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Abstract

This paperdescribes systemwhich automaticallyderves3D modelsof ar
chitecturalscenedrom multiple images. This systemdiffers from previous
structurefrom motionalgorithmsin thatit explicitly makesuseof strongge-
ometricconstraintssuchasperpendicularityandverticality which arelik ely
to be foundin architecture.Structureis compactlyrepresente@s a piece-
wiseplanamodelwhichis initialisedautomaticallyby segmentingafeature-
basedreconstruction.An ef cient techniquefor evaluationof modellik eli-

hoodis alsopresentedwhich allows a rapid searchthrougha large number
of 3D models.

1 Intr oduction

As 3D graphicsbecomean everydayfeatureof desktopPCsandweb browsers,there
is an increasingdemandfor the generationof realistic 3D modelswithout the use of
expensve andtechnical CAD packages.The automaticacquisitionof 3D modelsfrom
image sequencess one approachto the problemwhich hasbeenactively pursuedby
computervision researchers recentyears.

Fully automatianodelrecoveryfromimageqd3, 9] is usuallybasednlow levelimage
featuressuch as points and lines, which can be automaticallydetectedfairly reliably.
Howeverreconstructingachpointor line individually involvesestimatingalargenumber
of parameter¢ parametergor points,for example),which makesthis approachill-
conditionedandrelianton mary accuratelydetectecandmatchedpoint andline features.

By relaxingtherequiremenfor completeautomationjnteractive systemg4, 10, 11]
canmake useof higherlevel primitivessuchasplanesandblocks, which are manually
extractedirom animagesequenceThisgreatlyreduceghedimensionalityof theproblem
andleadsto morerobust solutionsand corvincing models. However thesesystemscan
only model scenesn which the primitivesthey useare applicable,and are no longer
completelyautomatic.

This paperdescribes systemfor automatic3D modelacquisitionwhich makesuse
of high level primitives (planes). The systemis demonstrate@n architecturalscenes,
althoughit could be appliedto ary classof structurefor which someprior knowledgeis
available. From aninitial reconstructiorobtainedfrom cornerfeatures,a modelbased
on planessimilar to the layeredmodelsusedin [2, 13, is initialised andthenoptimised.
This processxplicitly makesuseof strongprior modelsandgeometricconstraintsvhich
areapplicableto architectureThis hasthe sameaim asthatof Baillard et. al.[1]; however



their work follows a differentapproachtbasedon line matchingto segmentplanesfrom
aerialimagesof urbanscenes.

Section2 of the paperintroducesthe piecevise planarmodel usedto representr-
chitecturalscenesandde nes a posteriorprobability measurdor the model. Section3
addressethe problemof obtainingan initial estimateof the model automaticallyfrom
animagesequencewhile in Section4 a methodfor rapidly optimisingthis estimateis
presentedln Section5 the modelis furtherre ned by theadditionof offsetlayersrepre-
sentingfeaturessuchasdoorsandwindowsto eachplane.

2 The planar model

Eachplane in aplanamodelis speci edby spatialparameters , boundaryparameters
, textureparameters andparallaxparameters . Thespatialparameters deter
mine the positionandorientationof plane in the world coordinatesystemand
arede ned suchthat . Theboundaryparameters arealist of points
which de nes a clockwisewalk aroundthe boundaryof the plane. Thelastpointin
is joinedto the rst to form a closedcurve, which is assumedhot to be self-intersecting.
Thetextureparameters consistof anunknawvn brightnesgparameter (betweerD
and255) de ned at eachpoint  on aregular 2D grid within the planeboundary Also
de ned at eachpoint is a parallaxparameter , which modelsthe offset of point
perpendiculato the plane. The setof offset parametergormsthe parallaxparameter
vector . Theplanarmodelalsocontainsabackgrouncplane, , with in nite extent.

2.1 Estimating a planar model

Givendata intheform of animagesequenceheproblemisto nd
suchthatthe posteriorprobability

(1)

is maximisedwhere representgrior information. Thisis a productof modellik elihood
andprior, which arede nedin thefollowing sections.

