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Abstract

Thiscontributionaddressestheproblemof obtaining3D
modelsfromimage sequences.A 3D surfacedescriptionof
thesceneis extractedcompletelyfroma setof uncalibrated
camera imagesof thescene. No prior knowledgeaboutthe
sceneor aboutthecamera is neededto build the3Dmodels.
Theonly assumptionsare the rigidity of the sceneobjects
andopaqueobjectsurfaces.

The modelingsystemdescribedhere usesa 3-stepap-
proach. First, the camera poseand intrinsic parameters
arecalibratedby trackingsalientfeaturepointsthroughout
thesequence. Next, consecutiveimagesof thesequenceare
treatedas stereoscopicimage pairs and densecorrespon-
dencemapsare computedbyareamatching. Finally, dense
andaccuratedepthmapsare computedby linking together
all correspondencesover the viewpoints. Thedepthmaps
are convertedto triangular surfacesmeshesthat are tex-
turemappedfor photo-realisticappearance. Thefeasibility
of theapproach hasbeentestedon bothreal andsynthetic
data and is illustratedhere on several outdoor image se-
quences.

1. Intr oduction

Theuseof three-dimensionalsurfacemodelsfor thepur-
poseof visualizationis gainingimportance.Highly realistic
3Dmodelsarereadilyusedtovisualizeandsimulateevents,
like in �ight simulators,in the gamesand�lm industryor
for productpresentations.Therangeof applicationsspans
from architecturevisualizationover virtual television stu-
dios,virtual presencefor videocommunicationsto general
”virtual reality” applications.

A limitation to the widespreaduseof thesetechniques
is currently the high costsof such3D modelssincethey
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have to be producedmanually. Especiallyif existing ob-
jectsareto be reconstructed,the measurementprocessfor
obtainingthecorrectgeometricandphotometricdatais te-
diousandtimeconsuming.Traditionalsolutionsincludethe
useof stereorigs, laserrangescannersandother3D digi-
tizing devices. Thesedevicesareoftenvery expensive, re-
quirecarefulhandlingandcomplex calibrationprocedures
andaredesignedfor a restricteddepthrangeonly.

In thiswork animagebasedapproachis proposedwhich
avoids mostof the problemsmentionedabove. The scene
which hasto be modeledis recordedfrom differentview-
pointsby avideocamera.Therelativepositionandorienta-
tion of thecameraandits calibrationparameterswill auto-
maticallyberetrievedfrom theimagedataby theproposed
algorithms.Hence,thereis noneedfor measurementsin the
sceneor calibrationprocedureswhatsoever. Thereis also
no restrictionon range,it is just aseasyto modela small
object, as to model a completelandscape.The proposed
methodthusoffersa previously unknown �e xibility in 3D
modelacquisition.In addition,any photographicrecording
device - e.g. camcorder, digital camera,or even standard
photographic�lm camera- is suf�cient for sceneacquisi-
tion. Hence,increased�e xibility is accompaniedby a de-
creasein cost.

In thiscontributionwewill discussthecompleteandau-
tomaticmodelingsystemthat is capableof computingac-
curateanddense3D surfacemodelsfrom uncalibratedim-
agesequences.We review thestateof theart for scenere-
constructionfrom imagesin section2. Section3 givesan
overview of the proposedsystemand discussesthe steps
neededfor depthestimationfrom imagesequences.Sec-
tion 4 dealswith the 3D model generationand the cre-
ationof texturedsurfaces.In sect.5 severalexperimentson
realoutdoorsequencesareperformed.Objectsof different
scalearemodeledanddifferent imagingsensorsareused
to demonstratethe quality and �e xibility of the proposed
reconstructionsystem.



2 Stateof the art

There have beennumerousapproachesto reconstruct
andto visualizeexisting 3D environmentsfrom imagese-
quences. Two main directionsof researchhave evolved:
geometry-basedand image-basedscenerepresentations.
Bothmethodsaimat realisticcaptureandfastvisualization
of 3D scenesfrom imagesequences.

Image-basedrenderingapproacheslike plenopticmod-
eling [24], light�eld rendering[22] andthelumigraph[11]
have lately receiveda lot of attention,sincethey cancap-
turetheappearanceof a 3D scenefrom imagesonly, with-
out theexplicit useof 3D geometry. Thusonemaybeable
to captureobjectswith very complex geometryand with
non-lambertiansurfacere�ectivity thatcannot bemodeled
otherwise. Basicallyonecachesall possibleviews of the
sceneandretrievesthemduringview rendering.Theprice
to payfor thisapproachis averyhighamountof dataanda
tediousimageacquisition.In fact,onehasto obtainthera-
dianceof thescenefrom light raysin all possiblepositions
andorientations,which is a5-dimensionalfunction.

