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Abstract

Thispaperpresentsew technigiesfor improving thestructual quality of
autonatically acquiredarchitectual 3D models.Commonarchitectual fea-
tureslik e parallelismandorthogonality of walls andedgesareexploited. The
locationof thesefeatuesis extractedfrom the mode by usinga probalilis-
tic technige (RANSAC). Therelatiorshipsamorg the planesandedgesare
inferred automaticallyusinga knowledge-tasedarchitectual model. A nu-
merica algoiithm is usedto optimisethe orientatians of the featues. Small
irregularitiesin the modelareremoved by projectingthe triangulation ver
ticesontothefeatues.Planesandedgesn theresultingmodelarealignedto
eachother Thetechniqiesprodice mocels with improved appearace. We
shaw resultsfor synttetic andrealdatawith consideratia of noise.

Keywords

SurfacegeometryShape Sceneanalysis, Constraied archtecturalreconstration

1 Introduction

The processof 3D recorstructionof sceness often affected by noisein the measure-
ments.Furthemore,inaccuaciesarecreatedy view meiging, segmenationandsurface
fitting. Waysto improve the recorstructionareto usemore sophisticatednethod like
photgramnetry techniqesor to increaethe number of views (possibly from different
sensors).Anotherway is to identify andexploit propeties of the sceneto improve the
modéd. 3D reconstration of industrialpartshasusedprior knowledgeto improve modds
for alongtime [14, 17]. Architectual scenesarealsoparticdarly suitablefor the con-
straintssincethe geomety is typically very structured3]. Architectual constraits can
beusedfor camerecalibraion aswell as3D reconstrationfrom single[18, 10] andmul-
tiple [6, 1] intensityimagesor for imagebasednocklling of buildings[4]. Featuresised
for architectuwal constrints aretypically straightlines,largecoplanarregions andthepar
allelismandorthognality of linesor planes.Thesekinds of features canbe easilyfound
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in archite¢ure scenesArchitectual constraintgor improving 3D modelshave beenused
toautomaticly straighteredgesin 3D modelq5]. Thework presetedin this papercom-
binesparallelismandorthogpnality constraintson planarregions (typically walls, floors
andceilings)andedges. Planesareflattenedandedgesarestraighteed. We enfore the
alignment of planesandedgesby applyingorientation constrais. Triangulatednearly
planarregions are mack coplarar and edges straight. We apply the constrais to the
datafollowing meshimy. Zabralsky concludedin [19] thatcorrectimsfollowing meshing
geneally give a greaterimprovemern. The methodis indepementof the calculationof

the 3D structue unlike thework presentedn [18, 10, 6, 1] whereconstraits areusedin

combhbnationwith reconstration from intensityimages.

This work consistsof threesteps.First, architectual featuresare extractedfrom pre-
viously trianguated 3D models(Section2). We use RANSAC techniqes|[7] to find
planegqsimilarto thatgivenin [2]) andedgesn themockl. Thenext stepis theautomatic
extraction of the relationshig betweenthe extraded scenefeatures. Few papershave
dealtwith the autamatic extractionleaving it to the userto specifythem[14, 17]. The
interpretationof the scends formalisedasa constrainsatisfctionprodem [16]. Liedtke
useda semanticnet for interpretationof architectual sceneq11]. His interpretationis
hypothesidriven. Hypathesesreverifiedor falsifiedby matching the 3D objectsagairst
theimage. In our work we matchthe planesagainsta semanticnet of a gereric house
by usinga backtraking tree search(Section3). The semanticnet conentrateson the
definitionof the 3D objectsandits relations.We checktheinterprdationsonly by verify-
ing therelatiorshipsbetweerthe 3D objects.We thenanalyseheedgesn themocdkelsby
clustering Edgeswith similar orientation areclusteredogetrer. We obtainthethreeprin-
ciple oriertationsof the archite¢ural model from the clusters. Constraintsaare assigned
to almost-rgularitieslike pardlel or perpewicularwalls or edges.Thelastandfinal step
consistsof applying thearchitet¢ural constraint{Sectiond). Theoriginal mockl is fitted
to the new constrined mockel. Optimisingthe modelcanbe dore in a numkber of ways
(e.g. numeically [2, 17] or evolutionary [14]). We usethe Downhill Simplex methal
[12]. It is arobust numrericalmultidimersionalminimisationtechnigee. After finding the
paranetervecta for theoptimisedmodé thevetticesareprgectedontothefeaturesThe
resultis a modelwith fewer irregularities (e.g. edgeson walls) andalignedfeaturege.g.
parallelwalls).

