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Abstract

A new methodis describedfor automatically recon-
structing3D planar facesfrom multipleimagesof a scene
Thenoveltyoftheappmoadliesin theuseofinter-image ho-
maographiesto validateand bestestimatethe plane andin
the minimalinitialization requitements— only a single3D
line with a textured neighbourhoods requiredto geneiate
a planehypothesisTheplanar facetsenableline grouping
and also the constructionof parts of the wireframewhich
were misseddueto the inevitable shortcomingsf feature
detectiorand matding.

Themethodallows a piecaviseplanar modelof a scene
to bebuilt completelyautomatically with no userinterven-
tion at any stege, givenonly the imagesand camen pro-
jectionmatricesasinput. Therobustnesandreliability of
the methodare illustrated on several examples from both
aerial andinterior views.

1. Intr oduction

The automaticreconstructiorof 3D planarfacesfrom
multiple views hasa wide rangeof applicationsfrom exte-
rior views of urbanscenedo indoor ervironmentanalysis
to piecavise planarobjects. The target applicationof this
paperis the 3D reconstructiorof roofs from aerialimages
of urbanareashput themethodis notrestrictedo this case.

Reconstructiorof buildings from aerialimageshasre-
ceivedcontinualattentionin the photogrammetrandcom-
putervision literature.Oneapproachs to computeadense
digital elevation modelfrom multiple imagesusing corre-
lation basedstereo. However, the resulting densedepth
mapis generallyinsuficiently accurateor completeto en-
ablethepreciseshapeof buildingsto berecovered[1, 2, 5].
Thus most approachediave focusedon reconstructiorof
specificbuilding models: rectilinearshaped4, 8, 10, 11],
flat roofs[2], or parametrianodels[6, 13]. Recentlymore

genericreconstructiorapproachesvolving multiple high-
resolutionimageshave beenproposed3, 9]. The diffi-
culty of reconstructiorin urbanenvironmentscomesfrom
the compleity of the scene:the buildings are denseand
varied,andthe resultingimageboundarie®ften have poor
contrast.Consequentlyfeaturedetectorfragmentor miss
boundarylines,andonly anincomplete3D wireframecan
beobtained.

The key ideahereis to determine3D planarfacetsby
usingbothfeatureqlines)andtheirimageneighbourhoods
over multiple views. Thesesurfacefacetsthenenableboth
line groupingand, by plane intersection,the creationof
lines which were missedduring feature detection. The
particular novelty of the approachis in the use of inter
imagehomographiegplaneprojectie transformationsjo
robustly estimatethe planarfacets. The approachrequires
minimalimageinformationsincea planeis generatedrom
only a line correspondencand its imageneighbourhood.
In particular two lines are not requiredto instantiatea
plane. Theseminimal requirement&nd avoidanceof spe-
cific building modelsfacilitatethe automatiaeconstruction
of objectswith quite subtlegeometrylocatedwithin acom-
plex environment.

The problemscausedby missingfeaturesin piecavise
planarreconstructiorare illustrated by the imagesof fig-
ure 1 andthe detail in figure 6a. The correctroof model
in this caseis a four plane“hip” roof [13]. However, the
oblique roof ridgesare almostinvisible in ary view, and
certainlyarenotreliably detectedby anedgeor bar detec-
tor with only local neighbourhoodupport. Consequently
‘classical’ planereconstructioralgorithmswhich proceed
from a groupingof two or more coplanar3D lines[3, 9],
will produceaflat roof, or at besta two plane“gable” roof
if the centralhorizontalridge edgeis detected— however
thetwo smallerfaceswill bemissed.



Figure 1. Three overlapping aerial views. The
imagesare 600 x 600 pixels, one pixel correspondingo
a groundlengthof 8.5cm. The cameramovesin aline at
a heightof 1300m,with about300m betweensuccessie
views.

1.1 Overview of the method

Input data. The methodwill beillustratedon the quasi-
nadir imagesshavn in figure 1 (3 of the 6 imagesare
shavn). From theseimagesonly roof planesof buildings
canbe extractedsinceverticalwalls aregenerallynot visi-
ble. The camergprojectionmatrix is known for eachview.
In this casethe projection matricesare metric calibrated.
However, the methodrequiresonly projective information.

