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Abstract

Thispaperpresentsnew techniquesfor improving thestructural qualityof
automatically acquiredarchitectural 3D models.Commonarchitectural fea-
tureslikeparallelismandorthogonalityof wallsandedgesareexploited. The
locationof thesefeaturesis extractedfrom themodel by usinga probabilis-
tic technique (RANSAC). Therelationshipsamong theplanesandedgesare
inferredautomaticallyusinga knowledge-basedarchitectural model. A nu-
merical algorithm is usedto optimisetheorientationsof thefeatures. Small
irregularities in the modelareremoved by projectingthe triangulation ver-
ticesontothefeatures.Planesandedgesin theresultingmodelarealignedto
eachother. Thetechniquesproducemodelswith improvedappearance. We
show resultsfor synthetic andrealdatawith consideration of noise.
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1 Introduction

The processof 3D reconstructionof scenesis often affected by noisein the measure-
ments.Furthermore,inaccuraciesarecreatedby view merging, segmentationandsurface
fitting. Ways to improve the reconstructionareto usemore sophisticatedmethods like
photogrammetry techniquesor to increasethenumberof views (possibly from different
sensors).Anotherway is to identify andexploit properties of the sceneto improve the
model. 3D reconstructionof industrialpartshasusedprior knowledgeto improvemodels
for a long time [14, 17]. Architectural scenesarealsoparticularly suitablefor the con-
straintssincethegeometry is typically very structured[3]. Architectural constraints can
beusedfor cameracalibration aswell as3D reconstruction from single[18, 10] andmul-
tiple [6, 1] intensityimagesor for imagebasedmodelling of buildings[4]. Featuresused
for architectural constraintsaretypically straightlines,largecoplanarregionsandthepar-
allelismandorthogonalityof linesor planes.Thesekindsof features canbeeasilyfound
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in architecturescenes.Architectural constraintsfor improving 3D modelshavebeenused
toautomatically straightenedgesin 3Dmodels[5]. Theworkpresentedin thispapercom-
binesparallelismandorthogonality constraintson planarregions(typically walls, floors
andceilings)andedges. Planesareflattenedandedgesarestraightened. We enforce the
alignment of planesandedgesby applyingorientation constraints. Triangulatednearly
planarregions are made coplanar and edges straight. We apply the constraints to the
datafollowing meshing. Zabrodsky concludedin [19] thatcorrectionsfollowing meshing
generally give a greaterimprovement. Themethodis independentof the calculationof
the3D structure unlike thework presentedin [18, 10, 6, 1] whereconstraints areusedin
combinationwith reconstruction from intensityimages.

This work consistsof threesteps.First,architectural featuresareextractedfrom pre-
viously triangulated 3D models(Section2). We useRANSAC techniques [7] to find
planes(similar to thatgivenin [2]) andedgesin themodel. Thenext stepis theautomatic
extraction of the relationships betweenthe extracted scenefeatures. Few papershave
dealtwith the automatic extractionleaving it to the userto specifythem[14, 17]. The
interpretationof thesceneis formalisedasaconstraintsatisfactionproblem[16]. Liedtke
useda semanticnet for interpretationof architectural scenes[11]. His interpretationis
hypothesisdriven. Hypothesesareverifiedor falsifiedby matching the3D objectsagainst
the image. In our work we matchthe planesagainsta semanticnet of a generic house
by usinga backtracking treesearch(Section3). The semanticnet concentrateson the
definitionof the3D objectsandits relations.Wechecktheinterpretationsonly by verify-
ing therelationshipsbetweenthe3D objects.Wethenanalysetheedgesin themodelsby
clustering. Edgeswith similarorientation areclusteredtogether. Weobtainthethreeprin-
ciple orientationsof the architectural model from the clusters.Constraintsareassigned
to almost-regularitieslikeparallel or perpendicularwalls or edges.Thelastandfinal step
consistsof applying thearchitectural constraints(Section4). Theoriginal model is fitted
to thenew constrained model. Optimisingthemodelcanbe done in a number of ways
(e.g. numerically [2, 17] or evolutionary [14]). We usethe Downhill Simplex method
[12]. It is a robust numericalmultidimensionalminimisationtechnique. After findingthe
parametervector for theoptimisedmodel theverticesareprojectedontothefeatures.The
resultis a modelwith fewer irregularities(e.g. edgeson walls) andalignedfeatures(e.g.
parallelwalls).

