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Abstract

This paperdescribesa systemwhichautomaticallyderives3D modelsof ar-
chitecturalscenesfrom multiple images.This systemdiffers from previous
structurefrom motionalgorithmsin thatit explicitly makesuseof strongge-
ometricconstraintssuchasperpendicularityandverticality which arelikely
to be found in architecture.Structureis compactlyrepresentedasa piece-
wiseplanarmodelwhichis initialisedautomaticallyby segmentingafeature-
basedreconstruction.An ef�cient techniquefor evaluationof modellikeli-
hoodis alsopresented,which allows a rapidsearchthrougha largenumber
of 3D models.

1 Intr oduction

As 3D graphicsbecomean everydayfeatureof desktopPCsandweb browsers,there
is an increasingdemandfor the generationof realistic 3D modelswithout the useof
expensive andtechnicalCAD packages.The automaticacquisitionof 3D modelsfrom
imagesequencesis one approachto the problemwhich hasbeenactively pursuedby
computervision researchersin recentyears.

Fully automaticmodelrecoveryfromimages[3, 9] is usuallybasedonlow level image
featuressuchas points and lines, which can be automaticallydetectedfairly reliably.
Howeverreconstructingeachpointor line individually involvesestimatingalargenumber
of parameters(

���

parametersfor
�

points,for example),which makesthis approachill-
conditionedandreliantonmany accuratelydetectedandmatchedpointandline features.

By relaxingtherequirementfor completeautomation,interactivesystems[4, 10, 11]
canmake useof higherlevel primitivessuchasplanesandblocks,which aremanually
extractedfrom animagesequence.Thisgreatlyreducesthedimensionalityof theproblem
andleadsto morerobustsolutionsandconvincing models.However thesesystemscan
only model scenesin which the primitives they useare applicable,and are no longer
completelyautomatic.

This paperdescribesa systemfor automatic3D modelacquisitionwhich makesuse
of high level primitives (planes). The systemis demonstratedon architecturalscenes,
althoughit couldbeappliedto any classof structurefor which someprior knowledgeis
available. From an initial reconstructionobtainedfrom cornerfeatures,a modelbased
on planes,similar to thelayeredmodelsusedin [2, 13], is initialisedandthenoptimised.
Thisprocessexplicitly makesuseof strongprior modelsandgeometricconstraintswhich
areapplicableto architecture.Thishasthesameaimasthatof Baillardet. al.[1]; however



their work follows a differentapproachbasedon line matchingto segmentplanesfrom
aerialimagesof urbanscenes.

Section2 of the paperintroducesthe piecewise planarmodelusedto representar-
chitecturalscenes,andde�nes a posteriorprobabilitymeasurefor themodel. Section3
addressesthe problemof obtainingan initial estimateof the modelautomaticallyfrom
an imagesequence,while in Section4 a methodfor rapidly optimisingthis estimateis
presented.In Section5 themodelis furtherre�ned by theadditionof offsetlayersrepre-
sentingfeaturessuchasdoorsandwindowsto eachplane.

2 The planar model

Eachplane� in aplanarmodelis speci�edby spatialparameters��� � , boundaryparameters
� � � , textureparameters� � � andparallaxparameters� � � . Thespatialparameters� � � deter-
minethepositionandorientationof plane� in the � 	�

��� world coordinatesystemand
arede�ned suchthat ��� ����� 	�
�������� . Theboundaryparameters��� � area list of points
which de�nes a clockwisewalk aroundtheboundaryof theplane.The lastpoint in ��� �

is joinedto the�rst to form a closedcurve,which is assumednot to beself-intersecting.
Thetextureparameters��� � consistof anunknown brightnessparameter�����! (between0
and255)de�ned at eachpoint � on a regular2D grid within theplaneboundary. Also
de�ned at eachpoint � is a parallaxparameter"#�$�% , which modelstheoffsetof point

� perpendicularto theplane.Thesetof offsetparametersformstheparallaxparameter
vector �&� � . Theplanarmodelalsocontainsabackgroundplane,�(' , with in�nite extent.

