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Abstract

This paperpresents systemfor refiningthe accurag andrealismof coarse
piecavise planarmodelsfrom an uncalibratedsequencef images. First,

densadepthmapsareestimatedy aligninga planamregionof ascendn each
image,approximatingcameracalibration,andgeneratinglenseplanarparal-
lax. Thesedepthmapsarethenrobustly fusedto obtainincrementallyrefined
surfaceestimateslt is ervisagedhatthis systemwill extendthe modelling
capability of existing systemg4] which generatesimple, piecavise planar
architecturamodels.

1 Intr oduction

The acquisitionof metric 3D structurefrom multiple uncalibratedmageshasbeenone
of the mostactively pursuedcomputervision tasksof recentyears. Systemshave re-
cently beendevelopedto automaticallyrecover general3D modelsfrom a large number
of closely spacedmages. For instance[2] usesrobustly tracked featuresto calibrate
eachcameraandupdatean estimateof the 3D locationof eachtracked pointin a “quasi-
Euclidean"frame.Morerealisticmodelsaregeneratedh [11] from densedisparitymaps
calculatedbetweenadjacentiewpoints,andbi-directionallylinked alongthe imagese-
guence.Hereself-calibrationis obtainedfrom the absolutequadric,which unlike quasi-
Euclideanframeestimationdoesnot requireaninitial calibrationestimate As they make
no assumptiongiboutthe structureof the sceneandrequiremary imagesthesesystems
arebothcomputationallyexpensve.

In practicemary scenesgspecialljthosein man-madenvironmentsarewell approx-
imatedby a smallnumberof planarfaces.Systemawvhich exploit this constraintsuchas
Facade[15], canproducehighly realisticmodelsof architecturakcenedrom relatively
few, widely spacedmagesat lesscomputationakxpense.However, Facaderequiresa
userto specifya coarsepolyhedraimodelof the sceneandregisterit in eacheachimage.
This is a laboriousprocessandlimits the compleity of the modelwhich canbe practi-
cally recovered.More recentinteractive modellingsystemsuchasPhotoBuildef4] and
[14] requireonly thatthe userspecifykey imagefeaturessuchasparallelor orthogonal
lines, but the effort requiredof the userquickly becomegprohibitive asthedesiredmodel
compleity andnumberof imagesincreases.

This paperproposesa systemwhich usesplanarparallaxto enablesuchinteractve
systemsto recover more complex and realistic modelswith minimal costto the user
Givenasequencef imagesof a nearplanarsceneanda planarmodelof the sceneijt it-
eratvely refinestheaccurag of thismodel.It is particularlysuitedto architecturamodel
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refinementasimagesof architecturalscenesare often dominatedby a single approxi-
matelyplanarsurfacesuchasawall. It alsocomplementshemoregeneraBD modelling
systemsfor which suchascends a neardegeneratease.

2 Theory of planar parallax

A pair of imagesof a planar(2D) sceneis relatedby a 2D projectie transformation,
known asa homography. Theideaof planarparallaxis to align two imagesof a planar
regionof ascendyy applyingthehomographynducedby thatregionto oneof theimages
(seefigure 2). This decomposethe motion betweernframesinto two componentsthe

(a) Left Image (b) Right Image, Un- (c) RightImage , Warped
warped

Figure 1: (c) shaws the resultof warpingthe right image (b) so that the planeof the
tabletopis alignedwith theleft image(a). Notethatall pointson thetabletoparealigned
while thoseabovethetable(suchasthetop surfaceof thebook)aredisplacedy aresidual
parallax.

homographyH , anda setof residualmotion vectors,known asa planar parallax field.
It hasbeenshavn [10, 13, 5, 17] thatfor a planeof equationn” X = d in the coordinate
systemof thefirst cameraH is of theform

H = C[Rd + tn”]C™*

whereC is the cameracalibrationmatrix (assumedo be the samefor eachcamerajand
R is the rotationandt the translationbetweenthe cameras. ThusH encapsulatethe
calibrationof the camerasandthe rotationbetweerthem,while the planarparallaxfield

depend®snly onthetranslatiorbetweerthecamerasnddepthof eachpoint. Becauseghe
parallaxfield depend®nly onthetranslationamotionof the cameraandnotits rotation,
it corvergesat the epipole[6], asshown in figure 2. It is clearfrom figure 2(b) that
while it is theoreticallypossibleto computethe epipolefrom thesevectors,in practice
theestimationis very unstableparticularlywhenthe epipoleis far from theimageor the
parallaxvectorsaresmall.