2 Featureextraction

At all stagef the processthe modelis a meshconsistingof verticesV = {(z,y, 2)'},
edgestl = {(v1,v2)} andtriandesT = {(v1,v2,vs)}. Thefirst stepof theprocesss to
extractplanesandedgedrom the raw triangulatednodel. Beforestartingthe extraction
themocklis normalised. Themocel is scaledandtranslatedo fit into a unit sphereatthe
origin. A robustRANSAC algorithm([7] is thenusedto obtaina setof planesandedges.

2.1 Planeextraction

Thealgoiithm hypothesizesa nunber of randomplanes from triples of pointsin V. The
distanceof atriangle centrad to the hypahetical planeis calculatedoy compuing the
differencebetweerthe distanceof the planeto theorigin D andthe dot prodiuct between
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the triande centroidC' = (¢4, ¢y, c;)’ andthe unit planenormal N = (ng,ny,n.)".
Triandesthatsatisfythefollowing inequality belorg to the hypotheticalplane.

|C - N — D| < tolerance (1)

The size of a hypotheticalplaneis calculatedby addng up the areasof the triangles
that satisfy (1). The hypothesisthat createsthe largest planeis selected. Eachplane
is representedby its minimd description which is the surfacenomal represeted by
azimuthand elevation angleswith respecto a refererte vectorandthe distanceto the
origin. Theexactnumker of featuresn ascends notknovn. So,werepeatheRANSAC
algorithm until the size of the resultingfeaturefalls uncer a certainthreshold (An EM
algorithm [13] couldinsteadhave beenusedto selectthe nunberof planesandfit them,
but we chosea simplertechniqieto focus onthereconstrationissues.)

Theplaneextractiongivesreasonale results.However, it sometimeprodicesaplane
that consistsof small disconrectedpatchedistributedover the scene.An architectual
plane(e.g. awall) is notusuallyseparatedy alargegap.However smallgapsfrequently
occurfor exanple dueto the presencef pipesor decoations. Therefore,the planesare
analysedy singlelinkageclustering[9] to ensue thatthetriangesof a planeareclosely
conrected. The clustertechnigie startswith the individual trianglesand groups them
togethe to form larger andlargerclusterghierarchicalclustering. Thedistancebetween
two clustersis definedasthe minimd Euclideandistanceof ary two trianglesbelorging
to different clusters(neaestneightbor method. The clusteringterminatesafterreachirmy
a certaindistance.This distancespecifieshow far apartpartsof the planecanbe.
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Figurel: A fold edgegoeshorizantally thoudht thismesh.A hypotheticaledgeis created
with theverticesV; andVa. All edgesthatlie in the3D coriidor (grey area)belorg to the
hypotheticaledge(middledarkline).

2.2 Edgeextraction

The edgeextraction startswith filtering the edges of the 3D model. Only jump edges
(belorging to a singletriangle)or fold edgeswhich separateoncoplarar triangles,are
used. The algorithm createsandm edgesfrom thefiltered edgeset. The distanceof a
vertex to the hypotheticaledgeis calculatedwith thestartingpoint.S = (s, sy, s;)" and
the unit oriertation O = (o0,, 04,0,)" of theedge.All triangleedgeswith their vertices
(V1, V2) thatsatisfythe following inequality belang to the hypotheticaledge(seefigure
1).

[|(Vi = S) —O((V; — S)- 0)|| < tolerance 2)
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Thelengthof ahypotheticakdgeis calculatey addirg upthelengtts of thematched
triangle edges. The hypothesisthat createshe longestedgeis selected. We represent
every edgeby its startingpoint S andoriertationsasa andg. We repeathe processintil
thelengthof theresultingedgedalls uncer a giventhreshdd.

3 Sceneinterpretation
3.1 Planelabelling

A mode of anarchitectual sceneis describd in a generalsemantionet (seefigure 2).

