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Abstract

A schemefor combiningauto-calibrationandscenecon-
straints in the “structure-from-motion” problem is pro-
posed.Thisschemefocuseson therecovery of theabsolute
guadric usingauto-calibration while imposingorthogonal
sceneplaneconstaints. First, aninitial estimateof the ab-
solutequadric is obtainedusinga linear method. A non-
linear constained optimizationstepis thenappliedto re-
finethis quadricandthecamen intrinsic parametesto up-
gradetheestimatedorojectivereconstructiorto Euclidean.
Finally, a bundle adjustmentalgorithm optimizesthe Eu-
clideanreconstructiorto give a statisticallyoptimal result.
Constaints from orthogonal sceneplanesare applied to
the initial estimationand refinemenstepsof the absolute
guadric. The performanceof the schemeis demonstated
onbothsimulatedandreal videodata.

1. Intr oduction

The “structure-from-motion”problem concernsthe re-
covery of both the scenestructureand motion of the cam-
era(s)from a set of images. Methodsfor solving this
problemvary largely dependingon the cameramodelcho-
sen, thesebeing, notably the projective [4, 5] and the
affine [20, 16] cameramodels. Thetype of imagefeatures
beingused,eg. imagelines, points, or conics,on the other
hand,determineghe numberof imagesrequiredfor shape
reconstruction6, 9, 1]. If no specialinformationaboutthe
cameraor the sceneis availablethenonly a projectivere-
constructionof the scenecan be obtained,cf. [4, 13, 5].
Sinceprojective structuregrenot suitablefor visualization,
it is oftendesirableto obtaina Euclideanreconstructiorup
to anunknown similarity transformation.

Traditionally, theEuclidearstructureof ascenehasbeen
obtainedvia two differenttypesof methodsThefirsttypeis
oftenreferredto asstratification, sinceonestartswith apro-
jective reconstructiorandthenfindsanaffine 'stratum’and
finally a Euclidean' stratum’to give the desiredreconstruc-
tion. In the upgradefrom projective to Euclideanrecon-
struction,somesceneconstraintsgg. somedistanceor an-
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gularmeasurementsf. [2] maybeincorporated.Thesec-
ondtype,oftenreferredto asauto-calibration, takesinto ac-
countsomea priori informationabouttheintrinsic parame-
ters,eg. known skew and/oraspectatio (se€[12, 21, 8, 15])
or constantintrinsic parametergsee[4]). The mainfocus
of this latter type of methodis on finding the intrinsic pa-
rametersie. auto-calibratinghe cameras.

The purposeof this paperis to combinethesetwo meth-
ods,makingit possibleto incorporatébothconstraintgrom
the sceneand constraintson the intrinsic parameters.In
particular we will focuson the useof the naturalcamera
model(ie. amodelthathaszeroskew andunit aspectatio)
and orthogonalsceneplanesas constraintsor the estima-
tion of the absolutequadricandto optimizethe Euclidean
reconstructionTheproposednethodwill have anumberof
adwantagesomparedo usingonly onetype of constraint:
() using all available constraintswill increasethe accu-
ragy of reconstruction(ii) degenerateor neardegenerate
casesanbeavoidedby usingdifferenttypesof constraints,
(i) robustnesds increasedsince the linear initialization
stephasmoreconstraints.

The useof the naturalcameramodelis justified by the
highqualitydigital andvideocameraswvailabletoday Even
if the skew is non-zeroandthe aspectratio of a camerais
notunity, thesetwo entitiesareknown to beinvariantunder
thechangeof focussettingandsothey canbepre-calibrated
andtreatedasconstant.The useof orthogonakceneplanes
is justified by the presenceof mary suchplanesin man-
madeobjects,eg. indoorscenesbuildings.

2.Background

Auto-calibrationwhich involvesthe recovery of the ab-
soluteconic or the absolutequadrichasbeenattemptecby
variousresearchersThe earliestwork on recovery of the
absoluteconic (ie. auto-calibratiorof the camera(s))s the
algorithm by Faugeraset al [3], whereone camerais in-
volvedandits intrinsic parameterareassumedixed. Hey-
denandAstrom [7] laterretrieve Euclidearstructurevia the
computationof the absolutequadric,assumingalso fixed
cameraintrinsic parameters.Triggs [21] proposeghe use
of quasi-linearconstraintsfor the absolutequadric, with
the sameassumptioimposed. Pollefeys et al [14] incor-



poratethe so-calledmodulusconstrainto the stratification
approacho upgradeprojectivestructureto affine andfinally

