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Abstract

A new methodis describedfor automatically recon-
structing3D planar facesfrommultipleimagesof a scene.
Thenoveltyof theapproachliesin theuseof inter-imageho-
mographiesto validateandbestestimatetheplane, and in
theminimalinitialization requirements— only a single3D
line with a texturedneighbourhoodis required to generate
a planehypothesis.Theplanar facetsenableline grouping
and also the constructionof parts of the wireframewhich
were misseddueto the inevitable shortcomingsof feature
detectionandmatching.

Themethodallowsa piecewiseplanar modelof a scene
to bebuilt completelyautomatically, with no userinterven-
tion at any stage, givenonly the imagesand camera pro-
jectionmatricesasinput. Therobustnessandreliability of
the methodare illustratedon several examples,from both
aerial andinterior views.

1. Intr oduction

The automaticreconstructionof 3D planarfacesfrom
multipleviewshasa widerangeof applications,from exte-
rior views of urbanscenesto indoor environmentanalysis
to piecewise planarobjects. The target applicationof this
paperis the3D reconstructionof roofs from aerialimages
of urbanareas,but themethodis not restrictedto thiscase.

Reconstructionof buildings from aerial imageshasre-
ceivedcontinualattentionin thephotogrammetryandcom-
putervision literature.Oneapproachis to computea dense
digital elevation model from multiple imagesusingcorre-
lation basedstereo. However, the resultingdensedepth
mapis generallyinsufficiently accurateor completeto en-
ablethepreciseshapeof buildingsto berecovered[1, 2, 5].
Thus most approacheshave focusedon reconstructionof
specificbuilding models: rectilinearshapes[4, 8, 10, 11],
flat roofs[2], or parametricmodels[6, 13]. Recently, more

genericreconstructionapproachesinvolving multiple high-
resolutionimageshave beenproposed[3, 9]. The diffi-
culty of reconstructionin urbanenvironmentscomesfrom
the complexity of the scene:the buildings aredenseand
varied,andtheresultingimageboundariesoftenhave poor
contrast.Consequently, featuredetectorsfragmentor miss
boundarylines,andonly an incomplete3D wireframecan
beobtained.

The key ideahereis to determine3D planarfacetsby
usingbothfeatures(lines)andtheir imageneighbourhoods
over multiple views. Thesesurfacefacetsthenenableboth
line grouping and, by plane intersection,the creationof
lines which were missedduring featuredetection. The
particularnovelty of the approachis in the useof inter-
imagehomographies(planeprojective transformations)to
robustly estimatethe planarfacets.Theapproachrequires
minimal imageinformationsincea planeis generatedfrom
only a line correspondenceand its imageneighbourhood.
In particular two lines are not required to instantiatea
plane. Theseminimal requirementsandavoidanceof spe-
cific building modelsfacilitatetheautomaticreconstruction
of objectswith quitesubtlegeometrylocatedwithin acom-
plex environment.

The problemscausedby missingfeaturesin piecewise
planarreconstructionare illustratedby the imagesof fig-
ure 1 and the detail in figure 6a. The correctroof model
in this caseis a four plane“hip” roof [13]. However, the
oblique roof ridgesare almost invisible in any view, and
certainlyarenot reliably detectedby anedgeor bardetec-
tor with only local neighbourhoodsupport. Consequently,
‘classical’ planereconstructionalgorithmswhich proceed
from a groupingof two or morecoplanar3D lines [3, 9],
will producea flat roof, or at besta two plane“gable” roof
if thecentralhorizontalridge edgeis detected— however
thetwo smallerfaceswill bemissed.



Figure 1. Three overlapping aerial views. The
imagesare ������������� pixels, onepixel correspondingto
a groundlengthof 8.5cm. The cameramoves in a line at
a height of 1300m,with about300m betweensuccessive
views.

1.1. Overview of the method

Input data. Themethodwill be illustratedon thequasi-
nadir imagesshown in figure 1 (3 of the 6 imagesare
shown). From theseimagesonly roof planesof buildings
canbeextractedsinceverticalwalls aregenerallynot visi-
ble. Thecameraprojectionmatrix is known for eachview.
In this casethe projectionmatricesare metric calibrated.
However, themethodrequiresonly projective information.