2.2 Evaluation of the modellik elihood

It is assumedhata texture parameteiat point  on the modelsurfaceis obsenedwith

noise , Where hasa Gaussiardistribution meanzero and standarddeviation

. Theparameters  and canthenbefoundsuchthatthey minimisethe sumof
squares where istheintensityat ,and istheprojection
of  with offset into the th image. The likelihoodfor givenvaluesof and
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UsingEquation(2) undertheassumptiornthattheerrors in all thepointsareindependent,
thelik elihoodover all pointscanbewritten:

- — ®3)
where istheprojectionof the th scengpoint  intothe thimage.
2.3 Evaluation of the prior
Assumingthe prior distributionsof , , ,and areindependentheprior
is factorisedchs . Givenno prior knowledgeof theappear
anceof a modelor the parallaxfrom its planes,both and areassigned
uniform distributions. Assigninga distributionto planeshapei.e. , isaninterest-

ing problem,but is nottackledin this paper For now only asimpleprior is appliedto the
spatialparameters : it is expectedthatadjacentvalls arelik ely to intersectat about90
degrees.A simpleway of encodingthisis to de ne a Gaussiarprior, centredat and
with standarddeviation , ontheanglebetweeradjacentvalls:
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where is thenumberof planesin themodeland is theinterior anglebetweerplanes
and whenprojectedontoa groundplane(seeSection3).
Having de ned the component®f the posteriorprobability measurethe maximum
a posteriori(MAP) parametewnector .. is now sought. Thereare two stagesto the
search: rst agoodinitial estimateis obtained,andthenthis estimateis re ned usinga
searchalgorithm.

3 Initialising the planar model

Theinitial estimateof the planarmodelis obtainedfrom a feature-base8D reconstruc-
tion. This sectionbrie y describeghe acquisitionof thefeature-base8D model,which
is basedlargely on previous work [3, 9], and how it is sgmentedto derive an initial
estimateof the planarmodel.

3.1 Point matching in architectural scenes

The feature-basednodelis basedon imagecorners,which are detectedusinga Harris
cornerdetector[6] with subpixel interpolation. For eachcornerat position in the
rst image,candidatematchesrom a neighbourhooaf in the secondmageare
rankedby cross-correlationTo reducethe numberof mismatchesthe epipolargeometry
(i.e. thefundamentamatrix ) betweertheimagepairis often estimatedusinga tech-
niguewhich is tolerantto outliers,suchasRANSACI[5]. However this wasfoundto be
errorpronefor architecturalscenesuchasthatin Figure 1, which containssigni cant
amountsof repeatedstructure,and planarsurfaces. A betterstratay in this caseis to



robustly estimatea planarhomography from the initial correspondencesAlthough
not all correctmatchesareconsistentvith | this resolhesmuchof the ambiguityasso-
ciatedwith planarrepeatedstructure,asshavn in Figurel. Correctmatcheswhich are
not consistentvith  aredisplacecby aresidualparallaxvector Theseparallaxvectors
intersectat theepipole in thesecondmage;hencethe epipoleis obtainedby a robust
intersectionof parallaxvectors. The epipolargeometrybetweerthe rst two imagesis
now fully determinedandtheassociatedundamentamatrixis givenby

®)

where is the skaw-symmetricmatrix formedfrom . More reliable matchingis
now carriedout by searchingor matchesalongcorrespondingpipolarlines.

Figurel: Correspondencesbtainedfrom estimatedlirectlyfromthedata(leftyand estimated
froma dominantplaneplusparallax (right). Thecorrespondencesbtainedvia planeplus parallax
are more reliable particularly whee there is repeatedstructue (e.g. in the chapelwindows).

3.2 CameracCalibration

Assumingthatthe camerahasanaspecratio nearl, anda principal point nearthe centre
of the image, only the focal lengthis requiredto calibratethe camerassufciently to
producean accuratereconstruction.The essentiamatrix betweenthe rst two cameras,

, where  and containthe intrinsic parameter®f camerasl and 2
respectiely, hastwo equaleigervalues and . In asimplied versionof [8], the
penaltyfunction

(6)

is minimisedby direct searchyvaryingthe focal lengthof eachcamerain turn. Having
obtainedcorrespondenceand calibration, a cloud of 3D pointsis triangulated,and a
bundleadjustmentoutineis usedto minimisethereprojectiorerror.

3.3 Incorporating matchesfrom other images

Otherimagesare now sequentiallyincorporatednto the reconstruction.Eachimageis
matchedwith its predecessoas describedn Section3.1, which provides both 2D-2D



correspondencand2D-3D correspondencaspointsin the previousimagealreadyhave

associatedtructure.A projectionmatrix is thenestimatedinearly from the 2D-3D cor-

respondencesnd new structureis triangulatedfrom 2D-2D matcheswithout previous
structure. After eachimageis incorporatedthe reconstructiorand projectionmatrices
are againoptimisedusing bundle adjustment. A model obtainedusing this methodis

showvnin Figure2.

Figure?2: Reconstructiombtainedfromtriangulatedpointsonly. The pointsare joined by trian-
gular texture mappedfaces,obtainedusing Delaunaytriangulation. This reconstructionis quite
noisy

3.4 Extracting planesfrom the reconstruction

Planesreextractedrom the3D reconstructioy recursvely applyingaRANSAC plane
estimatioralgorithm. At eachiteration,planesarehypothesiseffom arandomlyselected
sampleof 3 points,andthe planewhichis bestsupportedy thosepointswhich have not
beenassignedo previousplaness selected.