therecovery of the absoluteconicto upgradethe structure
to Euclidean.In their otherwork [15], they first assumehe
principal pointsin all imagesvanishto linearizethe equa-
tionsfor computingthe absolutequadric.A nonlinearopti-

mizationprocesss thenfollowedwhich allows theintrinsic

parametersf theimageso vary independently

Although Pollefeys et al [15] have indicatedthat scene
constraintzanbeincorporatednto auto-calibrationno fur-
ther investigationshave beenreportedin the literatureon
the useof suchconstraints.Liebowitz and Zissermars re-
port[10] is perhapgheonly onethatdetectdheimagepro-
jectionsof parallelandorthogonakcendinesanduseshem
to estimatethe vanishingpointsandasconstraintsor esti-
matingthe absoluteconic. However, their methodrequires
the computationof the fundamentamatrix, andthatlimits
their methodto working with two images.

In this paper we shov that sceneand auto-calibration
constraintscan be easily combinedfor the structure-from-
motion problem. In particular we focuson the useof or-
thogonalsceneplaneghatcanbeeasilyfoundin buildings.

3. The proposedscheme

A numberof stepsareinvolvedin our schemeFirst, us-
ing thelist of trackedimagefeaturepoints,a projective re-
constructiorof theimagedscends obtainedvia aniterative
factorizationanda projective bundleadjustmentAn initial
estimateof the absolutequadric,which embodiesnforma-
tion for Euclideanupgrade,is then computedusinglinear
constraintsfrom a specialcaseof the naturalcameraand
from orthogonakceneplanes.Thisis followedby anonlin-
ear constrainedptimizationto refine the estimatedabso-
lute quadricandthe cameraintrinsic parametersin the op-
timization processgconstraint§rom the naturalcameraand
from orthogonakceneglanesareenforced By usingthere-
fined estimateof the absolutequadric,the projective struc-
ture obtainedfrom the first stepis upgradedo Euclidean.
A final Euclidearbundleadjustments employedto further
optimizethestructureandintrinsiccamergparametersoas
to obtaina statisticallyoptimalresult.

3.1 Projective Reconstruction

GivenascengointX’ = [X7 Y7 77 1]7, its projection
x/ = [27 47 1]T ontoanimageplaneis governedby:

Nxi=|0 f w |[[R -Rt]XI (1
0 0 1

wherethe superscriptj denotesthe jM scene(or image)
point from a list of scene(or image)pointsand A anun-
known scalar Thefirst matrixis thecameramatrix K which

embodieghe unknawn focal length f and principal point
(ug,vo) of the camera. The secondmatrix is the motion
matrix which containsthe unknown rotation R andtransla-
tion t of thecamerao the scenepoint. The specialform of
K arisesfrom the useof the naturalcameramodel.

Whennoneof theseparametersreknown a priori, (1)
is oftenput in the compactform Mx/ = PXJ, whereP is
a3 x4 projectionmatrix. With the availability of m images
andn scenepoints, the 3m x 4 joint projectionmatrix P,
the 3m xn joint imagemeasuremennatrix x, andthe4 xn
joint shapematrix X arerelatedby

Alx} APxD Py
: . : = : [Xl : Xn]
ALxL oo A xm P,
&x = PX (2)

wherethe subscripti denoteghes™ camera.

Setting all the A} to 1 for the affine cameramodel,
TomasiandKanade[2) pioneeredhe useof thefactoriza-
tion methodto retrieve the joint projectionmatrix P and
joint shapematrix X from the joint image measurement
matrix x. For the projective cameramodel,Sparr[18] pro-
poseausingthe subspacenethodto iteratively refineall the
Al’s. In the sameyear Sturmand Triggs [19] proposea
differentschemehatrequiresestimationof the fundamen-
tal matricesandthe epipoles.Our Matlab codeis basedon
the methodof [18]. Initially, all the X]’s areassumedo be
unity. At eachiteration, the \}’s arerefinedwith the sub-
spacg4-dimensionasubspacef i) constrainbnx being
enforcedwhile minimizing theimagepoint reprojectiorer-
rors. The matrix x is thenupdatedwith the refinedvalues
of A]’s andre-factorizedto give new P andX matricesfor
thenext iteration. The methodhasbeenshawn to give very
goodestimate®f the A]’s andvery rapid cornvergence.