2.1 Estimating a planar model

Givendata) in theformof animagesequence,theproblemis to �nd �%�+*
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suchthattheposteriorprobability
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is maximised,where0 representsprior information.This is aproductof modellikelihood
andprior, whicharede�ned in thefollowing sections.

2.2 Evaluation of the model lik elihood

It is assumedthata textureparameterat point � on themodelsurfaceis observedwith
noise �5���% 3687 , where 7 hasa Gaussiandistribution meanzeroandstandarddeviation

9�: . Theparameters���$�! and "#�$�% canthenbefoundsuchthatthey minimisethesumof
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UsingEquation(2) undertheassumptionthattheerrors7 in all thepointsareindependent,
thelikelihoodoverall pointscanbewritten:
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whereE

<

� is theprojectionof the � th scenepoint �

� into the L th image.

2.3 Evaluation of the prior

Assumingtheprior distributionsof �

� , �

� , �

� , and �

� areindependent,theprior �
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is factorisedas�
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. 0  . Givennoprior knowledgeof theappear-
anceof a modelor theparallaxfrom its planes,both �

�-�

�

. 01 and �

�-�

�

. 01 areassigned
uniformdistributions.Assigningadistributionto planeshape,i.e. �

�-�

�

. 01 , is aninterest-
ing problem,but is not tackledin thispaper. For now only asimpleprior is appliedto the
spatialparameters�

� : it is expectedthatadjacentwallsarelikely to intersectatabout90
degrees.A simpleway of encodingthis is to de�ne a Gaussianprior, centredat U�� T and
with standarddeviation 9�� , on theanglebetweenadjacentwalls:
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where
�

is thenumberof planesin themodeland
�

� is theinterior anglebetweenplanes
� and ��6 � whenprojectedontoa groundplane(seeSection3).

Having de�ned the componentsof the posteriorprobability measure,the maximum
a posteriori(MAP) parametervector � MAP is now sought. Thereare two stagesto the
search:�rst a goodinitial estimateis obtained,andthenthis estimateis re�ned usinga
searchalgorithm.

3 Initialising the planar model

Theinitial estimateof theplanarmodelis obtainedfrom a feature-based3D reconstruc-
tion. This sectionbrie�y describestheacquisitionof thefeature-based3D model,which
is basedlargely on previous work [3, 9], and how it is segmentedto derive an initial
estimateof theplanarmodel.

3.1 Point matching in architectural scenes

The feature-basedmodel is basedon imagecorners,which aredetectedusinga Harris
cornerdetector[6] with subpixel interpolation.For eachcornerat position ���	�
�& in the
�rst image,candidatematchesfrom a neighbourhoodof ���	���& in the secondimageare
rankedby cross-correlation.To reducethenumberof mismatches,theepipolargeometry
(i.e. the fundamentalmatrix � ) betweenthe imagepair is oftenestimatedusinga tech-
niquewhich is tolerantto outliers,suchasRANSAC[5]. However this wasfound to be
error-pronefor architecturalscenessuchasthat in Figure1, which containssigni�cant
amountsof repeatedstructure,andplanarsurfaces. A betterstrategy in this caseis to



robustly estimatea planarhomography
�

from the initial correspondences.Although
not all correctmatchesareconsistentwith

�

, this resolvesmuchof theambiguityasso-
ciatedwith planarrepeatedstructure,asshown in Figure1. Correctmatcheswhich are
not consistentwith

�

aredisplacedby a residualparallaxvector. Theseparallaxvectors
intersectat theepipole �

J

in thesecondimage;hencetheepipoleis obtainedby a robust
intersectionof parallaxvectors.The epipolargeometrybetweenthe �rst two imagesis
now fully determined,andtheassociatedfundamentalmatrix is givenby

� ��� �

J

���

�

(5)

where � �

J

��� is the skew-symmetricmatrix formedfrom �

J

. More reliablematchingis
now carriedoutby searchingfor matchesalongcorrespondingepipolarlines.