The mainproblemwith this approachs thatit includesno conceptof the spatialex-
tentof eachplane andthustendsto extractplaneswith irregularandmutuallyoverlapping
boundaries.To imposespatialconstraintst is assumedhatall planesareperpendicular
to a commonground plane—anassumptionwhich is justi ed for architecturalscenes
in which dominantplanescommonlycorrespondo walls of buildings. Provided that at
leasttwo planeshave beenextractedfrom the pointmodel,a leastsquare®stimateof the
groundplanenormalcanbe obtainedfrom the otherplanenormals. An overheadview
of thereconstructiortannow be simulatedby projectingall pointsorthogonallyontothe
groundplane,asshowvn in Figure3. Thisview is usefulasmary strongconstraintsappli-
cableto architecturecanbeappliedto it—in factit is to this view thatthe perpendicularity
prior (Equation(4)) is applied.Also shavn in Figure3 aretwo lineswhich have been t-
tedto theinlier clustersobtainedrom therecursve RANSAC estimation.Thesdinesare
intersectedwhich providesan initial guessof the spatialextent (parallelto the ground
plane)of eachplane.Theupperandlower boundsof eachplanearealsoinitialisedby the
"highest” and”lowest” pointsin eachcluster whereheightis measuregberpendiculato
thegroundplane.

Thusa simpleinitial planarmodelis obtainedin which all planeshave rectangular
shapeandareperpendiculato a groundplane. This modelis next usedto seeda search
for animprovedestimate.



Figure3: Overheadsiew of thereconstructionGreen(lighter grey) pointsbelongto theleft plane;
blue (darker) pointsbelongto theright. Outliers are shownin red. Fitted lines are superimposed
ontheview.

4 Optimising the planar model

Having initialiseda 3D modelconsistingof a setof rectanglesandde ned a probability
measurdor themodel,asearcHor the MAP modelparameterss now carriedout. There
arethreemain sourcef errorin theinitialisation processddescribedn Section3.4: the
leastsquaresestimateof the ground plane normal, the segmentationof the planesby
intersectingtheir projectionson the groundplane,andthe approximationof eachplane
boundanby arectangle Hencethe modelis optimisedby gradientdescensearchon (a)
the component®f the groundplanenormal, (b) the endpointsof the projectionof each
planeontothe groundplaneand(c) the boundaryof eachplane.

Projection®of theplanarmodelareshavn beforeandaftersearchingn Figure4, along
with atexturemappedrersionof theresultanB8D model. Thesearclhtypically takesatotal
of order50 iterationsto corverge,which takesabout20 secondon a 500MHz Pentium
3. Thespeedf thealgorithmis mainly dueto thetechniquenow presentedwhichmalkes
evaluationof themodellik elihoodextremelyfast.

@) (b) ()

Figure 4: Projection of the planar model(a) befoe and (b) after seaching. The negative log
likelihoodof model(b) is , compaedto for theunoptimisednodel(a). The
texture mappedplanesare shownin (c).



4.1 Efcient computation of the modellik elihood

Computingthe exponentof the likelihood equation(Equation(3)) involvesintegrating
thesum-squarethtensityerror(Equation(2)) overagrid of pointsonthe surfaceof each
plane.Asin [7], thisintegral overaregion is rewritten asanintegral aroundthe
regionboundary  usingGreens Theorem:

(7)

where is areal-aluedfunctionof , is theunit normalto the boundaryand

. For evaluationof thelikelihoodof plane , is , and

is givenby theboundaryparameters . Thevector eld is givenby

- (8)

Hencethe likelihood of plane in aregion is found by computing for each

pixel lying on a discretisedversion of . At eachpixel on the boundary this is
approximatedy

9)

where isthesuccessopixelto on ,in ananti-clockwisedirection. Thisis equiv-

alentto computing for eachline sggmentjoining adjacenpixels,with a weighting

factorproportionalto thelengthof thisline segment.

To computethe lik elihood of the entire model, Equation(9) is evaluatedaroundthe
boundaryof eachplane,including the backgroundplane. It is assumedhat all planes
exceptthe backgroundaresimply connectedClearlythe backgroundblaneis notsimply
connected—eachf the otherplanedies insideits boundary Hencethelik elihoodof the
backgroundplanemustbe calculatedaroundthe boundaryof eachregion andsubtracted
from the total modellikelihood (or equivalently, the backgroundik elihood mustbe in-
tegratedclockwisearoundeachregion boundary). This is showvn graphicallyin Figure
5 (a). By precomputinghe vector eld  for eachsurface,calculationof the likeli-
hoodonly involvesdeterminingthe boundarypixels for eachregion andsummingthese
precomputed/aluesover the region boundarieswhich is very fast. If the resultsof the
integrationarecachedor eachline sggmentbelongingto eachboundaryrecalculatiorof
thelikelihoodfor a slightly alteredmodelis evenfaster requiringonly the recalculation
of theaffectedboundarysegmentsasshavn in Figure5(b).