Line matching. The 2D imagelines are obtainedby ap-
plying a local implementatiorof the Canry edgedetector
(with subpixel accurag), detectingtangentdiscontinuities
in the edgelchains,andfinally straightline estimationby
orthogonaregression.

Thenlinesin 3D aregeneratedy usinganimplemen-
tation of the line matchingalgorithmfor 3 views described
in [12]. Matchesare disambiguatedy a geometriccon-
straintover 3 views (using epipolargeometryand trifocal
geometry)togethemwith a photometricconstraintbasedn
line intensity neighbourhoods.Here the line matchingis
extendedo six views. Figure2 shovs theresultof theline
matchingon the datasetof figure 1. Notethatsomeof the
scendinesaremissing,andsomeof therecoveredinesare
fragmented.

Producing piecewiseplanar models.Therearethreemain
stageswhichwill beillustratedonthebuilding of figure6a:

1. Computingeliablehalf-planesdefinedby one3D line
andsimilarity scorecomputecbverall theviews (sec-
tion 2). Thisis the mostimportantandnovel stageof
thealgorithm.

2. Line groupingand completionbasedon the computed
half-planegqsection3). This involvesgroupingneigh-
bouring3D linesbelongingo thesamehalf-plane and
alsocreatingnew linesby planeintersection.

3. Planedelineationand verificationwherethe lines of
the previous stage are usedto delineatethe plane
boundariegsectiord).

(a) o

Figure 2. Line matching. (a)137linesarematched
automaticallyover 6 views. Their 3D position (shavn)

is determinedby minimizing reprojectionerror over each
view in whichtheline appears(b) Thelinesprojectedonto
thefirstimageof figure 1.

Figure 3. The one-parameter family of half-

planes containing the 3D line L. The family
inducesa one-parametefamily of homographie®etween
ary pairof images.

2. Computing half-planes

Principles and objectives.Givena 3D line, thereis a one-
parameteffamily of planesw(#) containingthe line (see
figure3). As eachplanedefinesa (planar)homographybe-
tweentwo imagesthefamily alsodefinesa one-parameter
family of homographie#l(6) betweenary pair of images.
Eachsideof theline canbeassociatewith a differenthalf-
plane.

Our objectveis thereforeto determinefor eachline side
whetherthereis anattachedalf-planeor not,andif thereis
wewantto computeabestestimateof §. Wewishto employ
only theminimalinformationof a single3D line andits im-
ageneighbourhoodEssentiallywe arehypothesising pla-
nar facetattachedo theline, andverifying or refuting this
modelhypothesisisingimagesupportover multiple views.

Method. The existenceof an attachechalf-planeand a
bestestimateof its angleis determinedy measuringmage
similarity over multiple views. The geometryis illustrated
in figure4. Givend, theplaner(§) definesapointto point
map betweenthe images. If the planeis correctthenthe
intensitiesatcorrespondingixelswill behighly correlated.
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Figure 4. Geometric correspondence be-
tween views. Given§, the homographyt‘(8) deter
minesthegeometrianapbetweera pointin thefirstimage
andits correspondingpointin images.

In moredetail, the plane (#) attachedo a 3D line L
is assessebly a similarity scorecomputedover the 6 im-
agesaccordingo thehomographiedefinedby 6. Giventhe
planer () thereis ahomographyepresentetly 3 x 3 ma-

trix H:(#) betweerthefirst andith view, sothatcorrespond-

ing points are mappedasx’ = H‘x, wherex andx' are
imagepointsrepresentedy homogeneou8-vectors. The
homographymatrixis obtainedfrom the3 x 4 camergpro-
jectionmatricesfor eachview. For example,if the projec-
tion matricesfor thethefirst andith views areP = [I | 0]
andp! = [A® | a’] respectiely, and 3D pointsX on the
planesatisfysr " X = 0, wheretheplaneis representedsa
homogeneou4-vectorin theworld frame,then[7]

. . . 1
H =A"+a'v' wherev=—— (m,m,m3) |
T4
providedrny # 0. Note,v is independentf theview ;.
The similarity scorefunction hasbeendesignedto be
selectve,andalsorobustto occludedbortionsandirrelevant
points.It is definedas:

Sim(6) = / w(x)Cor? (x,H ()x)
view 7 valid” 7°!
andrangeshetween(0, 1). Figure5 shows two typical ex-
amplesof scorefunctions. In the following, the various
termsandparametersredescribecandmotivated.