Figure1: Correspondencesobtainedfrom � estimateddirectlyfromthedata(left) and � estimated
froma dominantplaneplusparallax (right). Thecorrespondencesobtainedvia planeplusparallax
are more reliable, particularly where there is repeatedstructure (e.g. in thechapelwindows).

3.2 CameraCalibration

Assumingthatthecamerahasanaspectrationear1, andaprincipalpointnearthecentre
of the image,only the focal length is requiredto calibratethe camerassuf�ciently to
produceanaccuratereconstruction.Theessentialmatrix betweenthe �rst two cameras,

�

���

�

B

���

J

, where �

B

and �

J

containthe intrinsic parametersof cameras1 and2
respectively, hastwo equaleigenvalues 9
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. In a simpli�ed versionof [8], the
penaltyfunction
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is minimisedby direct search,varying the focal lengthof eachcamerain turn. Having
obtainedcorrespondencesand calibration,a cloud of 3D points is triangulated,and a
bundleadjustmentroutineis usedto minimisethereprojectionerror.

3.3 Incorporating matchesfr om other images

Otherimagesarenow sequentiallyincorporatedinto the reconstruction.Eachimageis
matchedwith its predecessorasdescribedin Section3.1, which providesboth 2D-2D



correspondenceand2D-3Dcorrespondence,aspointsin thepreviousimagealreadyhave
associatedstructure.A projectionmatrix is thenestimatedlinearly from the2D-3D cor-
respondences,andnew structureis triangulatedfrom 2D-2D matcheswithout previous
structure. After eachimageis incorporated,the reconstructionandprojectionmatrices
are againoptimisedusing bundle adjustment. A model obtainedusing this methodis
shown in Figure2.

Figure2: Reconstructionobtainedfromtriangulatedpointsonly. Thepointsare joinedby trian-
gular texture mappedfaces,obtainedusingDelaunaytriangulation. This reconstructionis quite
noisy.

3.4 Extracting planesfr om the reconstruction

Planesareextractedfrom the3D reconstructionby recursivelyapplyingaRANSAC plane
estimationalgorithm.At eachiteration,planesarehypothesisedfrom arandomlyselected
sampleof 3 points,andtheplanewhich is bestsupportedby thosepointswhichhavenot
beenassignedto previousplanesis selected.

Themainproblemwith this approachis that it includesno conceptof thespatialex-
tentof eachplane,andthustendsto extractplaneswith irregularandmutuallyoverlapping
boundaries.To imposespatialconstraintsit is assumedthatall planesareperpendicular
to a commongroundplane—anassumptionwhich is justi�ed for architecturalscenes
in which dominantplanescommonlycorrespondto walls of buildings. Provided thatat
leasttwo planeshavebeenextractedfrom thepointmodel,a leastsquaresestimateof the
groundplanenormalcanbe obtainedfrom the otherplanenormals.An overheadview
of thereconstructioncannow besimulatedby projectingall pointsorthogonallyontothe
groundplane,asshown in Figure3. Thisview is usefulasmany strongconstraintsappli-
cableto architecturecanbeappliedto it—in factit is to thisview thattheperpendicularity
prior (Equation(4)) is applied.Also shown in Figure3 aretwo lineswhichhavebeen�t-
tedto theinlier clustersobtainedfrom therecursiveRANSAC estimation.Theselinesare
intersected,which providesan initial guessof the spatialextent (parallel to the ground
plane)of eachplane.Theupperandlowerboundsof eachplanearealsoinitialisedby the
”highest” and”lowest” pointsin eachcluster, whereheightis measuredperpendicularto
thegroundplane.

Thusa simple initial planarmodel is obtainedin which all planeshave rectangular
shapeandareperpendicularto a groundplane.This modelis next usedto seeda search
for animprovedestimate.



Figure3: Overheadview of thereconstruction.Green(lighter grey) pointsbelongto theleft plane;
blue(darker) pointsbelongto theright. Outliers are shownin red. Fitted linesare superimposed
on theview.