Themodé entities(walls, roof andfloor) arerepresentedasnodesin the net. The nodes

areconneted via differenttypesof relationslips (arcs). A semanticallymearngful de-
scriptionis assignedo the scendeatuesby matchirg themto the semantimet. A back-
trackingtreesearchis usedto find the bestmatch. The algaithm takesasinput a setof

planefeatuesF, a setof possiblemodellabelsL anda setof binarymodelrelationshig

R which limits the possiblelabelling. The tree searchstartswith the first featurefrom

F andassignsall labelsfrom L. A secondfeatue is fetched from F andall labelsare
assigned.At this level someof the labelsmight be ruled out becausehey violate the
obseredsceneaelationshig. This processcontiruesuntil all featureshave beenlabelled.
A consistentabellingthenexistsif eachfeatureis assignedsinglevalid labelthatis also
arcconsistentvith adjacenhodes.Therelationslips betweerfeaturesareusedto select
appr@riategeoretrical constraims for enfoicing parallelismor orthagonalitylaterin the

optimisationproaess.

Between 20 & 90 degrees

Roof Above

Between 20 & 90 degrees
Parallel

Sidewall

Parallel Orthogonal Wall
isa

End Wall
Orthogonal Orthogonal & Orthogonal &

Not Above Above

Floor/Ceiling P, Base Plane

Above

Parallel

Above

Figure2: The mockl of the architectual scenes representg by a semantinet. Nodes
representhemodelentitiesandarelinkedby architectually meanindul relationshig.

The modelentities (labels) and the relationshig amongthe entities representhe
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knowledgeof a typical architectuwal outdar scene.PossibldabelsareL = {Sde Wall,
End Wall, Base Plane, Ceiling/Floor, Roof, No Architectural Feature}. Thearchitectual
relationsiip betweenwo featuresandtheir labelsarechecled (e.g. horizantal andverti-
calwallsarealmostperpendicula). Anglerelationshipdbetweernwo featuresarechecled
with a certaintolerarce (3 degrees). The”Above’ relationshipis satisfiedif 99% of the
verticesof oneplaneare above a secondplanedefinedby surfacenormal anddistance.
No Architectural Feature doesnot have ary relationwith a normal featue andcanthere-
fore be assignedverywhere. Thefinal labellingis obtaired by finding the solutionthat
maximiseghe numker of architectual labels.

Thesemantimetmodds areasonablesubsebf all houseslt includestheinterior and
exterior structureof houses. The modelcaninclude anarbitrarynumber of walls which
canbe placedparallelor orthagonalto eachother They canbe onthe samelevel or on
differentones(thenseperatedyy a Floor/Ceiling). Thebaseplaneis below all otherparts
of thebuilding. It represets the ground onwhich the housestandsTherodf is mocklled
asatypical sharproof. Errors in the scenedescriptin are resohed by labelling them
asNo Architectural Feature. The semantinetcanbe easilyextenced with featueslike
windows anddoors. Thesefeatues canbe mocklled as paralleland closeto the actual
walls. However, the previous plane detectionconcetrateson finding big planes. So,
moddling windows anddoasis notnecessargt this step.

3.2 Edgegrouping

Eachedgethatwasfound hasanorientation O andastartingpoint S. Edgeswith almost-
equalorientdion aregroypedtogetherby comgete linkageclustering[9]. The distance
betweerclustersaredeterninedby the greatestistancebetweerary two edgesn differ-
entclusters(oppositeto the nearesheighbor methal). Thisleadsto smallvery compact
clusters. We usethe anglebetweerthe orientatios of the edgesasthe similarity mea-
suremen

The majority of architet¢ural structuesconsistsf linearelementghatform athree-
dimensimal structual frame[3]. The frame definesthe threeprincipd directionsof a
building. We usethe clustersfound previously to find the threedirectians of the archi-
tecturalframe. The threeclustersthat are mostorthayonalto eachotherare selected.
Orthognality corstraintsarecreatedetweerthe orientatims which areusedin the opti-
misationprocess. We find the threedirectiors 01, O» andO3 from the setof clustersby
minimising
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4 Model optimisation

