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Abstract

This paperpresentsa systemfor refiningtheaccuracy andrealismof coarse
piecewise planarmodelsfrom an uncalibratedsequenceof images. First,
densedepthmapsareestimatedby aligningaplanarregionof ascenein each
image,approximatingcameracalibration,andgeneratingdenseplanarparal-
lax. Thesedepthmapsarethenrobustlyfusedto obtainincrementallyrefined
surfaceestimates.It is envisagedthat this systemwill extendthemodelling
capabilityof existing systems[4] which generatesimple,piecewise planar
architecturalmodels.

1 Intr oduction

Theacquisitionof metric 3D structurefrom multiple uncalibratedimageshasbeenone
of the mostactively pursuedcomputervision tasksof recentyears. Systemshave re-
centlybeendevelopedto automaticallyrecover general3D modelsfrom a largenumber
of closelyspacedimages. For instance,[2] usesrobustly tracked featuresto calibrate
eachcameraandupdateanestimateof the3D locationof eachtrackedpoint in a “quasi-
Euclidean”frame.Morerealisticmodelsaregeneratedin [11] from densedisparitymaps
calculatedbetweenadjacentviewpoints,andbi-directionallylinkedalongthe imagese-
quence.Hereself-calibrationis obtainedfrom theabsolutequadric,which unlike quasi-
Euclideanframeestimationdoesnot requireaninitial calibrationestimate.As they make
no assumptionsaboutthestructureof thesceneandrequiremany images,thesesystems
arebothcomputationallyexpensive.

In practicemany scenes,especiallythosein man-madeenvironments,arewell approx-
imatedby a smallnumberof planarfaces.Systemswhich exploit thisconstraint,suchas
Facade[15], canproducehighly realisticmodelsof architecturalscenesfrom relatively
few, widely spacedimagesat lesscomputationalexpense.However, Facaderequiresa
userto specifya coarsepolyhedralmodelof thesceneandregisterit in eacheachimage.
This is a laboriousprocessandlimits thecomplexity of themodelwhich canbepracti-
cally recovered.More recentinteractivemodellingsystemssuchasPhotoBuilder[4] and
[14] requireonly that theuserspecifykey imagefeaturessuchasparallelor orthogonal
lines,but theeffort requiredof theuserquickly becomesprohibitiveasthedesiredmodel
complexity andnumberof imagesincreases.

This paperproposesa systemwhich usesplanarparallaxto enablesuchinteractive
systemsto recover more complex and realistic modelswith minimal cost to the user.
Givena sequenceof imagesof a nearplanarsceneanda planarmodelof thescene,it it-
eratively refinestheaccuracy of thismodel.It is particularlysuitedto architecturalmodel
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refinement,as imagesof architecturalscenesareoften dominatedby a singleapproxi-
matelyplanarsurfacesuchasawall. It alsocomplementsthemoregeneral3D modelling
systems,for whichsuchasceneis a neardegeneratecase.

2 Theory of planar parallax

A pair of imagesof a planar(2D) sceneis relatedby a 2D projective transformation,
known asa homography. The ideaof planarparallaxis to align two imagesof a planar
regionof asceneby applyingthehomographyinducedby thatregionto oneof theimages
(seefigure2). This decomposesthemotionbetweenframesinto two components:the

(a)Left Image (b) Right Image, Un-
warped

(c) Right Image,Warped

Figure 1: (c) shows the result of warping the right image(b) so that the planeof the
tabletopis alignedwith theleft image(a). Notethatall pointson thetabletoparealigned
while thoseabovethetable(suchasthetopsurfaceof thebook)aredisplacedby aresidual
parallax.

homographyH , anda setof residualmotionvectors,known asa planar parallax field.
It hasbeenshown [10, 13, 5, 17] thatfor a planeof equation��������� in thecoordinate
systemof thefirst camera,H is of theform	 ��

� �
������� ��� 
����
whereC is thecameracalibrationmatrix (assumedto be thesamefor eachcamera)and
R is the rotationand t the translationbetweenthe cameras.Thus H encapsulatesthe
calibrationof thecamerasandtherotationbetweenthem,while theplanarparallaxfield
dependsonly onthetranslationbetweenthecamerasanddepthof eachpoint. Becausethe
parallaxfield dependsonly on thetranslationalmotionof thecameraandnot its rotation,
it convergesat the epipole[6], as shown in figure 2. It is clear from figure 2(b) that
while it is theoreticallypossibleto computethe epipolefrom thesevectors,in practice
theestimationis veryunstable,particularlywhentheepipoleis far from theimageor the
parallaxvectorsaresmall.