Panoramicimage mosaicsare anotherway to repre-
sent the environmentfrom a restrictedset of viewpoints.
Panoramicsareobtainedby rotating the cameraarounda
�x ed viewpoint and allow highly realistic renderingfrom
thisviewpoints[15, 30].

Geometric3D modelingapproachesgeneratepolygonal
(triangular)surfacemeshesof a scene. A limited set of
calibratedcameraviews of the sceneis suf�cient for re-
construction.Texture mappingaddsthe necessary�delity
for photo-realisticrenderingto theobjectsurface.Methods
were reportedthat generatecompleteenvironmentsfrom
setsof panoramicimageswhenthe cameraposeis known
by instrumentation[31], andfor semi-automaticmodeling
of architecturalsceneswhentheclassof objectsis restricted
to simpleshapes[4, 29].

Commonto all approachesis theimageacquisitionpart.
Imagesof theobservedscenehavetobetakenandevaluated
to obtaina realisticrepresentation.Herewecandistinguish
betweencalibratedanduncalibratedimageacquisition. In
the caseof fully calibratedimagesequencesthe poseand
orientationfor eachacquisitionviewpoint is known a pri-
ory, throughtheuseof externalcameracalibrationdevices
or whenusingmechanicalposecontrol with a cameraon
a robotarm. Theneedto obtaina precisecalibrationfrom
externalmeasurementsplacessevererestrictionsontheim-
ageacquisitionprocessandlimits theapplicabilityfor real
scenes.

In the uncalibratedcaseno prior knowledgeof camera
posesand intrinsic cameraparametersis assumedandall
parameters,cameraposeandintrinsiccalibrationaswell as
the3D scenestructurehaveto beestimatedfrom the2D im-
agesequencealone.Theadvantageof this approachis that
simplephotographsof the scenecanbe usedwithout any

prior knowledgeandwithout additionalcalibrationequip-
ment. Evenold footagetakenwith any camerasystemcan
be usedfor reconstruction.The methodproposedin this
contribution is placedin this framework. Sincewe do not
rely on any prior calibrationor sceneinformation,we can
handlea wider rangeof scenesthanthe above mentioned
methods.

Faugerasand Hartley �rst demonstratedhow to ob-
tain uncalibratedprojective reconstructionsfrom imagese-
quencesalone [7, 12]. Since then, researcherstried to
�nd ways to upgradethesereconstructionsto metric (i.e.
Euclideanbut unknown scale,see[8, 33, 27]). Newest
resultsreport full self-calibrationmethodseven for vary-
ing intrinsic parameterslike focal length, which allows
the unrestricteduse of the camera,for example zoom-
ing [13, 26, 28]. To employ theseself-calibrationmethods
for sequenceanalysisthey mustbeembeddedin acomplete
scenereconstructionsystem.Beardsley etal. [1] proposeda
schemeto obtainprojectivecalibrationand3D structureby
robustly tracking salientfeaturepoints throughoutan im-
agesequence.This sparseobject representationoutlines
the objectshape,but givesnot suf�cient surfacedetail for
visual reconstruction.Highly realistic3D surfacemodels
needthe densedepthestimationand cannot rely on few
featurepointsalone. The work of FitzgibbonandZisser-
manrecentlyextendedtheapproachto modelobjectsfrom
all sides[9].

In [28] we extendedthe methodof Beardsley in two
directions. On the onehandthe projective reconstruction
wasupdatedto metricevenfor varyinginternalcamerapa-
rameters,on the otherhanda densestereomatchingtech-
nique[5] wasappliedbetweentwo selectedimagesof the
sequenceto obtaina densedepthmap for a single view-
point. Fromthis depthmapa triangularsurfacewire-frame
wasconstructedandtexturemappingfrom oneimagewas
appliedto obtainrealisticsurfacemodels. In [18] the ap-
proachwas further extendedto multi viewpoint sequence
analysis.Newestresultsshow thattheproposedmethodal-
lowsacombinedframework for image-andgeometry-based
scenereconstructions[19, 20]. In thiscontributionwecon-
centrateon thereconstructionof geometric3D scenemod-
els.

3. GeometricModeling fr om ImageSequences

Robustcameracalibrationandaccuratedepthestimation
arethekey problemsto besolved. In our systemwe usea
3-stepapproachthatis visualizedin �g. 1 with theexample
of modelinga building facade:

� Cameraself-calibrationis obtainedby robust tracking
of salientfeaturepointsover theimagesequence,

� densedepthmapsarecomputedbetweenadjacentim-
agepairs,



� depthmapsarelinkedtogetherby multipleview point
linking to fuse depthmeasurementsfrom all images
into a consistentmodel. Themodelis storedasa tex-
tured3-D surfacemesh.
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Figure 1. System overview: from the image
sequence ( �����
	���
 ) the projective reconstruc­
tion is computed; the projection matrices �

are then passed on to the self­calibration
module whic h deliver s a metric calibration

��� ; the next module uses these to compute
dense depth maps �����
	���
 ; all these results
are assemb led in the last module to yield a
textured 3­D surface model. The little pyra­
mids in front of the building symboliz e the
diff erent camera positions.