2 Feature extraction

At all stagesof theprocess,themodelis a meshconsistingof vertices�����
	���
���
��
����� ,
edges�����
	���� 
!�#" �$� andtriangles %&���
	��'� 
��#"#
��#()�*� . Thefirst stepof theprocessis to
extractplanesandedgesfrom theraw triangulatedmodel.Beforestartingtheextraction
themodel is normalised.Themodel is scaledandtranslatedto fit into aunit sphereat the
origin. A robustRANSAC algorithm[7] is thenusedto obtaina setof planesandedges.

2.1 Plane extraction

Thealgorithm hypothesizesa numberof randomplanes from triplesof pointsin � . The
distanceof a trianglecentroid to the hypotheticalplaneis calculatedby computing the
differencebetweenthedistanceof theplaneto theorigin D andthedot product between
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the triangle centroid +,�-	/.�01
�.324
�.65 �7� and the unit planenormal 89�:	�;<01
!;=2

�;=5)�!� .
Trianglesthatsatisfythefollowing inequality belong to thehypotheticalplane.

> +@?)8BADC >�EGF7H�I�J)K�L ;=. J (1)

Thesizeof a hypotheticalplaneis calculatedby adding up theareasof the triangles
that satisfy (1). The hypothesisthat createsthe largest planeis selected. Eachplane
is representedby its minimal description, which is the surfacenormal represented by
azimuthandelevation angleswith respectto a reference vectorandthe distanceto the
origin. Theexactnumberof featuresin asceneis notknown. So,werepeattheRANSAC
algorithm until thesizeof the resultingfeaturefalls under a certainthreshold. (An EM
algorithm [13] couldinsteadhave beenusedto selectthenumberof planesandfit them,
but we choseasimplertechniqueto focus on thereconstruction issues.)

Theplaneextractiongivesreasonable results.However, it sometimesproducesaplane
that consistsof small disconnectedpatchesdistributedover the scene.An architectural
plane(e.g. awall) is notusuallyseparatedby a largegap.However smallgapsfrequently
occurfor example dueto thepresenceof pipesor decorations.Therefore,theplanesare
analysedby singlelinkageclustering[9] to ensure thatthetrianglesof aplaneareclosely
connected. The clustertechnique startswith the individual trianglesandgroups them
together to form largerandlargerclusters(hierarchicalclustering). Thedistancebetween
two clustersis definedastheminimal Euclideandistanceof any two trianglesbelonging
to differentclusters(nearestneighbor method). Theclusteringterminatesafterreaching
a certaindistance.Thisdistancespecifieshow farapartpartsof theplanecanbe.

Figure1: A fold edgegoeshorizontally thought thismesh.A hypotheticaledgeis created
with thevertices� � and � " . All edgesthatlie in the3D corridor (grey area)belong to the
hypotheticaledge(middledarkline).

2.2 Edge extraction

The edgeextractionstartswith filtering the edgesof the 3D model. Only jump edges
(belonging to a singletriangle)or fold edges,which separatenon-coplanar triangles,are
used.Thealgorithm createsrandom edgesfrom thefilterededgeset. Thedistanceof a
vertex to thehypotheticaledgeis calculatedwith thestartingpoint MN��	/O 0 
�O 2 
$O 5 �7� and
theunit orientation PQ�R	 H 0 
 H 2 
 H 5 � � of theedge.All triangleedgeswith their vertices	/� � 
�� " � thatsatisfythe following inequality belong to thehypotheticaledge(seefigure
1).

>S> 	/�UT=AVMW�XADPY	�	/�UT�AVMW�X? PZ� >S>'EGF7H�I�J)K�L ;=. J (2)
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Thelengthof ahypotheticaledgeiscalculatedbyaddingupthelengthsof thematched
triangleedges.The hypothesisthat createsthe longestedgeis selected.We represent
everyedgeby its startingpoint Sandorientationsas [ and \ . We repeattheprocessuntil
thelengthof theresultingedgesfalls undera giventhreshold.