First, it is necessaryo determinea texture point setin
orderto producea selectve and discriminatingsimilarity
functionof . Consideithecasethattheintensityof theim-
ageis locally homogeneoughen correlationbetweenim-
agesis similar for ary 8 and provides no discrimination.
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Figure 5. Example of similarity score func-
tions Sim(¢). Theblack cure correspondso a valid
plane, whereasthe grey one is rejected. The following
validity criteria are used: maximumvalue of the function
Sim(6™**) > 0.4, absolutevalueof the estimatedsecond
derivative aroundthe maximum|Sim” (6™*)| > 4.0, and
globalamplitudeSim(6™*®) — Sim(8™") > 0.2.

Figure 6. Points of interest.
with projected3D lines(white). This building is usedto il-
lustratethe reconstructioomethod. The correctreconstruc-
tion is a four planehip roof. (b) Detectededges(black)
after applyingan edgedetectorwith a very low threshold
ongradient.Theseedgesprovide the pointsof interest.

(a) Detail of figure 2

However, at locally texturedregionsthis problemwill not
arise. Correlationis thuscomputedonly in the neighbour
hoodof texturedPointsOf Interest(POIl). Thesepointsare
selectedby applying an edgedetectorto the first image,
with a very low thresholdon gradient(an exampleis given
in figure 6). The edgesarethenlinked andregularly sam-
pled. The choiceof the first view is arbitraryand canbe
automatedy selectinghe mosttexturedimage.

The correlationterm Cor(x,x?) is the centred nor
malisedcross-correlatiobetweenx in thefirst view andx’
in theith view, evaluatedoverthe pointsof interest.Cross-
correlationis usedbecauseempirically it is highly selec-
tive on @ over textured intensity regions. The correlation
is squaredn orderto give moreweightto high scoresand
thereforeo belesssensitie to low scoresvhich canlocally
occurin someviews (in occludedareador instance).

The weighting factorw(x) is inverselyproportionalto
thedistanceof thepointx from theline L projectecontothe
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Figure 7. Effect of the base line on 2-view sim-
ilarity scores. Theblackcurve correspondso a short
baselinebetweerviews, thegrey curve to awide one(same
half-plane).A shortbaselindeadsto highmaxima(low dis-
torsionbetweertheimages) but oftenlocatedwith a poor
accurag (wide peak);in contrast,a wide baselineis more
likely to produceaccuratenaxima,but with a lower score.
However, the maximagenerallydiffer by lessthan5°.

first view. This weightingprovidessomerobustnesssince
it givesmoreweightto pointswhich arecloserto theline,

andconsequentharelesslikely to belongto otherplanes.
Finally, additionalrobustnesss providedby only including

valid views in the summation Valid views arethosewhich

haveatleastathresholchumberof highcorrelationscoresat

pointsof interest,therebyrejectingviews wherethe plane
might be occluded. Averagingthe scoresover views ex-

ploits the complementarityof the shortand wide baseline
separationgseefigure 7).

The optimal angled is computedby searchingfor the
maximumof the function Sim(6) overarange—% < 0 <
7. Thealgorithmusedis recursve sub-diision with ater-
minationcriterionof A§ < 1°. The half-planehypothesis
is acceptedr rejectedasvalid accordingto the character
isticsof Sim(6) asshavn in figure5. Theline sideis then
classifiedassupportingor not supportinga half-plane.For
example,anoccludingedgewould nothave a half-planeat-
tachedontheoccludedside.