Line matching. The 2D imagelines areobtainedby ap-
plying a local implementationof the Canny edgedetector
(with subpixel accuracy), detectingtangentdiscontinuities
in the edgelchains,andfinally straightline estimationby
orthogonalregression.

Thenlines in 3D aregeneratedby usingan implemen-
tationof the line matchingalgorithmfor 3 views described
in [12]. Matchesare disambiguatedby a geometriccon-
straintover 3 views (usingepipolargeometryandtrifocal
geometry),togetherwith a photometricconstraintbasedon
line intensity neighbourhoods.Here the line matchingis
extendedto six views. Figure2 shows theresultof theline
matchingon thedatasetof figure1. Notethatsomeof the
scenelinesaremissing,andsomeof therecoveredlinesare
fragmented.

Producingpiecewiseplanar models.Therearethreemain
stages,whichwill beillustratedonthebuildingof figure6a:

1. Computingreliablehalf-planesdefinedby one3D line
andsimilarity scorescomputedoverall theviews(sec-
tion 2). This is themostimportantandnovel stageof
thealgorithm.

2. Line groupingandcompletionbasedon thecomputed
half-planes(section3). This involvesgroupingneigh-
bouring3D linesbelongingto thesamehalf-plane,and
alsocreatingnew linesby planeintersection.

3. Planedelineationand verificationwherethe lines of
the previous stageare used to delineatethe plane
boundaries(section4).

(a) (b)

Figure 2. Line matc hing. (a) 137linesarematched
automaticallyover 6 views. Their 3D position (shown)
is determinedby minimizing reprojectionerror over each
view in whichtheline appears.(b) Thelinesprojectedonto
thefirst imageof figure1.
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Figure 3. The one-parameter famil y of half-
planes containing the 3D line 	 . The family
inducesa one-parameterfamily of homographiesbetween
any pairof images.

2. Computing half-planes

Principles and objectives.Givena 3D line, thereis a one-
parameterfamily of planes 
���
�� containingthe line (see
figure3). As eachplanedefinesa (planar)homographybe-
tweentwo images,thefamily alsodefinesa one-parameter
family of homographies����
�� betweenany pair of images.
Eachsideof theline canbeassociatedwith adifferenthalf-
plane.

Ourobjectiveis thereforeto determinefor eachline side
whetherthereis anattachedhalf-planeor not,andif thereis
wewanttocomputeabestestimateof 
 . Wewishtoemploy
only theminimal informationof asingle3D line andits im-
ageneighbourhood.Essentiallywearehypothesisingapla-
nar facetattachedto theline, andverifying or refutingthis
modelhypothesisusingimagesupportovermultipleviews.

Method. The existenceof an attachedhalf-planeanda
bestestimateof its angleis determinedby measuringimage
similarity over multiple views. Thegeometryis illustrated
in figure4. Given 
 , theplane 
���
�� definesa point to point
mapbetweenthe images. If the planeis correctthen the
intensitiesatcorrespondingpixelswill behighly correlated.
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Figure 4. Geometric correspondence be-
tween views. Given � , the homography��������� deter-
minesthegeometricmapbetweenapoint in thefirst image
andits correspondingpoint in image� .

In moredetail, the plane 
���
�� attachedto a 3D line 	
is assessedby a similarity scorecomputedover the 6 im-
agesaccordingto thehomographiesdefinedby 
 . Giventhe
plane
���
�� thereis ahomographyrepresentedby ��� � ma-
trix �"!#��
�� betweenthefirst and $ th view, sothatcorrespond-
ing points aremappedas % !'& � ! % , where % and % ! are
imagepointsrepresentedby homogeneous3-vectors.The
homographymatrix is obtainedfrom the �'�)( camerapro-
jectionmatricesfor eachview. For example,if theprojec-
tion matricesfor thethefirst and $ th views are * &,+.-0/2143
and *"! &5+ 6 ! /87 ! 3 respectively, and3D points 9 on the
planesatisfy 
;:<9 &>= , wheretheplaneis representedasa
homogeneous4-vectorin theworld frame,then[7]

� ! &?6 !A@ 7 !�B :DCFEHG�IJG B &LKDMNAO � NQPSRJNAT�RUNAV �H:
provided N OXW&>= . Note, B is independentof theview $ .

