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ABSTRACT

In this paperwe describea new conceptfor the reconstructiorof buildings. In contrastto mostof the publishedap-
proacheswe link the reconstructiorprocesswith the building interpretation.With this linkagewe wantto enhancehe
reconstructiomesultandto yield semantianformationaboutthe buildings. We introducebuilding modelsbasedn their

topology We alsomay usedatafrom differentsensottypes. The analysiss donelocally usingstatisticalbuilding infor-

mationfor the interpretationin a Markov-Random-Fieldandusinge. g. geometricor radiometric*appearanceimodels
for thereconstructionA realdataexamplefrom laserscannasbsenationsdemonstratethe approach.

KURZFASSUNG

In diesemArtikel beschreibemvir ein neuesverfahrerzur Rekonstruktiorvon Getauden.Im Gegensatzu denmeisten
in der Literatur bereitsverdffentlichenVerfahren,verbindenwir die Rekonstruktia mit der Interpretation. Dadurch
verbessermwir dasErgebnisderRekonstruktiorund erhalterzusatzlich semantischénformationiiberdasGeltiude.Wir
verwenderein Getaudemodelldasauf der Topologieder Gelaudedefiniertist. Auserdenist die Integrationvon Daten
unterschiedlicheSensortypemoglich. Die Analyseder Datenerfolgt bei der Interpretationmit lokalem statistischen
GelaudevisserundbeiderRekonstruktiomit lokalenModellender“ErscheinungsformtierGelaude(z. B. geometrisch
oderradiometrisch)Ein Beispielmit realenEntfernungsdatedemonstriertlenAnsatz.

1 INTRODUCTION

In thispaperanew concepfor thereconstructiomndinterpretatiorof building datais introduced We presentanapproach
for multi sensoriabuilding dataanalysiswhich combineseconstructiomndinterpretation.

1.1 Motivation

Sinceafew yearsalargedemandor urbanandsulurban3D datacanberecognizedVariousapplicationsxeed3D datafor
planning.Othersneed3D dataasbackgroundnformationfor visualizationandanalysis.Thereis anincreasinghumber
of applicationgfrom GIS)who askfor interpreteddata,which allow theapplicationto distinguishbetweerimportantand
non-importanpartsof urbandata.

Although someapproachesor building reconstructiorhave beenpresentedn the lastyears,only a few approachesare
ableto usedifferentsensortypes,mainly asdifferentpartsof a specificwork flow, e. g. HaalaandBrenner(Haalaand
Brenney 1997)startingfrom mapdataaddinglaserscannedatathey reconstrucbuildings. Othersjust usedataof one
sensottype (BrunnandWeidner 1997,HaalaandBrenney 1997,Vosselmann1999,Baillard et al., 1999,Moonset al.,

1998). Fischeret. al. (Fischeret al., 1999) have describedon a conceptualevel a tower of feasiblealgorithmswhich
couldbeusedfor thereconstructiorof buildingsin general Multi sensoriateconstructiomndinterpretatioris important,
becausdaifferentdatafrom differentsensotypescansupportthe reconstructiomesultfrom differentaspectsOnly with

sensoffusionit becomegossibleto usethe new developedaerialsensordike laserscannersdigital camerasor three-
lines-cameratogether In this paperanalgorithmfor the useof differentsensottypesis described All sensottypesare
handledn anequalmannerno onedominateshe algorithm.

In mostof thepublishedalgorithmdor building reconstructiotinterpretatioris doneonly asasidestep.Theinterpretation
is mostly doneby classifyingthetype of geometricstructureof the reconstructionMostly informationof classifications
of theneighborhoods notused.ExceptLang(Lang,1999)achiezessomesemantidnterpretationconsideringgeometric
classificationgrom theneighborhood.
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Figurel: Work flow of thecombinednterpretatiorandanalysis.

1.2 Overview

Hereweassumehattheproblemof detectindouildingsin anarbitrary2D datasetis alreadysolved. A detectiorprocedure
basedon bayesiametscanbefoundin (Brunnetal., 1998). For eachbuilding the detectionalgorithmgivesa bounding
polygonwhich encloseshe completebuilding.