3.1. CameraCalibration thr oughFeatureTracking

Cameracalibration2 is obtainedby trackingsalientim-
agefeaturesthroughoutthesequence.Thedif�culty of this
stepis to robustly �nd at leasta few but very reliablecorre-
spondencesthatareneededfor cameracalibration.Salient
featurepointslike strongintensitycornersarematchedus-
ing robust(RANSAC) techniquesfor thatpurpose.In atwo-
stepprocedurea projectivecalibrationandfeaturepoint re-
constructionis recoveredfrom the imagesequencewhich
is thenupdatedto metriccalibrationwith a self-calibration
approach.

Retrieving the projective framework. At �rst feature
correspondencesare found by extractingintensitycorners
in differentimagesandmatchingthemusinga robustcor-
nermatcher[32]. In conjunctionwith the matchingof the
cornersarestrictedcalibrationof thesetupis calculated(i.e.
only determinedup to an arbitraryprojective transforma-
tion). This allows to eliminatematcheswhich are incon-
sistentwith the calibration. The 3D positionof a point is
restrictedto the line passingthroughits imagepoint and
thecameraprojectioncenter. Thereforethecorresponding
point is restrictedto theprojectionof this line in theother
image. Using this constraint,morematchescaneasilybe
foundandusedto re�ne thiscalibration.

The matchingis startedon the �rst two imagesof the
sequence.The calibrationof theseviews de�ne a projec-
tiveframework in whichtheprojectionmatricesof theother
views areretrievedoneby one. In this approachwe follow
theprocedureproposedby Beardsley etal [1]. Wetherefore
obtainprojectionmatrices( ����� ) of thefollowing form:
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and
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(1)

with
+���(

the homographyfor somereferenceplanefrom
view 1 to view / and

,$�0(

thecorrespondingepipole.

Retrieving themetric framework. Suchaprojectivecal-
ibration is certainlynot satisfactoryfor the purposeof 3D
modeling. A reconstructionobtainedup to a projective
transformationcandiffer verymuchfrom theoriginalscene
accordingto humanperception:orthogonalityand paral-
lelismarein generalnotpreserved,partof thescenecanbe
warpedto in�nity , etc. To obtaina bettercalibration,con-
straintson the internalcameraparameterscanbe imposed
(e.g. absenceof skew, known aspectratio, ...). By exploit-
ing theseconstraints,the projective reconstructioncanbe
upgradedto metric (Euclideanup to scale). In the met-
ric casethecameraprojectionmatriceshave the following

2By calibrationwemeantheactualinternalcalibrationof thecameraas
well astherelative positionandorientationof thecamerafor thedifferent
views with respectto anarbitrarycoordinatesystem.
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indicatetheorientationandpositionof the
camerafor view I and
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containsthe internalcamerapa-
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 is theprincipalpoint
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is a measureof theimageskew.
A practicalwaytoobtainthecalibrationparametersfrom

constraintsontheinternalcameraparametersis throughap-
plication of the conceptof the absolutequadric[33, 28].
In space,exactly one degeneratequadricof planesexists
which hasthepropertyto beinvariantunderall rigid trans-
formations. In a metric frameit is representedby the fol-

lowing �2��� symmetricrank3 matrix K
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K when Q is asimilarity transformation).Theprojectionof
theabsolutequadricin theimageyieldstheintrinsiccamera
parametersindependentof thechosenprojectivebasis3:
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where
\

meansequalup to anarbitrarynon-zeroscalefac-
tor. Thereforeconstraintson the internalcameraparame-
tersin

4;1

canbe translatedto constraintson the absolute
quadric.If enoughconstraintsareathand,only onequadric
will satisfythemall, i.e. theabsolutequadric. At thatpoint
the scenecan be transformedto the metric frame, which
brings K to its canonicalform. For a detailedanalysisof
thecalibrationproceduresee[28].

3.2. DenseCorr espondenceMatching

Only a few scenepoints are reconstructedfrom fea-
ture tracking. Obtaininga densereconstructioncould be
achieved by interpolation, but in practice this does not
yield satisfactory results. Often someimportant features
aremissedduring the cornermatchingand will therefore
notappearin thereconstruction.