The planarparallaxdecompositiorhasbeensuccessfullyappliedto mary problems
of computewision. In particularit complementsnoregeneralalgorithmsfor which 2D
structureis a degeneratecase,as shovn in [16]. Becausehey separatdhe effects of
translationandrotation,imagewarpingand parallaxhave beenusedto simplify egomo-
tion estimation[10]. Novel views of approximatelyplanarscenesare generatedising
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Planar scene

Camera 1 Camera 2

(a) Parallaxgeometry (b) Exampleparallaxfield

Figure2: (a) Thegeometnof planarparallax.If z is theprojectionof apointX belonging
to theplanarregion, its correspondence’ will bealignedwith it whenimage?2 is warped
by H . Howeverif z is the projectionof a non-planaipoint suchasY, its correspondence
afterwarpingwill begivenby y, resultingin the planarparallaxvectorp alignedwith the
epipolarline Ze. (b) Exampleparallaxvectors.The epipolefor thisimagepair hasbeen
independentlcomputedo be at position(3187,-31); i.e. farto theright andjust above
thetop of theimage.

parallaxin [8]. Independentlynoving objectsin a scenecanbedetectedasthey generate
parallaxvectorswhich are not directedtowardsor away from the epipole[13, 10]. In
[5, 13, 17] planarparallaxis linkedto projective depth,which with cameracalibration
information can be relatedto euclideandepth. Euclideandepthcan also be recovered
without knowledgeof cameracalibrationgiven the heightsof two non-planampoints,as
shavnin [18].

3 Model refinementalgorithm

3.1 Overview

This sectiondetailseachstep of our algorithm for applying planarparallaxto model
refinemenfrom multiple uncalibratedmages.Thesestepsaresummarise@sfollows:

1. Oneimageis choserto be the referenceémage,andone planechosenasthe ref-
erenceplane. A homographyis computedbetweeneachimageof the reference
plane.

2. Eachcamerds calibratedusingthesehomographies.

3. A denseparallaxmapis estimatedbetweenthe referenceimage and eachother
image.

4. A depthmapis estimatedand sequentiallyrefinedusing the parallaxmaps. The
final resultis viewedasatriangulatedtexturemappedVRML surface.
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3.2 Homography definition

Our calibrationmethod(section3.3) requiresthat oneimageis chosenmasthe reference
image. Thisimagemustbe approximatelyfront onto thereferenceplane. Thereference
planecanbechoserautomaticallyusingdominantmotionextractionasin [3, 9], although
we currentlyusemanualselection.The homographyetweerthe referencémageof the
planeandeachotherimageof the planeis thendeterminedAs thehomographys a3x3
matrix definedup to ascalefactor, it has8 degreesf freedomihereforat is definedcby at
least4 correspondingointsbelongingto theplane.Theseareselectedstheintersection
of lines definedby the user which are automaticallyfitted to local intensity edgesto
improve theiraccurag.

3.3 Cameracalibration

This calibrationtechniqués intendedo generaténitial estimate®f theprojectionmatri-
cesPy, to berefinedatalaterstage It assumesa simpleperspectie cameramodelwhich
is well approximatedn practice:thatthe camerahaszeroskew, anaspectatio of 1, and
thatits principal pointlies at the centreof theimage. Thenits projectionmatrix hasthe
form

P, = C Ry [t; ]
where
f 0 0
C=|0 f O
0 0 1

R, is arotationmatrix andthe vectort,, definesthe translationof the cameracentrein
theworld coordinatesystem We definetheworld coordinatesystemsothatthereference
planehasequationz = 0, andthe origin is given by theintersectionof the optical axis
of thereferencecamerawith the plane.As thereferenceémageis approximatelyfront on
to thereferenceplane,its rotationmatrix Res =~ I andits translationt,.s ~ [0 0 dT,
whered is the distanceof the optical centrefrom the plane. Henceits projectionmatrix

hastheform
f 0 0 0

P.;a |0 f 00
00 1d

andtheworld planeto referencémagehomographys givenby the scaling
f 00
HYf~ |0 f O
0 0 d
Assumingthatall imagesweretakenby the samecamergandhencehave the samecali-

brationmatrix C ), theposeandhencethe projectionmatrix of ary othercamerak canbe
calculatedromthehomograph;HZef betweerthatimageandthereferencéamage.Let

P, = Clrig|ra|rse|te]

Then
Hgld = C[r1k|r2k |tk]
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Thefocal length f canbe estimatedusingthe factthatr; andrs, thefirst two columns
of a rotation matrix, mustbe orthonormal. d canbe setarbitrarily to 1, asthereis an
ambiguitybetweemmagnitudeof the cameratranslationandits distancefrom the plane.
P, isthencompletelydeterminedy settingrs to bethecrossproductof ry; andr,.

