Surviving dominant planes
in uncalibrated structur e and motion recovery

Marc Pollefeys, FrankVerbiestandLuc VanGool
acceptedor ECCV2002

Centerfor Processin@f Speechandimages
Marc.Pollefeys@esat.kuleuven.ac.be ,
WWW homepage:http://www.esat.kuleuven.ac.be/"polle fey/

Abstract. In this paperwe addresshe problemof uncalibratedstructureand
motionrecovery from imagesequencethatcontaindominantplanesin someof
the views. Traditional approachesail whenthe featurescommonto threecon-
secutve views areall locatedon aplane.Thisis, hawever, asituationthatis often
hardto avoid in man-madeervironments We proposea completeapproactthat
detectgheproblemanddefersthe computatiorof parameterghatareambiguous
in projectve spacg(i.e. theregistrationbetweerpartialreconstructionsnly shar
ing a commonplaneandposesof cameraonly seeingplanarfeaturesill after
self-calibrationAlso anew linearself-calibratioralgorithmis proposedhatcou-
plestheintrinsicsbetweermultiple subsequence¥he nal resultis acomplete
metric 3D reconstructiorof both structureand motion for the whole sequence.
Experimentatesultsonrealimagesequenceshav thatthe approaclyieldsvery
goodresults.

1 Intr oduction

Therehasbeena lot of progressn uncalibratedstructureandmotion (USaM)recovery
overthelastdecadeFaugerag3] andHartley etal. [9] have shavn that startingfrom
anuncalibratedmagepair a projective reconstructiorwaspossible The useof robust
statisticsfor the computatiorof the epipolargeometrymadeit possibleto obtaingood
resultsonrealimagedata[27,21]. Theseapproacheswverelater extendedio imagese-
quencege.g.[2,15]). In parallelwith thesedevelopmentshe possibilityto upgradea
projective reconstructiorto metric (i.e. Euclideanup to scale)basedon constrainton
the intrinsicswas shovn [4]. Over the yearsmary differentmethodshave beenpro-
posedfor constan{11,16,24] andvaryingintrinsics[17]. Therefore startingfrom an
uncalibratedmagesequencé becamepossibleto retrieve ametric 3D reconstruction.
Comparedo the moretraditionalstructureandmotionrecovery approachesvherethe
camerds calibratedseparatelyUSaMrecovery offersanimportantincreasen e xibil-
ity.

However, animportant—but oftenignored—problemof the uncalibratedapproach
is thatit breaksdown in the caseof a planarsceneThe relative posebetweenviews
cannot be determinedvhenall commonfeaturesarelocatedin a plane.In factthisis
a speci ¢ caseof the more generalproblemof critical surfaces(e.g.[12]). However,
othercasesare muchlessprobableto be encounteredn practice.Recently therehas



beenquite somework on dealingwith planesin USaM recovery. Liu et al. [14] and
Bartoli et al. [1] looked at architecturalscenesontainingplanes.Note, however, that
thesaechniquesequiremultiple planesor generaktructureandwould thereforefail on
the casedreatedby this paper Anotherinterestingapproachwas proposecby Rother
andCarlsson19]. In this casea linearsolutionis obtainedwhena single planecanbe
seenin all views. Neverthelessin eachview atleasttwo pointsnotlocatedontheplane
arerequired.

In fact,thework thatcomesclosesto solvingthe problemwascarriedoutby Torr et
al. In [23] arobustmodelselectioncriterionto differentiatebetweergeneral3D struc-
tureandplanarstructurewasproposedThis allows to automaticallyidentify the views
wherethe structureis not sufciently generalandto dealwith themaccordingly(i.e.
estimatinga homographyinsteadof the epipolargeometry) Although somepossibili-
tiesweresketchedon how this couldbeusedto solve the planarityinducedambiguities
in therecovery of USaM, the papermostly focuseson the modelselectionandfeature
trackingissues.No generalsolutionis provided to solve the ambiguity betweenthe
structureandmotion of subsequencemnly sharinga singleplane.