Theplanarparallaxdecompositionhasbeensuccessfullyappliedto many problems
of computervision. In particularit complementsmoregeneralalgorithmsfor which 2D
structureis a degeneratecase,as shown in [16]. Becausethey separatethe effectsof
translationandrotation,imagewarpingandparallaxhave beenusedto simplify egomo-
tion estimation[10]. Novel views of approximatelyplanarscenesaregeneratedusing
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Figure2: (a)Thegeometryof planarparallax.If � is theprojectionof apointX belonging
to theplanarregion,its correspondence��� will bealignedwith it whenimage2 is warped
by H . However if � is theprojectionof a non-planarpoint suchasY, its correspondence
afterwarpingwill begivenby � , resultingin theplanarparallaxvector� alignedwith the
epipolarline ��� . (b) Exampleparallaxvectors.Theepipolefor this imagepair hasbeen
independentlycomputedto beat position(3187,-31); i.e. far to theright andjust above
thetopof theimage.

parallaxin [8]. Independentlymoving objectsin ascenecanbedetectedasthey generate
parallaxvectorswhich arenot directedtowardsor away from the epipole[13, 10]. In
[5, 13, 17] planarparallaxis linked to projective depth,which with cameracalibration
informationcanbe relatedto euclideandepth. Euclideandepthcan alsobe recovered
without knowledgeof cameracalibrationgiven theheightsof two non-planarpoints,as
shown in [18].

3 Model refinementalgorithm

3.1 Overview

This sectiondetailseachstepof our algorithm for applying planarparallaxto model
refinementfrom multipleuncalibratedimages.Thesestepsaresummarisedasfollows:

1. Oneimageis chosento be the referenceimage,andoneplanechosenasthe ref-
erenceplane. A homographyis computedbetweeneachimageof the reference
plane.

2. Eachcamerais calibratedusingthesehomographies.

3. A denseparallaxmap is estimatedbetweenthe referenceimageand eachother
image.

4. A depthmapis estimatedandsequentiallyrefinedusingthe parallaxmaps. The
final resultis viewedasa triangulated,texturemappedVRML surface.
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3.2 Homography definition

Our calibrationmethod(section3.3) requiresthat oneimageis chosenasthe reference
image.This imagemustbeapproximatelyfront on to thereferenceplane.Thereference
planecanbechosenautomaticallyusingdominantmotionextractionasin [3, 9], although
we currentlyusemanualselection.Thehomographybetweenthereferenceimageof the
planeandeachotherimageof theplaneis thendetermined.As thehomographyis a3 � 3
matrixdefinedupto ascalefactor, it has8 degreesof freedom;thereforeit is definedby at
least4 correspondingpointsbelongingto theplane.Theseareselectedastheintersection
of lines definedby the user, which are automaticallyfitted to local intensity edgesto
improvetheiraccuracy.

3.3 Cameracalibration

Thiscalibrationtechniqueis intendedto generateinitial estimatesof theprojectionmatri-
ces "! , to berefinedatalaterstage.It assumesasimpleperspectivecameramodelwhich
is well approximatedin practice:thatthecamerahaszeroskew, anaspectratio of 1, and
that its principalpoint lies at thecentreof the image.Thenits projectionmatrix hasthe
form  ! ��
#� � !"$ � ! �
where 
%� &')( * ** ( ** * +

,-

� ! is a rotationmatrix andthevector � ! definesthe translationof thecameracentrein
theworld coordinatesystem.We definetheworld coordinatesystemsothatthereference
planehasequation. � * , andthe origin is givenby the intersectionof theopticalaxis
of thereferencecamerawith theplane.As thereferenceimageis approximatelyfront on
to thereferenceplane,its rotationmatrix �0/212354%6 andits translation�7/8193:4;� *"* � � � ,
where � is thedistanceof theopticalcentrefrom theplane.Henceits projectionmatrix
hastheform

 /8193<4
&'5( * *=** ( *=** * + �

,-

andtheworld planeto referenceimagehomographyis givenby thescaling

	)>@?BA/2193 4 &' ( * ** ( ** * �
,-

Assumingthatall imagesweretakenby thesamecamera(andhencehave thesamecali-
brationmatrixC ), theposeandhencetheprojectionmatrixof any othercameraC canbe
calculatedfrom thehomography

