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ABSTRACT

In this paperwe describea new conceptfor the reconstructionof buildings. In contrastto mostof the publishedap-
proaches,we link thereconstructionprocesswith thebuilding interpretation.With this linkagewe want to enhancethe
reconstructionresultandto yield semanticinformationaboutthebuildings.We introducebuilding modelsbasedon their
topology. We alsomayusedatafrom differentsensortypes.Theanalysisis donelocally usingstatisticalbuilding infor-
mationfor the interpretationin a Markov-Random-Fieldandusinge. g. geometricor radiometric“appearance”models
for thereconstruction.A realdataexamplefrom laserscannerobservationsdemonstratestheapproach.

KURZFASSUNG

In diesemArtikel beschreibenwir ein neuesVerfahrenzur RekonstruktionvonGeb̈auden.Im Gegensatzzu denmeisten
in der Literatur bereitsveröffentlichenVerfahren,verbindenwir die Rekonstruktion mit der Interpretation. Dadurch
verbessernwir dasErgebnisderRekonstruktionunderhaltenzus̈atzlichsemantischeInformationüberdasGeb̈aude.Wir
verwendeneinGeb̈audemodell,dasauf derTopologiederGeb̈audedefiniertist. Aus̈erdemist die Integrationvon Daten
unterschiedlicherSensortypenmöglich. Die Analyseder Datenerfolgt bei der Interpretationmit lokalemstatistischen
Geb̈audewissenundbeiderRekonstruktionmit lokalenModellender“Erscheinungsform”derGeb̈aude(z.B. geometrisch
oderradiometrisch).Ein Beispielmit realenEntfernungsdatendemonstriertdenAnsatz.

1 INTR ODUCTION

In thispaperanew conceptfor thereconstructionandinterpretationof buildingdatais introduced.Wepresentanapproach
for multi sensorialbuilding dataanalysiswhichcombinesreconstructionandinterpretation.

1.1 Motivation

Sinceafew yearsalargedemandfor urbanandsuburban3Ddatacanberecognized.Variousapplicationsneed3Ddatafor
planning.Othersneed3D dataasbackgroundinformationfor visualizationandanalysis.Thereis anincreasingnumber
of applications(from GIS)whoaskfor interpreteddata,whichallow theapplicationto distinguishbetweenimportantand
non-importantpartsof urbandata.

Althoughsomeapproachesfor building reconstructionhave beenpresentedin the lastyears,only a few approachesare
ableto usedifferentsensortypes,mainly asdifferentpartsof a specificwork flow, e. g. HaalaandBrenner(Haalaand
Brenner, 1997)startingfrom mapdataaddinglaser-scannerdatathey reconstructbuildings. Othersjust usedataof one
sensortype(BrunnandWeidner, 1997,HaalaandBrenner, 1997,Vosselmann,1999,Baillard et al., 1999,Moonset al.,
1998). Fischeret. al. (Fischeret al., 1999)have describedon a conceptuallevel a tower of feasiblealgorithmswhich
couldbeusedfor thereconstructionof buildingsin general.Multi sensorialreconstructionandinterpretationis important,
becausedifferentdatafrom differentsensortypescansupportthereconstructionresultfrom differentaspects.Only with
sensorfusion it becomespossibleto usethe new developedaerialsensorslike laser-scanners,digital camerasor three-
lines-camerastogether. In this paper, analgorithmfor theuseof differentsensortypesis described.All sensortypesare
handledin anequalmanner, noonedominatesthealgorithm.

In mostof thepublishedalgorithmsfor building reconstructioninterpretationis doneonlyasasidestep.Theinterpretation
is mostlydoneby classifyingthetypeof geometricstructureof thereconstruction.Mostly informationof classifications
of theneighborhoodis notused.ExceptLang(Lang,1999)achievessomesemanticinterpretation,consideringgeometric
classificationsfrom theneighborhood.
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Figure1: Work flow of thecombinedinterpretationandanalysis.