3.2 Linear estimation of the absolutequadric

The structurecontainedn the shapematrix X is projec-
tive only, sincefor ary joint projectionmatrix P andjoint
shapematrix X thatsatisfy(2), PA and A~!X alsoform
a solution,whereA is ary non-singular x 4 matrix. This
meangthatthe projectionmatricescanbe so arrangedhat
thefirst projectionmatrix P, = [I 0 ] andtheotherpro-
jectionmatricesP; = [ Q; q; ], for someQ; € >3 and
q; € R3.

To upgradethe projective structureto Euclidean,a ma-
trix A must be recovered for an appropriateprojective
changeof coordinatesn the estimatedscenepoints. That
is, we estimatematrix A suchthat

P,A~ K;[R;

— R;t; ] s fori = 1,...,m. (3)



SinceP, = [I 0], matrix A takestheform
K, 0
K @

a )

wherea = (a1,a2,a3) " andtheunknown, non-zeroscalar
s is oftensetto unity. It followsthat

PAATP ~ KiK.
Here, A representshe matrix that containsthe first three
columnsof A. Thisleadsto

P KlKir Kla
‘laTKy al®

& POP' ~ KiK',

P’ ~ KK

fori=1,...m (5)

The 4 x 4 matrix, denotedby €2 in (5), is the singulardual
guadricthat containsthe coordinatef the planeat infin-
ity (vectora) for affine reconstructiorandthe DIAC (dual
imageof the absoluteconic) K; K| for Euclideanrecon-
struction.

If imagefeaturepointsfrom two orthogonaplanesn the
scenareidentifiedthenanadditionallinearconstrainon 2
canbeimposedije.

n'Qm=0 (6)

wheren = (ny,n2,n3,n4) T andm = (my,ma, msz, my) "
arethe coordinate®f the two orthogonalplanescomputed
from the projective structurerecoveredin Section3.1.

Findingtheunknownsin (5) is adifficult nonlinearprob-
lem. An alternatve, assuggestedh [15], is to assumdur-
ther that the cameras principal point is approximatelyat
the centreof the imagebuffer. So, after settingthe origin
of the image coordinatesystemat the centreof the image
buffer, (uoi,v0:;) canbe setto (0,0) for all . This leaves
fi asthe only unknawn intrinsic parametefor eachimage
andeachK; K, asadiagonalmatrix whosefirst 2 diago-
nal elementsareidentical. Exceptfor thefirstimagewhich
providesidentity equationdo (5), eachof the otherimages
provides4 equationsrom the specialform of K;K,". The
specialform of K; K| reducesthe numberof unknovns
in Q to 5: Qn(: 922), 14, Qog, Q34, Nys. Otherele-
mentsof €2 are0, exceptfor {235 whichis 1. Theinclusion
of a sceneconstraintEquation(6)) thusallows usto solve
for all the unknovns using 2 images(m = 2). In our ex-
perimentseportedhere,morethan2 imagesfrom a video
sequencevereusedto recover 2. More imageswerecho-
sensincea degenerateconfigurationor critical motion that
might affect ary particularimagepair is unlikely to affect
theentireselectedsetof images.

3.3 Refining the absolutequadric

Theinitial estimateof (2 obtainedrom thelinearmethod
above must be refined, taking into accountthe situations

where f;, wuo;, vo;, for all 4, arevariablein the video se-
guence.Also, the sceneconstraintgyivenin (6) have been
simplifiedin orderto provide linearconstraintfor comput-
ing Q. Theexactconstraintshouldincludeanormalization
factorthatinvolves(, ie.

n'Qm
VnTQnvVmT™Qm

=0 )

for two orthogonablanesn andm in thescene.

Theform of K;; for thenaturalcameracanbeimposedn
the nonlinearoptimization. Writing (5) and (7) in matrix-
vectorform anddroppingthesubscriptl for thefirstimage,
we have thefollowing constrainedninimizationproblem:

2

s M; k;
i J= E : — : (8)
Faaes, = V(M) T(Miq) k] k;
mH>UQm »YOm
subjectto
AT (N,
(leq) (Nqu) — 0 (9)

(Njja)(Nuq)

Here M; € R0, q = [f2 + ud, ugvo, uo, ar, fi +v3,

vo, a2, 1,a3,a? + a3 + a? ] T € R10 js thevectorform con-
taining the elementsof Q, andk; = [ fZ + u2;, uoivo,
ugi, f2 + v2;,v0i,1]T containsthe elementsof KK, .
Equation(9) is the sum of several orthogonalscenecon-
straintsfrom (7) and N;; € 1%, We notethatq contains
only the coordinate®f the planeat infinity andthe intrin-
sic parameter®f the first image, while k; (wherei # 1)
containsonly the unknawvn intrinsic parametersf the i
image. The summationin (8) startsat the secondimage
sincethe cameramatrix for thefirst imagesatisfieg5) triv-
ially. Thetotal numberof unknovnsin theabove nonlinear
constrainedptimizationis 3m + 3. This parameterization
automaticallymposeshe conditiondet(Q2) = 0.