Themainsubjectof this paperconsistf proposinga completeapproacho uncali-
bratedstructureandmotionrecoverythatcandealwith dominantplanesTheapproach
startsby extendingthe work by Torr et al. [23] to the 3-view case(which is neces-
saryaswill be seenlater) so thatthe differencecan be madebetweensubsequences
observingsufciently generalstructureand subsequencesherethe tracked features
areall locatedon a single plane.The next stepconsistsof independentlyecovering
the projective structureof the different3D subsequence3henthe reconstructiorfor
the 3D subsequences extendedwith the reconstructiorof the planes.Oncethis is
doneself-calibrationis usedto recover the metric structure.To improve the accuray
androbustnesshe approactcouplestheintrinsicsbetweerthe differentsubsequences.
Thisis especiallyimportantto allow successfuself-calibratiorof shortersubsequences.
Theseresultsarere ned usinga bundledadjustmenthat couplesthe intrinsicsfor all
the subsequencegt this stagea poseestimationalgorithmcanbe usedto determine
the motion of the cameraover the planarparts.The differentpartsare alsoassembled
(by aligningthe overlappingplanes)Finally, a globalbundleadjustments carriedout
to obtaina maximumlik elihood estimationof the metric structureandmotion for the
wholesequence.

The paperis organizedas follows. In the next sectiona traditional uncalibrated
structureand motion approachis reviewed. Then, the problem causedby dominant
planess describecandthe approacHor detectingthe problemis describedTheactual
approacho solweit is describedn Section5 (partial projective USaMrecovery), Sec-
tion 6 (coupledself-calibration)and Section7 (completemetric SaMrecovery). In the

nal sectiongesultsandconclusionsarepresented.

1.1 Notations

Pointsarerepresentethy homogeneoud-vectors in 3-spaceandby homogeneous
3-vectors in theimage.A planeis representedhy a homogeneougd-vector anda
point isonaplaneif .A point ismappedoitsimage throughperspectie
projection,representedy a projectionmatrix — as . The symbol



indicatesequalityupto anon-zerascalefactor In ametriccoordinatesystenthematrix
canbe factorizedin intrinsic and extrinsic camergparameters: where
theuppertriangularmatrix  is givenby thefollowing equation:

(1)

with  thefocal length(measuredn pixels), theaspectatio, the coordinates
of the principal pointand a factorthatis zerowhenthe pixels are rectangularTo
dealwith radialdistortion,the perspectie projectionmodelis extendedo

with and and and

and areparametersf radial distortion. The fundamentaimatrix andthe two
imagehomography , areboth homogeneoumatrices A point locatedin the
planecorrespondindo the homography is transferredrom oneimageto the other
accordingto . A more completedescriptionof theseconceptscan be found
in [10].

2 General projective structure and motion recovery

Startingfrom anuncalibratedmagesequencéhe rst stepconsistf relatingthe dif-
ferentimageso eachother Thisis notaneasyproblem.In generakrestrictechumber
of correspondingointsis sufcient to determingheepipolargeometrybetweertheim-
agesSincenotall pointsareequallysuitedfor matching(e.g.pixelsin ahomogeneous
region),the rst stepconsistof selectingfeaturepoints[8] thataresuitedfor automated
matching Feature®f consecutie views arecomparedainda numberof potentialcorre-
spondenceareobtained FromthesetheepipolargeometrycanbecomputedHowever,
theinitial setof correspondingointsis typically contaminatedvith animportantnum-
berof outliers.In this case atraditionalleast-squareapproactwill fail andthereforea
robustmethodis used[21,27,5]. Oncethe epipolargeometryhasbeenobtainedt can
be usedto guidethe searchfor additionalcorrespondence3hesecanthenin turn be
usedto furtherre ne the epipolargeometry