3.4 Finding correspondences

Beforefinding a disparitymap,we warpeachimagesothatthereferenceplaneis aligned
with thereferencemageof theplane.This greatlysimplifiesthecorrespondengeroblem
andfacilitatestherecovery of densedisparitymaps,asshavnin [15, 11].

To obtaina parallaxfield we apply a wavelet transformto eachimageand perform
multi-resolutionmatchingin the phasedomain,asdescribedn [12]. As thecamerasre
calibratedwe weightthe matchingconstraintto favour correspondencesong epipolar
lines. At eachresolutionthedisparityfield is regularisedandinterpolatedusingthealgo-
rithm definedin [1]. Becausét assumethatthescends asmoothsurface thisalgorithm
is vulnerableo surfacediscontinuitiesandocclusion.We currentlytacklethis problemin
the depthestimationstage althoughin future we aim to extendour matchingalgorithm
to explicitly detectsurfacediscontinuities.This algorithmmatcheswo 640x480images
in lessthana minuteon a SunUltra 1 workstation,andis usedto find correspondences
betweerthereferencéamageandeachotherimagein the sequence.

3.5 Depth estimation

Our initial esitmateof depth,derived solely from the referenceémage,is z = 0 for all
points;thatis, theinitial structurds givenby thereferencelane.To updatehedepthmap
we unwarpthe correspondencdsetweera selectedmageandthe referencemage,and
triangulateusingthe methodproposedy Hartley and Sturm[7]. By matchingbetween
the alignedimagesandtriangulatingbetweerthe unalignedimages,we take advantage
of both the simplified correspondencef small baselinestereoand the accuratedepth
triangulationof wide baselinestereo.

By triangulatingbetweerthereferencémageandeachotherimagein turn we obtain
a setof depthestimatedor eachpointin the referencemage. It wasfoundthatfor the
smallnumberof imagesused the simplestandmosteffective way to avoid theinfluence
of outliersis to setthe currentdepthestimateto be the medianof the depthestimates
obtainedsofar.

However this stratgy is not reliable neardepthdiscontinuities,wherethe correct
matchmaybevisible only in a minority of imageg(seefigure 3). If apointis foundto be
neara possiblediscontinuity we useinsteadonly the depthestimatedrom the cameras
which arein a positionto avoid occlusion. We presentlydetectpossiblediscontinuities
by measuringhelocal variationin the currentdepthestimates.

To improve the appearancef the reconstructionjf a depthestimateis within an
interval containing0, its displacements consideredo be dueto inaccuraciesausedy
theimageresamplingandmatchingprocessesndit is setto 0. Thelimits of thisinterval
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Figure3: (a) Theareato theleft of theindentationis occludedrom cameral; in thiscase
ouralgorithmusesonly thedepthestimatdrom camera® and3 for pointsin thisregion.
Similarly the areato the right would be estimatednly from camerasl and?2. (b) The
variationin depthdueto perturbatioralongepipolarline e is greatethanthatcausedy
a similar perturbationalonge’, asimage2 is morewidely separatedrom the reference
imagethanimagel.

aresetto thedepthsbtainedy perturbinghematchedgoint,alreadylying onanepipolar
line dueto thetriangulationprocess] pixelin eitherdirectionalongits epipolarline and
triangulatingagain. In this way, similarly to [11], we obtainan ideaof the uncertainty
of depthbasedn camergposition(seefigure 3(b)). Whenusinga longimagesequence,
this uncertaintyestimatecanbe usedto accumulate statisticalestimateof the depthand
uncertaintyof eachpoint[11].