The similarity scorefunction hasbeendesignedto be
selective,andalsorobusttooccludedportionsandirrelevant
points.It is definedas:Y $[Z\��
�� & ]

view $ valid

^H_a`cbcd ��%e�Uf�gih T ��% R � ! ��
��j%k�
andrangesbetween� = R M � . Figure5 shows two typical ex-
amplesof scorefunctions. In the following, the various
termsandparametersaredescribedandmotivated.

First, it is necessaryto determinea texture point set in
order to producea selective and discriminatingsimilarity
functionof 
 . Considerthecasethattheintensityof theim-
ageis locally homogeneous,thencorrelationbetweenim-
agesis similar for any 
 and providesno discrimination.

Figure 5. Example of similarity score func-
tions

Y $[Zl��
�� . The black curve correspondsto a valid
plane, whereasthe grey one is rejected. The following
validity criteria areused: maximumvalueof the functionm ��n)����oeprqs�<tu��v w , absolutevalueof theestimatedsecond
derivative aroundthemaximum x m ��n y y���� okprq �zx�t{w�v � , and
globalamplitude

m ��n|��� oeprq ��} m ��n)��� o ��~ �et���v � .

(a) (b)

Figure 6. Points of interest. (a) Detail of figure2
with projected3D lines(white). Thisbuilding is usedto il-
lustratethereconstructionmethod.Thecorrectreconstruc-
tion is a four planehip roof. (b) Detectededges(black)
after applyingan edgedetectorwith a very low threshold
on gradient.Theseedgesprovide thepointsof interest.

However, at locally texturedregionsthis problemwill not
arise. Correlationis thuscomputedonly in theneighbour-
hoodof texturedPointsOf Interest(POI).Thesepointsare
selectedby applying an edgedetectorto the first image,
with a very low thresholdon gradient(anexampleis given
in figure6). Theedgesarethenlinkedandregularly sam-
pled. The choiceof the first view is arbitraryandcanbe
automatedby selectingthemosttexturedimage.

The correlation term f�gih4��% R %c!�� is the centrednor-
malisedcross-correlationbetween% in thefirst view and %a!
in the $ th view, evaluatedover thepointsof interest.Cross-
correlationis usedbecauseempirically it is highly selec-
tive on 
 over textured intensity regions. The correlation
is squaredin orderto give moreweight to high scores,and
thereforeto belesssensitiveto low scoreswhichcanlocally
occurin someviews (in occludedareasfor instance).

The weighting factor
d ��%k� is inverselyproportionalto

thedistanceof thepoint % fromtheline 	 projectedontothe



Figure 7. Effect of the base line on 2-view sim-
ilarity scores. Theblackcurve correspondsto a short
baselinebetweenviews,thegrey curve to awideone(same
half-plane).A shortbaselineleadsto highmaxima(low dis-
torsionbetweenthe images),but often locatedwith a poor
accuracy (wide peak);in contrast,a wide baselineis more
likely to produceaccuratemaxima,but with a lower score.
However, themaximagenerallydiffer by lessthan ��� .

first view. This weightingprovidessomerobustness,since
it givesmoreweight to pointswhich arecloserto the line,
andconsequentlyarelesslikely to belongto otherplanes.
Finally, additionalrobustnessis providedby only including
valid views in thesummation.Valid views arethosewhich
haveatleastathresholdnumberof highcorrelationscoresat
pointsof interest,therebyrejectingviews wherethe plane
might be occluded. Averagingthe scoresover views ex-
ploits the complementarityof the shortandwide baseline
separations(seefigure7).

The optimal angle 
 is computedby searchingfor the
maximumof thefunction

Y $�Z\��
�� over a range K�� T�� 
 �� T . Thealgorithmusedis recursive sub-division with a ter-
minationcriterionof ��
 � Mi� . Thehalf-planehypothesis
is acceptedor rejectedasvalid accordingto thecharacter-
isticsof

Y $�Z\��
�� asshown in figure5. Theline sideis then
classifiedassupportingor not supportinga half-plane.For
example,anoccludingedgewouldnothaveahalf-planeat-
tachedon theoccludedside.

Results of half-plane detection. Figure 8 shows all the
half-planeswhich arehypothesisedon the examplebuild-
ing. All partsof theroof of themainbuilding aredetected,
whereasnovalid planesaredetectedfor thewallswithin the
consideredangleinterval (we arenot aimingto reconstruct
verticalwalls). Occasionallyerroneoushalf-planesariseat
shadows,but theseareremovedin thesubsequentstages.

