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ABSTRACT:

In the context of 3D building modelproductionor updating the modelshave to be manuallychecled oneby oneby a humanoperator
in orderto ensuretheir quality. In this paper we investigatea new approachto performa quality self-diagnosisf building models
in denseurbanareasfrom high resolutionaerialimages. Hence,we aim at reliably identifying roof facetsthat do not comply with
quality speci cations. The self-diagnosigprocesswill highlight potentialincorrectfacetsfor their inspectionby a humanoperator A
setof calibratedaerialimagesenableusto collectpositive or negative evidencesof roof facetexistenceandconsisteng. A particular
attentionhasbeenpaidto the de nition of a setof low-level, complementaryrobustandconsistentimageprocessingneasureskFour
quality classehave beende ned andareusedto classifyroof facetquality. A supervisedlassi er androbustdecisionrulesarethen
appliedto performaneffective self-diagnosisccordingo thetraf ¢ light paradigm Finally, thework in progresdeadsto a promising
guantitatve andqualitative evaluationin the context of denseurbanareas.

1. INTRODUCTION

1.1 Motivation

Mary applicationsuse 3D building models, such as urban
environmentplanning, telecommunicationgnd naturaldisaster
simulations. Automation of 3D building reconstructionfrom

aerial imageshasbeena very active eld of researchfor the
two last decadesjeadingto a large numberof automatedor

semi-automatedystems.Automatedproductionof 3D building

modelsis nowv concevable over entire cities, especiallywhen
2D building footprints are available, from cadastralmapsfor

instance. Nevertheless,a veri cation stageis necessaryto

controlthe quality of produceddata,including shapedescription
correctnesstopological consisteng, geometricalaccurag and
completenessThis quality controlis now akey issueto agreater
useand an easiermaintenancef 3D building models,sinceit

hasbeendonemanuallysofar.

In this paperwe focuson the quality self-diagnosi®f individual

roof facetsasa rst stepof the 3D building modelassessmerih

the context of dataproduction,updateor veri cation. In order
to produceuseful information on this diagnosis,resultsshould
be presentedaccordingto the trafc light paradigm(Forstner

1996). It is basedon threequalitative identi ed classesnamely
accepted(high quality veri ed facets), rejected(poor quality

veried facets) and undecided (intermediate quality facets).
Then, a veri cation stagecompletesthe self-diagnosigrocess,
in which a human operatoronly checksthe undecidedand
rejectedfacets,in orderto conrm, edit or deletethem. The

self-diagnosigprocesof 3D roof facetquality is basedon aerial
imagesanddoesnot dependon the level of automationinvolved

in the reconstructiorstage(none, semior complete)or on the

speci ¢ algorithmusedto producethe building models.

1.2 RelatedWork

Sinceintensve researchebave beencarriedout on 3D building
model reconstructionfrom aerial imagery quantitatve and
qualitative evaluationshave alsobeenachieved (Henricssorand
Baltsavias, 1997, Rottensteineand Schulze, 2003, Durupt and

Taillandier 2006) using visual inspectionand/ora high quality
groundtruth reference. Avoiding the referenceneed,(Schuster
andWeidner 2003,Meidow andSchuster2005)proposedo use
anothereconstructedcenego computeeitherabsoluteor relative
quality measures. Quality criteria are basedon completeness,
robustnessgeometricaccurag, and shapesimilarity according
to the referencejn additionto thoseproposedn (McKeawn et
al., 2000). Theseempirical evaluationsshaved the capabilities
of semi-automatedndautomatedsystemsor the productionof
3D building models.