1.2 Overview

Hereweassumethattheproblemof detectingbuildingsin anarbitrary2Ddatasetis alreadysolved.A detectionprocedure
basedon bayesiannetscanbefoundin (Brunnet al., 1998).For eachbuilding thedetectionalgorithmgivesa bounding
polygonwhichenclosesthecompletebuilding.

Startingfrom thesubpartsof severaldatasetsthework flow is a follows(cf. fig. 1): Fromtheselectedpartof thedataof
somenot necessaryall sensortypeswegenerateanapproximatedescriptionof thebuilding, which is a graphrepresenta-
tion andcontainsthetopologyof its surface.Wechoosethetopologyof thesurfacegraphasthebaserepresentationof the
building becausethetopologyis independentof theusedsensortype(cf. sec.2). Eachgraphelementis connectedto aset
of appearancemodels(e.g. geometriccoordinatesor attributesor radiometricattributes).Furtherstepsof reconstruction
and interpretationoptimize the graphrepresentationincluding the attributes. Ideally interpretationandreconstruction
shouldbedonein a commonstep.We approximatethecommonstepby iteratingseparatestepsof interpretation(cf. sec.
3) andreconstruction(cf. sec.4).

Thepapercloseswith someconclusionsandanoutlookon furtherresearch(cf. sec.6).
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(a) Thepolymorphicgraphof onesideof
a cube(v=vertex,e=edge,f=face).

e

t

e

v

v v

e

e

t

v

e

(b) Polymorphic graph of the simplex
representationof one side of a cube
(v=vertex,e=edge,t=triangle)

(c) Simplicesarethebasiselementsof the
simplicial complexes(v=vertex,e= edge
andt=triangle).

Figure2: Representationsof topology.

2 MODELING BUILDINGS BY THEIR TOPOLOGY

2.1 CW–complexes

WeintroduceCW–complexes(Jänich,1994)asarepresentationof thetopologyof buildings.Thebuilding surfacecanbe
dividedin corner, boundingedgeandfaces.Thecornerarecalled0-cells,theedges1-cellsandthefaces2-cells(0, 1 and
2 arethedegreeof thecells). They arehandledasopensets,which meansthat theunionof all points,edgesandfaces
yieldsthecompletesurface,theintersectionof all pairsof elementsis empty.

We definea graphwhoseverticesareall cells of the threetypesandwhoseedgesshow neighborhoodrelations: Two
cellsareneighboredif the cell of lower degreeis theborderof the cell of higherdegree. Theneighborhoodrelationis
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symmetriced.Wecall theresultinggraphapolymorphicgraph(FuchsandFörstner, 1995).In figure2(a)thepolymorphic
graphof onesideof a cubeis shown. The graphof the completecubeconsistsof eight0-cells,twelve 1-cellsandsix
2-cells.

2.2 Simplicial complexes

CW-complexes area very generalmethodto describetopology, esp.they are not limited to a numberof cell types.
Simplicial complexes canbe viewed asa specializationof the CW-complexes,where2-cellsare triangles. The basis
elementsof this representationarecalledsimplices. They areshown in figure 2(c) up to order two. On the onehand
thesimplificationof thecomplexity of thetopologicalboundarypolygonto just threesideslimits thecomplexity of the
2-cells. On the otherhandit providesan easyaccessto the shapeof the 2-cells. Analogouslyto the CW-complex we
definea polymorphicgraphon thesimplices.Figure2(b) shows thepolymorphicgraphof onesideof a cubein simplex
representation.Simplicial complexes arewidely usedin the approximationof triangulatedsurfaces:e. g. Halmeret
al. (Halmeret al., 1996)usesimplicial complexesfor the approximationof surfacemodels,but they stick to geometric
trianglesof a triangulationof thesurface.In thefollowing we focusonsimplicialcomplexes.