Startingfrom the subpartof severaldatasetsthework flow is afollows (cf. fig. 1): Fromthe selectedartof the dataof
somenot necessargll sensotypeswe generaten approximatelescriptionof the building, whichis agraphrepresenta-
tion andcontainghetopologyof its surface We choosehetopologyof the surfacegraphasthe baserepresentationf the
building becaus¢hetopologyis independentf theusedsensotype(cf. sec.2). Eachgraphelemenis connectedo aset
of appearancenodels(e. g. geometriccoordinate®r attributesor radiometricattributes).Furtherstepsof reconstruction
and interpretationoptimize the graphrepresentatioincluding the attributes. Ideally interpretationand reconstruction
shouldbedonein acommonstep.We approximatehe commonstepby iteratingseparatetepsof interpretation(cf. sec.
3) andreconstructior{cf. sec.4).

Thepapercloseswith someconclusionandanoutlookon furtherresearct{cf. sec.6).
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(a) The polymorphicgraphof onesideof (b) Polymorphic graph of the simplex (c) Simplicesarethe basiselementof the
acube(v=vertex,e=edgef=face). representationof one side of a cube simplicial complexeqv=vertex, e= edge

(v=vertex,e=edget=triangle) andt=triangle).

Figure2: Representationsf topology

2 MODELING BUILDINGS BY THEIR TOPOLOGY

2.1 CW-complexes

We introduceCW-complexes(Janich,1994)asarepresentationf thetopologyof buildings. Thebuilding surfacecanbe
dividedin corner boundingedgeandfaces.ThecornerarecalledO-cells,the edgesl -cellsandthefaces2-cells(0, 1 and
2 arethe dggreeof the cells). They arehandledasopensets,which meanshatthe union of all points,edgesandfaces
yieldsthe completesurfacetheintersectiorof all pairsof elementss empty

We definea graphwhoseverticesare all cells of the threetypesandwhoseedgesshav neighborhoodelations: Two
cellsareneighboredf the cell of lower dggreeis the borderof the cell of higherdegree. The neighborhoodelationis



symmetricedWe call theresultinggraphapolymorphicgraph(FuchsandForstner 1995).In figure 2(a)the polymorphic
graphof onesideof a cubeis shavn. The graphof the completecubeconsistsof eight 0-cells, twelve 1-cellsandsix
2-cells.

2.2 Simplicial complexes

CW-complees are a very generalmethodto describetopology, esp.they are not limited to a numberof cell types.
Simplicial complees canbe viewed as a specializatiorof the CW-complexes, where 2-cells are triangles. The basis
elementof this representatiomare called simplices. They areshavn in figure 2(c) up to ordertwo. Onthe onehand
the simplificationof the compleity of thetopologicalboundarypolygonto just threesideslimits the compleity of the

2-cells. On the otherhandit providesan easyaccesdo the shapeof the 2-cells. Analogouslyto the CW-complex we

definea polymorphicgraphon the simplices.Figure2(b) shons the polymorphicgraphof onesideof a cubein simplex

representation.Simplicial complexes are widely usedin the approximationof triangulatedsurfaces:e. g. Halmer et

al. (Halmeretal., 1996) usesimplicial compleesfor the approximationof surfacemodels,but they stick to geometric
trianglesof atriangulationof the surface In thefollowing we focuson simplicial complees.

3 INTERPRETATION

In our contet interpretatiormeanslassificatiorof the simplicesof thebuilding representatioby complees. In thetwo
stepscenaricof separaténterpretatiorandreconstructiottheinterpretatiorlinks theobsenationswith thereconstruction
(cf. fig. 3). Knowing thelikelihood functionsthe classificatiorcanmakeuseof the obsenations.
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Figure3: Principleof classificatiorandreconstructiorparadigm.

3.1 Principle

The interpretationis doneby classificationusing statisticalmodels,which needto be known a priori or automatically
learned(cf. sec.3.3). To find afinal classificatiormeango searcHor a setof classesvhich have a maximalprobability.
To reducethe compleity of this problem,which in generalis exponentialin the numberof possibleclassedor each
randomvariable,we assumeonly local dependenciebetweemeighboringrandomvariables. Thereforewe only need
local statisticalmodels.

We establisha Coupled Markov-Random-Field (CRF) (Li, 1995), which consistsof threerandom-fieldspnefor each
simplex type. Thisis equivalentto associat@randomvariables to eachnodeof the polymorphicgraph,which represent
vertices,edgesandtriangles,

v,e,t = s
Theclassedor possibleclassificationgreexplainedin thenext section.