To geta rapid evaluationof the estimateof the absolute
guadricusing the above method,we chosethe f mi ncon
routine of Matlab and submittedto it the analyticalgradi-
entsof the objective andthe constraintfunctions. f i n-
con minimizesthe nonlinearsystemof equationsisingthe
Quasi-Navton method. On the assumptiorthat the initial
estimate®f theparameterarecloseto thetruesolution,the
iterationshouldcornverge to a minimum closeto the start-
ing point. Accordingly, it is appropriate¢o boundall of the
unknowns. For instance the camerafocal length mustbe
within 700to 3000pixels;theprincipalpointmustbewithin
therange+50 pixels of the centreof theimagebuffer; ay,
for k=1, ...,4 mustbeboundedvithin theinterval a{ £0.5,
wherea), is theinitial estimateof a;. Boththerangest50
and=+0.5 above areempiricallychoservalues.



3.4. Initial linear Euclidean upgrade

The optimizationprocessabore not only refinesthe es-
timate of 2, which allows the projectve structureof the
sceneto be upgradedo Euclidean|t alsorefinesthe cam-
eraintrinsic parametersf all images.An initial Euclidean
structurecanberetrieved by estimatingA from the refined
absolutequadric2.

Since AAT ~ Q, the bestway to computeA is to let
A=U;8L% whereQ = USVT is the SVD of Q, andUs
andS; the matricescontainingthefirst 3 columnsof U and
S. By usingthe intrinsic parametersefinedfrom (8) and
the recovered A matrix, K;, R;, t;, fori = 1,...,m can
all beretrieved. The projective structureX estimatedrom
Section3.1is thenupgradedo X, = A~ 'X.

3.5. Bundle Adjustment

Theinitial EuclideanreconstructioriX, obtainedabove
canbefurtherimprovedby minimizing thereprojectioner-
rorswhile bundlingall thereconstructe@D points,camera
intrinsic andextrinsic parameterén aniterative refinement
processThenumberof reprojectiorerrorsto beminimized
is 2nm? for n imagepointstracked over m imageswhile
the numberof parametergo be refinedis 3n + 9m. We
have implementedthe bundle adjustmentin Matlab using
the Levenbeg-Marquard method.Therateof corvergence
is very fastandrequiresonly 25 iterations. We note that
thedegreeof orthogonalityof orthogonakceneplanesmay
reduceslightly (by lessthan1°) afterbundleadjustment.

4. Experiments

To demonstratehat useof all available constraintsin-
creaseghe accurag of the reconstructionwe conducted
experimentsusing syntheticdata. We usedthe result ob-
tainedfrom our previousresearctwork on cameracalibra-
tion to ensurethat the synthesizedlataare realistic. The
experimentssynthesizedhe motion of a cameraviewing
a calibrationtarget that hadtwo orthogonalfaces,eachof
which had9 calibrationpoints. The lateralmotion wasal-
ways setto positive to simulatea left to right movement
of the camera.Small up/donvn andforward/backvard mo-
tionsweresynthesizedothatthe motionwould notbecrit-
ical. Rotationanglesof about—5° to 5° were randomly
synthesizedor the 3 principal axes. The cameras focal
lengthvariedupto 10%from thefocallengthof 1720pixels
computedrom our previous cameracalibrationwork. The
calibration-taget-to-camerdistancenvasapproximatelys0
cm. In eachexperiment,5 cameramotionswere synthe-
sized as describedabove, togetherwith 5 different focal
lengthsandprincipal points.

1Therearenm reprojectionerrorsto be minimizedfor eachof the z-
andy-directions.

In eachexperiment,we comparedhe relative errorsof
the focal lengths, principal points, reconstructionerrors,
and orthogonality errors (deviation from the 90° angle)
computedrom two approaches:

(a) auto-calibrationwithoutsceneconstaints whichdoes
not useary sceneconstraintsn the initial estimation
andrefinemenstepsof theabsolutequadric,and

(b) auto-calibration with sceneconstrints, which incor-
poratessceneconstraintdn boththeinitial estimation
andrefinemenstepsof theabsolutequadric.

