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ABSTRACT

This paperintroducesan exhaustive processfor assisting
buildingsextractionoutof theDigital ElevationModel(DEM)
and the orthoimage. We focus on rectangularbuildings,
whicharethemostcommonconstructions.

The methodis a region-basedapproachfor extracting
above-groundstructuresandfor estimatingthemwith rect-
angles.We establisha relationbetweentheeigenvaluesof
the covariancematrix and the rectangledimensions.The
Hausdorff measureis usedto validatethisestimation.

The estimatedrectangleshapemay be neitherwell lo-
calizednor well sized. We usea parametricmodelfor im-
proving theestimation.

The�nal rectangleestimationis usedto makea precise
renderingof the3D reconstructionof thescene.

Keywords: Buildingextraction,Rectangularestimation,
DeformableTemplates,Aerial image

1. INTRODUCTION

In the civil andmilitary �elds (infrastructureof telephony,
impactstudies...),it is increasinglynecessaryto userealistic
models. For examples,authorsof [5, 2, 7] have presented
automaticmethodsfor terrain modeling(ground,vegeta-
tion,andbuildings...)basedonaerialorsatellitephotographs.
Fromthis modelingandaerialimages,theorthoimage,i.e,
theverticalview of thescene,is computed(Fig. 1a).

Several works intendto improve building renderingin
theDigital ElevationModels(DEM). Brunnet al. [3] min-
imize a criterionbaseduponrulesof collinearityandright
angle.Lin et al. [11] useperceptualgroupingto aggregate
building edges.Vestri's last work [14] improvesaccuracy
DEM by modifyingthemethodof generationby correlation
especiallyon thebuilding frontages.

Leeet al. [10] presenta semi-automaticsystemto gen-
erate3D modelswith rectilinearhypotheses.This system

attemptsto minimize the time andthe numberof userin-
teractionsby de�ning rulesto substractor addrectanglesto
models.

In ourapproach,wewanttominimizetheoperatorwork-
load. Above-groundstructureextraction (vegetationand
constructions)(Fig. 1b) is carriedout on the DEM by the
algorithmspresentedin [4, 1].

Section2 dealswith estimatingthe rectangleparame-
tersover any givenblob. In section3, we de�ne a criterion
for checkingtheestimationef�ciency. A methodwhich im-
provestherectangleestimationis introducedin section4. In
thefollowing section,we presentanalgorithmfor splitting
complex buildingsin severalrectangles.At last,wegivean
overview of thiswholeprocessthroughexamples.

2. ESTIMATION OF RECTANGULAR
PARAMETERS

We intendto modeleachabove-groundelementby a rect-
angle. The rectanglecenterof massandits principal axes
arethosecomputedovertheelementitself. We makeanes-
timateof thetwo remainingrectangleparametersby means
of theelementsetof points.

The centerof massis given by the �rst ordermoment
(Eq.1). Theprincipalaxisis computedthroughtheestima-
tion of thesecondordermoments(Eq.2, Eq.3).
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Fig. 1. a. ortho-imageb. above-ground
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is madeof thesecond
ordermoments.It is commonlyusedfor estimatingtheel-
lipseenclosingthegivenblob [13]. We intendto applythe
matrixpropertiesin ordertocomputetherectanglesizes.At
�rst, let usconsiderthematrix diagonalization.It is equiv-
alentto changingthecoordinatessystem.In fact,thediag-
onalizationconsistsof moving from theCartesianspaceto
thespaceorientatedtowardstheblobprincipalaxis.

Let usnow considertheeigenvalues.In thecaseof an
horizontalrectangle,thecrossedsecondordermoment,i.e.

� ��-

, is nil, and the secondorder moment
� ���

(respec-
tively

� - -

) dependson the blob length (respectively the
blobwidth). Thereexistsa straightforwardrelationshipbe-
tweenthetwo eigenvalues(Eq.4) andthelength � andthe
width � (Eq.5) of rectangle.This resultcanbeextendedto
any givenblobsinceweknow thatdiagonalizationmeansa
changein thecoordinatespace.
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Theanalyticresolutionof Eq. (4) givestheeigenvalues:
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The rectanglesizesover the above-groundelementare
inferredfrom the eigenvalues. In the caseof a square,the
principal axis cannotbe computed.In fact,

� ��-,�)(

, so
������� ��- -

and
�

is alwaysequalto *

'

(seeEq.3). How-
ever, theorientationof a squareshapecanbecomputedby
usingtheFourierdescriptors.