Theseproblemscan be avoided by using algorithms
which estimatecorrespondencesfor almostevery point in
the images. At this point algorithmscan be usedwhich
weredevelopedfor calibratedstereorigs. Sincewe have
computedthe calibrationbetweensuccessive imagepairs
we canexploit theepipolarconstraintthatrestrictsthecor-
respondencesearchto a1-D searchrange.In particularit is
possibleto re-maptheimagepairto standardgeometrywith

3UsingEquation2 thiscanbeveri�ed for ametricbasis.Transforming
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Figure 2. Object pro�le triangulation from or­
dered neighboring correspondences.

theepipolarlinescoincidingwith theimagescanlines.The
correspondencesearchis thenreducedto a matchingof the
imagepointsalongeachimagescan-line.

The epipolar constraintobtainedfrom calibration re-
stricts correspondingimage points to lie in the epipolar
plane4 which also cuts a 3D pro�le out of the surfaceof
thesceneobjects.Thepro�le projectsontothecorrespond-
ing epipolarlines in

"ml

and
"on

whereit forms an ordered
setof neighboringcorrespondences(see�gure 2). For well
behavedsurfacesthis orderingis preservedanddeliversan
additionalconstraint,knownas'orderingconstraint'.Scene
constraintslikethiscanbeappliedbymakingweakassump-
tionsabouttheobjectgeometry. In many realapplications
the observedobjectswill be opaqueandcomposedout of
piecewisecontinuoussurfaces.If this restrictionholdsthen
additional constraintscan be imposedon the correspon-
denceestimation. Kochan[21] listed as many as 12 dif-
ferent constraintsfor correspondenceestimationin stereo
pairs.Of them,thetwo mostimportantonesapartfrom the
epipolarconstraintare:

� OrderingConstraint: For opaquesurfacesthe order
of neighboringcorrespondenceson the correspond-
ing epipolar lines is always preserved. This order-
ing allowstheconstructionof adynamicprogramming
schemewhich is employed by many densedisparity
estimationalgorithms[10], [3], [5].

� UniquenessConstraint:The correspondencebetween
any two correspondingpointsis bidirectionalaslong
asthereis noocclusionin oneof theimages.A corre-
spondencevectorpointing from an imagepoint to its
correspondingpoint in the other imagealwayshasa
correspondingreversevectorpointingback. This test
is usedto to detectoutliersandocclusions.

For densecorrespondencematchinga disparityestima-
tor basedon the dynamic programmingschemeof Cox

4Theepipolarplaneis theplanede�ned by thetheimagepointandthe
cameraprojectioncenters
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Figure 3. Scanline search for best disparity
pro�le that exploits the constraints.

et al. [3], is employed that incorporatesthe above men-
tioned constraints. It operateson recti�ed image pairs
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 wherethe epipolarlinescoincidewith imagescan
lines. The matchersearchesat eachpixel in image �

1

for
maximumnormalizedcrosscorrelationin �

(

by shifting a
smallmeasurementwindow (kernelsize5x5 to 7x7 pixel)
alongthecorrespondingscanline. Theselectedsearchstep
size p�� (usually1 pixel) determinesthesearchresolution.
Matchingambiguitiesareresolvedby exploiting theorder-
ing constraintin the dynamicprogrammingapproach(see
Fig. 3). The algorithmwasfurther adaptedto employ ex-
tendedneighborhoodrelationshipsandapyramidalestima-
tion schemeto reliablydealwith verylargedisparityranges
of over50%of imagesize[5].

3.3. SequenceLinking

The pairwise disparity estimationallows the compu-
tation of image to image correspondencebetweenadja-
centrecti�ed imagepairs,andindependentdepthestimates
for eachcameraviewpoint. An optimal joint estimateis
achievedby fusingall independentestimatesintoacommon
3D model. The fusioncanbeperformedin aneconomical
way throughcontrolledcorrespondencelinking. The ap-
proachutilizesa �e xible multi viewpoint schemeby com-
bining the advantagesof small baselineandwide baseline
stereo[18].

As small baselinestereo we de�ne viewpoints with a
baselinemuch smaller than the observed averagescene
depth. This con�guration is usually valid for image se-
quenceswere the imagesare taken as a spatialsequence
frommany slightlyvaryingview points.Theadvantagesare
aneasycorrespondenceestimationandsmallregionsof oc-
clusion5 betweenadjacentimages.Disadvantageis clearly
the limited depthresolutiondueto the small triangulation
anglebetweentheview points.

5As occlusionswe considerthosepartsof theobjectthatarevisible in
asingleimageonly, dueto objectself-occlusion.
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Thewidebaselinestereoin contrastis usedmostlywith
still imagephotographsof a scenewherefew imagesare
taken from a very differentviewpoint. Herethedepthres-
olution is superiorbut correspondenceandocclusionprob-
lemsappear, becausetheviews arevery differentandlarge
imageregionswithoutcorrespondencemayoccur.