5 Model re nement using planar parallax

The planarmodel shovn in Figure 4 is lessnoisy thanthe point-basednodel givenin
Figure 2, but it is missinga lot of detail. Becauseeachwall is modelledas a single
plane,detailssuchasdoors,windows and pillars are excludedfrom the model. Recall
thatthelik elihoodof eachpoint  onthemodelsurfaceis maximisedoverasmallrange
of offsetvalues . In theory aregion growing algorithmcould be usedto searcthor
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Figure5: (a) Likelihood evaluation using Greens Theoem. Ratherthan computingthe like-

lihood (Equation(3)) in regions R1, R2 and the badground, a relatedvector eld is integrated
anticlokwisearoundthe boundaryof ead region (solid arrows). Thevector eld associatedvith

the badkgroundis alsointegratedclockwisearoundthe boundarieof regionsinterior to it (dashed
arrows). (b) Rapidevaluationof likelihoodfor varying shapesHaving computedhe likelihoodof

region R2,thelikelihoodof region R2 is computedy subtractingthe contributionsfromtheinvalid

boundarysegmentgshownasdashedines)andaddingthoseof the new boundarysegments.

large spatialregionswithin a planewhoselik elihoodis maximisedat similar offsetval-
ues.Howeverthereis generallyinsufcient detailin imagesof multiple walls to reliably
recover the positionand numberof offset layersthis way. In future meansof meiging
distantimagesof multiple planesand close-upimagesof single planeswill be investi-
gated;however at presenthe approximatepositionandsize of offsetlayersis manually
initialised. Oncetheselayershave beeninitialised, their shapeis automaticallyselected
from aprede nedfamily of parameterisedhapemodelsasdescribedn [12]. Thisfamily
includesshapesvhich correspondo commonlyoccurringarchitecturafeaturessuchas
arectangleanarchanda pillar. For instancethe archis representedby 8 parameters:
positionon plane , awidth andheight and , anoffsetfrom the plane , orienta-
tion , bevel (theslopeof theedges)andarchheight . A Bayesianmodelselection
techniquds usedto selectthe appropriatenodelto represeneachoffsetlayer, basedon
acompromisebetweergoodnessf t to theimagesandmodelcomplexity. More details
aregivenin [12].

The nal modelobtainedusinga basicplanarmodelwith additionaloffsetprimitives
is shawvn in Figure6. This modelis moreaccuratehanthe original point-basedecon-
struction,and containsmostof the salientdetail in the scene—forinstanceeachof the
pillars andwindowsin thechapelwall arecorrectlymodelled.

Another modelreconstructedising the sametechniqueis given in Figure 7. This
reconstructioris basedon 3 framesfrom the sequenceusedin [9]. Althoughit lacks
someof the detail of the modelpresentedn thatpaper the castlewalls, andsomedoors
andwindows, areaccuratelyecoseredandcompactlyrepresentedsasetof planegather
thanadensecloud of points.



Figure6: There ned 3D model. Theextruding pillars and insetwindowshavebeenaccuiately
modelledby automaticallyselectingand tting membes froma prede nedsetof commorarchitec-
tural shapes.Theneggativelog likelihoodof this re ned modelis . Thisslightimprove-
mentover the modelin Figure 4(b) indicatesthat thete is barely enoughinformationin theimages
to performthis re nement.

Figure 7: Framesfrom the castle sequencdavailable at http://www.esat.kuleuven.
ac.be/"pollefey/demos/castle.html ) usedto obtain the model(top row), and wire-
frameand texture mappedviews of the 3D model. The castlewalls are accuiately sgmentecand
reconstructedanddoor andwindowlayers are tted to thewalls froma manualinitialisation.



6 Conclusion

This paperhasdescribeda techniquefor generatind3D modelsof architectureautomati-
cally from a smallnumberof images.Knowledgeof the natureof architecturaktructure
is usedto initialise a plane-basedhodelfrom onebasedon 3D points. The plane-based
modelis optimisedusinganef cient searchalgorithmandthenre ned by the additionof
offsetlayerswith constraineghape.

Futurework will involve extendingthis methodto handlemorecomplex structure.In
particularwork will focuson the formulationof moregeneralpriors on building shape,
including the shapeof an overheadview, the shapeof eachwall andthe shapeof offset
layerswithin walls.
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