Results of half-plane detection. Figure 8 shows all the
half-planeswhich are hypothesisedn the examplebuild-
ing. All partsof theroof of the mainbuilding aredetected,
whereasovalid planesaredetectedor thewallswithin the
consideredingleinterval (we arenot aimingto reconstruct
verticalwalls). Occasionallyerroneousalf-planesariseat
shadaevs, but theseareremovedin the subsequerdtages.

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

The computedhalf-planesare now usedto supportline
groupingandthe creationof new lines.

Figure 8. Detected half-planes over the inter -
val [-75%; +75°].

Collinear grouping (figure 9). Two collinearlines which
have attachedcoplanarhalf-planesare memged together
Theresultof thecollineargroupingof half-planesof figure
8is showvnin figurella.

Coplanar line and half-plane grouping (figure 10). Any
line which is neighbouringand coplanarwith the current
planeis associateavith it (seethe exampleof figure 11b).

Creating new lines by plane intersections (figure 12).
New lines are createdwhen two neighbouringplanesin-
tersectin a consistentway. This is very importantasit
providesamechanisnfior generatingdditionallineswhich
may have beenmissedduringimagefeaturedetection(see
theexampleof figure13).

Figure 9. Collinear grouping. The optimalplane
angle is recomputedfor the meiged line, again using
Sim(6) asdescribedn section2. This is more accurate
than,for instanceaveragingangles.

Figure 10. Coplanar line and half-plane group-

ing. Inthetop caseL belongsto the half-planemw(Lo),
andanew planeis computediy orthogonakegressiorto a
regular pointsamplingof Lo andL. In thebottomcase L
hasanattachedut consistenhalf-plane thereforethe two
planehypothesesremeigedinto a new uniqueplane,also
computedby orthogonakegression.
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Figure 11. Line grouping. (a)Collineargroupingre-
duceghe9 planegprior to groupingto only 6. (b) Coplanar
groupingandplanemeuging reduceghe numberof planes
further so that only 4 remain. Theseare the correctfour
planeswhich definethe roof, but at this stagethe plane
boundariesarenotdelineated.
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Figure 12. Creation of new lines when two
planes inter sect.

4. Planedelineation and verification

In orderto produceapieceviseplanarmodelof thescene
acloseddelineatioris requiredfor eachplane.For this pur-
pose,it is necessaryo determineits border (or bounding)
lines. Theinitial supportline of a planeis a naturalborder
line. Additional borderlinesarecreatedasshavn in figure
14. A closeddelineationis thencomputedby usingheuris-
tic groupingrules[9, 10, 13] to associatéorderlines. If
only oneborderline hasbeendetectedthenthe planeis re-
jected,andthis providesa very efficient culling mechanism
for removing erroneousalf-planes.Figure 15 showvs both
the 2D delineationanda 3D view of the roof producedor
thebuilding of figure®6.

EachdelineatedD faceso produceds thenverified by
assessingntensity similarity over the completeimageset,
at correspondingpoints within the projecteddelineation.
This verificationstepremovesfallaciousplanesfor exam-
ple thosewhich erroneoushbridgetwo buildings.

Finally, occlusionreasonings usedto signal conflicts
betweerpossiblyinconsistenplanehypothesesA conflict
occurshetweenwo hypothesesvhentheir projectionsonto
animagesignificantlyoverlap,i.e. whenoneof themis oc-
cludedby theother Whereconflictsarise they areresohed
basedon a confidencescoredeterminedrom the ratio of
thelengthof detectedD linesto hypothesisetinesin the
delineation.

Figure 13. Example of new lines. Theblacklines
arecreatedy planeintersection.
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Figure 14. Plane delineation: border line com-
putation. (a) Theline L liesin theplanew(Lo) but has
anattachedlanewhich is not consistenwith it, therefore
it is storedasaborderline; (b) Theline L doesnotbelongs
to theplanew(Lo) butit is storedasaborderline.