Another approachof evaluation in computer vision is the
algorithm performancecharacterisationin terms of internal
evaluation and error propagation. (Forstner 1994, Forstner
1996, Thacler et al., 2005) give useful guidelines on this
topic. Neverthelessthe presentedself-diagnosigprocessaims
at assessinglataquality independentlyfrom the reconstruction
technique®r algorithms.Thus,self-diagnosiss basedon obser
vationsof the reality andrequiresthe de nition of image-based
measuresSomeexamplescanbe foundin the "hypothesizeand
verify” approactof 3D modelreconstructionsuchas(Suweg and
Vosselman 2002, Jibrini et al., 2004, Taillandier and Deriche,
2004)wherethe bestbuilding modelis selectecamongplausible
onesor suchas(Kim andNevatia,2004,Ameri, 2000)wherethe
building modelsarecon rmed or discardedduringa veri cation
stage. The authors generally take adwantage of evidences
provided eitherby a Digital ElevationModel (DEM), correlation
scores,3D featureextractionor shadev detection,accordingto
the initial hypothesisgeneratingmethod. Finally, the decision
is taken by thresholdingaccordingto a prior knowledge, by
maximizing posterior probabilities or by using a supervised
classi er (Kim andNevatia,2003).

1.3 Overview

In this paper quality self-diagnosisof 3D roof facetsis per
formed by using overlapping aerial images. The problem of
discriminating facetsthat comply or not with a set of quality
speci cationsresultsin a three-classsolution, namely an ac-
cepted,an undecidedand a rejectedclass. Hence,our problem



is expressedas a classi cation problem. First, an overview of
building modelling errorsis introducedin the section2. Then,
a set of image coherencemeasuress de ned (section3.) in
order to prove the roof facetexistenceand to characterizdts
consisteng Attentionis paid to their robustnessindtheir com-
plementarity Their combinationis performedin a supervised
classi cationstage(section4.). Finally, the algorithmis applied
on two datasetsn denseurbanareas(section5.), andevaluated
by comparingts resultswith manuallabelsof theroof facets.

2. 3D ROOF FACET QUALITY ANALYSIS

In this section,we introducethe input datasetwhich is consti-
tutedof 3D roof facetsandaerialimages.A succinctoverview of
building modellingerrorsis provided.

2.1 Data

3D building modelsare describedby a setof 3D planarpoly-

gons(the facets)which representduilding roofs without small
structureelementssuchaschimnes or dormerwindows. Each
roof facetis describedy geometricapropertieqasetof 3D ver-

tices,3D edgesanda normaldirection)andtopologicalrelations
(3D conneity and2D planimetricconneity betweerthefacets).
Their quality evaluationis performedby using multiple 25 cm
resolutionaerialimages.They areacquiredby ahigh quality dig-

ital frame camera(SNR=300). Eachroof is viewed by 8 to 11
images.

2.2 Building Model Err or Causes

In denseurbanareaserrorsin building modellingmayoccurbe-
causeof the compleity of roof shapesthe presenceof occlu-
sionsandvegetation. Besidesa lack of texture (alongthe roofs
or inside the shadw areas)or a low contrast(along the build-
ing ridges)may misleadthe reconstructiorprocess.Additional
external datawhich are often used,suchas cadastralmaps,are
alsoerrorprone.Moreover, asregardsto building reconstruction,
somerohust approacheslo not managesomeroof shapeswvhile
othermoregeneralapproacheshasedon featuredetection,pro-
ducelessrobustandunpredictableesults.Finally, buildingsmay
have beendestryed, modi ed or extendedbetweerthedatabase
productionandnew imageacquisition.

2.3 Building Model Err ors
We may considerthreekinds of errorsin building modelling:

- thenon-«istenceof the correspondingpuilding,

- the shapedescriptionincorrectnesavhich correspondso
undermodelling (Fig. 1) andover-modellingerrors. It af-
fectsthe topologicalrelationsand the geometricalcharac-
teristicsof roof facets,

- the geometricalinaccurag of a 3D facet, eitherin slope,
altimetriclocation,and/orplanimetricdelimitation.

In the following, we focuson the veri cation of individual roof
facetconsisteng including their existence their shapedescrip-
tion correctnesandtheir geometricahccuray.

3. CHARACTERIZATION OF THE COHERENCE
BETWEEN THE IMAGES

In this section, overlappingimagesare usedin order to col-
lect positive or negative evidencesof roof facet consisteng
Among severalimagecoherenceharacterizatiotechniquesye
usemulti-imagecorrelationandfeaturedetectionin orderto de-
ne robustandcomplementaryneasures.