In approacha), the Matlabroutinef ni nunc is employed
for therefinemenbf the absolutequadric. Approach(b) is
theschemaewe propose.

The meansandstandardieviationsof therelative errors
mentionedabovefor 20experimentonsynthesizedataare
listedin Tablel. Theentitye; = |f — f|/f is therelative
error of the estimatedfocal length;ex = ||X — X|| is Eu-
clideanreconstructiorerror (in cm); €y, ,vo) = ||(to, %) —
(@o,o)|| is the principal point error; eg = |6 — 90|/90
is relative error of the estimatedangle. In the above no-
tations,™ and‘” denote,respectrely, the estimatedand
true valuesof the entity, |.| denoteghe absolutevalue,and
||| denotesthe 2-norm of the vector concerned. The re-

Table 1. The means and standar d deviations
of a few error measures in 20 simulations.

Withoutsceneconstraints || With sceneconstraints

mean stddevn mean stddevn

€f 0.0919 0.0615 0.0917 0.0639
€X 1.1312 0.9273 0.5868 0.4621
€(uo,v0) 24.6308 16.4409 || 27.1651 16.2034
€p 0.0687 0.0384 0.0263 0.0192

sultsclearly shav thata smallerreconstructiorandorthog-
onality error (2.63% versus6.87%)canbe attainedby in-
corporatingsceneconstraintif available). Exceptfor the
slightly larger meanprincipal point error, a smallerfocal
length error (9.17% versus9.19%) also resultedfrom the
useof sceneconstraints.

Two of therealexperimentonductedrereportechere.
In thefirst experimentfourimagegof dimensiong68x576
pixels)of a calibrationtarget(Figurel) werecapturedrom
four differentview points. The imagefeaturepointswere
identifiedandthe correspondencesereestablisheananu-
ally. The centreof theimagebuffer is at (384, 288) andthe
principalpoint of thecamerds expectedo vary aroundthis
point. All of the 72 imagepointson both facesof the cal-
ibration target were usedfor computingthe projectie co-
ordinatef two orthogonakceneplaneswhich werecom-
binedto form a sceneconstraint.

Figure 2 showvs the Euclideanreconstructiorof the cali-
brationtargetandthe estimatedpositions,{C; | 1 <17 < 4},



Figure 1. The 4 images in Experiment 1.
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Figure 2. Two perspective views of the Eu-
clidean reconstruction using our proposed
scheme.

of thecamera.Theimprovementrom theuseof scenecon-
straintsto this experimentis very small becauseboth ap-
proacheqa) and(b) yielded very goodinitial estimateof
theabsolutequadric(seeSection3.2). Theestimatedntrin-
sic parameter®f the camerafor the 4 imagesaregivenin
Table2. We notethatthe principal point (336.25, 70.69) of

Table 2. The estimated focal lengths and prin-
cipal points of the camera in Experiment 1.

Without sceneconstraint With sceneconstraint
Image f (uo,vo) (g, vo)
(pixels) (pixels) (pixels) (pixels)
1 1271.89 (170.81,298.48) 1390.39 (326.26,313.97)
2 1480.16 (230.63,300.38) 1680.58 (317.27,245.68)
3 1784.32 (263.76,232.22) 1866.89 (331.25,268.77)
4 2294.82 (336.25,70.69) 1963.78 (366.20,214.05)

the 4™ imagefrom approach(a) is at a significantdistance
away from the centreof theimagebuffer.

The angle betweenthe two faceswas estimatedto be
89.29° via approach(a) and90.84° via approach(b). The
imposition of a sceneconstraintgave a slight increasein
the mean and standarddeviation of reprojectioner-
rors: without the sceneconstraint, = 0.70 pixels and

= 0.41 pixels;with thesceneconstraint, = 0.84 pixels
and = 0.51 pixels.

In the secondexperiment,a video sequencef 120im-
agesof a wall scenewas capturedby a handheld digital
video camcordel(Sory DCR-PC100).The cameramotion
was mainly lateral (from left to right), but becauseof the
walking of the cameramana small up and down camera
motionwasinvolved. In the last50 frames,while the cam-
eraremainedstationary it zoomedslowly into the scene.
The KLT featuretracker [11, 17] wasappliedto the entire

video sequencéo extractimagefeaturepoints. Out of the
videosequence( imagesat 20 framesapartwereselected.
After manuallyremoving all the outliersandaddinga few
imagefeaturepointsusedfor thesceneconstraints140im-
agefeaturepointsin eachimageresulted.Figure3 shavs 4
of the 7 images(dimensions768 x 576 pixels) of thevideo
sequencesuperimposeanto eachof them are the image
featurepoints.