Figure9 illustratesthe methodfor blobswhosesizeis
over 300pixels. In thefollowing section,we introducethe
criterionweselectedfor theevaluationof ourmodeling.

3. MEASURES OF SIMILARITY

Figure10showsthesuperpositionof theabove-groundblobs
andtherectangleestimations.Wecanseethatthemodeling
is notsatisfyingwhentheblobshapeis complex. Thecrite-
rion of similarity thatwe look for, mustactaswe do when
we visuallyacceptor rejectanestimation.Consequently, it
mustbebasedon a comparisonbetweensets.We selected

theHausdorff measureamongthecriteriawe studied.The
review of criteria, which is not in the scopeof this paper,
leadedusto a thresholdvaluefor validatingor rejectingour
estimation.

TheHausdorff measureis acomparisonbetweensets.It
is equalto the ratio of the intersectionareaof the two sets

 ,+.-0/

%

to theareaof theirunion(Eq.6). Whentwo setsare
equal,their union alsoequalsto their intersectionandthe
Hausdorff measureis equalto 1. On the contrary, as two
setstendto differ, their intersectiondecreaseswhereastheir
union increases,resultingin a Hausdorff measuredecreas-
ing towards0.

� �213+546/

13+576/

(6)

where 1

�

is thenumberof elementsin theset
�

.
Figure 2 illustratesthe Hausdorff measureresultsfor

blobswhosesizeis over300pixels.We notethattheselec-
tion is correct,all blobsthatarenot rectangulararerejected
andonly someblobsthatcouldbeestimatedby a rectangle
areexcluded.

4. DEFORMABLE TEMPLA TES

Previouscomputationsresultin arectangleperabove-ground
region. Whena rectangleis projectedontotheorthoimage,
its bordersdo not fully �t thebordersof thebuilding. This
inaccuracy is the resultof the DEM segmentationprocess
aswell astheDEM computationitself whoseinacurracy is
wortha few pixels[4].

Jibrini et al. [9] suggestto improve the borderseach
one independentlyof the others. This methodrequiresto
limit the bordermovementsin order to keepthe borders
connected. Fua's work concerningnetsnakes with hard-
constraints[8] resultsin 3D structureoptimizationunder
constraintsof horizontality, of verticality and of right an-
gle. However, the methodrequiresthe useof several im-
ages,whereaswe intend to useone imageonly, i.e. the
orthoimage.The methodpresentedis derived from Yuille
et al. work [17] that is a parametricversionof Kasset al.
snakes[12].

The rectangleparameters,i.e.
�

�

- �

�

-

�

-�� and � , de-
�ne theparametricmodel(Fig. 3). This modelevolvesby
meansof anenergy seton therectangleborders(Eq. 7, 8).
Thisenergyis derivedfromapotential8 whichiscomputed
over thegradientof theorthoimage.Thispotentialmustbe
minimumat thebuilding edgesandgreaterelsewhere.
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Fig. 2. Rectangleselection
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Fig. 3. Fiveparametersmodelof a rectangularbuilding

The energy is minimized by meansof a gradientde-
scent(Eq. 9). The descentincrementis computedat the
beginning of the processsuch that eachparametermove
is unitary at the �rst step, i.e. �����

�

�

�

���	��

�

	 , with
�



��� ���

- �

�

-

�

-���-0��� . As per the orientationparameter,
therelationshipis thefollowing: �����
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Modelevolutionrequiresthecomputationof theenergy
gradient.Theenergy partialderivativescomputationis pre-
sentedin thissectionfor theborder8

:

8

�

. Partialderivatives
arecomputedin thesameway for theotherborders.