Therelationbetweenthe views andthe correspondencdsetweerthe featurescan
thenbe usedto retrieve the structureof the sceneandthe motion of the camera.The
approachthatis usedis relatedto [2] but is fully projective andthereforenot depen-
denton ary approximationThis is achiezed by strictly carryingout all measurements
in theimages,i.e. usingonly reprojectionerrors.At rst two imagesareselectedand
an initial projective reconstructiorframeis set-up[3, 9]. Thenthe poseof the cam-
erafor the otherviews is determinedn this frame and for eachadditionalview the
initial reconstructioris re ned andextended.Oncethe structureandmotion hasbeen
determinedor the whole sequencethe resultsis re ned througha projective bundle
adjustmen{26]. To minimize the presencef a consistenbiasin the reconstruction,
this bundle adjustmentakesinto accountradial distortion (aroundthe imagecenter).
Thenthe ambiguityis restrictedto metricthroughself-calibration A modi ed version
of [17] is used(seeSection6. Finally, ametricbundleadjustments carriedoutto obtain
anoptimalestimatiorfor both structureandmotion.



3 Problemswith planes

Theprojectivestructureandmotionapproactdescribedn theprevioussectionassumes
that both motion and structureare general. When this is not the case,the approach
canfail. In the caseof motion this will happenwhenthe camerais purely rotating.
A solutionto this problemwas proposedin [23]. Here we will assumethat careis
takenduringacquisitionto not take multiple imagefrom the samepositionsothatthis
problemdoesnt occur

Scenaelatedproblemsoccurwhen(partof) the scends purelyplanar In this case
it is not possiblearymoreto determinehe epipolargeometryuniquely If the scends
planar theimagemotion canbefully describedy a homographySince
(with the vector productwith the epipole ), thereis a 2 parameterfamily of
solutionsfor the epipolargeometryln practicerobusttechniquesvould pick arandom
solutionbasedn theinclusionof someoutliers.

Assumingwe would be able to detectthis degenerayg, the problemis not com-
pletely solvedyet. Obviously, the differentsubsequencesontainingsufcient general
3D structurecould be reconstructedeparatelyThe structureof subsequencesontain-
ing only asingleplanecouldalsobereconstructedssuch.Theseplanarreconstructions
could then be insertedinto the neighboring3D projective reconstructionsHowever,
thereremainsan ambiguity on the transformatiorrelating two 3D projective recon-
structionsharinga commonplane.The planesharedby the two reconstructionsanbe
uniguelyparameterizeddy three3D points( parametersanda fourth pointin the
plane(2 free parametersjo determineghe projective basiswithin the plane.The ambi-
guity thereforehas15-11=4degreesof freedom An illustrationis givenontheleft side
of Figurel. Notealsothatit canbevery hardto avoid this typeof degenerag ascanbe
seenfrom the right side of Figure 1. Many scenesave a con guration similar to this
one.

4 Detectingdominant planes

The rst partof the solutionconsistsof detectingthe casesvhereonly planarfeatures
arebeingmatchedThe GeometricRolust InformationCriterion (GRIC) modelselec-
tion approactproposedn [22] is brie y reviewed.The GRIC selectshemodelwith the
lowestscore.Thescoreof amodelis obtainedoy summingtwo contributions.The rst
oneis relatedto the goodnes®f the t andthe secondoneis relatedto the parsimory
of the model.It is importantthat a robust Maximum Lik elihood Estimator(MLE) be
usedfor estimatingthe differentstructureandmotion modelsbeingcomparedhrough
GRIC. GRICtakesinto accounthethenumberof of inliers plusoutliers,theresidu-
als , the standarddeviation of the measuremergrror , thedimensionof thedata ,
thenumber of motionmodelparameterandthedimension of thestructure:

GRIC 2

where

— ®3)



Fig. 1. Left: lllustration of the four-parameteambiguitybetweentwo projective reconstructions
sharinga commonplane.If the baseof the cubeis shareda projectie transformatiorcanstill
affect the heightof the cubeandthe positionof the third vanishingpoint. Right: A fundamental
problemfor mary sceness thatit is not possibleto seeA,B andC atthe sametime andtherefore
whenmoving from position1 to position3 the planarambiguityproblemwill beencountered.

In the above equation representshe penaltytermfor the structurehaving
times parametereachestimatedfrom obsenationsand representshe
penaltytermfor themotionmodelhaving parametersstimatedrom  obsenations.

