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Abstract

Thiscontributionaddresseshe problemof obtaining3D
modelsfromimage sequencesA 3D surfacedescriptionof
thescends extractedcompletelyfroma setof uncalibrated
camen imagesof the scene No prior knowled@ aboutthe
sceneor aboutthecamenis neededo build the3D models.
Theonly assumptionsre the rigidity of the sceneobjects
andopaqueobjectsurfaces.

The modelingsystemdescribedhere usesa 3-stepap-
proadh. First, the camen poseand intrinsic parametes
are calibratedby tradking salientfeature pointsthroughout
thesequenceNext, consecutivémagesof thesequencare
treatedas stereoscopicimage pairs and densecorrespon-
dencemapsare computedy areamatding. Finally, dense
andaccurate depthmapsare computedy linking together
all correspondencesver the viewpoints. Thedepthmaps
are corvertedto triangular surfacesmesheshat are tex-
ture mappedor photo-ealisticappeaance Thefeasibility
of the appmadc hasbeentestedon bothreal and synthetic
data andis illustrated here on several outdoorimage se-
guences.

1. Intr oduction

Theuseof three-dimensionaurfacemodelsfor thepur-
poseof visualizationis gainingimportance Highly realistic
3D modelsarereadilyusedo visualizeandsimulateevents,
likein ight simulators,n thegamesand Im industryor
for productpresentationsThe rangeof applicationsspans
from architecturevisualizationover virtual television stu-
dios, virtual presencdor video communication$o general
"virtual reality” applications.

A limitation to the widespreadiseof thesetechniques
is currently the high costsof such3D modelssincethey

1The authoris now with the Institute of ComputerScience Division
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have to be producedmanually Especiallyif existing ob-
jectsareto be reconstructedthe measuremenrocessor
obtainingthe correctgeometricandphotometricdatais te-
diousandtime consumingTraditionalsolutionsncludethe
useof stereorigs, laserrangescannerand other 3D digi-
tizing devices. Thesedevicesareoftenvery expensve, re-
quire carefulhandlingand complex calibrationprocedures
andaredesignedor arestricteddepthrangeonly.

In thiswork animagebasedapproachs proposedvhich
avoids mostof the problemsmentionedabove. The scene
which hasto be modeledis recordedfrom differentview-
pointsby avideocameraTherelative positionandorienta-
tion of the cameraandits calibrationparametersvill auto-
maticallyberetrieved from theimagedataby the proposed
algorithms.Hence thereis noneedfor measurementa the
sceneor calibrationproceduresvhatsoger. Thereis also
no restrictionon range,it is just aseasyto modela small
object, asto modela completelandscape.The proposed
methodthus offers a previously unknowvn e xibility in 3D
modelacquisition.In addition,any photographiaecording
device - e.g. camcorderdigital camera,or even standard
photographiclm camera is sufcient for sceneacquisi-
tion. Hence,increasede xibility is accompaniedby a de-
creasen cost.

In this contribtutionwe will discusghe completeandau-
tomaticmodelingsystemthatis capableof computingac-
curateanddense3D surfacemodelsfrom uncalibratedm-
agesequencesWe review the stateof the art for scenere-
constructionfrom imagesin section2. Section3 givesan
overview of the proposedsystemand discusseshe steps
neededor depthestimationfrom imagesequencesSec-
tion 4 dealswith the 3D model generationand the cre-
ationof texturedsurfacesIn sect.5 severalexperimenton
realoutdoorsequenceareperformed.Objectsof different
scaleare modeledand differentimaging sensorsare used
to demonstrateéhe quality and e xibility of the proposed
reconstructiorsystem.



2 Stateof the art

There have beennumerousapproachego reconstruct
andto visualizeexisting 3D ervironmentsfrom imagese-
guences. Two main directionsof researchhave evolved:
geometry-basedind image-basedscenerepresentations.
Both methodsaim atrealisticcaptureandfastvisualization
of 3D scenegrom imagesequences.