Insidethe CRF eachrandomvariables; is classified.This is achiezed by finding that classwhich leadsto the maximal
probabilityfor therandomvariables;.

§; = agmax P(s;)

The probabilitydistribution P(s;) is deducedusingBayes'Theorem

P(sily;) o< Py;|si)P(s:)



with y, beinga vectorof obsenations. P(y;|s;) is calledlikelihood functionand P(s;) prior distribution. Thuswe are
ableto connectifferentprobabilitydistributions.Herewe usetheBayes'Theoremnby introducingbackgroundknowledge
Js; abouttherandomvariablesn someneighborhooaf s; (markovinity) (KochandSchmidt,1994)

P(sily;, 0si) < P(y;|si, 0si) P(si|0s;).

Furtheron we assumahatthe likelihood function only depend®n therandomvariables; itself, not on the neighboring
randomvariables

P(y;lsi, 0si) = P(y;|si).
Thereforeeq.1 changedo
P(sily;, 0si) o< P(y;|si) P(silds:) @)
wherethedistribution P(s;|ds;) inheritstheinformationaboutthe building model.

Thetheoryof Markov-Random-Fieldstateghatthelocal classification(cf. eq. 1) leadsto a maximalprobability of the
completerandomfield. We calculatethe probability of the classificatiorof the completerandomfield by

s= mLaxP(s|y) = IZImlaxP(sﬂyi, ds;),
becausen this applicationeachsubsetof randomvariablesis considerednly oncefor local classification(Koch and
Schmidt,1994). Therefore,if the building type is unknavn and from a setof building models M with M = {M;|:
€ {1,...,np}}, the maximizationcanbe donefor eachbuilding type. Thenthe maximumof all probabilitiesof the
differentbuilding typesgivesthetypeof the completebuilding

M = max P(3(M)]y).

3.2 The building model

We usesimplicial complees,which consistof 0, 1 and2-simplicesto representhetopologyof the surfaceof buildings.
Eachsimplex is associateavith someappearancattributes which couldbee. g. geometricor radiometric.Thesimplices
shouldbeclassified . Thereforewe defineclassedor eachsimplex type.

We look at the classeof the simplicesof the real building partsfrom differentviews (cf. fig. 4): at first we describe
a semanticnodelwhich will be generalizedo a geometrié. A semanticclassschemecould consistof the following
classes:

e O-simplices:earescornerpoint, ridge cornerpoint, ground-planeornerpoint, eaves point (point on the eaves, not
cornerpoint), ridge point, ground-plangoint, pointon awall, pointon theroof andpoint outsidethe building in the
ground-plane

e l-simplices:eavesedge ridgeedge ground-planeedge corneredge(mostly nearlyvertical),edgein theroof, edge
in awall, edgeoutsidethebuilding in theground-plane

¢ 2-simplicesfacein awall, facein aroof, facein theground-plane
In this paperwe generalizeo thefollowing geometrionodel:
¢ O-simplices:cornerpoint (CP)(ontheborderof aleastthreebuilding planes)edgepoint (EP) (on theborderof two
building planes)facepoint (FP) (insideoneplaneof the building)

e 1-simplices:breakling(BL) (intersectiorof two building planes)faceedge(FE) (insideonebuilding plane)

¢ 2-simplices:vertical (V), oblique(O) andhorizontal(H) face

Thedefinitionof local neighborhoodgnablesisto do local classification We definedifferentkind of neighborhood$or

thethreesimplex typeswhichareshavnin fig. 5. Differentbuilding typesaremodeledby setsof conditionalprobabilities
which coincidewith the neighborhoodsFor eachbuilding type the following chosenconditionalprobabilitieshave to

known arepriori or have to belearned(cf. sec.3.3%:

1 We usethenotion“generalized’becausehe capabilityto distinguishbetweerdifferentobjectsin the geometrianodelingis lessthanin the semantic
modeling.Also thenumberof classess reducedn thegeometrianodel. 2 Notation: # meanghe“numberof”.
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Figure5: Neighborhoodystenfor vertices edgesandtrianglesin the Markov-Random-Field.

