AutomatedArchitectureReconstructiofrom Close-range
Photogrammetry

TomasWerner FrederikSchaffalitzky and Andrew Zisserman
Departmenbf EngineeringsScience
Universityof Oxford
Oxford, OX1 3PJ,UK
{wer ner, fsm az}@ obots. ox. ac. uk
http://ww. robots. ox. ac. uk/ ~vgg

Abstract

We describea methodof automatedeconstructiorof buildings from a setof uncalibratedohotographs.The
methodproceedsn two steps(i) Recweringthe cameracorrespondingo eachphotograpranda setof sparsescene
featuresusinguncalibratedstructurefrom motiontechniquesievelopedin the ComputerVision community (ii) A
novel plane-sweeplgorithmwhich progressiely constructsa piecevise planar3D modelof the building. In both
stepstherich geometricconstraintpresenin architecturascenesreutilized. It is alsodemonstratethatwindow
indentationsnay be computechutomatically

Themethodsareillustratedon animagetriplet of a college courtat Oxford, andon the CIPA referencémageset
of Zurich City Hall.
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1 Introduction

Therehasbeenintensve researcteffort in the Photogrammetrand Computer/ision communitieson reconstruction
of architecturdrom photographsFor example,the following large scaleprojectsdealtwith variousdegreesof auto-
matedscenerecovery, generallystartingfrom camerasvith known calibrationand/orrangeimagery: Ascendei4],
Facadg14], IMPACT[1, 6, 10], andRESOLV [13].

In particular the Facadeprojectdemonstratethe high quality of modelsthatcould be constructeananuallyfrom
photographsisinga paradignbasednfirst constructinga polyhedralpproximatiorof thesceneandthenconsidered
deviationsfrom this approximation Theaim of thework hereis anautomatedracademodeller— thegoalatthis stage
is first to recover a piecavise planarmodelthatapproximateshe dominantplanesin the sceneandtheir delineation;
andthento usetheseplanego organizethesearcHor perturbationgrom the planesuchasindentationge.g.windows)
andprotrusionge.g.window sills).

We areinterestederein architecturascenesvhichtypically containplanesorientatedn threedominandirections
which areperpendiculato eachother, for examplethe verticalsidesof a building andthe horizontalgroundplane. It
is assumedhatthe scenecontainghreesuchprincipaldirectionsandthattheimagescontainsufiicientinformationto
obtainthevanishingpointsof thesedirections.

We describeamethodwhich proceedsn two stepsfirst, thecamerasredeterminedrom theimagesWe assume
thatthecamerasiave squarepixelsanddeterminghecameranatricesusingacombinatiorof multiple view matching,
andvanishingpointscorrespondingo thethreeprincipalscenedirections.Thisis describedn section2.

The secondstepis to build the piecavise planarmodel given the cameras. Here we usea “plane sweeping”
approacho determingheplanesn theprincipaldirections.This planesweepingstrateyy builds on previouswork on
automatedeconstructiorfrom aerialviews by Baillard et al [1]. It is a powerful building block for an architecture
reconstructiorsystemenablingthe main walls to be recoveredefficiently and reliably. Oncethe main structures
aredeterminedmoredemandingsearchegor smallerpiecavise planarparts,detailsin the wall, etcfollow. Thisis
describedn section3.

2 Computing the camera matrices

In mary photogrammetrapplicationsoththeinterior andexterior orientationof the camerasreprovided. Herewe
considetthe casewhichis morecommonlythe startingpointin computervision applicationswhereonly theimages
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Figurel: Threeimagesof MertonCollege, Oxford, acquiredwith a handheldlow costOlympusdigital camera.The
imagesare1024 x 768 pixels.

areavailableandthe camerasnmustbe computeddirectly from these. We needto computefor eachview ¢ a3 x 4

cameramatrix of the form P¢ = K*[R¢ | t], whereK is an uppertriangular3 x 3 matrix representinghe internal
parametersg is arotationmatrix andt atranslation.We describen this sectionthe automaticcomputatiorof these
cameradgrom theimages.

Determiningcameragwithout using3D fiducial pointsandresectioningjgenerallyproceedsn two stagesfirst, a
projective reconstructions obtainedby determiningmagepointsandtheir correspondencesgconda metricrecon-
structionis determinedrom theprojective reconstructiorusingadditionalconstraints.