4 Optimising the planar model

Having initialiseda 3D modelconsistingof a setof rectangles,andde�ned a probability
measurefor themodel,asearchfor theMAP modelparametersis now carriedout. There
arethreemainsourcesof error in the initialisationprocessdescribedin Section3.4: the
leastsquaresestimateof the groundplanenormal, the segmentationof the planesby
intersectingtheir projectionson the groundplane,andtheapproximationof eachplane
boundaryby a rectangle.Hencethemodelis optimisedby gradientdescentsearchon (a)
thecomponentsof thegroundplanenormal,(b) theendpointsof theprojectionof each
planeontothegroundplaneand(c) theboundaryof eachplane.

Projectionsof theplanarmodelareshownbeforeandaftersearchingin Figure4,along
with atexturemappedversionof theresultant3D model.Thesearchtypically takesatotal
of order50 iterationsto converge,which takesabout20 secondson a 500MHzPentium
3. Thespeedof thealgorithmis mainlydueto thetechniquenow presented,whichmakes
evaluationof themodellikelihoodextremelyfast.

(a) (b) (c)

Figure4: Projectionof the planar model(a) before and (b) after searching. Thenegative log
likelihoodof model(b) is

��� �������
	��

, comparedto
��� 
�������	��

for theunoptimisedmodel(a). The
texture mappedplanesare shownin (c).



4.1 Ef�cient computation of the model lik elihood

Computingthe exponentof the likelihoodequation(Equation(3)) involves integrating
thesum-squaredintensityerror(Equation(2)) overagrid of pointson thesurfaceof each
plane.As in [7], this integralovera region
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is rewrittenasanintegralaroundthe
regionboundary�

�

usingGreen'sTheorem:
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Hencethe likelihood of plane � in a region
�

is found by computing
�
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for each
pixel lying on a discretisedversionof �
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. At eachpixel ' on the boundary, this is
approximatedby (

Z*)

�

�

�,+ G-'  

�

.

�

�

�/'  (6
�

�

�/+C 10 � T

%

�

(9)

where + is thesuccessorpixel to ' on �

�

, in ananti-clockwisedirection.This is equiv-
alentto computing

�

�
�

�

for eachline segmentjoining adjacentpixels,with a weighting
factorproportionalto thelengthof this line segment.

To computethe likelihoodof theentiremodel,Equation(9) is evaluatedaroundthe
boundaryof eachplane,including the backgroundplane. It is assumedthat all planes
exceptthebackgroundaresimplyconnected.Clearlythebackgroundplaneis not simply
connected—eachof theotherplaneslies insideits boundary. Hencethelikelihoodof the
backgroundplanemustbecalculatedaroundtheboundaryof eachregion andsubtracted
from the total model likelihood(or equivalently, the backgroundlikelihoodmustbe in-
tegratedclockwisearoundeachregion boundary). This is shown graphicallyin Figure
5 (a). By precomputingthe vector �eld �

�

for eachsurface,calculationof the likeli-
hoodonly involvesdeterminingtheboundarypixelsfor eachregion andsummingthese
precomputedvaluesover the region boundaries,which is very fast. If the resultsof the
integrationarecachedfor eachline segmentbelongingto eachboundary, recalculationof
the likelihoodfor a slightly alteredmodelis evenfaster, requiringonly therecalculation
of theaffectedboundarysegments,asshown in Figure5(b).