e Conditionalprobability for 0-simple classification: the classificationof a 0-simple« dependson the numberof
breaklinesandthe numberof cornerpointsin the neighborhood

Par(ly|#BL(v), #CP(v)).
With theassumptiorthatthe conditionalprobabilitiescanbe separated,
Par(ly|[#BL(0), #CP(v)) = Py(l,[#BL(v)) - Py(l,|[#CP(v)) )
follows.

e Conditionalprobabilityfor edgeclassificationthe classificatiorof a 1-simple« depend®n theclassification®f the
neighboringfacesneighboringverticesandthe numberof otherbreaklinesboundingthe neighboringfaces

PM(le | {l.fl (e)vlfz(e)}v{lpl(e)vlpz(e)}a#BL(e))
We assumeseparabilityof the conditionalprobability:
PM(le | {lfl(e)ﬂlh(e)}?{lpl (6),1192(6)},#BL(6))
= PM(le |{lf1 ((:‘), lf2 (6)}3 {l;fh (6)7 lpz (6)}) : PM(16|#BL(6)) (3)

e Conditionalprobabilityfor triangle(face)classification:The classificatiorof 2-simplicesdepend®n the numberof
breaklinedoundingthe 2-simplex.

Pur(ls|#BL(f)) (4)

We assumehe likelihood function asindependentf the building type. Therefore,we just have to defineone set of
likelihoodfunctionfor eachcombinationof eachsimplex with eachdatatypeor, of courseajoint likelihood functionfor
all datatypes,which is mostly not practicable . Thesefunctions P (y|s) transferthe obsenationsy into probabilitiesfor
all classe®f eachrandomvariable.Assuminga normaldistribution for a obserationvectory, alikelihood mayhave the
following form

Plule) = ()" (et 3y exp (~ 50 - X872 (v - X8,))

Thevectorg is aclassspecificparametevector X amatrix of linearcoeficientsandX the matrix of covariancef the
obsenations.



3.3 Learning

The modelsof the differentbuilding typesM arelearnedautomatically For this purposea setof interactiely classified
simplicial complexescouldbe evaluated yielding relative frequencie®r empiricalprobabilities.Hereanotherapproach
is used:we learnbuilding modelsfrom just onerepresentate classifiedexamplefor eachbuilding type. Of coursethe
deducedrobabilitiesarelessprecise however it takeslesseffort.

3.4 Classification

Thereis large variety of algorithmsfor optimizing MRFs available. We choosethe Iterated-ConditionaModes(ICM)
(Li, 1995),becausdirstly we getfrom a initial likelihood estimate- just usingthe likelihood function - a goodinitial
classification.Secondlytheinfluenceof a local classificatioron not neighboringrandomvariablesis quite low. During
someiterationsof classificatiorwe find a optimalsolution,iteratinguntil only minor changeccurin the classification
of randomvariables.The numberof interactionslepend®n theamountof noisein thedata.

4 RECONSTRUCTION

After theinterpretatiorstepthe appearancef thebuilding is corrected(cf. fig. 3). The correctiontakesthe classification
resultinto accountandusedocal appearanceodelsfor eachsimplex. In caseof geometricattributes the coordinate of
thecornerof building descriptionarecorrectedaccordingo the geometriaclassification.

We userobust Least-Squares-Estimators which enableusto handleoutliersin the dataandwrong classificationf the
previousstep.

5 EXAMPLE

We usealaserscannatataseto demonstratéhefeasibility of theapproachFigure6 shovs adensegrid-basedaserscan-
nerdataset. We wantto reconstrucandinterpretaflat roof building. Thereforewe learnthe conditionalprobabilitiesof
anchoserexampleof aflat roof building (FR). Thelearningyieldedthefollowing conditionalprobabilities:

e Vertices(cf. eq.2):

0.25 0.25 0.25 0.25
Prep (LI#BL(v)) = ((Prr (o = jI#BL() = K);,) = 0 0 1 0
0o 0 0 1
0.25 0.25 0.25 0.25
PFR(ZU|#CP(U)):((PFR(ZU:j|#CP(v):l))jl) - 0 05 05 0
0o 1 0 0

with
je{FP,EP,CP} and k,1c{0,1,2,>3}
e Edgeg(cf. eq.3):

Prr(le | Al (e)slpa(e)}s {li (€)s 12 (€)})
= ((Prr((le = BL,l, = FE){lp, (), lp, (€)} =1, {l, (), I1a ()} = K))yy.)