3.1 A Texture CoherenceAnalysis

Multi-image correlationtechniquesneasurghesimilarity of tex-
turesover image-windavs in orderto get an estimationof the

| O Incorrect Facets [0 Correct Facets ‘

Figurel: An exampleof correctanduncorrectundermodelled)
roof facets.

elevation suchasin DEMs. Both the correlationscoresandthe

estimatecklevationsbring anevidenceof facetconsisteny, oron

thecontrary nd outabettersolution.

The multi-image correlationfunction de ned in (Paparoditiset

al., 2000) hasbeenselectedbecausdt permitsto computeef-

ciently DEMs in a multi-image context with a very low-level

analysis(3 3 window size). Theimagesimilarity is estimated
alongtheroof facetin theobjectspace Themostprobablecleva-

tion is estimatedy maximizingthecorrelationfunctiononascan
of atoleranceboundof [ 2m; 2m] alongtheverticalaxis. Call-

ing v thevectorof intensityvalues,computedhanksto theim-

plicit homographyde ned betweernthe imagesthe multi-image
correlationfunction(MIC) isde ned by :

P
Var i=1 Vi

Mic = iy (Var(vi))

2 [0;n] 1)

whereVaris thevarianceandn theimagenumber A preliminary
image-windev selectionstageis performedin orderto take into
accountheocclusiongredictedby the building modeldataset.

Facet Elevation Consistency Analysis A rst clue of roof
facetconsisteng is obtainedby measuringhe discrepang be-
tweenthe expectedelevation -predictedby the facet-andthe es-
timatedone. This differenceis shawvn in Fig. 2.

Figure 2: Vertical axis differencebetweenthe expectedeleva-
tion (predictedby thefacetsyandthe estimatedne(estimatedy
maximizingthe multi-imagecorrelationfunction).

Although the undermodelledbuildings caneasilybe identi ed,
it shouldbe notedthat occlusionsstill disturbthe elevation es-
timation. Indeed,occlusionpredictionintrinsically dependson
the geometricaccurag of the occludingbuildings. Besidesgele-
vation estimationis disturbedby the unmodelledroof structures
suchaschimnegys or dormerwindows. Hence a robustestimator
suchasthefollowing pseudo-mediafunctionis required:

min (Sk ; So)

med(Y) =Y 5

@)
whereY is arangedvector Sk is thefacetareaandS, is anarea

threshold(500m?) usedto copewith large facets.Hence,a rst
measuref facetconsisteng is basecbn therobustestimationof



thedistancebetweerthe estimatectlevation points® (x; y; 2) of
eachgroundpixel (x; y) andtheir projectionontothefacetplane
P . It leadsusto de ne the CorrelationDistance(CD ) valueby

CD = med Dgs(P(Xy;2);Pr)

(xy )2F

®)

whereDgs is theeuclideardistancen R®.

Correlation Function Prole Analysis Anotherclue assess-
ing the roof facet consisteng is provided by the correlation
function pro le. Correlationscoresalongthe facets(Fig. 3, on

theleft) areexpectedo behighfor correctfacetsandhigherthan

thoseobtainedalongthe vertical scanof the objectspace.

0.7

Figure3: Multi-image correlationfunction (on the left) andcor
relationpro le function(ontheright) appliedonthefacets.

Two issuedinkedto the correlationfunction have to be handled.
Firstly, homogeneousr periodictexturesresultin smoothedor
relationpro les or in local extrema. Suchpro le shouldnot be
consideredhsreliable even if correlationscoresare high. Sec-
ondly, sinceanimage-windev selectionstageis carriedout to
copewith occlusionsthenumberof imagesvariesfrom onepixel
to another Thus,a normalisationis requiredbut linearity is not
ful lled. Bothof theseissueshave beengettingthroughby de n-
ing a new consisteng measurebasedon the shapeof the cor-
relationpro le (Fig. 3, ontheright). It takesinto accountthe
correlationscorese (X; y) obtainednearthefacetandits relative
differenceswith the scoress(x; y; z) obtainedalongthe pro le,
where (x; y) is a groundpixel. Applying the pseudo-mediane
function,we de ne the CorrelationPro le (CP ) valueby:

|

X '
CP = med sr2(xy) (sr(xy) s(xy;2)
(xiy )2F = M,
4
sr(xy) = max (s(xy;2)) ®)

whereM ; isthetolerancébound(2m) and ; thez-step(0:25m).
Finally, the CP -valueis higherwhenthe correlationpro le has
got a high (becauseof the squarefunction) and unique peak
nearbythefacet(becausef the sumof therelative differences).