Equation10 computesthe parameters
�

and � of the
potential 8 . Coordinates

�

and � arefunctionof the � ve
rectangleparameters.Therefore,the partial derivativesof
energy

9
:

�

canbegivenasa functionof theseparameters
(Eq. 11). Thesederivativesareacombinationof:

! thepotentialgradientswith respectto
�

andto � ,
! thepartialderivativesof

�

and� with respecttoeach
parameter(Eq. 11).
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Thepartialderivativesfor theborder 8

:

8

�

aregrouped
in theJacobianmatrixasthefollowing:
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Partialderivativesfor thethreeremainingborderscanbe
derivedfrom Eq. 12by meansof asimplerotationof either

�

*

'

or � . In thecaseof
�

*

'

rotations,parameters� and �

areexchanged.Equation13 give the relationshipbetween
oneborderandthefunction

�
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Thepotentialfunction 8 is computedover theorthoim-
age. It mustbeminimumat thebuilding bordersandhigh
elsewhere. Therefore,we computethe reversedgradient
norm [6] on the orthoimage.Directionalgradientsareob-
tainedover theimageof potentialby applyingtheGradient
VectorFlow [16]. Thismethodsmoothesthepotential�eld
in orderto seta gradientfar away from theborders.Sucha
methodextendstheborderspower of attractioneven if the
modelis locatedfaraway from them.

Figure4 shows differentstepsof the process.The top
left imagepresentstherectangularbuilding estimationover
theorthoimage.Thebottomright imageillustratesthede-
formationprocessresult. We cansee,in this example,that
themethodgivesthecorrectparametersof buildings.

5. COMPLEX BUILDINGS

Thebuildingsmaynot berectangular, or maybea compo-
sition of rectangles(Fig. 5). We introducean automatic
methodwhichsplitsablobinto severalrectangles.Wewant
to minimizethenumberof rectangles,theoverlapbetween
rectanglesandtomaximizethesizeof rectangles.Therefore

Fig. 4. Evolutionprocess

wesplit ablobin two regionsonly, usingtheorthogonalline
of inertiaaxiswhich includesthecenterof mass.Eachre-
gion is thenestimatedby a rectangle.A globalHausdorff
measureis computedover therectanglesandtheblob. The
goal is to have the highestglobal measure,and therefore
to optimizethe splitting process.Speci�cally, we proceed
by translatingtheorthogonalline in thedirectionwhich in-
creasesthe region surfaceof the best rectangularestima-
tion. Again,theglobalHausdorff measureis computedover
the optimizedsplitting process.If the measureis not high
enough,thesplittingis repeatedonthebadlyestimatedblobs.
Furtherdetailson this methodaregiven in [15]. Figure6
showsthatestimationresultsareimprovedby usingthisap-
proach.

6. RESULTS

Figure 1a illustratesa vertical view of sceneobtain from
DEM and several aerial images. Figure1b shows above-
ground.Thesegmentationprocessleavesout thevegetation
exceptif they areclosedto buildings.

Figure9giverectangleestimationfor eachabove-ground
element.In �gure 10therectangleestimationis superposed
onabove-groundblobs.

Figure2 illustratesrectangleselectionbyHausdorff mea-
sure.We notethateverybadestimationis rejected.

Figure6showsrectangledecompositionresultfor acom-
plex building.

In �gures 7,8 we can seea 3D-reconstructionof the
scenewith theorthoimagebehaving asa texture.



Fig. 5. a. ortho-imageb. above-groundc. rectangleestima-
tion c. comparisonbetweenrectangleestimationandblob

Fig. 6. Rectangledecomposition

Fig. 7. 3D reconstruction

7. CONCLUSION

This paperdescribesthe processingof the DEM and or-
thoimage,i.e., thesceneverticalview, for theextractionof

Fig. 8. 3D reconstruction

rectangularbuildingsaswell asbuildingswhich canbede-
composedin severalrectangles.

TheHausdorff measuresavesor rejectsour estimation.
The designof a rectangularparametricmodelbasedupon
theorthoimageimprovestheestimationdimensionsandlo-
calization.

Theseautomaticprocessesshortenthe operatorwork-
load,andcompute,to a largeextent,the3D reconstruction
of buildingsareas.
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