3 Scene interpretation

3.1 Plane labelling

A model of an architectural sceneis described in a generalsemanticnet (seefigure 2).
Themodel entities(walls, roof andfloor) arerepresentedasnodesin thenet. Thenodes
areconnectedvia different typesof relationships (arcs).A semanticallymeaningful de-
scriptionis assignedto thescenefeaturesby matching themto thesemanticnet.A back-
trackingtreesearchis usedto find thebestmatch.Thealgorithm takesasinput a setof
planefeaturesF, a setof possiblemodellabelsL anda setof binarymodelrelationships
R which limits the possiblelabelling. The treesearchstartswith the first featurefrom
F andassignsall labelsfrom L. A secondfeature is fetched from F andall labelsare
assigned.At this level someof the labelsmight be ruled out becausethey violate the
observedscenerelationships. Thisprocesscontinuesuntil all featureshavebeenlabelled.
A consistentlabellingthenexistsif eachfeatureis assignedasinglevalid labelthatis also
arcconsistentwith adjacentnodes.Therelationships betweenfeaturesareusedto select
appropriategeometricalconstraints for enforcingparallelismor orthogonalitylaterin the
optimisationprocess.

Roof
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Not Above Above

Above

Orthogonal

Parallel Orthogonal

Side Wall

Parallel
Between 20 & 90 degrees

Between 20 & 90 degrees

End Wall

Parallel

Orthogonal &

Parallel &
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is a

is a

Orthogonal &

Above

Figure2: Themodel of thearchitectural sceneis represented by a semanticnet. Nodes
represent themodelentitiesandarelinkedby architecturally meaningful relationships.

The model-entities (labels) and the relationships amongthe entities representthe
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knowledgeof a typical architectural outdoor scene.PossiblelabelsareL = � Side Wall,
End Wall, Base Plane, Ceiling/Floor, Roof, No Architectural Feature � . Thearchitectural
relationship betweentwo featuresandtheir labelsarechecked(e.g. horizontal andverti-
calwallsarealmostperpendicular). Anglerelationshipsbetweentwo featuresarechecked
with a certaintolerance(3 degrees).The”Above” relationshipis satisfiedif 99%of the
verticesof oneplaneareabove a secondplanedefinedby surfacenormal anddistance.
No Architectural Feature doesnot haveany relationwith a normal feature andcanthere-
fore beassignedeverywhere.Thefinal labelling is obtainedby finding thesolutionthat
maximisesthenumber of architectural labels.

Thesemanticnetmodels areasonablesubsetof all houses.It includestheinterior and
exterior structureof houses.Themodelcaninclude anarbitrarynumberof walls which
canbeplacedparallelor orthogonalto eachother. They canbeon thesamelevel or on
differentones(thenseperatedby aFloor/Ceiling). Thebaseplaneis below all otherparts
of thebuilding. It represents thegroundonwhich thehousestands.Theroof is modelled
asa typical sharproof. Errors in the scenedescription are resolved by labelling them
asNo Architectural Feature. Thesemanticnetcanbeeasilyextendedwith featureslike
windows anddoors. Thesefeaturescanbe modelled asparallelandcloseto the actual
walls. However, the previous planedetectionconcentrateson finding big planes. So,
modelling windowsanddoors is notnecessaryat this step.

3.2 Edge grouping

Eachedgethatwasfound hasanorientation P andastartingpoint M . Edgeswith almost-
equalorientation aregroupedtogetherby complete linkageclustering[9]. Thedistance
betweenclustersaredeterminedby thegreatestdistancebetweenany two edgesin differ-
entclusters(oppositeto thenearestneighbor method). This leadsto smallvery compact
clusters.We usethe anglebetweenthe orientations of the edgesasthe similarity mea-
surement.