3.2 A Structur ed Feature CoherenceAnalysis

A complementaryvay to assesshe roof facetconsisteng is to

take advantageof the high level of structurationof urbanareas.
Extractingthesestructuregrom theimagesallows usto verify the

facetgeometriccharacteristicandthe shapedescriptioncorrect-
ness.Hence 3D sggmentsdetectedrom imagesprovide positive

clueswhenthey overlapthefacetedgesor lay ontoits plane,but

alsonegative oneswhenthey arefoundin a corner or far away.

Edgel Extraction First, the detectedcontoursare matched
in orderto producerobust, accurateand very low-level linear
featureelementgFig. 4) by usingthe reconstructiortechnique
proposedn (Jungetal., 2002). Thesefeaturescalled“edgels”,
are 3D points with a 3D tangentdirection. Here, the facetis
only usedto determinethe regions of interestin the images
andthe matchingprocesss performedwith photogrammetrical
constraints. The correspondingcontours are searchedin a

reliable and adaptatre tolerancebound estimatedthanksto a
DEM. This boundis larger whenthe featuresare closerto the
DEM discontinuities.Thus,the main structuresof the scenecan
be extractedevenif thefacetis notcorrect.

Figure4: Reconstructiomf edgelsappliedon anundermodelled
facet.Ontheleft, edgelsprojectedon oneimage.Ontheright, a
3D view of the edgelset. The mainstructuresof the roof build-

ing are well reconstructedvhereser image contourshave been
extracted.

3D SegmentDetection A setof relevant 3D sggmentsare ex-
tractedfrom the edgelsetin orderto comparethemto thefacet.
A ltering methodenablego recover the sgmentdirectionand
location, applied rstly in planimmetryand secondlyin altime-
try. Geometricabind ltering thresholdsarerequiredin orderto
get robust sgments,the main onesbeing a requiredminimum
numberof edgelsaccumulatedalongthe segment(linked to the
imagenumber). The 3D sggmentsare detectednsidethreespe-
ci ¢ zoneswhich arede ned accordingto the facet(Fig. 5). A
sggmentcoherencealueis de ned for eachzone.

Figure 5: 3D segmentsdetectedfor the undermodelledfacet
within three speci ¢ zones: nearthe edges(green),in the cor-

ners(yellow) andinside (cyan). Notice thata 3D inner sggment
belongsto a neighbouringfacet(on its left). The cornerzones
areoutlinedin pink (ontheleft). In the 3D view (ontheright), a
3D sggmentcorrespondingo a shadev boundaryis occludedby

the 3D facet. Evenif mary sggmentsaredetectechearthefacet
edgesnegative cluesarecollectedby thosedetectedn thecorner
andinsidethefacet.

Facet Edge Analysis An edgezoneis de ned for eachfacet
edgewith adistanceandanangulardeviationthresholdsThede-
tectionof 3D segmentsoverlappingthe facetedgesallow to ver-
ify the facetboundaryconsisteng andto detectovermodelling
errors.An EdgeSegyment(ES) valueis de ned by theweigthed
coveragerate of the 3D segmentsfs;,;::; Sj, g projectedonto
their correspondindacetedges; :

P
Toor(eifsiy S
Eg = 1% an(e] io0 in 9)
i ke k

i=0

(6)

wherethefunctionr computeshecoveragdength, ; isaweight
parametel(1/2 for edgesbelongingto several facetsand 1 oth-
erwise)andk:k is the euclideandistancebetweenthe sggment
end-points.

