations,andtexturemappedfrom the appropriate
images.Theresultingpiecewiseplanarmodelis shown in figure7d,e,f.

Figure8 showsfour viewsof onefacadeof theZurichCity Hall from theCIPA imageset.Themodelwith window
indentationscomputedusingthesetof sweepingalgorithmsdescribedaboveis shown in figure9.

5 Discussion
This paperhassketchedthe ideaof usinglines at infinity for planesweeping.This addsanothermethod,to those
alreadyavailable,for determiningplanesin a structuredscene.Its advantageover otherexisting methods(suchas
robustplanefitting to pointclouds)is thatfeaturecorrespondencesarenot required.
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Figure6: Refining the positionof the vertical window boundaries.(a) Searchregionsconsistingof two adjacent
rectangleswhicharetranslatedhorizontally. In rectangleA thesimilarity scoreis basedonthewall plane.In rectangle
B thewindow planeis used.(b) plots the two scoresandtheir product,which peaksat theactualwindow boundary
location(thedashedline). (c) For non-occludingwindow edges(theleft onein this case),a gapof appropriatewidth
is insertedbetweentherectangles.
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Figure7: (a) The linesof intersectionof thethreecomputedplanesprojectedonto the third imageof figure1. (b,c)
Two views of thetexturemappedcoarse3D VRML model,consistingof wall planesandthegroundplane,partially
delineated.Theautomaticallycomputed3D modelaugmentedwith indentedwindowsis shown in (d) untextured,and
texturemappedfrom theappropriateregionsof the imagesin (e) and(f). Observe thedifferencebetweenwindows
notmodelled(b,c)andmodelled(e,f) astheviewpointchanges.



Figure8: Four views of onesideof theZurich City hall which areusedin theplanesweepto determinethewindow
indentations.
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Figure9: Theshaded(a) andtextured(b,c)modelof theZurich City hall. Observe theeffect of window parallaxin
(b,c).
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