Optimising the model by enfacing the constrais found previously is formulated as
a nonlinear programmirg prodem. Thereare mary algorithms which are designée to
searchspacedor an optimunm solution. Someof thembecone ill-conditioned andfail
with norlinear problens. We usethe Downhill Simplex method[12]. It is a nurrerical
multidimensionalminimisationtechnigqie. This methal requres only function evalua-
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tions,notderatives.Lik e ary technquewhich usesonly funcion evaluatiors, thistech-
nigueis not very efficient in termsof compuational perfamance However, it is very
robustandleadsto a quick solutionif we alread know a setof paranetersfor a solution
closeto theoptimum.

The evaluation function for the optimisationtechniqe consistsof the squaedresid-
uals of the vertices andthe constraintfunctiors. It usesa paranetervectory that con-
catenatesll the paranetersfor theindividual planesandedges. The parameersfor each
planeincludesthe surfacenomal astwo angles(2 floats)andthe distance(1 float). An
edgeconsistf the startingpoint S (3 floats)andthe orientationastwo angleq2 floats).
By keepig the numbe of paranetersfor eachindividual featuresmall, the size of the
paranetersetis keptsmallandso gives bettercomputationalperformane.

Thesquaredesidualis the squaredgeomdric distancefrom the verticesto their fea-
ture (planeor edge).We have a setof featuesparaneterisedd” = {F;(p) }. Eachfeature
i hasasetof vertices{V; ;}. Theresidualof everyfeatue is normalisedwith its numker
of verticesN;. Thus,modé sizedoesnot affectresults.

Every constrainis representedy a constrainfunction c(). The valuesof thesefunc-
tions correspndto the degreethatthe constraintsare satisfied.As an exanple the con-
straintfunctionfor enfordng parallelismlookslik e this:

0; -0,
Cparatiel(P) = |arccos(m)| 4)
i j

The corstraintfundion canbe seenasa penaltyfunction. The constraintfunctions
areaddedupto give theglobalcorstrainterra. A is aweightfactorwhich scaleghecon-
straintsto theresiduds. A cangoto co to ensureexactconstraim satishction. However,
A is keptfairly smallto find a godd fit to theoriginal data.

1 . ;
z; E;dzst(ﬂ(ﬁ)ﬂ/},j)z’ +/\zi:c(’)(ﬁ') (5)

Minimising this givesthe optimisedmodelparaneters. We now prgect the vertices
of the planesonto their planes. We calculatethe new coodinatesV, = (zp,yp, 2p)" Of
the vertex with the original vetex V' = (z,y, z)’, the unit surfacenormal of the plane

N = (ng,ny,n;)" andthedistanceD of theplaneto theorigin as:

Vp=V —tN (6)
where
V-N-D
t_iN-N @)

Analogously we projectthe verticesof the edgesontotheir edges.The new position
V, of the vertex is calculatedwith the original vertex V', the startvertex of the edge
S = (s, 84, 8.)" andtheunit orientationof theedgeO = (0., 04, 0,)".

Vp=0(V-95)-0)+8 (8)
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Figure3: Resultsfor the expeiimentwith the syntheticmodel. Theleft graphshavs the
angleerror in degrees versusthe noiselevel. The gragh on the right shavs the mean
squaredesidualversusthenoise.

5 Experimental results

The proposedtechniqie descriled above is general. It is independentof the way the
3D modelwas created(i.e. from range or intensity data)and of model propeties like
variarce of thetriande size. It hasbeenappliedto severaltrianguatedmocels. We will
herepresenresultsfor a syntheticmodelandfor onerecastructedealmocel.