3 INTERPRETATION

In ourcontext interpretationmeansclassificationof thesimplicesof thebuilding representationby complexes.In thetwo
stepscenarioof separateinterpretationandreconstructiontheinterpretationlinks theobservationswith thereconstruction
(cf. fig. 3). Knowing thelikelihoodfunctionstheclassificationcanmakeuseof theobservations.
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Figure3: Principleof classificationandreconstructionparadigm.

3.1 Principle

The interpretationis doneby classificationusingstatisticalmodels,which needto be known a priori or automatically
learned(cf. sec.3.3). To find a final classificationmeansto searchfor a setof classeswhichhave a maximalprobability.
To reducethe complexity of this problem,which in generalis exponentialin the numberof possibleclassesfor each
randomvariable,we assumeonly local dependenciesbetweenneighboringrandomvariables.Thereforewe only need
localstatisticalmodels.

We establisha Coupled Markov-Random-Field (CRF) (Li, 1995),which consistsof threerandom-fields,onefor each
simplex type.This is equivalentto associatea randomvariable� to eachnodeof thepolymorphicgraph,which represent
vertices,edgesandtriangles, ���������
	��
Theclassesfor possibleclassificationsareexplainedin thenext section.

InsidetheCRFeachrandomvariable �
� is classified.This is achieved by finding thatclasswhich leadsto themaximal
probabilityfor therandomvariable��� . ��
��� arg �������� ��� �����
Theprobabilitydistribution

��� �
��� is deducedusingBayes’Theorem��� �
���  � �"! ���  � � ����� �#� �
���
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with  � beinga vectorof observations.
���  � � �
��� is calledlikelihood functionand

��� ����� prior distribution. Thuswe are
ableto connectdifferentprobabilitydistributions.HereweusetheBayes’Theoremby introducingbackgroundknowledge$ � � abouttherandomvariablesin someneighborhoodof � � (markovinity) (KochandSchmidt,1994)��� � � �  � � $ � � �
! �#�  � � � � � $ � � � ��� � � � $ � � ��%
Furtheron we assumethatthe likelihood functiononly dependson therandomvariable �
� itself, not on theneighboring
randomvariables ���  � � �
��� $ �����"� ���  � � ������%
Thereforeeq.1 changesto ��� �
�&�  � � $ �
���
! ���  � � �
��� �#� �
�'� $ �
��� (1)

wherethedistribution
��� � � � $ � � � inheritstheinformationaboutthebuilding model.

Thetheoryof Markov-Random-Fieldsstatesthat thelocal classification(cf. eq.1) leadsto a maximalprobabilityof the
completerandomfield. Wecalculatetheprobabilityof theclassificationof thecompleterandomfield by�()� �*���+ ��� (,�  "�
�.- � �����/ ��� � � �  � � $ � � ���
becausein this applicationeachsubsetof randomvariablesis consideredonly oncefor local classification(Koch and
Schmidt,1994). Therefore,if the building type is unknown and from a setof building models 0 with 0 �2143 � � 56 1879�:%;%;%���<,=?>�> , the maximizationcanbe donefor eachbuilding type. Thenthe maximumof all probabilitiesof the
differentbuilding typesgivesthetypeof thecompletebuilding�@ � �*���= ��� �( � 3A�:�  ��&%
3.2 The building model

We usesimplicialcomplexes,whichconsistof 0, 1 and2-simplices,to representthetopologyof thesurfaceof buildings.
Eachsimplex is associatedwith someappearanceattributes,whichcouldbee.g. geometricor radiometric.Thesimplices
shouldbeclassified.Thereforewedefineclassesfor eachsimplex type.