FacetCorner Analysis A cornerzoneis de ned for eachfacet
vertice(pink polygonsin Fig. 5, left) with awindow width (5m)



andan angulardeviation threshold(15 ). The cornersegments
allow to verify the facetshapecorrectnesandto detectunder
modelledroof (a missing hip roof structurefor instance). A
CornerSegment(CS) valueis de ned by the maximumof the
summedengthof the sggmentsetf so; ::; 5j,, g detectedn each
cornerzone;j :

X

CS = mjax ksi k ©)
i=0

Inner FacetAnalysis Theremainingedgelsthatdonotmatch
with the neighbouringacetedgesandthatareinsidethe ground
facetboundary are selectedn orderto detectinner sgments.
They allow to assesshe facetshapecorrectnessFinding a seg-

mentonto the facetplanemay indicatea well localisation(the
matchedmagecontoursmay comefrom a two-materialroof for

instance). On the contrary nding a segmentfar awvay from

the facetplane,2m above it for instance,may outline under

modellingerrors,sucha sav-tooth roof modelledby a at facet.
For eachinner segments;, theareaA (si; P ) de ned between
its end-pointsand their projectiononto the facetplaneis com-
puted. This areais normalisedby the lengthof the facetin the
segmentdirection(kF &, K) in orderto take into accounthefacet
shapevariability. Then,alnnerSegment(lS) valueis de ned by

thesumof thenormalisedareasof all innersegments:

X A(si;Pr)
IS = B 7kngk (8)

4. FACET QUALITY SELF-DIAGNOSIS

We introducein this sectionhow imagecoherenceharacteriza-
tion is usedto classifytheroof facetquality. First, four levels of
quality arede ned. Afterwards,alearninganda supervisedlas-
si cation are performedin orderto associateand predictfacet
quality classegrom theimagecoherencgarameters.

4.1 De nition of quality classes

Fourquality classehiave beende nedin orderto valuetheirlevel
of adequay with reality from falseto correct:

- false theroof facetdoesnot t with thereality (Fig. 6(a));

- generalised a partof the roof is not correctlymodelledor
geometricdeviationsareobsered (Fig. 6(c));

- acceptable the roof is quite well modelled,but eitherun-
modelled hip roof ridge without geometric deviation or
smallgeometricdeviationsareobsered (Fig. 6(d));

- correct the roof is correctly modelledby the facet (Fig.
6(b)).

The self-diagnosigprocesshouldalertthe falseandgeneralised
facetsandvalidatethe acceptablendcorrectfacets.

4.2 A SuperwisedClassi cation

The problemof self-diagnosinghe quality of roof facetsis ex-
pressedasa classi cation problem,whoseinputsarethe quality
classesanda parametervectorV = fCD ;CP ; ES;CS;ISg.
A simpleclassi er, thek-NearestNeighbour(Dudaetal., 2000),
hasbeenusedto evaluatethe ef ciency of theimagecoherence
measures.Eachparameteis normalisedby its standarddevia-
tion computedon the training instances.The euclideandistance
betweertwo normalisedbarameterectorshasbeenused.

Practically 60 instancesof eachquality classhave beenlearnt.
Fig. 7 shavs parametemeanand standarddeviation for each
quality class.Firstly, it shavs thatimagecoherenceneanvalues
are compliantwith the quality classesas expected. Secondly
evenif the classfalseis quitewell disjoinedfrom the otherones,
theclassegeneralisedindacceptablarereally closefrom each
other Indeed,thesetwo labelsare assignedvhethera facetis

rect

(d) classacceptable

Figure 6: Somefacetinstanceof eachquality class. The false
and generaliseconesshouldbe identi ed as not acceptabldoy
theself-diagnosialgorithm.

acceptableor not, basedon its shapecorrectnesand geometri-
cal accurag. Finally, it shavs thatno measurealoneis ableto
reliably classifyeachquality class.

Mean Normalized Values

Q@
73

cD CcP ES C

Image Coherence Measures

l W False [Generalised []Acceptable B Correct |

Figure7: Imagecoherencgparametemeanand standarddevia-
tion for eachquality classwhenappliedon thetraininginstances.