For eachimagepair GRIC  andGRIC canbecomparedIf GRIC  vyields
the lowestvalueit is assumedhat most matchedfeaturesare locatedon a dominant
planeand that a homographymodelis thereforeappropriate On the contrary when
GRIC yieldsthelowestvalueonecouldassumeasdid Torr [23], thatstandardgro-
jective structureandmotionrecovery could be continuedIn mostcaseghisis correct,
however, in somecaseghis might still fail. An illustration of the problemis givenon
theleft sideof Figure2 whereboth and could be successfullicomputedput
where structureand motion recovery would fail becauseall featurescommonto the
threeviews arelocatedon a plane.Estimatingthe poseof camera3 from featuresre-
constructedrom views 1 and2 or alternatvely estimatingthe trifocal tensorfrom the
triplets would yield a three-parametefiamily of solutions.However, imposingrecon-
struction1-2 andreconstructior2—3 to be aligned(including the centerof projection
for view 2) would reducethe ambiguityto a one-parametefamily of solutions.This
ambiguityis illustratedon theright sideof Figure2. Comparedo the referencdrame
of camerad and2 thepositionof camere3 canchangearbitrarily aslongastheepipole
in image2 is notmodi ed (i.e. motionalongaline connectinghe centerof projections
of image2 and3). Sinceintersectiorhasto be preseredandtheimageof thecommon
planealsohasto beinvariant,the transformatiorof the restof spaces completelyde-
termined Note—asseenin Figure2—thatthis remainingambiguitycouldstill causean
importantdistortion.
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Fig. 2. Left: Althougheachpair containsnon-coplanafeaturesthethreeviews only have copla-
narpointsin common Right: lllustrationof theremainingambiguityif the positionof the center
of projectionfor view 2 correspond$or structurel—2and2-3.

For thereasordescribechbove we proposeto usethe GRIC criterionon triplets of
views ( ). On the one handwe have GRIC(PPP) basedon a model containing
3 projectionmatrices(up to a projective ambiguity) with
and (notethatusinga modelbasedon the trifocal tensorwould be equivalent),
on the otherhandwe have GRIC(HH) basedon a modelcontaining2 homographies
with and . To ef ciently computethe MLE of both PPP and
HH the sparsestructureof the problemis exploited (similar to bundleadjustment)We
cannow differentiatebetweentwo differentcasesCaseA: GRIC(PPP) GRICHH):
threeviews obsene general3D structure CaseB: GRIC(PPP) GRICHH): common
structurebetweerthreeviewsiis planar

Notethatin addition,oneshouldverify thata sufcient numberof tripletsremain
(saymorethan ) toallow areliableestimation Whentoo few pointsareseernin com-
monoverthreeviews,thesequences alsosplitup.In alaterstaget canbereassembled
(usingthe procedurdaid outin Section?). This avoidstherisk of a (slight) changeof
projective basisdueto anunreliableestimationbasedon too few points.Notethatit is
importantto avoid this, sincethis would meanthat differenttransformationsvould be
requiredto bringthedifferentpartsof therecoveredstructureandmotionbackto a met-
ric referencdrame.In practicethis causeself-calibrationto fail andshouldtherefore
beavoided.

5 Partial projective structure and motion recovery

The sequencds rst traversedandseparatedn subsequencesor subsequencesith
sufcient 3D structure(caseA) theapproachdescribedn Section2 is followedsothat
the projectie structureandmotionis recorered Whenatriplet correspondso caseB,
only planarfeaturesaretrackedandreconstructedin 2D). A possiblepartitioningof an
imagesequencés givenin Tablel. Notethatthetriplet 3-4-5would causeanapproach
basedn[23] to fail.