5 Model re�nement using planar parallax

The planarmodelshown in Figure4 is lessnoisy thanthe point-basedmodelgiven in
Figure 2, but it is missinga lot of detail. Becauseeachwall is modelledas a single
plane,detailssuchasdoors,windows andpillars areexcludedfrom the model. Recall
thatthelikelihoodof eachpoint � on themodelsurfaceis maximisedovera smallrange
of offsetvalues"#�$�! . In theory, a region growing algorithmcouldbeusedto searchfor



Background

R1 R2

(a)

Background

R2'R1

(b)

Figure 5: (a) Likelihood evaluation using Green's Theorem. Rather than computingthe like-
lihood (Equation(3)) in regionsR1, R2 and the background,a relatedvector �eld is integrated
anticlockwisearoundtheboundaryof each region (solid arrows). Thevector�eld associatedwith
thebackgroundis alsointegratedclockwisearoundtheboundariesof regionsinterior to it (dashed
arrows).(b) Rapidevaluationof likelihoodfor varyingshapes.Havingcomputedthelikelihoodof
regionR2,thelikelihoodof regionR2

�

is computedbysubtractingthecontributionsfromtheinvalid
boundarysegments(shownasdashedlines)andaddingthoseof thenew boundarysegments.

largespatialregionswithin a planewhoselikelihoodis maximisedat similar offsetval-
ues.However thereis generallyinsuf�cient detail in imagesof multiple walls to reliably
recover the positionandnumberof offset layersthis way. In future meansof merging
distantimagesof multiple planesandclose-upimagesof singleplaneswill be investi-
gated;however at presenttheapproximatepositionandsizeof offset layersis manually
initialised. Oncetheselayershave beeninitialised, their shapeis automaticallyselected
from aprede�nedfamily of parameterisedshapemodelsasdescribedin [12]. This family
includesshapeswhich correspondto commonlyoccurringarchitecturalfeatures,suchas
a rectangle,an archanda pillar. For instancethe arch is representedby 8 parameters:
positionon plane ���	���, , a width andheight � and

�

, anoffsetfrom theplane � , orienta-
tion � , bevel � (the slopeof the edges)andarchheight � . A Bayesianmodelselection
techniqueis usedto selecttheappropriatemodelto representeachoffsetlayer, basedon
acompromisebetweengoodnessof �t to theimagesandmodelcomplexity. Moredetails
aregivenin [12].

The�nal modelobtainedusinga basicplanarmodelwith additionaloffsetprimitives
is shown in Figure6. This modelis moreaccuratethantheoriginal point-basedrecon-
struction,andcontainsmostof the salientdetail in the scene—forinstanceeachof the
pillarsandwindowsin thechapelwall arecorrectlymodelled.

Another model reconstructedusing the sametechniqueis given in Figure 7. This
reconstructionis basedon 3 framesfrom the sequenceusedin [9]. Although it lacks
someof thedetailof themodelpresentedin thatpaper, thecastlewalls, andsomedoors
andwindows,areaccuratelyrecoveredandcompactlyrepresentedasasetof planesrather
thanadensecloudof points.



Figure6: There�ned 3D model. Theextruding pillars and insetwindowshavebeenaccurately
modelledbyautomaticallyselectingand�tting members froma prede�nedsetof commonarchitec-
tural shapes.Thenegativelog likelihoodof this re�ned modelis

��� ��	 ���
	 �

. Thisslight improve-
mentover themodelin Figure 4(b) indicatesthat there is barely enoughinformationin theimages
to performthis re�nement.

Figure 7: Framesfrom the castlesequence(available at http://www.esat.kuleuven.
ac.be/˜pollefey/demos/castle.html ) usedto obtain the model(top row), and wire-
frameandtexture mappedviewsof the3D model.Thecastlewalls are accuratelysegmentedand
reconstructed,anddoor andwindowlayers are �tted to thewalls froma manualinitialisation.



6 Conclusion

This paperhasdescribeda techniquefor generating3D modelsof architectureautomati-
cally from a smallnumberof images.Knowledgeof thenatureof architecturalstructure
is usedto initialise a plane-basedmodelfrom onebasedon 3D points. Theplane-based
modelis optimisedusinganef�cient searchalgorithmandthenre�ned by theadditionof
offsetlayerswith constrainedshape.

Futurework will involveextendingthismethodto handlemorecomplex structure.In
particularwork will focuson the formulationof moregeneralpriorson building shape,
including theshapeof an overheadview, theshapeof eachwall andtheshapeof offset
layerswithin walls.
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