4.3 Robust DecisionRules

In the following, the neighbournumberk hasbeen x edto 15
which is agoodtrade-of betweerover tting andgeneralisation.
As the majority vote rule is not robust enoughand doesnot re-
veal ambiguousclassi cations,the nal decisionis takenin or-
der to translatethe self-diagnosigesultsinto the three classes
of thetrafc light paradigm.The decisionis basedon the num-
berof neighbourdNg ; Ng; Na; Nc belongingto eachclassthe
distanced of the k neighboursand follows selectve rules for
acceptance:

- if (NF + Ng %ormax(Np;NG) %)
if themajority votesaysF or G, decideRejected
otherwise decideUndecided
- if (Ng + N¢  %ord k) : decideUndecided
- otherwise:decideAccepted



Figure8: Manuallylabelledroof facetsof therealisticdataset.

Here,the maximumdistanceof all the neighboursasbeen x ed
with = 1:2. Moreover, neighboursatadistancenull have been
excluded,enablingto memgetheresultsof thetrainingandtesting
examplesin thenext section.

5. RESULTS

5.1 3D Building Model Datasets

We have chosentwo denseurban areasof Amiens, France.
The rst oneis composedof mary similar buildings, mainly
with gableroofs, hip roofs and low slope garageroofs within
courtyards.The secondareais composedf mary differentroof
materialsand shapeswith a mix of industrial and very small
buildings.

Two building model datasetshave been used for the self-
diagnosisevaluation. The rst one, called realistic (Fig. 8),
hasbeenproducedsemi-automaticallyy a platform containing
several algorithms (Flamancand Maillet, 2005). The main
modelling errors (nearly 20% on 862 facets)are hip roof with
missed structures,industrial buildings simply modelled by a
at roof and small buildings poorly modelled. In orderto get
enoughmodelling errorsfor statisticalevaluation,we complete
the rst datasetwith a secondone simulatingsystematicerrors
and containingonly at roof facets(80% incorrect facetson
251). They have been delimited by 2D vectorial building
footprints and are located at the median altitude given by a
DEM. As buildings have mary different shapesthe simulated

discrepanciebetweerthereality andthemodelsarewidespread.

All roof facetsthat are at in the realistic datasethave been
removed from the at roof dataset. This one provides all the
training instancef the classfalseanda few onesof the class
generalisedvhile therealisticdataseprovidesall theotherones.

5.2 Quantitati ve Results

As regardsto the semi-automatiduilding modelveri cation, an
operatorwill inspectthe rejectedand undecidedfacets. Thus,
the self-diagnosisprocessmales two erroneousdecisions: a
FalseAcceptancdFA) errorwhena falseor generalisedacetis
classi edasacceptedanda FalseRejectanc€FR) errorwhenan

Figure 9: Correct (detected/alidated) and incorrect (not de-
tected/tobe checled) self-diagnosisdecisionsof the realistic
dataset.

acceptabler correctfacetis classi ed asrejectedor undecided
It shouldbe emphasighatminimizing the FA errorsis the most
important becausethe acceptedfacetswill not be inspected
arymore. FR errorsonly correspondo time lost for an opera-
tortoinspectfacetawhile ideally it would nothave beenrequired.

Theresultsof the self-diagnosislgorithmareprovidedin Table
1 meming all the facetsof both datasets.The percentagesire
computedaccordingto the facetnumberof eachquality class.
The self-diagnosisalgorithm detectsalmostall the false mod-
elling errors(0.5% FA rate), but the resultsare mixed with the
classgeneralisednearly 20% FA rate)which is confusedwith

the classesacceptablg11%) and correct(9%). As the decision
rule is selectve for acceptancepnly 52% and 80% of correct
acceptanceatesarereachedor the classesacceptableand cor-

rectrespectiely. Globally, the ratesof correctrejectancg91%)

and correctacceptancé73.7%) are quite satisfying, especially
consideringthat an overall rate of 79.6%o0f correctdecisionss

reachedwith only 3% of falseacceptancerrorson the whole
datasetgcontainingl113roof facets).