In futurewe intendto make furtheruseof intermediatedlepthmapsto estimatestruc-
ture. As we incorporateesachimagesequentiallywe cancomparethe predictedposition
of eachpoint, givenby the currentdepthmapandthe projectionmatrix Py, of the nenly
incorporatedcamera,with the actuallocation given by the correspondencalgorithm.
This canbe usedto improve our estimateof P, andto aid the matchingprocessasin
[2]. Thedifferencebetweenactualand predictedpoint locationcanalsobe usedasan
errormeasureto determinewhenthe algorithmhascorvergedto a sufficiently accurate
structureestimateandto isolateproblematiaegionsof theimage which couldbe usedto
guidearobotor humanuserto anadvantageousiewpoint.

4 Results

As this systemis intendedto augmenthe PhotoBuilderpackagejts major application
domainis refining modelsof approximatelyplanararchitecturalscenes.We give here
two examplesof our algorithmoperatingon sequencesf imagesof suchscenesThese
imageswveretakenwith aFuji MX-700 digital cameraandeachhasaresolutionof 640by
480pixels. Bothresultswereobtainedusingonly theinitial estimate®f P, generatedby
the calibrationalgorithm. Thesescenesare problematicfor mary structurefrom motion
algorithms becaus®nly minor depthvariationis present.
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(a) Referencémage (b) Imagel (c) Image2
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(d) Reconstructiofirom cameral only (e) Reconstructiofrom camera2 only

(g) Texturemappedeconstruction

(f) Fusedreconstruction

Figure4: Stonavork wreathreconstructionsshovn asuntexturedand(g) texturedVRML
surfaces.Areaswhich areoccludedfrom eitherviewpoint arereconstructegoorly from
thatviewpoint, but thefinal reconstructions accuratdor regionsvisible from ary view-

point.
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Figure 4 illustratesthe effect of our occlusiondetectionschemeon a threeimage
sequencef a stonewreathlocatedoutsideFitzwilliam Museum,Cambridge. Because
theright facingpartsof the wreatharenot visible from the viewpoint of cameral, their
reconstructioasednthisviewpointis poor. Similarly theleft facingregionsarepoorly
reconstructedrom the viewpoint of camera2. Howeverthe cumulatize reconstructioris
accuratein all regions exceptwherethe top of the wreathjoins the wall, which is not
visible from ary viewpoint. Thesereconstructionsre obtainedby dowvnsamplingthe
depthmap and triangulatingbetweenthe pointsto form a VRML surface. The final
reconstructiors texturemappedisingthereferencemage.In futurewe hopeto improve
thetexturemappingalgorithmsothatpartsof the scenenotvisiblein thereferencémage
arerenderedisinganimagein which they arevisible.

Figure5 shaws five imagesof a gatevay, the mostsignificantfeaturesof which are
thecentralinsetgateanda pair of shallawv rectangulahollowsto eithersideof it. Below
theseimagesarefour stagesn the evolution of theintially planarsurfaceasthe parallax
mapfrom eachimageis triangulatecandincorporatedn the depthestimate.Regionsof
minor deviationfrom the plane,andtherectangulaidentationsvhich exhibit only grad-
ual depthvariation,evolve graduallyoverthesequenceTheleft sideof thegate whichis
occludedn imagesl and2, is notaccuratelyreconstructedintil theincorporatiorof im-
ages3 and4. Althoughtheright sideof the gateis occludedandhencepoorly estimated
in images3 and4, its cumulative estimateshowvn in figure 5 (h) and(i), is notdegraded.
Figure6 shavs two views of arealistictexture mappedeconstructiorof the gatevay.

5 Conclusion

This paperhaspresented systemcomprisinga novel combinationof computervision
techniquedor theincrementarefinemenbof planarmodelsurfaces.Few imagesarere-
quiredto obtainanaccuratesetof depthestimateswhich greatlyenhanceshe accurag
andrealismof theresultingreconstructiorat very little costto theuser No camereacali-
brationinformationis required.

Futuredevelopmentwill focuson the completeautomationof the algorithmandon
improving its accurag. To this endwe planto extendour usageof intermediatedepth
estimatesaandimprove our occlusiondetectionalgorithm,asmentionedn section3. It
is anticipatedthat this systemwill be integratedinto the PhotoBuildempackageo auto-
matically refine the piecavise planarmodelswhich it currently producesthus offering
a simple, corvenientand computationallyinexpensve systemfor the generatiorof ex-
tremelyrealistic3D models.
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