	 /8193! betweenthatimageandthereferenceimage.Let

 ! ��
0� D � !E$ DGF !E$ DIH !�$ � ! �
Then 	 >@?BA! ��
0� D � ! $ D F ! $ � ! �
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and 	 /8193! � 	 >@?BA! 	 >@?BA/2193 �J� 4 &'LK �8� ! K F � ! 3 A�M � !K � F ! K F8F ! 3 A M F !�3 K � H ! �3 K F8H ! �A M H !
,-

Thefocal length
(

canbeestimatedusingthe fact that D � and D F , thefirst two columns
of a rotationmatrix, mustbe orthonormal. � canbe setarbitrarily to 1, as thereis an
ambiguitybetweenmagnitudeof thecameratranslationandits distancefrom theplane. ! is thencompletelydeterminedby settingDGH to bethecrossproductof D � and DGF .
3.4 Finding correspondences

Beforefindingadisparitymap,wewarpeachimagesothatthereferenceplaneis aligned
with thereferenceimageof theplane.Thisgreatlysimplifiesthecorrespondenceproblem
andfacilitatestherecoveryof densedisparitymaps,asshown in [15, 11].

To obtaina parallaxfield we apply a wavelet transformto eachimageandperform
multi-resolutionmatchingin thephasedomain,asdescribedin [12]. As thecamerasare
calibratedwe weight the matchingconstraintto favour correspondencesalongepipolar
lines.At eachresolutionthedisparityfield is regularisedandinterpolatedusingthealgo-
rithm definedin [1]. Becauseit assumesthatthesceneis asmoothsurface,thisalgorithm
is vulnerableto surfacediscontinuitiesandocclusion.Wecurrentlytacklethisproblemin
thedepthestimationstage,althoughin futurewe aim to extendour matchingalgorithm
to explicitly detectsurfacediscontinuities.Thisalgorithmmatchestwo 640� 480images
in lessthana minuteon a SunUltra 1 workstation,andis usedto find correspondences
betweenthereferenceimageandeachotherimagein thesequence.

3.5 Depth estimation

Our initial esitmateof depth,derivedsolely from the referenceimage,is . � *
for all

points;thatis, theinitial structureis givenby thereferenceplane.To updatethedepthmap
we unwarpthecorrespondencesbetweena selectedimageandthereferenceimage,and
triangulateusingthemethodproposedby Hartley andSturm[7]. By matchingbetween
the alignedimagesandtriangulatingbetweenthe unalignedimages,we take advantage
of both the simplified correspondenceof small baselinestereoand the accuratedepth
triangulationof widebaselinestereo.

By triangulatingbetweenthereferenceimageandeachotherimagein turnweobtain
a setof depthestimatesfor eachpoint in the referenceimage. It wasfound that for the
smallnumberof imagesused,thesimplestandmosteffectiveway to avoid theinfluence
of outliers is to set the currentdepthestimateto be the medianof the depthestimates
obtainedsofar.

However this strategy is not reliable neardepthdiscontinuities,wherethe correct
matchmaybevisibleonly in a minority of images(seefigure3). If a point is foundto be
neara possiblediscontinuity, we useinsteadonly thedepthestimatesfrom thecameras
which arein a positionto avoid occlusion.We presentlydetectpossiblediscontinuities
by measuringthelocalvariationin thecurrentdepthestimates.

To improve the appearanceof the reconstruction,if a depthestimateis within an
interval containing0, its displacementis consideredto bedueto inaccuraciescausedby
theimageresamplingandmatchingprocesses,andit is setto 0. Thelimits of this interval
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Figure3: (a)Theareato theleft of theindentationis occludedfrom camera1; in thiscase
ouralgorithmusesonly thedepthestimatefrom cameras2 and3 for pointsin thisregion.
Similarly the areato the right would be estimatedonly from cameras1 and2. (b) The
variationin depthdueto perturbationalongepipolarline � is greaterthanthatcausedby
a similar perturbationalong �I� , asimage2 is morewidely separatedfrom the reference
imagethanimage1.

aresetto thedepthsobtainedbyperturbingthematchedpoint,alreadylying onanepipolar
line dueto thetriangulationprocess,1 pixel in eitherdirectionalongits epipolarline and
triangulatingagain. In this way, similarly to [11], we obtainan ideaof the uncertainty
of depthbasedon cameraposition(seefigure3(b)). Whenusinga long imagesequence,
thisuncertaintyestimatecanbeusedto accumulatea statisticalestimateof thedepthand
uncertaintyof eachpoint [11].