Figure 3. Images 1, 3, 5, 7 of Experiment 2.

Sevenimagefeaturepointson top of the lower stairand
twelve imagefeaturepointson the wall wererandomlyse-
lectedto form two setsof pointson two orthogonalscene
planes.The projective structurerecoveredfor thesesetsof
pointswasusedasa sceneconstraintfor theinitial estima-
tion andrefinemenbf the absolutequadric.

Figure4 shavsthe Euclidearreconstructiorof thescene
and the estimatedpositionsof the camera. Thoseimage
featurepointsthatwereusedfor composinghe scenecon-
straintswerelabeledasblue 'sonthewall andasred x’s
on one of the stairs. The angle betweenthe wall andthe
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Figure 4. Plan views of the Euclidean recon-
struction and the estimated camera positions
using our scheme.

lower stair was estimatedo be 93.98° (without usingthe

sceneconstraintand90.16° (with the sceneconstraintye-

spectvely. The estimatedfocal lengthand principal point

for eachof the 7 imagesare given in Table 3. Sinceno

groundtruth of thecamerantrinsic parameterss available,
the accuray of the estimateshawn in the table cannotbe

assessedTheincreasén the estimatef the focal length
from images5 to 7, becausef the zoomingin of the cam-
era,is clearly evident. Theimpositionof orthogonalscene
planeconstraintsaappeardo give a slightly larger variation
of thecameras$ principal pointin this experiment.



Table 3. The estimated focal lengths and prin-
cipal points of the camera in Experiment 2.

Withoutsceneconstraint With sceneconstraint
Image (uo, o) (uo,v0)
(pixels) (pixels) (pixels) (pixels)
1 1249.50 | (328.29,310.90) || 1264.90 | (332.86,315.69)
2 1236.56 | (342.50,310.86) 1245.45 | (357.25,311.69)
3 1206.03 | (379.02,297.93) || 1197.81 | (408.41,300.18)
4 1230.87 | (380.63,278.37) 1225.25 | (423.21,283.74)
5 1224.19 | (396.19,270.75) 1218.43 | (442.92,279.63)
6 1226.59 | (390.20,258.62) 1222.16 | (436.54,264.30)
7 1363.24 | (398.74,265.32) 1358.56 | (449.25,271.49)

5. Discussions

The final Euclideanstructureobviously dependson the
initial estimateof the absolutequadricobtainedby thelin-
earmethod. If theinitial estimateof the absolutequadric
is poor thenthe subsequenstepsmay not be ableto pro-
ceedbecausdhe initial estimateof the focal length com-
putedfrom Section3.2 may be complex. This problemis
mainly dueto the factthatthe initial approximationof the
principal point beingat the centreof the imagebuffer is a
poor one. However, otherfactors,suchasthe distribution
of correspondingointsin theimagesandthe depthvaria-
tion of objectsin the sceneall make a contribution to the
accurag of theinitial estimateof the absolutequadric. In-
terestingly in comparisorwith the approachthat doesnot
emplogy sceneconstraintspur schemenelpsbring theinitial
estimateof the absolutequadricto thetrue solution.

We have only beenableto shav Euclideanstructurein
sparse3D point form. If more densecorrespondencesf
image featurepoints are identified then, after somepost-
processingn the 3D data,the Euclideanstructurecouldbe
representeds3D facetsandwould bemoresuitablefor 3D
visualization. We note that sincethe cameraintrinsic pa-
rameterandits motionhave beenrecoveredmoreaccurate
imagepoint correspondencesnbeestablished.

6. Conclusions

We have describeda schemefor combining auto-
calibration and sceneconstraintsfor the structure-from-
motion problem. It involves computationof the projec-
tive structureof the sceneand estimationof the absolute
quadricfor Euclideanupgradefollowed by bundle adjust-
mentto statisticallyoptimizethe Euclideanreconstruction.
Throughoutall the steps,auto-calibrationconstraintsare
imposed. In addition, constraintsfrom orthogonalscene
planesareenforcedin theinitial estimationandrefinement
stepsof the absolutequadric. Our experimentshave shavn
thatknown sceneconstraintscanbe easilyincorporatedo
improve the estimateof the absolutequadric and subse-
guentlyto obtainamoreaccurateEuclidearreconstruction.
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