Themulti viewpointlinking combinesthevirtuesof both
approachesby concatenatingcorrespondingpoints over
multiple images. In additionit will producedenserdepth
mapsthaneitherof theothertechniques,andallow for ad-
ditionalfeaturesduringdepthandtexturefusion[18]. In the
linking processcareis takento dealwith occlusionsandto
checkfor measurementoutliers.

3.3.1 Depth fusion

Assumeanimagesequencewith /

�

F

Ssr images,and
I beinganarbitraryimageof thatsequence.TheimageI is
calledreferenceimageandall measurementsarerelatedto
this image. Thegoal is to computea densedepthmapfor
a given referenceimage I and its view point �

1

. Starting
from the referenceimage I , the correspondencesbetween
adjacentimages/ = tmIvu
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is computedfrom thecorrespondencelinking thatdeliv-
erstwo listsof imagecorrespondencesrelative to therefer-
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of the correspondingpixel with the range
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representingthedepthuncertainty. Figure4 visualizesthe
decreasinguncertaintyinterval duringlinking.

While the disparitymeasurementresolution p�� in the
imageis kept constant(at 1 pixel), the reprojecteddepth
error

,'(

decreaseswith an increasingtriangulationangle.
Outliers are detectedby controlling the statisticsof the
depthestimatecomputedfrom the correspondences.All



depthvaluesthatfall within theuncertaintyinterval around
the meandepthestimateare treatedas inliers. They are
fusedby a 1-D Kalman �lter to obtain an optimal mean
depth estimate. Outliers are undetectedcorrespondence
failuresandmay be arbitrarily large. As thresholdto de-
tecttheoutliersweutilize thedepthuncertaintyinterval

,‚(

.

3.3.2 Occlusions

If an object region is visible in image I but not in / , we
speakof anocclusion.Occlusionsareeliminatedby incor-
poratingamulti viewpointmatcherthatoperatessymmetri-
cally to aparticularviewpoint I . Pointsthatareoccludedin
theview I'u

F

arenormallyvisiblein theview Iv}

F

andvice
versa.Theexploitationof links startingup anddown from
viewpoint I resolvesmostof theocclusionsandproducesa
verydensedepthmap.

4. SurfaceModeling

The densedepthmapsas computedby the correspon-
dencelinking mustbeapproximatedby a 3D surfacerepre-
sentationsuitablefor visualization.Sofareachobjectpoint
wastreatedindependently. To achievespatialcoherencefor
a connectedsurface,thedepthmapis spatiallyinterpolated
usinga parametricsurfacemodel. The boundariesof the
objectsto bemodeledarecomputedthroughdepthsegmen-
tation.In a �rst step,anobjectis de�ned asa connectedre-
gion in space.Simplemorphological�ltering removesspu-
rious andvery small regions. We thenemploy a bounded
thin platemodelwith a secondordersplineto smooththe
surfaceandto interpolatesmallsurfacegapsin regionsthat
couldnot be measured.If the objectconsistsof dominant
planarregions,thelocalsurfacenormalmaybeexploitedto
segmenttheobjectinto planarparts[17].

Thespatiallysmoothedsurfaceis thenapproximatedby
atriangularwire-framemeshto reducegeometriccomplex-
ity andto tailor themodelto therequirementsof Computer
Graphicsvisualizationsystems.

4.1. TextureFusion

Texturemappingontothewire-framemodelgreatlyen-
hancesthe realismof the models. As a texture map one
couldtake thetexturemapof thereferenceimageonly and
mapit to thesurfacemodel.However, thiscreatesabiasto-
wardstheselectedimage,andimagingartifactslike sensor
noise,unwantedspecularre�ections or the shadingof the
particularimagearedirectly transformedontotheobject.A
betterchoiceis to fusethetexturefrom theimagesequence
in muchthesamewayasdepthfusion.

The viewpoint linking builds a controlledchainof cor-
respondencesthat canbe usedfor texture enhancementas

well. A texturemapin this context is de�ned asthe color
intensityvaluesfor a givensetof imagepoints,usuallythe
pixel coordinates.While depthis concernedwith the po-
sition of thecorrespondencein the image,textureusesthe
color intensityvalueof thecorrespondingimagepoint. For
eachreferenceimagepositiononemaynow collecta list of
color intensityvaluesfrom the correspondingimageposi-
tions in the otherviewpoints. This allows to enhancethe
original texturein many waysby accessingthecolorstatis-
tics. Somefeaturesthat canbe derivednaturallyfrom the
texturelinking algorithmaredescribedbelow.