Supposgheplane islabeledasadominantplanefromview onbasednfeatures
trackedin views . In general somefeaturepoints  locatedon  will



case AABAABBBBBAAA
3D PPPP PPPPH
2D HH HHHHHH
3D  PPPP
FFEFFFHHHHFFF

Table 1. Exampleon how a sequencevould be partitionedbaseddn the differentcaseobtained
in themodelselectionstep.UnderlinedE correspondo caseghatwould notbedealtwith appro-
priatelyusinga pairwiseanalysis.

have beenreconstructedn 3D from previous views (e.g. and ). Therefore,
the coefcients of canbe computedfrom . De ne asthe right null
spaceof  ( matrix). represent8 supportingpointsfor theplane andlet

be the correspondingmageprojections De ne the homography
, thenthe 3D reconstructiorof imagepointslocatedin theplane areobtainedas
follows:

(4)

Similarly, afeature seenin view canbereconstructe@s:
(5)

where

6 Coupledself-calibration

Oncethe projective structureand motion hasbeencomputedfor eachsubsequence,
standardelf-calibratiorapproachesouldbeusedonthesubsequencebklowever, some
of thesecouldbetoo shortto obtaingoodresults.

In this sectiona self-calibrationapproachs proposedhat couplesthe camerain-
trinsicsfor the differentsubsequencesontaininggeneral3D structure.The approach
is basedon the approachproposedn [17], but was adaptedo betterre ect a priory
expectationdor the unknavns. The approachis basedon the projectionequationfor
theabsolutequadric[24]:

(6)
where  representshe absolutequadric.In metric space diag ,in
projectve space is a symmetricrank 3 matrix representingan imaginary

disc-quadric.By transformingthe image so that a typical focal length (e.g. 50mm)
correspondso unit lengthin the imageandthat the centerof the imageis locatedat
the origin, realisticexpectationdor theintrinsicsare (i.e.
istypicallyin therange mm mm),

. Theseexpectationsanbe usedto obtaina setof weightedself-calibration



equationdrom Equation(6):

— — (7)

where isthe -th row of a projectionmatrixand a scalefactorthatis initially set
to 1 andlateronto with theresultof the previousiteration.In practice
a few iterationsare sufcient. Experimentalvalidation hasshown that this approach
yields muchbetterresultsthanthe original approactdescribedn [17]. This is mostly
dueto the fact that constrainingall parametergeven with a small weight) allows to
avoid mostof the problemsdueto critical motion sequence$20,13] (especiallythe
speci ¢ additionalcasefor the linearalgorithm[18]).

Whenchoosing for oneof the projectionmatricesit canbe seenfrom
Equation(6) that  canbewrittenas:

8
Now thesetof equationg7) canthusbewritten as:

©)
where is a vector containing6 coefcients representinghe matrix , isa

3-vectorand ascalarand and arematricescontainingthe coefcients of the
equationsNotethatthis canbe doneindependentlyor every 3D subsequence.

If thesequencés recordedwith constanintrinsics,thevector will becommonto
all subsequencendoneobtainsthefollowing coupledself-calibrationequations:

(10)

Aswill beseerin theexperimentghis approachs very successfulThemostimportant
featurds thatthroughthe couplingit allowsto getgoodresultsevenfor theshortersub-
sequenced-or eachsubsequenca transformatiorto upgradethe reconstructiorfrom
projective to metric canbe obtainedfrom the constraint diag
(throughCholesly factorization).This resultis thenfurther re ned througha metric
bundleadjustmenthatalsocouplegheintrinsicsof the differentsubsequences.



7 Combined metric structure and motion recovery

Now thatthe metric structureof the subsequencdsasbeenrecovered,the poseof the
cameracanalsobe determinedor the viewpointsobservingonly planarpoints.Since
theintrinsics have beencomputed a standardposeestimationalgorithmcanbe used.
We useGrunertsalgorithmasdescribedn [7]. To dealwith outliersarobustapproach
wasimplemented5].

Finally, it becomegpossibleto align the structureand motion recoveredfor the
separatesubsequencdsasedon commonpoints.Note thatthesepointsareall located
in aplaneandthereforesomeprecaution$iave to betakento obtainresultsusinglinear
equationsHowever, since3 pointsform a basisin a metric 3D spaceadditionalpoints
out of the plane can easily be generatedi.e. using the vector product) and usedto
computetherelative transformusinglinear equationsHereagaina robustapproaclis
used.