In moredetail, supposea setof 3D pointsX; is viewed by a setof camerasvith matricesp?. Denoteby x;'- the
coordinate®f thej-th pointasseerby thei-th cameraThenaprojectvereconstructio{P?, X ; } satisfieX; ~ x;
andis relatedto the true scenegeometryby an arbitrary 3D projective transformation. A metric reconstructioris
relatedto thetrue scenggeometryby a scaledEuclideantransformation.

In this casedeterminingthe projective reconstructionnvolvesobtainingthe correspondingnagepoints:cj- . De-
termining a metric reconstructioninvolves obtainingthe vanishingpoints correspondingo the three (orthogonal)
principalscenddirections.We will illustratethe methodfor theimagetriplet shovn in figure 1.

2.1 Projective cameras

For a significantvariety of scenetypesthe epipolargeometrycanbe computedautomaticallyfrom two uncalibrated
imagesprovided the motion betweenthe views is limited [15, 17]. The computationmethodsare basedon robust
statisticsandproceedn threesteps:first, interestpointsaredetectedndependentlyn eachimage;secondputative
point matchesare computeetweentheimagesbasedon a measuref proximity andintensityneighbourhoodim-
ilarity; third, the fundamentamatrix (representinghe epipolargeometry)anda subsetof thesematchesconsistent
with the epipolargeometryaredeterminedsimultaneouslyusinga robust estimationalgorithmsuchasRANSAC or
LMS. Similarly for limited motionthetrifocal geometrycanbe estimatechutomaticallybetweerimagetriplets[16].
Thesemethodsarereviewedin [8].

We have adapteda numberof previous algorithmsfrom the literature,in particularthosesuitedto “wide base
line stereo”applicationsto be especiallysuitedto architecturakcenes.In suchsceneghereis generallysufficient
texture, from bricks, windows etc, to generatea plentiful supplyof interestpoint features;andalsosufficient planar
patchesto enablegrowing of matchesusinglocal planarhomographies.The matchingalgorithm combinesideas
from threeprevious papersfirst, detectinginterestpointsat characteristiscaleq9]; second)abellingeachpoint by
an affine invariantdescriptof2] sothatpointscanbe matchedon theselabels;third, growing matchesusingplanar
homographie§l 1] sincesurfacesarepiecaviseplanar

Thealgorithmis illustratedin figure 2 for thetriplet of figure 1. A reconstructions computedrom theresulting
matchesacrosgshetriplet usingthe methodof [12]. Theresultof this algorithmis a projective reconstructiorfor the
imagetriplet over 684 points. The bundle adjustmentichievesa RMS reprojectionaccurag of 0.14 pixels, with a
maximumerrorof 1.01 pixels.

2.2 Metric cameras

Theapproachusedhereto upgradehe projective reconstructiorto metricis basedn determiningvanishingpointsin
eachimagecorrespondingo thethreeprincipalandorthogonakcenedirections,andproceedsn threesteps First, the
threeprincipal directions(pointsat infinity) arecomputedrom theirimages(the vanishingpoints). This determines
the planeat infinity asthe planedefinedby the threedirections,and consequentlthe projective reconstructionis
upgradedo affine. Secondthe principal directionsareforcedto be mutually orthogonal. This determines recon-
structionwhich differsfrom metriconly by a scalingin eachof the principaldirections.In thelaststep,thesescalings



Figure2: Stepsin computingimagepoint correspondencemndprojective cameramatricesfor thetriplet of figure 1.
(a) Thefirst imageof thetriplet. (b) Harris corners(2000 perimage)andtheir characteristiccalesrepresentedy
circles. Note thatvery few featuresarefound on the grass.(c) The affine invariantneighbourhood$or eachcorner
representetly anellipse,(d) shovsacloseup of this. (e) Putatve matchego the secondmageof thetriplet basedn
theinvariantdescriptorof eachcornemeighbourhoodA matchis indicatedby aline from the currentpositionof the
cornerto the positionof the putatve matchin the otherimage. A total of 1441 matchesarefound. (f) The 684 final
matchesafterverificationandgrowing.

aredeterminedup to an overall scale)usingthe constrainthatthe camerapixels aresquareby linearly minimizing
analgebraiaesidual.