3. Grouping and completion of 3D lines based
on half-planes

The computedhalf-planesarenow usedto supportline
groupingandthecreationof new lines.

Figure 8. Detected half-planes over the inter -
val +�K��s� �S� @ �s� � 3 .

Collinear grouping (figure 9). Two collinearlines which
have attachedcoplanarhalf-planesare merged together.
Theresultof thecollineargroupingof half-planesof figure
8 is shown in figure11a.

Coplanar line and half-plane grouping (figure10). Any
line which is neighbouringand coplanarwith the current
planeis associatedwith it (seetheexampleof figure11b).

Creating new lines by plane intersections (figure 12).
New lines are createdwhen two neighbouringplanesin-
tersectin a consistentway. This is very importantas it
providesamechanismfor generatingadditionallineswhich
mayhave beenmissedduring imagefeaturedetection(see
theexampleof figure13).
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Figure 9. Collinear grouping. The optimal plane
angle is recomputedfor the merged line, again usingm ��n)����� asdescribedin section2. This is moreaccurate
than,for instance,averagingangles.
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Figure 10. Coplanar line and half-plane group-
ing. In the top case,	 belongsto the half-plane����	e�r� ,
anda new planeis computedby orthogonalregressionto a
regularpoint samplingof 	 � and 	 . In thebottomcase,	
hasanattachedbut consistenthalf-plane,thereforethetwo
planehypothesesaremergedinto a new uniqueplane,also
computedby orthogonalregression.



(a) (b)

Figure 11. Line grouping. (a)Collineargroupingre-
ducesthe9 planesprior to groupingto only 6. (b) Coplanar
groupingandplanemerging reducesthenumberof planes
further so that only 4 remain. Theseare the correctfour
planeswhich define the roof, but at this stagethe plane
boundariesarenotdelineated.
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Figure 12. Creation of new lines when two
planes inter sect.

4. Planedelineationand verification

In ordertoproduceapiecewiseplanarmodelof thescene
acloseddelineationis requiredfor eachplane.For thispur-
pose,it is necessaryto determineits border (or bounding)
lines. The initial supportline of a planeis a naturalborder
line. Additional borderlinesarecreatedasshown in figure
14. A closeddelineationis thencomputedby usingheuris-
tic groupingrules[9, 10, 13] to associateborderlines. If
only oneborderline hasbeendetected,thentheplaneis re-
jected,andthisprovidesaveryefficientculling mechanism
for removing erroneoushalf-planes.Figure15 shows both
the2D delineationanda 3D view of theroof producedfor
thebuilding of figure6.

Eachdelineated3D facesoproducedis thenverifiedby
assessingintensitysimilarity over the completeimageset,
at correspondingpoints within the projecteddelineation.
This verificationstepremovesfallaciousplanes,for exam-
ple thosewhicherroneouslybridgetwo buildings.

Finally, occlusionreasoningis usedto signal conflicts
betweenpossiblyinconsistentplanehypotheses.A conflict
occursbetweentwo hypotheseswhentheirprojectionsonto
animagesignificantlyoverlap,i.e. whenoneof themis oc-
cludedby theother. Whereconflictsarise,they areresolved
basedon a confidencescoredeterminedfrom the ratio of
the lengthof detected3D linesto hypothesisedlines in the
delineation.

Figure 13. Example of new lines. Theblacklines
arecreatedby planeintersection.
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Figure 14. Plane delineation: border line com-
putation. (a) Theline 	 lies in theplane ����	e��� but has
anattachedplanewhich is not consistentwith it, therefore
it is storedasaborderline; (b) Theline 	 doesnotbelongs
to theplane����	e��� but it is storedasaborderline.

5. Results

Figure16 shows the3D reconstructionof thefull scene
of figure1. Figure17showsresultsonamuchlargerexam-
ple. Notethatcomplicatedandunusualroofs(for example
the factoryin theupperpartof thefigure)have beencom-
pletely recovered.This alsodemonstrateshow little radio-
metric texture is requiredby the method,sinceroofs with
virtually homogeneousintensity are retrieved. Only two
roofsaremissedin theentirescene.