Image-basedenderingapproachesik e plenopticmod-
eling[24], light eld rendering22] andthe lumigraph[11]
have lately receved a lot of attention,sincethey cancap-
turethe appearancef a 3D scenegfrom imagesonly, with-
outtheexplicit useof 3D geometry Thusonemaybeable
to captureobjectswith very complex geometryand with
non-lambertiarsurfacere ectivity thatcannot be modeled
otherwise. Basically one cachesall possibleviews of the
sceneandretrievesthemduringview rendering.The price
to payfor thisapproachs avery highamountof dataanda
tediousimageacquisition.In fact,onehasto obtainthera-
dianceof the scengrom light raysin all possiblepositions
andorientationswhichis a5-dimensionafunction.

Panoramicimage mosaicsare anotherway to repre-
sentthe ervironmentfrom a restrictedset of viewpoints.
Panoramicsare obtainedby rotatingthe cameraarounda
x ed viewpoint and allow highly realistic renderingfrom
thisviewpoints[15, 30].

Geometric3D modelingapproachegeneratgolygonal
(triangular) surface meshesof a scene. A limited set of
calibratedcameraviews of the sceneis sufcient for re-
construction. Texture mappingaddsthe necessarydelity
for photo-realisticenderingo the objectsurface.Methods
were reportedthat generatecompleteervironmentsfrom
setsof panoramidmageswhenthe cameragposeis known
by instrumentatiorf31], andfor semi-automatienodeling
of architecturascenesvhentheclassof objectss restricted
to simpleshape$4, 29].

Commonto all approachess theimageacquisitionpart.
Imagesof theobsenedscenéhaveto betakenandevaluated
to obtainarealisticrepresentatiortierewe candistinguish
betweencalibratedand uncalibratedmageacquisition. In
the caseof fully calibratedimagesequence¢he poseand
orientationfor eachacquisitionviewpoint is known a pri-
ory, throughthe useof externalcameracalibrationdevices
or whenusing mechanicabosecontrol with a cameraon
arobotarm. The needto obtaina precisecalibrationfrom
externalmeasuremenfslacessevererestrictionsontheim-
ageacquisitionprocessandlimits the applicabilityfor real
scenes.

In the uncalibrateccaseno prior knowledgeof camera
posesand intrinsic cameraparameterss assumecdand all
parameterssamergposeandintrinsic calibrationaswell as
the3D scenestructurehaveto beestimatedrom the2D im-
agesequencelone. The advantageof this approachs that
simple photographof the scenecan be usedwithout ary

prior knowledgeand without additionalcalibrationequip-
ment. Evenold footagetakenwith any camerasystemcan
be usedfor reconstruction. The methodproposedn this

contritution is placedin this framewvork. Sincewe do not

rely on ary prior calibrationor sceneinformation,we can
handlea wider rangeof sceneghanthe abose mentioned
methods.

Faugerasand Hartley rst demonstratechow to ob-
tain uncalibratedgrojective reconstructionfrom imagese-
guencesalone[7, 12]. Since then, researchergried to
nd waysto upgradethesereconstructiongo metric (i.e.
Euclideanbut unknovn scale,see[8, 33, 27]). Newest
resultsreportfull self-calibrationmethodseven for vary-
ing intrinsic parameterdike focal length, which allows
the unrestricteduse of the camera,for example zoom-
ing [13, 26, 28]. To employ theseself-calibrationrmethods
for sequencanalysighey mustbeembeddedh acomplete
scengeconstructiorsystem Beardslg etal. [1] proposed
schemeo obtainprojective calibrationand3D structureby
robustly tracking salientfeaturepoints throughoutan im-
age sequence. This sparseobject representatiomutlines
the objectshape but givesnot sufcient surfacedetail for
visual reconstruction.Highly realistic 3D surfacemodels
needthe densedepthestimationand can not rely on few
featurepointsalone. The work of Fitzgibbonand Zisser
manrecentlyextendedthe approachto modelobjectsfrom
all sideg[9].