We look at the classesof the simplicesof the real building partsfrom differentviews (cf. fig. 4): at first we describe
a semanticmodelwhich will be generalizedto a geometric1. A semanticclassschemecould consistof the following
classes:B 0-simplices:eavescornerpoint, ridgecornerpoint, ground-planecornerpoint, eavespoint (point on theeaves,not

cornerpoint), ridgepoint,ground-planepoint,pointona wall, pointon theroof andpointoutsidethebuilding in the
ground-planeB 1-simplices:eavesedge,ridgeedge,ground-planeedge,corneredge(mostlynearlyvertical),edgein theroof, edge
in awall, edgeoutsidethebuilding in theground-planeB 2-simplices:facein awall, facein a roof, facein theground-plane

In thispaperwegeneralizeto thefollowing geometricmodel:B 0-simplices:cornerpoint (CP)(on theborderof a leastthreebuilding planes),edgepoint (EP)(on theborderof two
building planes),facepoint (FP)(insideoneplaneof thebuilding)B 1-simplices:breakline(BL) (intersectionof two building planes),faceedge(FE) (insideonebuilding plane)B 2-simplices:vertical(V), oblique(O) andhorizontal(H) face

Thedefinitionof localneighborhoodsenablesusto do localclassification.Wedefinedifferentkind of neighborhoodsfor
thethreesimplex typeswhichareshown in fig. 5. Dif ferentbuilding typesaremodeledby setsof conditionalprobabilities
which coincidewith the neighborhoods.For eachbuilding type the following chosenconditionalprobabilitieshave to
known arepriori or have to belearned(cf. sec.3.3)2:
1 We usethenotion“generalized”becausethecapabilityto distinguishbetweendifferentobjectsin thegeometricmodelingis lessthanin thesemantic
modeling.Also thenumberof classesis reducedin thegeometricmodel. 2 Notation: C meansthe“numberof”.
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Figure4: Threedifferentviewson therealobjectsresultin threedifferentsetsof objectgroups.

Figure5: Neighborhoodsystemfor vertices,edgesandtrianglesin theMarkov-Random-Field.B Conditionalprobability for 0-simplex classification: the classificationof a 0-simplex dependson the numberof
breaklinesandthenumberof cornerpointsin theneighborhood� = �EDGF � HJI)K � ������H�L ��� ���M��%
With theassumptionthattheconditionalprobabilitiescanbeseparated,� = �ED F � HJI)K � ������H�L ��� �����N� � = �OD F � HJIJK � �����QP � = �OD F � H�L ��� ����� (2)

follows.B Conditionalprobabilityfor edgeclassification:theclassificationof a 1-simplex dependson theclassificationsof the
neighboringfaces,neighboringverticesandthenumberof otherbreaklinesboundingtheneighboringfaces� = �EDER �S1 DGT
UV� �V�&� DGT'W�� �4��>��:1 DYX�U;� �4��� D X4W�� �4��>��&HJI)K � �4���
We assumeseparabilityof theconditionalprobability:� = �ED R �Z1 D T U:� �V�&� D T W�� �V�&>��;1 D X UV� �V�&� D X W�� �V�&>���HJI)K � �V�M�� � = �ED R �Y1 D T U:� �V�&� D T W�� �4��>��:1 D X U;� �4��� D X W�� �4��>4�[P � = �ED R � HJI)K � �V�M� (3)B Conditionalprobabilityfor triangle(face)classification:Theclassificationof 2-simplicesdependson thenumberof
breaklinesboundingthe2-simplex. � = �OD T � HJI)K �]\ ��� (4)

We assumethe likelihood function as independentof the building type. Therefore,we just have to defineonesetof
likelihoodfunctionfor eachcombinationof eachsimplex with eachdatatypeor, of course,a joint likelihoodfunctionfor
all datatypes,which is mostlynot practicable.Thesefunctions