Decision Facet
Qualityclass | Rejected Undecided|| Accepted | number

CorrectR. FA error

false 96.2% 3.3% 0.5% 209

generalised | 63.5% 17.1% 19.4% 170
FRerror CorrectA.

acceptable | 28.9% 19.1% 52% 173

correct 9.4% 10.2% 80.4% 561

Table 1: The statisticsof the self-diagnosiglecisionsaccording
to the quality classon thewhole datasets.



5.3 Qualitati ve Results

An overview of thecorrectandincorrectself-diagnosislecisions
is provided on the realisticdatase{(Fig. 9). It shavs that mary
facetsarecorrectlyclassi ed. As regardsto the falserejectance
decisions(Fig. 10), the facet quality estimationis generally
mislead either by occlusions, by the presenceof shadws,
dormerwindows or ahip roof ridgewithoutgeometricdeviation.
Evenif thesefacetshave beenmanuallylabelledas acceptable
or correct theirinspectionby anoperatomay bewell-founded-
for someof thematleast-.

Figure10: Examplesof falserejectancalecisiondrom thereal-
istic dataset.

Let's now focusontheanalysisof thefalseacceptancdecisions.
Consideringthe resultspresentedn Fig. 9, only 4 falseaccep-
tancedecisionshave beenmadeon 33 incorrectfacets.In gure
11(a),thefacetis geometricallyaccuratebut a hip roof structure
is notmodelled.Thisis notdetectedy cornersegmentsbecause
the unmodelledroof ridge is not contrastecenough. Therefore,
no evidenceof incorrectnesshapedescriptionhasbeenproved
(asfor 13FA errorson34).In gure 11(b),apartof anoverhang-
ing roof is modelledby the facetof interest. The roof slopeand
locationarecorrect,its boundaryis coveredat 44%by edgesey-
ments. As the cornersegmentdirectionsdo not t with the roof
ridge, no cornersggmenthasheendetected Therefore usingthe
pseudo-mediafunctionandbasedn thedetectedsegmentsthis
facethasbeenerroneouslwalidated. In gure 11(c), a double
sideroof is modelledby an horizontalfacet. Evenif the middle
ridgeis detectedby innersegments(IS = 2.6), fair geometricde-
viation measuremenfCD = 50cm) andedgesegmentcoverage
(ES=50%)leadto its validation. In gure 11(d),theroof slope
is deviatedby theneighbouringoof. While theCD valueis quite
the same,smallerCP value and edgecoverage(ES = 28%) are
balancedy avery smallinnersegmentvalue(lS = 0.2). Finally,
basedon 10 neighboursbelongingto the classacceptablethis
facethasbeenvalidated.

(a) a miss- (b) an (c) an (d) a

ing hip roof extended under deviated

structure roof modelled sloperoof
roof

Figure 11: Examplesof falseacceptancelecisiong(yellow out-
lined) from therealisticdataset.

6. CONCLUSION AND PERSPECTIVES

We have introduceda nev approacHor a quality self-diagnosis
of roof facetsin denseurbanareas.lIt is basedon the de nition
of robust and meaningfulimage-drven measureghat aims at
characterizingindividual roof facet existenceand consisteng
The originality of our work is to take advantageof a setof very
low-level image obserations and of a supervisedlearning in
orderto classifyroof facetquality. Althougha simpleclassi er

is used, it has shavn very promising resultsin the dif cult
context of denseurbanareaswith the detectionof almostall the
falsemodellingerrors(99.5%).Consideringalsothe generalised
modellingerrors,which shouldbe alerted,the evaluationshavs
very satisfyingly that only 3% of false acceptancelecisionis
madeon the whole datasets.Our efforts will be focusedon the
impravementof the generalisedacetdetection(only 81%)while
keepinga goodcorrectacceptanceate.

Futureworkswill be carriedout on the completionof theimage
coherencemeasuresby consideringthe radiometric changes
betweenthe imagesand the changeconsisteng with the facet
speculardirection. It will allow us to assesghe slope of the

roof facetswhen the roof materialis not lambertian. Besides,
othersclassi ers could be used, as linear separationor neural

networksfor instancein orderto improve theclassi cationstage.
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