In [28] we extendedthe methodof Beardslg in two
directions. On the one handthe projective reconstruction
wasupdatedo metricevenfor varyinginternalcamergpa-
rameterspn the otherhanda densestereomatchingtech-
nigue[5] wasappliedbetweentwo selectedmagesof the
sequencdo obtaina densedepthmap for a single view-
point. Fromthis depthmapatriangularsurfacewire-frame
was constructedandtexture mappingfrom oneimagewas
appliedto obtainrealistic surfacemodels. In [18] the ap-
proachwas further extendedto multi viewpoint sequence
analysis Newestresultsshav thatthe proposednethodal-
lowsacombinedramework forimage-andgeometry-based
scenereconstruction§l9, 20]. In this contribtution we con-
centrateon thereconstructiorof geometric3D scenemod-
els.

3. GeometricModeling from Image Sequences

Rolustcameracalibrationandaccuratalepthestimation
arethe key problemsto be solved. In our systemwe usea
3-stepapproachhatis visualizedin g. 1 with theexample
of modelinga building facade:

Cameraself-calibrationis obtainedby robusttracking
of salientfeaturepointsovertheimagesequence,

densedepthmapsarecomputedetweeradjacenim-
agepairs,



depthmapsarelinkedtogetherby multiple view point
linking to fuse depthmeasurement§om all images
into a consistentnodel. 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 self-calibration
module which deliver s a metric calibration

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

3.1 CameracCalibration thr ough Feature Tracking

Cameracalibratior? is obtainedoby trackingsalientim-
agefeatureghroughouthe sequenceThedif culty of this
stepis to robustly nd atleastafew but veryreliablecorre-
spondencethatareneededor cameracalibration. Salient
featurepointslik e strongintensitycornersarematchedus-
ing robust(RANSAC) techniquesor thatpurposeln atwo-
stepprocedurea projective calibrationandfeaturepointre-
constructionis recoveredfrom the imagesequencavhich
is thenupdatedo metric calibrationwith a self-calibration
approach.

Retrieving the projective framework. At rst feature
correspondencesre found by extractingintensity corners
in differentimagesand matchingthemusinga robustcor
ner matcher{32]. In conjunctionwith the matchingof the
cornersarestricteccalibrationof thesetupis calculatedi.e.
only determinedup to an arbitrary projectve transforma-
tion). This allows to eliminate matcheswhich areincon-
sistentwith the calibration. The 3D positionof a point is
restrictedto the line passingthroughits image point and
the cameraprojectioncenter Thereforethe corresponding
pointis restrictedto the projectionof this line in the other
image. Using this constraint,more matchescan easily be
foundandusedto re ne this calibration.

The matchingis startedon the rst two imagesof the
sequence.The calibrationof theseviews de ne a projec-
tive framavork in whichtheprojectionmatricesof theother
views areretrieved oneby one. In this approachwe follow
theprocedurgroposedy Beardslyg etal [1]. Wetherefore
obtainprojectionmatricey ) of thefollowing form:

and Q)

with the homographyfor somereferenceplanefrom
view 1toview and thecorrespondingpipole.

Retrieving the metric framework. Suchaprojectvecal-
ibrationis certainly not satishctoryfor the purposeof 3D
modeling. A reconstructionobtainedup to a projective
transformatiorcandiffer very muchfrom theoriginalscene
accordingto humanperception: orthogonalityand paral-
lelismarein generahot presered, partof thescenecanbe
warpedto in nity , etc. To obtaina bettercalibration,con-
straintson the internalcameraparameterganbe imposed
(e.g. absencef skew, known aspecratio, ...). By exploit-
ing theseconstraintsthe projective reconstructiorcan be
upgradedto metric (Euclideanup to scale). In the met-
ric casethe camergprojectionmatriceshave the following

2By calibration we meartheactualinternalcalibrationof thecameraas
well astherelative positionandorientationof the camerdor the different
views with respecto anarbitrarycoordinatesystem.



form:
- with 2

where and indicatetheorientationandpositionof the
camerdor view and containstheinternalcamerga-
rameters: and  standfor the horizontaland vertical
focallength(in pixels), is the principal point
and is ameasuref theimageskew.