Themajority of architectural structuresconsistsof linearelementsthat form a three-
dimensional structural frame[3]. The frame definesthe threeprincipal directionsof a
building. We usethe clustersfound previously to find the threedirections of the archi-
tecturalframe. The threeclustersthat aremost orthogonal to eachotherareselected.
Orthogonalityconstraintsarecreatedbetweentheorientationswhichareusedin theopti-
misationprocess.We find thethreedirections P � , P " and P ( from thesetof clustersby
minimising:

"]
T_^ �

(]
` ^�T_a � 	

>�b c ADd#e$f3f6g
h6	 > P T ?iP ` >j PkT j,j P ` j � > � (3)

4 Model optimisation

Optimising the model by enforcing the constraints found previously is formulatedas
a nonlinearprogramming problem. Therearemany algorithms which aredesigned to
searchspacesfor an optimum solution. Someof thembecome ill-conditionedandfail
with nonlinearproblems. We usethe Downhill Simplex method[12]. It is a numerical
multidimensionalminimisationtechnique. This method requires only function evalua-
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tions,notderivatives.Likeany techniquewhichusesonly function evaluations, this tech-
niqueis not very efficient in termsof computationalperformance. However, it is very
robustandleadsto a quicksolutionif we already know a setof parametersfor a solution
closeto theoptimum.

Theevaluationfunction for theoptimisationtechnique consistsof thesquaredresid-
ualsof the vertices andthe constraintfunctions. It usesa parametervector lm that con-
catenatesall theparametersfor theindividual planesandedges.Theparametersfor each
planeincludesthesurfacenormal astwo angles(2 floats)andthedistance(1 float). An
edgeconsistsof thestartingpointS (3 floats)andtheorientationastwo angles(2 floats).
By keeping the number of parametersfor eachindividual featuresmall, the sizeof the
parametersetis keptsmallandsogives bettercomputationalperformance.

Thesquaredresidualis thesquaredgeometric distancefrom theverticesto their fea-
ture(planeor edge).We havea setof featuresparameterisedn����)noT�	 lm �$� . Eachfeaturep

hasa setof vertices� �qT�r ` � . Theresidualof every feature is normalisedwith its number
of vertices8 T . Thus,model sizedoesnotaffect results.

Every constraintis representedby aconstraintfunctionc(). Thevaluesof thesefunc-
tionscorrespondto thedegreethat theconstraintsaresatisfied.As anexample thecon-
straintfunctionfor enforcing parallelismlookslike this:

.�sit*u$t$vwv_xyv�	�lm �W� > d#e$f3f3g4h6	 > P T ?iP ` >j PkT j,j P ` j � > (4)

The constraint function canbe seenasa penaltyfunction. The constraintfunctions
areaddedupto give theglobalconstrainterror. z is aweightfactorwhichscalesthecon-
straintsto theresiduals. z cango to { to ensureexactconstraint satisfaction.However,z is keptfairly smallto find a good fit to theoriginal data.

]
T

|
8 T

]
`�} p O

F 	�nXT�	�lm �6
��UT�r ` � "�~ z ]
T . � TS� 	 lm � (5)

Minimising this givestheoptimisedmodelparameters.We now project thevertices
of theplanesonto their planes.We calculatethe new coordinates� s ��	�� s 
�� s 
�� s �!� of
the vertex with the original vertex ����	���
!�q
����i� , the unit surfacenormalof the plane8���	�; 0 
!; 2 
�; 5 �!� andthedistanceD of theplaneto theorigin as:

�'sZ����A F 8 (6)

where

F � ��?i8�ADC8�?i8 (7)

Analogously, we projecttheverticesof theedgesontotheir edges.Thenew position� s of the vertex is calculatedwith the original vertex � , the start vertex of the edgeMV��	�O 0 
�O 2 
�O 5 �7� andtheunit orientationof theedgeP���	 H 0 
 H 2 
 H 5 �!� .
�'s��&PY	!	���AVMW�X?)PZ� ~ M (8)
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Figure3: Resultsfor theexperimentwith thesyntheticmodel.Theleft graphshows the
angleerror in degrees versusthe noiselevel. The graph on the right shows the mean
squaredresidualversusthenoise.

5 Experimental results

The proposedtechnique described above is general. It is independentof the way the
3D modelwas created(i.e. from range or intensitydata)andof modelproperties like
varianceof thetriangle size. It hasbeenappliedto several triangulatedmodels. We will
herepresent resultsfor a syntheticmodelandfor onereconstructedrealmodel.