This linear, non-iterative algorithmyields a very goodinitial estimateof the metric cameras® = Ki[R? | ti],
i.e. boththe internalandexterior orientation. For examplethe computednternalparametersor the first imageare:
principal point (580.5, 349.0), aspectratio 1.00055,anglebetweenimageaxes89.8944°, andfocal length1085.4
pixels. Their futherimprovementis possibleby a bundleadjustmentonstrainedy orthogonalityandsquarepixels
assumptionsThetypical line setsusedto computethe vanishingpointsareshawn in figure 3.

3 Computingthe principal scene planes by sweeping

In this sectionwe presenta novel stratgy for determiningplanarpartsof the scene typically walls andthe ground
plane,by “planesweeping”.

Figure 3: Vanishingpoint computation.(a), (b) and(c) shavs the lines (in white) supportingthe vanishingpoints
correspondingo the threeprincipal directionsfor the thirstimageof figure 1. The thick line in (b) and(c) is the
horizoncomputedastheline throughthevanishingpoints.
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Figure 4: Planesweepsundertranslationsalong the principal scenedirections. Eachcolumn shows the first and
secondmagesof figure 1 superimposetly ahomographynapcorrespondingo atranslatingsceneplane.In thefirst
columnthetranslationdirectionis perpendiculato the left plane,andin the secondcolumnthe directionis vertical.
The circleson the scorefunction at the bottomof eachcolumncorrespondo the translationgz—axis) andimage
correlationgy—axis) of eachsuperpositiorof the column. In eachcasethe middle translationis the onewhich best
registersthe planesandthisis visible becauséhe planeof interestis most‘focussed”.Notethattherepeatedtructure
onthegrasgyivesriseto a secondnodein thescorefunctionfor thegroundplane.



Considerthe vanishingline of the groundplane. This is the horizonin the imageand may be computedfrom
the two vanishingpointscorrespondindo the setsof linesin the scenewhich are parallelto the groundplane. See
figure 3b andc. Giventhe horizonin two imagesandthe cameramatricesthe line at infinity which projectsto the
horizonin eachimagemay be computed.Sinceall planeswhich intersectin a commonline at infinity are parallel,
we canconstructa one-parameteiamily of sceneplanesparallelto the groundplane,andusetheseto definea one
parametefamily of homographiebetweenviews. In effectwe aretranslating'sweepingpa sceneplaneparallelto the
groundplane(i.e. vertically) andusingthis to definethe homographynapbetweertheimages.

Whenthe sweptplanecorrespondso the actualgroundplane,thenthe intensityfunctionin oneimageandthe
intensity function from anotherimagetransformedoy this homographywill be highly correlatedin the region cor-
respondingo the ground. By determiningthe sweptplanewhich produceshe highestcorrelation(measuredy an
appropriaterobust function describedoelaow) the true position of the groundplaneis determined.The sweepingis
illustratedfor two of the principaldirectionsin figure 4.

The cross-correlationis measuredas follows: first imagepoints at significantimage gradientsare determined;
seconda sampleof thesepointsareselectedasthe key pointsat which to measurehe cross-correlationOnly these
pointsareusedin orderto improvethesignalto noiseratio by discardinguninformative pointsin homogeneousnage
regions. Approximately10% of image pixels were selectedasthe keypoints. At eachof the key pointsthe cross-
correlationis computedbetweerthe point’s neighbourhoodndthe correspondingieighbourhoodhn the otherimage
mappedby the homographyinducedby the sweepingplane. The cross-correlatioris computedbetweenall pairs
of images,andthe resultaveraged.A scorefunction consistsof the cross-correlationaveragedover all pointsasa
functionof planetranslation.Typical scorefunctionsareshonn in figure4.

The idea of using a point-to-pointmap to correctly measurethe cross-correlations not new — indeedGruen
proposedhis in the Photogrammetrjiteraturein 1985[7]. However, the mapin that casewas an affinity (an ap-
proximation),andits computatiorrequireda searchover six parametersHereno approximationis involved,andthe
homography(in generabkpecifiedby eightparametersjs computeddy a one-parametesearch Collins [3] usedaho-
mographyin thismanneto searctfor line matchesbove agroundplaneby sweepinga planein theverticaldirection.
However, theexterior orientationof thecamerasvasknown. A similar methodwasemployedin [5] to searcHor lines
onverticalfacades.