A practicalwayto obtainthecalibrationparameterfrom
constraint®ntheinternalcamergarameterss throughap-
plication of the conceptof the absolutequadric[33, 28].
In space,exactly one degeneratequadricof planesexists
which hasthe propertyto beinvariantunderall rigid trans-
formations. In a metric frameit is representedby the fol-

lowing symmetricrank3 matrix f

transformgpoints (andthus ), then
it transforms (which canbe veri ed to yield
when isasimilarity transformation) Theprojectionof
theabsoluteguadricin theimageyieldstheintrinsiccamera
parametertndependentf the choserprojective basis:

3)

where meansqualupto anarbitrarynon-zercscalefac-

tor. Thereforeconstrainton the internal cameraparame-
tersin canbetranslatedo constrainton the absolute
quadric.If enoughconstraintareathand,only onequadric
will satisfythemall, i.e. theabsolutequadric At thatpoint

the scenecan be transformedo the metric frame, which

brings to its canonicalform. For a detailedanalysisof

thecalibrationproceduresee[28].

3.2 DenseCorr espondencéMatching

Only a few scenepoints are reconstructedrom fea-
ture tracking. Obtaininga densereconstructiorcould be
achieved by interpolation, but in practice this does not
yield satishctory results. Often someimportantfeatures
are missedduring the cornermatchingand will therefore
notappeain thereconstruction.

These problemscan be avoided by using algorithms
which estimatecorrespondencdsr almostevery point in
the images. At this point algorithmscan be usedwhich
were developedfor calibratedstereorigs. Sincewe have
computedthe calibrationbetweensuccessie image pairs
we canexploit the epipolarconstrainthatrestrictsthe cor-
respondenceearcho a 1-D searclrange.In particularit is
possibleto re-maptheimagepairto standardjeometrywith

SUsingEquation2 this canbeveri ed for ametricbasis. Transforming
and will notchangethe projection.
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Figure 2. Object prole triangulation from or-
dered neighboring correspondences.

theepipolarinescoincidingwith theimagescanlines. The
correspondencsearchs thenreducedo a matchingof the
imagepointsalongeachimagescan-line.

The epipolar constraintobtainedfrom calibration re-
stricts correspondingmage points to lie in the epipolar
plané which also cutsa 3D pro le out of the surface of
thesceneobjects.Thepro le projectsontothecorrespond-
ing epipolarlinesin  and  whereit forms an ordered
setof neighboringcorrespondencedsee gure 2). For well
behaed surfacesthis orderingis preseredanddeliversan
additionalconstraintknown as'orderingconstraint’.Scene
constraintdik ethiscanbeappliedby makingweakassump-
tions aboutthe objectgeometry In mary real applications
the obsened objectswill be opaqueand composedut of
piecavisecontinuoussurfaces.If thisrestrictionholdsthen
additional constraintscan be imposedon the correspon-
denceestimation. Kochan[2] listed as mary as 12 dif-
ferentconstraintsfor correspondencestimationin stereo
pairs. Of them,thetwo mostimportantonesapartfrom the
epipolarconstraintre:

Ordering Constraint: For opaquesurfacesthe order
of neighboringcorrespondencesn the correspond-
ing epipolarlines is always presered. This order

ing allowstheconstructiorof adynamicprogramming
schemewhich is employed by mary densedisparity
estimatioralgorithms[10], [3], [5].