(0.5,0.5) (0.5,0.5) (0.5,0.5) (1,0)  (0.5,0.5) (0.5,0.5)
(0.5,0.5) (0.5,0.5) (1,0)  (0.5,0.5) (0.5,0.5) (0.5,0.5)
B (0,1) (0.5,0.5) (0.5,0.5) (0.5,0.5) (0.5,0.5) (0.5,0.5)
= 0,1) (05,05  (L0)  (0,1)  (0.5,0.5) (0.5,0.5)
(0,1)  (0.5,0.5) (0.5,0.5) (0.5,0.5) (0.5,0.5) (0.5,0.5)
(0.5,0.5) (0.5,0.5) (0.5,0.5) (0.5,0.5) (0.5,0.5) (0.5,0.5)
(1,0)
(0.44, 0.56)
PFR(ZG|#BL(6)) = ((PFR((le:BL,ZQZFE)l#BL(e):Z))l): (017,083)
(0,1)
(0.5,0.5)



Figure6: Part of adigital surfacemodelinterpolatedrom laserscannedatawith grid width 0.6 x 0.6m? (Copyrightby
TopoSysRavenslurg). Theheightsarecodedin greyvalues.
with
i € {{CP,CP},{CP,EP},{CP,FP},{EP,EP}{EP,FP} {FP,FP}},
ke {{H,H},{H,0}{H,V}{V,V},{V,0},{0,0}} and [€{0,1,2,3,4}
e Triangles(faces)(cf. eq.4):
0.33 0.53 0.13 0 )

Prn (I 1#BL(f) = ((Prally = J#BL() = K),,) = (0-025 025 025 025

with
j€{H,0,V} ke {0,1,2,3,4}
Thelikelihood functionis defineda priori. We classifyintroducingthe approximatesurfaceandnot on the original data

asobsenations,to reducethe compleity of handlingobsenationsin the likelihood function. We choosehe following
deducedbsenations:

o for O-simplices(vertices): the numberof normalsof touchingtriangles. For eachnumberof possibleamountsof
normalsa description-lengtiiRissanen1987)is calculatedandtransformednto a probability.
o for 1-simpliceqedges)the numberof normalsof touchingtriangles(cf. 0-simplices).

o for 2-simpliceq(triangle):the differenceangleto theverticalaxis.

(a) Approximatedbuilding surfacewith the resultof theinitial (b) Resultof the interpretationand reconstruction.Only
classificatiorcodedin intensities. thosesimplicesareshovn which arenecessaryor the ge-
ometricdescription.

Figure7: 3D views: Eachgreyvalueof vertices edgesandtrianglesrepresents classification.



From a preprocessingwhich is basedon the featureextraction (Fuchsand Forstner 1995) of the DSM, we get the
geometryof theapproximatéuilding descriptior(cf. fig. 7(a)). Theapriori likelihoodestimatdeadso theshovn simplex
classificationThemisclassificatiomf aleastonefaceis obvious. Theiterative proces®f classificatiorandreconstruction
resultsin the building shavn in fig. 7(b). Only essentiabimplicesareshown in the visualization.Misclassificationgnd
the geometryof the surfacehave beencorrectecautomaticallyin this secondstep.

We foundthattheerrortoleranceof theapproachs quite high, whichis alsoknown from MRFsin general Correctionof
singlemisclassificatiortouldbedone but regionsof falseclassificationgannotbe correcteciueto the definedow sizes
of theneighborhoods.

6 CONCLUSIONS AND OUTLOOK

This article presents new approactfor automaticanalysisof multi sensoriadata. Theintegrationof interpretatiorand
reconstructioin acommonalgorithmwasamajorgoal. A new structurefor therepresentationf buildingsbasedntheir
topologywasintroduced.The exampleshawvsthe correctioncapabilityof thelocal classificatiorandlocal reconstruction.

In future researchthe integrationof changesn topologyduringthe classificatiorhasto done. Theimplementatiorand
modelingshouldbe extendedto CW-complees. For an empirical evaluationof the approachadditionalmodels,large
datasetsandadditionalsensottypeshave to becovered.
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