Specular re�ection and artifact removal. The surface
re�ectanceof theobjectis modeledby aviewpointindepen-
dentdiffuseanda viewpointdependentspecularre�ection.
In this casethecolor intensitystatisticscanbemodeledas
Gaussiannoisecontaminatedwith anoutliertail distribution
that containsthe re�ection. By collectingthe correspond-
ing color intensitiesover a seriesof differentviewpoints,
one can detectthe specularre�ectanceas outlier and re-
tain thediffusere�ection usingmedian�ltering. Thesame
statisticshold if a fastmoving objecttemporarilyoccludes
theobservedobject,like a pedestrianpassingin front of a
building to bemodeled.Theexploitationof a robustmean
texturewill thereforecapturethestaticobjectonly andthe
artifactsaresuppressed[14].

Super-resolutiontexture. Thecorrespondencelinking is
not restrictedto pixel-resolution,sinceeachbetween-pixel-
positionin the referenceimagecanbe usedto starta cor-
respondencechainaswell. Color intensityvalueswill then
be interpolatedbetweenthepixel grid. If theobjectis ob-
served from many differentview pointsandpossiblyfrom
differentobjectdistances,the�nite pixel grid of theimages
for eachviewpoint is generallyslightly displaced.Thisdis-
placementcanbe exploited to createsuper-resolutiontex-
ture by fusing all imageson a �ner resamplinggrid. The
super-resolutiongrid in thereferenceimagecanbechosen
arbitrarily �ne, but themeasurablerealresolutionof course
dependson the displacementand resolutionof the corre-
spondingimages[25].

4.2 Multiscale Integration

Sometimesit is not possibleto obtaina uniquemetric
framework for large objectslike buildings sinceone may
not be able to recordimagescontinuouslyaroundit. For
sceneswith highcomplexity wealsoneedanadaptive level
of detail sincenot all scenepartsneedto bemodeledwith
the sameresolution. In that casethe different sequences
have to be registeredto eachother. A problemhereis to
achieve consistency of themodels.We follow a coarse-to-
�ne multiscaleapproach.The sceneis �rst recordedfrom



somedistanceto getanoverview of thecompleteobjecton
a coarsescale.Next wemovenearerto theobjectto record
detailsthatcanbe�tted into theoverview modelon a �ner
scale. The registrationof the differently scaledmodelsis
currentlyperformedsemi-automaticwith a CAD modeling
tool like 3D-StudioMax. Threereferencepoints for each
modelareselectedinteractively at eachscaleand the de-
tail modelsare then �tted automaticallyto the overview
model, basedon the transformationscomputedbetween
the referencepoints. In the future we plan to automate
thisprocedurefurtherbasedonexistingsurfaceregistration
schemes[2].

5. Experiments

In this sectiontheperformanceof the modelingsystem
is testedondifferentoutdoorsequences.

5.1. Castlesequence

The Castlesequenceconsistsof 22 imagesof 720x576
pixel resolutiontaken with a standardsemi-professional
camcorderthatwasmovedfreelyin front of abuilding. Fig-
ure5 showstheimages1,8,14,and22of thesequence.

To judgethe geometricandvisualquality of the recon-
struction, different perspective views of the model were
computedanddisplayedin Figure6. In theshadedview, the
geometricdetailslike thewindow anddoornichesareseen.
A close-upview from a position that a humanobserver
would take revealsthehigh visualquality of themodel.To
demonstratethetexturefusioncapabilitiesof thealgorithm,
the specularre�ection in the upperright window was re-
movedby a texturemedian�ltering anda super-resolution
texturewith zoomfactorof 4 wasgeneratedfrom the im-
agesequence.Thebottomof Fig.6shows thereferenceim-

Figure 5. Images 1, 8, 14, and 22 of the castle
sequence .

Figure 6. Top: textured views. Middle left:
shaded view. Middle right: close­up view.
Bottom left: 4x zoomed original region, Bot­
tom right: median­�ltered super ­resolution
texture .

age(left) andthegeneratedmediansuper-resolutiontexture
without re�ection (right).

5.1.1 PerformanceEvaluation

Theabovereconstructionsshowedsomequalitativeresults.
Thequantitativeperformanceof ourmodelingapproachcan
be testedin differentways. Onemeasureis the visibility

ƒ

thatde�nes thenumberof views linkedto thereference
view. Themoreviews arelinked, thehigherthereliability
of the measurement.Anotherimportantfeatureof the se-
quencelinking algorithmis thedensityandaccuracy of the
depthmaps. To describeits improvementover the 2-view
disparityestimator, wede�ne the�ll rate „ andtheaverage
relativedeptherror … asadditionalmeasures.„ [in %] de-
�nes thenumberof estimatedpixelsvs. all imagepixels. …

[in %] is theaveragedepthuncertaintyof a point w.r.t. the
pointdistance.