Uniquenes<onstraint: The correspondencbetween
ary two correspondingointsis bidirectionalaslong

asthereis no occlusionin oneof theimages.A corre-
spondenceectorpointing from animagepoint to its

correspondingpoint in the otherimagealways hasa

correspondingeversevectorpointing back. This test
is usedto to detectoutliersandocclusions.

For densecorrespondencmatchinga disparity estima-
tor basedon the dynamic programmingschemeof Cox

4Theepipolarplaneis theplanede ned by thetheimagepointandthe
camergprojectioncenters
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Figure 3. Scanline search for best disparity
prole that exploits the constraints.

et al. [3], is employed that incorporateshe abore men-
tioned constraints. It operateson recti ed image pairs

wherethe epipolarlines coincidewith imagescan
lines. The matchersearchest eachpixel in image for
maximumnormalizedcrosscorrelationin - by shifting a
smallmeasurementindow (kernelsize 5x5 to 7x7 pixel)
alongthecorrespondingcanline. Theselectedsearctstep
size (usuallyl pixel) determineshe searchresolution.
Matchingambiguitiesareresohedby exploiting the order
ing constraintin the dynamicprogrammingapproach(see
Fig. 3). The algorithmwas further adaptedo employ ex-
tendedneighborhoodelationshipsanda pyramidalestima-
tion schemdo reliably dealwith verylargedisparityranges
of over50%of imagesize[5].

3.3 Sequencd.inking

The pairwise disparity estimationallows the compu-
tation of image to image correspondencéetweenadja-
centrecti ed imagepairs,andindependentlepthestimates
for eachcameraviewpoint. An optimal joint estimateis
achievedby fusingall independengstimatesntoacommon
3D model. The fusion canbe performedin an economical
way through controlled correspondencinking. The ap-
proachutilizesa e xible multi viewpoint schemeby com-
bining the advantage®f small baselineandwide baseline
stered18].

As small baselinestereo we de ne viewpoints with a
baselinemuch smaller than the obsered averagescene
depth. This con guration is usually valid for image se-
guenceswere the imagesare taken as a spatialsequence
from mary slightly varyingview points.Theadwantagesre
aneasycorrespondencestimatiorandsmallregionsof oc-
clusior? betweeradjacenimages.Disadantages clearly
the limited depthresolutiondueto the small triangulation
anglebetweertheview points.

5As occlusionswe considetthosepartsof the objectthatarevisible in
asingleimageonly, dueto objectself-occlusion.

Figure 4. Depth fusion and uncer tainty reduc-
tion from correspondence linking along the
line of sight for areference image

Thewidebaselinestereoin contrasis usedmostlywith
still imagephotographof a scenewherefew imagesare
takenfrom a very differentviewpoint. Herethe depthres-
olutionis superiorbut correspondencandocclusionprob-
lemsappearbecauséheviews arevery differentandlarge
imageregionswithout correspondenc@ay occut

Themulti viewpointlinking combineghevirtuesof both
approacheshy concatenatingcorrespondingpoints over
multiple images. In additionit will producedenserdepth
mapsthaneitherof the othertechniquesandallow for ad-
ditionalfeaturesiuringdepthandtexturefusion[18]. In the
linking processareis takento dealwith occlusionsandto
checkfor measuremerdutliers.

3.3.1 Depth fusion

Assumeanimagesequencevith imagesand
beinganarbitraryimageof thatsequenceTheimage is
calledreferencemageandall measurementarerelatedto
thisimage. The goalis to computea densedepthmapfor
a givenreferencamage andits view point . Starting
from the referencemage , the correspondencdsetween
adjacentmages = and = are
linkedin achain. Thedepthfor eachreferencémagepoint
is computedrom the correspondendinking thatdeliv-
erstwo lists of imagecorrespondenceaslative to therefer
encepnelinking down from andonelinking upfrom
. Foreachvalid pairof correspondingoints
we cantriangulatea depthestimate alongtheline
of sight of the correspondingixel with the range
representinghe depthuncertainty Figure4 visualizesthe
decreasingincertaintyinterval duringlinking.