Themostsignificantresulthereis determiningheplanecorrespondingo thegroundplane sinceveryfew features
aredetectednthis plane.Consequentlyt is very difficult to determinghe groundplanefrom featurematchesalone.

Giventhesethree(infinite) planesit is thenpossibleto determinethe partial delineationof eachplanefrom their
intersectior(figure 7a);andhenceto texture mapthe appropriatgartsof theimagesontoathreedimensionamodel
(figure7b,c).

4 Determining perturbationsfrom the principal planes

Having computedheprincipalplanesandtheirpartialdelineationswe arenow ableto concentraten particulaimage
regions(andtherebyimprove thesignalto noise),andusethedelineatedscenegplanedo organizethesearctor model
refinementsin particularit will be shavn herethatrectangulawindow indentationcanbe modelledautomatically

The ideais to determineregions of the planewhich do not coincidewith the coarselyfitted sceneplane,and
thento modeltheseregionsasrectanglesalignedwith the principal scenedirections. Note, eachregion is modelled
independenthasopposedo assuminghatall windows areatthe samedepthandhave equalsizeandarearrangedn
aregulargrid.

Pointswhich lie behindthe fitted plane(indentations)are determinedby thresholdingdepthsof individual key-
points. Thethresholdvalueis obtainedfrom the scorefunctionrecomputedor theimageregion correspondingdo the
currentfacade seefigure 5a. Two modesare clearly discernablén the function— one correspondindo the coarse
facadeplane,andthe otherto thewindow plane.

The keypoints labeledby thresholdingas being behindthe wall are shavn in figure 5d. Contiguousregions
(correspondingo eachof the windows anddoors)arethencomputedby robustly clusteringthesepoints. The fitted
planehasessentiallysimplifiedthis taskto thatof clusteringasetof pixelsin a2D imageastheanalysiscanbecarried
outon arectifiedversionof the image(wherethe principal scenedirectionsare orthogonalin the image). Standard
imageprocessingnethods suchas simple operationsof binary morphology are used. Rectangulaboxesarethen
fitted to the clusters. Theresultingwindows boundariesreshowvn in figure5e.

The window boundariesare thenrefinedusing a further correlationbasedsearch but now concentratedn the
vicinity of the putative window boundary For eachboundarya one-dimensionasearchs carriedout perpendicular
to thatboundary For examplefor a vertical boundarythe searchis horizontal. Two scorefunctionsare computed,
onebasedon thehomographynducedby thewall plane,the otherbasedon the homographynducedby the window
plane,asillustratedin figure 6. For thewall planethe scoreis highwhenthe pixelsin therectanglebelongto thewall
andsmall otherwise.Corversely for the window planehomographythe similarity scoreis high for window pixels,
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Figureb: (a) Aggregatedsimilarity scorein the neighbourhooaf thewall planecomputedoverthreeviews. Mode A
correspondto thewall plane,andB to theplaneof thewindows. The magnitudeof thesimilarity scoredor individual
keypointsarerepresentetly pixel darknessn (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 thresholdingdepthsatthe value
denotedby thecrossin plot (a). (e) Rectanglesobustly fitted to clusteredpointsshavn ontherectifiedfacade.

andlow for wall ones.The productof thesetwo similarity scoregpeaksat the actualwindow boundaryasshavn in
thefigure.

The facademodelis thenupdatedwith theserectangulaindentationsandtexture mappedirom the appropriate
images.Theresultingpiecaviseplanarmodelis shavn in figure 7d,e,f.

Figure8 shavsfour views of onefacadeof the Zurich City Hall from the CIPA imageset. Themodelwith window
indentationcomputedusingthe setof sweepingalgorithmsdescribedbore is shavn in figure9.

5 Discussion

This paperhassketchedthe ideaof usinglines at infinity for planesweeping. This addsanothemrmethod,to those
alreadyavailable, for determiningplanesin a structuredscene. Its advantageover other existing methods(suchas
robustplanefitting to point clouds)is thatfeaturecorrespondencemenotrequired.
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Figure9: The shadeda) andtextured(b,c) modelof the Zurich City hall. Obsene the effect of window parallaxin
(b,c).
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