The versatilityof the methodis demonstratedon figure
18 wherethe imagesareof an indoorscene,at a different
scaleandunderdifferingphotometricconditionsto thoseof
theaerialimages.Themainplanesof thescenearecorrectly
retrieved.

Performance.Thequalityof thereconstructionis governed
by theaccuracy of theinput line set. If linesaremissingin
theinputset,thenaproportionof thesewill begeneratedby
planeintersection.If thereareerroneouslines in the input
set,thenmany of thesewill beculled,with their associated
half-planes,in the final verificationstages.Consequently,
themethodis robustto a numberof missinganderroneous
lines.However, in generalsuperiorperformanceis achieved
if too many, ratherthan too few, lines aresupplied. This



(a) (b)

Figure 15. Example of reconstructed roof . (a)
Delineationof the validatedroofs projectedonto the first
image;(b) 3D view with texturemapping.

is becausea line is theonly mechanismfor instantiatinga
planehypothesis,andif linesaremissingthenentireplanes
maybemissed.

Of the threestagesof themethod,thehalf-planedetec-
tion stageis the most robust and is also the most expen-
sive. This stagerequiresvery few parametersto be spec-
ified. Whena faceis well textured(as in the caseof the
examplebuilding roof of figure 6), the angleof the initial
half-planeis estimatedto an accuracy of better than � � .When thereis little texture, the accuracy can decreaseto� � , but a higheraccuracy is determinedduring the copla-
nargroupingstage.Thecomputationtime canbe reduced
by usinga sub-samplingof the pointsof interest,aswell
asanimprovedoptimizationprocess(basedfor exampleon
Newton’smethodratherthanrecursivesubdivision).

In grouping operations, thresholdson distancesare
avoidedby defininga topologicalneighbourhoodbetween
projectedlines, which alsoenablesquick accessto neigh-
bours. The planedelineationstageis the least robust to
changesin scenetype becauseit involvesheuristicgroup-
ing rules.

6. Future work and extensions

The resultsdemonstratethat it is possibleto automati-
cally reconstructpiecewiseplanarscenesfrom multiple im-
agesusingquiteminimal information.We arecurrentlyin-
vestigatingthefollowing areas:

First, thesimilarity score,althoughsuccessful,is empir-
ically based.An alternative approachwould be to develop
aprobabilisticframework andcomputeaposteriorestimate
for theplaneangleandthelikelihoodthata planeis there.

Second,theapproachof this paperis complementaryto
roof generationsystemsbasedon the groupingof at least
two neighbouringcoplanarlines [3, 9]. However it is not
an alternative to suchsystems,andan efficient androbust
approachwould useboth. This requiresanarchitecturefor

acooperatingstrategy to bedeveloped.
Third, parametrizedmodels(for example a hip roof)

shouldbe instantiatedfrom the reconstructedroofs when-
ever possible. The advantageis that suchmodelscan be
optimally fitted to the imagesby (robustly) minimizing re-
projectionerror over all views. This shouldimprove the
accuracy of theplanedelineation.
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[3] F. Bignone,O. Henricsson,P. Fua,andM. Stricker. Auto-
maticextractionof generichouseroofsfrom highresolution
aerialimagery. In Proc.ECCV, pages85–96,1996.

[4] R. Collins, C. Jaynes,, Y.-Q. Cheng,X. Wang, F. Stolle,
E. Riseman,and A. Hanson. The ascendersystem: Au-
tomated site modeling from multiple images. CVIU,
72(2):143–162,1998.
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(a) (b) (c)

Figure 16. Results on the full example scene . (a) 49 detectedhalf-planesfrom 137 3Dlines(b) Delineationof the
final roofsprojectedontothefirst image;(c) 3D modelof thescene,with texturemapping(12 roof planes).Theverticalwalls are
producedby extrudingtheroof’s bordersto thegroundplane.

(a) (b) (c)

Figure 17. Results on a large aerial scene .(a)Oneof the6 images(size �r��������������� pixels)andthe739projected3D
lines.(b) Detectedhalf-planes(267). (c) 3D modelof thescene,with texturemapping(180roof planes).

(a) (b) (c)

Figure 18. Results on an indoor scene .(a) Oneof the6 images(size �s�������s�r� pixels)andthe87 projected3D lines.
(b) Detectedhalf-planes(30). (c) 3D modelof thescene,with texturemapping(5 planes).