Now that all structureand motion parameterdiave beenestimatedor the whole
sequenceA nal bundleadjustments carriedoutto obtainaglobally optimalsolution.

8 Results

In this sectionresultsof our approachon two real image sequencesare shovn. The
rst imagesequencevasrecordedrom a cornerof our institute. The cornersequence
contains64 imagesrecordedusinga Sory TRV900 digital camcordelin progressie
scanmode.The imagesthereforehave a resolutionof (PAL). Someof the
imagesareshavn in Figure3. Notethattheimagescontainquite someradialdistortion.

Fig. 3. Someof the 64 imagesof the cornersequence.



In Figure4 theGRICvaluesaregivenfor and aswell asfor and At
canclearly be seenthat—besideslealingwith additionalambiguities-thetriplet based
analysisin generaprovidesmorediscriminantresults.lt is alsointerestingto notethat
triplet 34-35-36is clearly indicatedascontainingsufciently generalstructurefor the
triplet-basedpproachwhile thepairbasedapproachmarginally prefersto usetheplane
basednodel. The USaM approachreconstructshe structurefor this triplet (including
somepointsseenin the backgroundf the lower left pictureof Figure3) andsuccess-
fully integrateghemwith therestof therecoveredstructureandmotion.Figure5 shows
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Fig.4. Left: GRIC(F) (solid/blackline) and GRIC(H) (dashed/bludine). Right: GRIC(PPP)
(solid/blackline) andGRIC(HH) (dashed/bludéine).

resultsfor differentstage®f ourapproachAt thetop-lefttherecoveredmetricstructure
andmotionfor thetwo subsequencdblatcontainsufciently generaktructureis given

(after coupledself-calibration).Then,both structureand motion areextendedover the

planarparts.This canbeseerin themiddle-leftpartof the gure. At thebottom-leftthe

completestructureandmotionfor thewholesequenceés shavn afterbundleadjustment.
Ontheright sideof the gure orthogonakop andfront views areshown.

The secondsequenceonsistsof 150imagesof anold farmhouselt wasrecorded
with the samecameraasthe rst sequenceln Figure 6 the GRIC valuesare plotted
and for someof themthe correspondingmagesare shavn. As can be seenthe ap-
proachsuccessfullydiscriminatesbetweerthe planarpartsandthe others.In Figure7
thecomputedstructureandmotionis shown. In Figure8 someviews of adenseextured
3D modelareshavn. This modelwasobtainedby computingsomedepthmapsusing
a stereoalgorithmandthe obtainedmetric structureand motion. Note that the whole
approachrom imagesequencéo complete3D modelis fully automatic.

9 Conclusion

In this paperwe have presentedan approachthat successfullydealswith dominant
planesn uncalibratedstructureandmotionrecovery. Thisis animportantproblemthat



ok
LA BRI IGI

Fig. 5. Left: differentstagesf the structureandmotionrecovery, Right: orthogonaliews of the
nal result.

limited the practicalapplicability of uncalibratecapproachesspeciallyin man-made
environments.The solutionproposedn this paperyieldsvery goodresultson realim-
agesequenced heapproachusegshe GeometridRokustinformationCriterionto detect
if featuresseenin commonby threeviews areall in a plane.Subsequencesontain-
ing sufciently generalstructureare reconstructeéndthenextendedwith the planar
parts.A new linearself-calibrationalgorithmcouplestheintrinsicsbetweerthe differ-
entsubsequenceso thatevenfor shortsequencegoodresultscanbe obtained.Once
thereconstructiorhasbeenupgradedo metric, the poseis estimatedor the cameras
observingplanarpartsandthereconstructionfor thedifferentsubsequenceseassem-
bled.Finally aglobalbundleadjustmenprovidesanoptimal estimateof bothstructure
and motion. A key factorfor the succesf the proposedapproachis the consistent
useof robustmaximumlik elihoodestimationthroughef cient bundleadjustmentand
robustestimation(i.e. RANSAC) at mostof the stageof the computations.
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