In futurewe intendto make furtheruseof intermediatedepthmapsto estimatestruc-
ture. As we incorporateeachimagesequentially, we cancomparethepredictedposition
of eachpoint,givenby thecurrentdepthmapandtheprojectionmatrix  "! of thenewly
incorporatedcamera,with the actual location given by the correspondencealgorithm.
This canbe usedto improve our estimateof  ! andto aid the matchingprocessasin
[2]. The differencebetweenactualandpredictedpoint locationcanalsobe usedasan
errormeasure,to determinewhenthealgorithmhasconvergedto a sufficiently accurate
structureestimateandto isolateproblematicregionsof theimage,whichcouldbeusedto
guidea robotor humanuserto anadvantageousviewpoint.

4 Results

As this systemis intendedto augmentthe PhotoBuilderpackage,its major application
domainis refining modelsof approximatelyplanararchitecturalscenes.We give here
two examplesof our algorithmoperatingon sequencesof imagesof suchscenes.These
imagesweretakenwith aFuji MX-700digital camera,andeachhasaresolutionof 640by
480pixels.Bothresultswereobtainedusingonly theinitial estimatesof  "! generatedby
thecalibrationalgorithm. Thesescenesareproblematicfor many structurefrom motion
algorithms,becauseonly minordepthvariationis present.
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(a)ReferenceImage (b) Image1 (c) Image2

(d) Reconstructionfrom camera1 only (e)Reconstructionfrom camera2 only

(f) Fusedreconstruction (g) Texturemappedreconstruction

Figure4: Stoneworkwreathreconstructions,shownasuntexturedand(g) texturedVRML
surfaces.Areaswhich areoccludedfrom eitherviewpointarereconstructedpoorly from
thatviewpoint,but thefinal reconstructionis accuratefor regionsvisible from any view-
point.
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Figure 4 illustratesthe effect of our occlusiondetectionschemeon a threeimage
sequenceof a stonewreathlocatedoutsideFitzwilliam Museum,Cambridge.Because
theright facingpartsof thewreatharenot visible from theviewpoint of camera1, their
reconstructionbasedonthisviewpointis poor. Similarly theleft facingregionsarepoorly
reconstructedfrom theviewpointof camera2. However thecumulative reconstructionis
accuratein all regionsexceptwherethe top of the wreathjoins the wall, which is not
visible from any viewpoint. Thesereconstructionsareobtainedby downsamplingthe
depthmap and triangulatingbetweenthe points to form a VRML surface. The final
reconstructionis texturemappedusingthereferenceimage.In futurewehopeto improve
thetexturemappingalgorithmsothatpartsof thescenenotvisible in thereferenceimage
arerenderedusinganimagein which they arevisible.

Figure5 shows five imagesof a gateway, the mostsignificantfeaturesof which are
thecentralinsetgateandapairof shallow rectangularhollowsto eithersideof it. Below
theseimagesarefour stagesin theevolution of theintially planarsurfaceastheparallax
mapfrom eachimageis triangulatedandincorporatedin thedepthestimate.Regionsof
minordeviationfrom theplane,andtherectangularindentationswhichexhibit only grad-
ualdepthvariation,evolvegraduallyoverthesequence.Theleft sideof thegate,whichis
occludedin images1 and2, is notaccuratelyreconstructeduntil theincorporationof im-
ages3 and4. Althoughtheright sideof thegateis occludedandhencepoorly estimated
in images3 and4, its cumulativeestimate,shown in figure5 (h) and(i), is not degraded.
Figure6 showstwo viewsof a realistictexturemappedreconstructionof thegateway.

5 Conclusion

This paperhaspresenteda systemcomprisinga novel combinationof computervision
techniquesfor the incrementalrefinementof planarmodelsurfaces.Few imagesarere-
quiredto obtainanaccuratesetof depthestimates,which greatlyenhancestheaccuracy
andrealismof theresultingreconstructionat very little costto theuser. No cameracali-
brationinformationis required.

Futuredevelopmentwill focuson the completeautomationof the algorithmandon
improving its accuracy. To this endwe plan to extendour usageof intermediatedepth
estimatesandimprove our occlusiondetectionalgorithm,asmentionedin section3. It
is anticipatedthat this systemwill be integratedinto the PhotoBuilderpackageto auto-
matically refinethe piecewise planarmodelswhich it currentlyproduces,thusoffering
a simple,convenientandcomputationallyinexpensive systemfor the generationof ex-
tremelyrealistic3D models.
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