5.Results

Figure 16 shavs the 3D reconstructiorof the full scene
of figurel. Figure1l7 shavsresultsonamuchlargerexam-
ple. Note thatcomplicatedandunusualroofs (for example
thefactoryin the upperpartof the figure) have beencom-
pletely recovered. This alsodemonstratebow little radio-
metric texture is requiredby the method,sinceroofs with
virtually homogeneouintensity are retrieved. Only two
roofsaremissedn theentirescene.

The versatility of the methodis demonstratedn figure
18 wherethe imagesare of anindoor sceneat a different
scaleandunderdiffering photometricconditionsto thoseof
theaerialimages.Themainplanesof thescenearecorrectly
retrieved.

Performance. Thequality of thereconstructiors governed
by the accurag of theinputline set.If linesaremissingin
theinputset,thenaproportionof thesewill begeneratedy
planeintersection.If thereareerroneoudinesin theinput
set,thenmary of thesewill beculled,with theirassociated
half-planes,n the final verificationstages.Consequently
the methodis robustto a numberof missinganderroneous
lines.However, in generabuperiomperformancés achieved
if too mary, ratherthantoo few, lines are supplied. This
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Figure 15. Example of reconstructed roof. (a)
Delineationof the validatedroofs projectedonto the first
image;(b) 3D view with texture mapping.

is because line is the only mechanisnfor instantiatinga
planehypothesisandif linesaremissingthenentireplanes
maybemissed.

Of the threestage=f the method,the half-planedetec-
tion stageis the mostrobust andis alsothe most expen-
sive. This stagerequiresvery few parameters$o be spec-
ified. Whena faceis well textured(asin the caseof the
examplebuilding roof of figure 6), the angleof the initial
half-planeis estimatedto an accurag of betterthan 2°.
Whenthereis little texture, the accurag can decreasdo
5°, but a higheraccurag is determinedduring the copla-
nar groupingstage. The computatiortime canbe reduced
by usinga sub-samplingf the points of interest,aswell
asanimprovedoptimizationprocesgbasedor exampleon
Newton’s methodratherthanrecursve subdvision).

In grouping operations, thresholdson distancesare
avoided by defininga topologicalneighbourhoodetween
projectedlines, which alsoenablesquick accesgo neigh-
bours. The planedelineationstageis the leastrobust to
changesn scenetype becauset involvesheuristicgroup-
ing rules.

6. Future work and extensions

The resultsdemonstrateéhat it is possibleto automati-
cally reconstrucpieceviseplanarscenegrom multiple im-
agesusingquite minimal information. We arecurrentlyin-
vestigatinghefollowing areas:

First, the similarity score althoughsuccessfulis empir
ically based.An alternatve approachwould beto develop
aprobabilisticframevork andcomputea posteriorestimate
for theplaneangleandthelikelihoodthata planeis there.

Secondthe approactof this paperis complementaryo
roof generatiorsystemsbasedon the groupingof at least
two neighbouringcoplanarlines[3, 9]. However it is not
an alternatve to suchsystemsandan efficient and robust
approachwould useboth. This requiresanarchitectureor

acooperatingstratgyy to be developed.

Third, parametrizedmodels (for example a hip roof)
shouldbe instantiatedrom the reconstructedoofs when-
ever possible. The adwvantageis that suchmodelscanbe
optimally fitted to the imagesby (robustly) minimizing re-
projectionerror over all views. This shouldimprove the
accurag of theplanedelineation.
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(b)

Figure 16. Results on the full example scene. (a)49 detectechalf-planesrom 137 3Dlines(b) Delineationof the
final roofs projectedontothefirst image;(c) 3D modelof the scenewith texture mapping(12 roof planes).The vertical walls are
produceddy extrudingtheroof's bordersto thegroundplane.

Figure 17. Results on alarge aerial scene .(a) Oneof the6 images(size1200 x 1200 pixels)andthe 739 projected3D
lines. (b) Detectechalf-planeq267). (c) 3D modelof the scenewith texture mapping(180roof planes).

Figure 18. Results on an indoor scene.(a) Oneof the6 images(size512 x 512 pixels)andthe 87 projected3D lines.
(b) Detectechalf-planeq30). (c) 3D modelof the scenewith texture mapping(5 planes).