While the disparity measuremermesolution in the
imageis kept constant(at 1 pixel), the reprojecteddepth
error  decreasesvith anincreasingtriangulationangle.
Outliers are detectedby controlling the statisticsof the
depth estimatecomputedfrom the correspondencesAll



depthvaluesthatfall within the uncertaintyinterval around
the meandepth estimateare treatedas inliers. They are
fusedby a 1-D Kalman lter to obtainan optimal mean
depth estimate. Outliers are undetectedcorrespondence
failuresand may be arbitrarily large. As thresholdto de-
tecttheoutlierswe utilize the depthuncertaintyinterval

3.3.2 Occlusions

If an objectregion is visible in image but notin , we
speakof anocclusion.Occlusionsareeliminatedby incor-
poratinga multi viewpoint matcherthatoperatesymmetri-
cally to a particularviewpoint . Pointsthatareoccludedn
theview arenormallyvisiblein theview andvice
versa.Theexploitationof links startingup anddown from
viewpoint resohesmostof theocclusionsandproducesa
very densedepthmap.

4. SurfaceModeling

The densedepthmapsas computedby the correspon-
dencdinking mustbeapproximatedby a 3D surfacerepre-
sentatiorsuitablefor visualization.Sofar eachobjectpoint
wastreatedndependentlyTo achieve spatialcoherencéor
aconnecteaurface thedepthmapis spatiallyinterpolated
using a parametricsurfacemodel. The boundarief the
objectsto bemodeledarecomputedhroughdepthsegmen-
tation.In a rst step,anobjectis de ned asa connectede-
gionin space Simplemorphologicalltering removesspu-
rious andvery small regions. We thenemploy a bounded
thin plate modelwith a secondordersplineto smooththe
surfaceandto interpolatesmallsurfacegapsin regionsthat
could not be measured|If the objectconsistsof dominant
planarregions,thelocal surfacenormalmaybeexploitedto
segmentthe objectinto planarparts[17].

The spatiallysmoothedsurfaceis thenapproximatedy
atriangularwire-framemeshto reducegeometriccomplec-
ity andto tailor the modelto therequirement®f Computer
Graphicsvisualizationsystems.

4.1 Texture Fusion

Texture mappingontothe wire-framemodelgreatlyen-
hanceghe realismof the models. As a texture map one
couldtake the texture mapof the referencamageonly and
mapit to thesurfacemodel. However, this creates biasto-
wardsthe selectedmage,andimagingartifactslik e sensor
noise,unwantedspeculare ections or the shadingof the
particularimagearedirectly transformedntotheobject.A
betterchoiceis to fusethetexturefrom theimagesequence
in muchthe sameway asdepthfusion.

The viewpoint linking builds a controlledchainof cor-
respondencethat canbe usedfor texture enhancemeras

well. A texture mapin this contet is de ned asthe color
intensityvaluesfor a givensetof imagepoints,usuallythe
pixel coordinates.While depthis concernedwith the po-
sition of the correspondencia the image,texture usesthe
color intensityvalueof the correspondingmagepoint. For
eachreferencamagepositiononemaynow collectalist of
color intensity valuesfrom the correspondingmageposi-
tionsin the otherviewpoints. This allows to enhancehe
originaltexturein mary waysby accessinghe color statis-
tics. Somefeaturesthat canbe derived naturallyfrom the
texturelinking algorithmaredescribedelow.