First,we appliedthedescribed techniqueto a synthetic model.Themodel consistsof
aperfectmeshof threewallsat90degrees(1323vertices& 2400 triangles).Twowallsare
parallel.A varying amount of Gaussiandistributed3D noiseis addedto thevertices.The
walls areconstrained by threeconstraints. Additionally, threeorthogonalityconstraints
areusedfor thethreeprincipal directions.Thefirst graphshows theconstrainterrorfrom
featureextraction (top curve), improving the fit (middle curve) and application of the
constraints (bottom curve, nearnoiselevel axis). Improving thefit is donewithout using
any constraints in theevaluation function. Theconstrainterrorfrom feature extractionis
aresultof therandomnatureof RANSAC.Specially, theorientationof thethreeprinciple
directionsvariesmuch,becausefewerpointsareusedto fit thelinesandestimatethethree
directions. Improving the fit usingall datapoints from the featuresgivesmuch better
results.Finally, usingtheconstraintsgivesa constrainterror closeto zero. Thesecond
graphshows the meansquaredresidualafter featureextraction (top curve), improving
thefit (dashedcurve)andconstraining themodel (solid curve). Theparameters obtained
from RANSAC show the biggesterror. Themeanresidualsfrom improving the fit and
from applying theconstraintsareclosetogetherandarebothsignificantlybelow thethe
RANSAC curve. Thetwo graphsshow thatapplying constraintsimprovestheorientation
of walls andedges without significantlyworseningthefit.

Next weshow theapplication of theconstraintstoaBavarianfarmhousereconstructed
by theEuropeanCommissionJointResearchCentre(JRC)[8, 15]. Themodel is shown in
figure5). Themodelwasreconstructedfrom multiple rangedatascans(12504vertices&
16589 triangles).This is a full 3D model. Theoriginal solidmodelshowssmalledgeson
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thewalls. Theoptimisedmodelhastheseedgesprojectedontothewall (seefigure4 for a
closeview of a wall). Theplaneextraction findsthe4 walls of thehouseandtwo planes
for theroof (total 1856 vertices). Thelow number of planeverticesin comparisonto the
total numberof verticesresultsfrom thefact thattheplanesconsistof relatively few big
trianglesandthatmodeldetailslike windows consistof many small triangles.Theplane
extraction preserves featureslike the windows anddoors (seefigure 5). 63 edgesare
extractedand27 of themaregroupedtogether in 8 clusters.All edgesin oneclusterare
consideredto beparallelto eachother. Theparametervectorconsistsof 223variables(18
for the6 planes,189for the63edgestartingpoints and16 for the8 clusterorientations).
Theinitial parametersobtainedfrom RANSAC giveusangleerrorsthatarenomorethan
1.3degreesoff. Theangleerrorsof theplaneandedgeorientation varyfrom theoptimum
by 0.4and0.7degreesonaverage in theoriginal model. Theplanesareconstrainedby 10
constraints andtheedgeorientationsby three. After optimisation all angleerrors differ
lessthan0.01degreesfrom the optimum. The result in figure 5 shows the modelwith
removedirregularitiesandalignedplanesandedges.Theaveragedisparityof themoved
verticesis 0.21% of themodeldiameter. Theoptimisationsteptook 165secondson an
Intel PentiumIII with 600MHz.

Figure4: A closeview of awall of thefarmhouse.Ontheleft is theunconstrainedmodel.
Surfaceripples betweenthe windows aremosteasilyseenin the circled areas.On the
right is theoptimisedmodelwith fewer irregularities.

6 Conclusion

Previous work usedarchitectural constraints mainly for scenereconstructionfrom inten-
sity images.This work shows how architectural constraintscanbe usedfor improving
the reconstructionof full 3D models independentof thesensordata. Only 3D informa-
tion is used. The constraintsmake architectural featuresmore regular in termsof their
architectural properties. We exploit common architectural features like walls andtheir
relationships to eachother.
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Initially, aRANSAC techniqueobtainsasetof planesandedgesfromthe3D data.We
automatically discover theconstraintsbetweentheplanesby usinga treesearchstrategy.
Evenconservatively loosethresholds on anglesandpositionleadto a correctlabellingof
the planesin the scene.Parallel edgesaregroupedtogether by clustering. The model
parametersareoptimisedwith a robustnumerical optimisation algorithm.

Theexperimentalresultsshow how imperfectionslike small irregularities on planes
andtheorientationsof walls andedgesarecorrected. As a resultorientationsof planes
andedges arecorrected.Thevisualappearanceof themodelis enhanced.
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