The 2-view disparityestimatoris a specialcaseof the
proposedlinking algorithm,henceboth canbe compared
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Figure 7. Statistics of the castle sequence .
Left: In�uence of sequence length r on vis­
ibility

ƒ

and relative depth error … . Right:
In�uence of minim um visibility
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on depth
error … and �ll rate „ for r
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on an equalbasis. The 2-view estimatoroperateson the
imagepair ��I‰	0Ibu

F


 only, while the multi view estimator
operateson a sequence

F‹Š

I

Š

r with r•Œ

�

� . The
above de�ned statisticalmeasureswerecomputedfor dif-
ferentsequencelengthsN. Figure7 displaysvisibility and
relativedeptherrorfor sequencesfrom 2 to 15images,cho-
sensymmetricallyaroundthereferenceimage.Theaverage
visibility

ƒ

shows that for up to 5 imagesnearlyall views
areutilized. For 15 images,at averageeachpixel is linked
over9 images.Theamountof linking is re�ectedin therel-
ativedeptherrorthatdropsfrom 5%in the2 view estimator
to about1.2%for 15 images.

Linking two views is theminimumcasethatallows tri-
angulation. To increasethe reliability of the estimates,a
surfacepoint shouldoccur in more thantwo images. We
canthereforeimposeaminimumvisibility

ƒ
†Z1zˆ

onadepth

Figure 8. Shaded representation of surface
model using 2 views (left) and 11 views (right).

estimate.This will rejectunreliabledepthestimateseffec-
tively, butwill alsoreducethe�ll-rate of thedepthmap.The
graphin Fig. 7 (right) shows the dependency of the depth
errorand�ll rateon minimumvisibility for N=11. The�ll
ratedropsfrom 92%to about70%,but at thesametimethe
deptherroris reducedto 0.5%dueto outlier rejection.

Theeffectsof errorreductionwith sequencelinking can
be visualizedwhen the surfacemodelsare renderedwith
shading.Fig 8 shows the shadedmodelsof the castlefor
the2-view estimator(left) andthe11-view estimator(right).
The shapeof the 2-view model is very coarseandno de-
tails are visible, due to the quantizationartifactsthat are
inherentto themethod.In fact,thecompletescenecontains
only about20discretedisparityvalues.This leadsto avery
blocky appearanceof themodel. In themodellinkedfrom
11 views thequantizationartifactsarereducedgreatlydue
to the increasedeffective baseline,and many �ne details
like thewindow nichesandthedoorsaremodeled.

5.2. Pillar sequence

As anexamplefor varyingcameraparameters,eightim-
agesof a stonepillar with curvedsurfacesweretaken.Fig-
ure 9 show 2 of the recordedimages. While �lming and
moving away from theobjectthezoomwaschanged( Ž•� )
to keepthe imagesizeof the objectconstant. In spiteof
the changesin focal length the metric framecould be re-
trievedthroughself-calibration.In Figure10someperspec-
tive views of the reconstructionare given, renderedboth
shadedandwith surfacetexturemapping.Theshadedview
shows thatevenmostof thesmall detailsof theobjectare
modeled.

To assessthe metric propertiesfor the pillar, 27 differ-
entlengthsweremeasuredon therealobjectandcompared
with the metric model to obtain the scalefactor. Averag-
ing all measureddistancesgave a consistentscalefactorof
40.25with a standarddeviation of 5.4% overall. For the
interior distances(avoiding the inaccuraciesat the bound-
aryof themodel),thereconstructionerrordroppedto 2.3%.
Theseresultsdemonstratethe metric quality of the recon-
structioneven for complicatedsurfaceshapesandvarying
focal length.

Figure 9. Images 1 and 8 of pillar sequence .



Figure 10. Perspective views of the recon­
struction (with texture and shading).

5.3. SagalassosVirtual exhibition: A TestCase

The proposedsystem was tested on a large variety
of sceneswith different camerasof varying quality (35
mm photocameraon Photo-CD,digital still camera,cam-
corders)andwasfoundto work evenunderdif�cult acqui-
sitioncircumstances.As aspecialtestcase,�eld trialswere
carriedoutat thearchaeologicalexcavationsiteof Sagalas-
sosin Turkey. This is a challengingtasksincethearchae-
ologistswant to reconstructevensmall surfacedetailsand
irregular structures.Measurementswith highly calibrated
photogrammetricworkstationsfailed since thosesystems
couldnot withstandthe high temperaturesat thesite. The
goalof this �eld testwasto prove thefeasibilityof our ap-
proachfor a variety of scenesand to modelobjectsfor a
virtual exhibition thatcanbepresentedovertheinternet.

5.3.1 SagalassosSite

TheSitesequencein �gure 11 is a goodexampleof a large
scalemodelingusingoff-the-shelfequipment.Nine images
of thecompleteexcavationsiteof Sagalassosin Turkey (ex-
tensiona few /‘•6’ ) weretakenwith a conventionalphoto-
graphiccamerawhile walking along the valley rim. The
�lm wasthendigitizedonPhoto-CD.