�#�  ^� (�� transfertheobservations  into probabilitiesfor
all classesof eachrandomvariable.Assuminganormaldistribution for a observationvector  , a likelihoodmayhave the
following form ���  _� (��
� �]`�a ��bdc�e�f �Egih
jlk ��bnmoe�f h ��p[q,r 7` �  r?sut � �wv k bnm �  rxsyt � �oz
Thevector t is aclassspecificparametervector, s a matrixof linearcoefficientsand

k
thematrixof covariancesof the

observations.
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3.3 Learning

Themodelsof thedifferentbuilding types 3 arelearnedautomatically. For this purposea setof interactively classified
simplicial complexescouldbeevaluated,yielding relative frequenciesor empiricalprobabilities.Hereanotherapproach
is used:we learnbuilding modelsfrom just onerepresentative classifiedexamplefor eachbuilding type. Of coursethe
deducedprobabilitiesarelessprecise,however it takeslesseffort.

3.4 Classification

Thereis large varietyof algorithmsfor optimizingMRFs available. We choosethe Iterated-Conditional-Modes(ICM)
(Li, 1995),becausefirstly we get from a initial likelihood estimate- just usingthe likelihood function - a goodinitial
classification.Secondlytheinfluenceof a local classificationon not neighboringrandomvariablesis quite low. During
someiterationsof classificationwe find a optimalsolution,iteratinguntil only minor changesoccurin theclassification
of randomvariables.Thenumberof interactionsdependson theamountof noisein thedata.

4 RECONSTRUCTION

After theinterpretationsteptheappearanceof thebuilding is corrected(cf. fig. 3). Thecorrectiontakestheclassification
resultinto accountanduseslocal appearancemodelsfor eachsimplex. In caseof geometricattributes,thecoordinatesof
thecornerof building descriptionarecorrectedaccordingto thegeometricclassification.

We userobust Least-Squares-Estimators which enableus to handleoutliersin thedataandwrongclassificationsof the
previousstep.

5 EXAMPLE

Weusealaserscannerdatasetto demonstratethefeasibilityof theapproach.Figure6 showsadensegrid-basedlaserscan-
nerdataset.We wantto reconstructandinterpreta flat roof building. Thereforewe learntheconditionalprobabilitiesof
anchosenexampleof aflat roof building (FR).Thelearningyieldedthefollowing conditionalprobabilities:B Vertices(cf. eq.2):

�n{}|~�ED F � HJI)K � ��������� ���n{}|��OD F ���d� HJI)K � �������i�M�E�
�4� � ���� % `�� � % `�� � % `�� � % `��� � 7 �� � � 7 ��
� {}| �EDGF � H�L ��� �����"� � ��� {}| �EDGF �u�d� H�L ��� ���"� D ���E� / � � ���� % `�� � % `�� � % `�� � % `��� � % � � % � �� 7 � � ��

with � 6 1V� � �&� � �&L � > and ��� D 6 1 � �474� ` �;����>B Edges(cf. eq.3): � {}| �ED R � 1 D X U4� �4��� D X W�� �4��>��:1 D T U:� �V�&� D T W�� �4��>4�� � ��� {}| �M�ED R �.IJK�� DGF �������:��1 D X U�� �4��� D X W�� �V�&>�� D �:1 D T U:� �4��� D T W�� �4��>����i�M� / ���
� �������

� � % � � � % � � � � % � � � % � � � � % � � � % � � � 74� � � � � % � � � % � � � � % � � � % � �� � % � � � % � � � � % � � � % � � � 74� � � � � % � � � % � � � � % � � � % � � � � % � � � % � �� � �47:� � � % � � � % � � � � % � � � % � � � � % � � � % � � � � % � � � % � � � � % � � � % � �� � �47:� � � % � � � % � � � 74� � � � � �47:� � � % � � � % � � � � % � � � % � �� � �47:� � � % � � � % � � � � % � � � % � � � � % � � � % � � � � % � � � % � � � � % � � � % � �� � % � � � % � � � � % � � � % � � � � % � � � % � � � � % � � � % � � � � % � � � % � � � � % � � � % � �
��������

� {}| �OD R � HJI)K � �4��� � ���]� {}| ���OD R �.I)K^� D R �������:� HJI)K � �4�
� D �M� / ��� �����
� 79� � �� � % ¡�¡i� � % ��¢ �� � %£7;¤�� � %¦¥����� � �V7;�� � % � � � % � �

������
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Figure6: Part of a digital surfacemodelinterpolatedfrom laserscannerdatawith grid width � % ¢J§ � % ¢�¨ f (Copyrightby
TopoSys,Ravensburg). Theheightsarecodedin greyvalues.

with � 6 1414L � ��L � >��:14L � �&� � >��:1:L � �'� � >���14� � �'� � >���14� � �&� � >���1V� � ��� � >�>}�� 6 141;©[��©x>��;1:©ª�&«¬>���1;©~�:­_>��:1�­l�;­�>��;1�­n�&«J>��:14«J��«�>�> and
D 6 1 � �V79� ` �&����¡i>B Triangles(faces)(cf. eq.4):

� {}| �OD T � HJI)K �]\ ������� �]� {}| �OD T �u�d� HJI)K �]\ �����i�M� �
� � � ���� %¦��� � % � � � %E7:� �� % `�� � % `�� � % `�� � % `��� � % ¢�¢ � %¦��� � ��
with � 6 1:©[��«J�;­®>���� 6 1 � �V79� ` �&����¡i>

Thelikelihood functionis defineda priori. We classifyintroducingtheapproximatesurfaceandnot on theoriginal data
asobservations,to reducethecomplexity of handlingobservationsin the likelihood function. We choosethe following
deducedobservations:

B for 0-simplices(vertices): the numberof normalsof touchingtriangles. For eachnumberof possibleamountsof
normalsa description-length(Rissanen,1987)is calculatedandtransformedinto a probability.B for 1-simplices(edges):thenumberof normalsof touchingtriangles(cf. 0-simplices).B for 2-simplices(triangle):thedifferenceangleto theverticalaxis.

(a) Approximatedbuilding surfacewith the resultof the initial
classificationcodedin intensities.

(b) Resultof the interpretationandreconstruction.Only
thosesimplicesareshown which arenecessaryfor thege-
ometricdescription.

Figure7: 3D views: Eachgreyvalueof vertices,edgesandtrianglesrepresentsa classification.
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From a preprocessing,which is basedon the featureextraction (Fuchsand Förstner, 1995) of the DSM, we get the
geometryof theapproximatebuildingdescription(cf. fig. 7(a)).Theapriori likelihoodestimateleadsto theshownsimplex
classification.Themisclassificationof aleastonefaceis obvious.Theiterativeprocessof classificationandreconstruction
resultsin thebuilding shown in fig. 7(b). Only essentialsimplicesareshown in thevisualization.Misclassificationsand
thegeometryof thesurfacehave beencorrectedautomaticallyin thissecondstep.

Wefoundthattheerrortoleranceof theapproachis quitehigh,whichis alsoknown from MRFsin general.Correctionof
singlemisclassificationcouldbedone,but regionsof falseclassificationscannotbecorrecteddueto thedefinedlow sizes
of theneighborhoods.

6 CONCLUSIONS AND OUTLOOK

This articlepresentsa new approachfor automaticanalysisof multi sensorialdata.Theintegrationof interpretationand
reconstructionin acommonalgorithmwasamajorgoal.A new structurefor therepresentationof buildingsbasedontheir
topologywasintroduced.Theexampleshowsthecorrectioncapabilityof thelocalclassificationandlocalreconstruction.

In futureresearch,the integrationof changesin topologyduringtheclassificationhasto done.Theimplementationand
modelingshouldbeextendedto CW-complexes. For anempiricalevaluationof theapproach,additionalmodels,large
datasetsandadditionalsensortypeshave to becovered.
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Processingfor AutomaticCartographicTools(IMPACT)”, No. 20.243.
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