First,we appliedthe describd technqueto a synthdic model. The mocel consistsof
aperfectmeshof threewallsat90degreeq(1323vertices& 24 triangles).Two wallsare
parallel. A varying amount of Gaussiarlistributed3D noiseis addedo thevertices.The
walls are constraired by threeconstraits. Additionally, threeorthagonality constraims
areusedfor thethreeprincipd directins. Thefirst graphshavs the constrainterrorfrom
featureextraction (top curwe), improving the fit (midde curve) and application of the
constraims (bottam curve, nearnoiselevel axis). Improving thefit is donewithout using
ary constraits in the evaluaion function. The constrainterrorfrom featue extractionis
aresultof therandm natureof RANSAC. Specially the orientationof thethreeprinciple
directiors variesmuch,becasefewerpointsareusedto fit thelinesandestimatehethree
directiors. Improving the fit usingall datapointsfrom the featuresgives muc better
results. Finally, usingthe constraintgjivesa constrainterra closeto zero. The second
graphshaws the meansquaredesidualafter featureextraction (top curve), improving
thefit (dashedcurve) andconstrainilg the model (solid curwe). The parametes obtaired
from RANSAC shawv the biggesterror The meanresidualsfrom improving the fit and
from applying the corstraintsare closetogetherandareboth significantlybelov the the
RANSAC cune. Thetwo graghsshaw thatapplying constraintsmprovesthe orientation
of walls andedge withou significantlyworseninghefit.

Next we showv theapplication of theconstraits to a Bavarianfarmtouserecastructed
by the EuropranCommissiordointResearciCentre(JRC)[8, 15. Themodé is shavnin
figure5). Themodelwasrecorstructedrom multiple range datascang1254 vertices&
1658 triandes). Thisis afull 3D model. The original solid modelshovs smalledgeson
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thewalls. Theoptimisedmodelhastheseedgesprojectedontothewall (seefigure4 for a
closeview of awall). The planeextradion findsthe 4 walls of the houseandtwo planes
for therodf (total 185 vertices). Thelow numter of planeverticesin comgarisonto the
total nunber of verticesresultsfrom thefactthatthe planesconsistof relatively few big

trianglesandthatmodeldetailslike windows consistof mary smalltriangles.The plane
extraction preseres featureslike the windows and doass (seefigure 5). 63 edgesare
extractedand27 of themaregroupedtogetterin 8 clusters.All edgesn oneclusterare
consideedto beparallelto eachother Theparanetervectorconsistof 223variades(18
for the 6 planes189for the 63 edgestartingpoints and16 for the 8 clusterorientatiors).

Theinitial parametesobtainedrom RANSAC give usangleerrorsthatarenomorethan
1.3deggreesoff. Theangleerrorsof theplaneandedgeorientadion vary from theoptimum

by 0.4and0.7 degreesonaverage in the original mocel. Theplanesareconstrainedy 10

constraits andthe edgeoriertationsby three. After optimisatio all angleerross differ

lessthan0.01 degreesfrom the optimum. Theresultin figure 5 shavs the modelwith

removedirregularitiesandalignedplanesandedges.The averagedisparityof the moved

verticesis 0.21% of the modeldiameter The optimisationsteptook 165 secondsn an
Intel Pentiumlll with 600MHz.

Figure4: A closeview of awall of thefarmtouse.Ontheleft is theuncorstrainednodel.
Surfaceripples betweenthe windows are mosteasily seenin the circled areas.On the
right is the optimisedmodelwith fewerirregulaities.

6 Conclusion

Previous work usedarchitectual constrénts mainly for scenerecastructionfrom inten-
sity images. This work shawvs how archite¢ural constraintscan be usedfor improving
the recorstructionof full 3D mockls independentof the sensorata. Only 3D informa-
tion is used. The corstraintsmale architectual featues more reguar in termsof their
architectwal properties. We exploit comnon architectual featueslike walls and their
relationslips to eachother
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Initially, aRANSAC techniqee obtainsa setof planesandedgedrom the 3D data.We
automaically discover the corstraintsbetweerthe planesby usingatreesearctstrateyy.
Evencorsenatively loosethreshdds on anglesandpositionleadto a correctlabelling of
the planesin the scene. Parallel edgesare groypedtogetter by clustering The model
paranetersareoptimisedwith arobustnumeical optimisatio algoithm.

The experimentalresultsshov how imperfectionslike smallirreguarities on planes
andthe orientatias of walls andedgesarecorreded. As a resultoriertationsof planes
andedges arecorrected.Thevisualappeaanceof themodelis enhancd.
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Figure5: Top: The original textured mockl (left) andsolid model (right) of the Bavar-
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Middle: Theextractedplanesn darker colour(left) andedgeqright). Bottom: Theedges
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