The Site reconstructionin �gure 11 (bottom) gives a
goodoverview of the valley relief. Someof the dominant
objectslike theRomanBathandtheMarket place,aswell
aslandmarkslikebig treesor stonesarealreadymodeledat
thiscoarsescalebut withoutany detail.

5.3.2 Detail modelsof the Romanbath

This sequenceis a typical exampleof a detailedmodel. It
consistsof onepart of the Romanbath that wasmodeled
with high resolutionfrom six images. Figure12 shows 3
of theoriginal imagesandthe fuseddepthmap. The rela-
tivedeptherrorwasestimatedto 0.8%andthedepthmapis

Figure 11. Images 2 and 9 of the site sequence
(top) and overview model of the complete site
(bottom).

verydense.Figure13 revealsthehigh reconstructionqual-
ity which gives a realistic impressionof the object. The
close-upview con�rms thateachstoneis modeled,includ-
ing relief andsmall indentations.The indentationsbelong
to erosiongapsbetweenthestones.

5.3.3 Multiscale Integration of differ entLevel of Detail

The modelsacquiredat different scalesare registeredto
eachotherfor adaptive level of detail. For the exampleof
theRomanbathwe reconstructedmodelsat threedifferent
scales:thesiteoverview model,thedetailedpartof thebath
model,andan intermediatemodelthatoverlooksthecom-
pleteareaof thebaths.Thesereconstructionsthusnaturally
�ll in thedifferentlevelsof details(LOD) which shouldbe
provided for optimal rendering. In Figure14 reconstruc-

Figure 12. Images 1, 3 and 6 of Roman Bath
sequence . Lower right: estimated depth map
(dark = near, light = far).



Figure 13. Textured and shaded views of Ro­
man bath model. The close­up view sho ws
that even small details like single stones are
modeled.

tions of the Romanbathsaregiven for the threedifferent
levelsof details. Thesemodelsarethenregisteredto each
otherandinsertedin theoverview model. For scenevisu-
alization,theviewermayautomaticallyswitchbetweenthe
differentLOD dependingon objectdistance,thusallowing
anef�cient scenerepresentation.Fig 15 shows theintegra-
tion result. On of themajorproblemshereis theseamless
integrationof thesurfacetexturesfrom thedifferentlevels
of detail. Thedifferenttexture resolutionof overview and
detailedmodelleadsto a severeblurring in theforeground.

Figure 14. Models of the Roman baths at dif­
ferent scales: complete baths on intermedi­
ate level (top), zoom onto the baths in the
overview model of Figure 11 (bottom left), de­
tailed right corner of the baths from �g 13
(bottom right).

Figure 15. Multile vel model of Roman bath
with three LOD.

On way to handlethis problemwould beto synthesizetex-
ture for the overview modelwith higherresolutionto im-
provetheappearance.

5.3.4 Augmentingthe sitewith CAD models

Anotherinterestingapproachis the merging of the recon-
structedreal site model with hypothesizedbuildings that
wereconstructedfrom archaeological�ndings. This tech-
niqueallows thereconstructionof thesiteasit oncemight
havebeen.In thecaseof Sagalassossomebuildinghypothe-
sisweretranslatedto CAD models[23] andintegratedwith
our reconstructions.The resultcanbe seenin Figure16.
This sceneaugmentationis a powerful visualizationtool
that�ts naturallywith ourmodelingapproach.

Figure 16. Vir tualiz ed landscape of Sagalas­
sos combined with CAD­models of recon­
structed mon uments.

6. Conclusion

An automatic3D scenereconstructionsystemwas de-
scribedthatis capableof building metrictextured3D mod-
els from imagesof a freely moving, uncalibratedcamera.
Thetechniqueextractsmetricsurfacemodelswithoutprior
knowledgeaboutthesceneor thecameraotherthanassum-
ing rigidity of theobjects.Theapproachwastestedwith dif-
ferentoff-the-shelfcameratypesandfor scenesof varying
scaleandcomplexity. Thealgorithmsestimatevery dense
depthmapsandachieve a depthaccuracy of typically 1%
of scenedepth. The approachwas testedon a variety of



realoutdoorsequencesandhasprovenits robustness.The
highqualityof thereconstructedobjects,thedifferentscene
types,andthe useof off-the-shelfequipmentdemonstrate
the versatility and�e xibility of the proposedscenerecon-
structionapproach.

Work remainstobedonein constructingmultiscalemod-
elsfrom varyingLOD. Thesurfacetextureresolutionof the
differentlevelsneedto beadaptedandthemodelsneedto
beintegratedgeometricallyinto aconsistentsurfacemodel.
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