Specular re ection and artifact removal. The surface
re ectanceof theobjectis modeledoy aviewpointindepen-
dentdiffuseanda viewpointdependenspeculare ection.
In this casethe color intensitystatisticscanbe modeledas
Gaussiamoisecontaminateavith anoutliertail distribution
that containsthe re ection. By collectingthe correspond-
ing color intensitiesover a seriesof differentviewpoints,
one can detectthe specularre ectanceas outlier and re-
tain the diffusere ection usingmedian Itering. Thesame
statisticshold if a fastmoving objecttemporarilyoccludes
the obsered object, like a pedestriarpassingn front of a
building to be modeled.The exploitation of a robustmean
texturewill thereforecapturethe staticobjectonly andthe
artifactsaresuppressefi4].

Superresolutiontexture. Thecorrespondendinking is

notrestrictedo pixel-resolutionsinceeachbetween-pirl-

positionin the referencamagecanbe usedto starta cor

respondencehainaswell. Colorintensityvalueswill then
be interpolatedbetweerthe pixel grid. If the objectis ob-

senedfrom mary differentview pointsand possiblyfrom

differentobjectdistancesthe nite pixel grid of theimages
for eachviewpointis generallyslightly displaced This dis-

placementan be exploited to createsuperresolutiontex-

ture by fusing all imageson a ner resamplinggrid. The
superresolutiongrid in the referencémagecanbe chosen
arbitrarily ne, butthemeasurableealresolutionof course
dependson the displacementind resolutionof the corre-
spondingmageq25].

4.2 Multiscale Integration

Sometimest is not possibleto obtaina uniquemetric
framework for large objectslike buildings sinceone may
not be able to recordimagescontinuouslyaroundit. For
scenesvith high compleity we alsoneedanadaptve level
of detail sincenot all scenepartsneedto be modeledwith
the sameresolution. In that casethe differentsequences
have to be registeredto eachother A problemhereis to
achieve consisteng of the models.We follow a coarse-to-
ne multiscaleapproach.The sceneis rst recordedrom



somedistanceo getanoverview of the completeobjecton
acoarsescale.Next we move nearetto the objectto record
detailsthatcanbe tted into the overvien modelona ner
scale. The registrationof the differently scaledmodelsis
currentlyperformedsemi-automatievith a CAD modeling
tool like 3D-StudioMax. Threereferencepoints for each
model are selectednteractvely at eachscaleandthe de-
tail modelsare then tted automaticallyto the overview
model, basedon the transformationscomputedbetween
the referencepoints. In the future we plan to automate
this procedurdurtherbasedn existing surfaceregistration
scheme$2].

5. Experiments

In this sectionthe performanceof the modelingsystem
is testedon differentoutdoorsequences.

5.1 Castlesequence

The Castlesequenceonsistsof 22 imagesof 720x576
pixel resolutiontaken with a standardsemi-professional
camcordethatwasmovedfreelyin front of abuilding. Fig-
ure5 shavstheimagesl,8,14,and22 of thesequence.

To judgethe geometricandvisual quality of the recon-
struction, different perspectie views of the model were
computedanddisplayedn Figure6. In theshadediiew, the
geometridetailslik e thewindow anddoornichesareseen.
A close-upview from a position that a humanobsener
would take revealsthe high visual quality of themodel. To
demonstrat¢ghetexturefusioncapabilitiesof thealgorithm,
the specularre ection in the upperright window wasre-
moved by a texture median Itering anda supefresolution
texture with zoomfactor of 4 was generatedrom theim-
agesequenceThebottomof Fig.6 shavsthereferencem-

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

Figure 6. Top: textured views. Middle left:
shaded view. Middle right: close-up view.
Bottom left: 4x zoomed original region, Bot-
tom right: median- Itered super -resolution
texture .

age(left) andthegeneratednediansupefresolutiontexture
withoutre ection (right).

5.1.1 PerformanceEvaluation

Theabovereconstructionshavedsomequalitative results.
Thequantitatve performancef ourmodelingapproacttan
be testedin differentways. One measurds the visibility

thatde nesthe numberof views linkedto thereference
view. The moreviews arelinked, the higherthe reliability
of the measurementAnotherimportantfeatureof the se-
guencdinking algorithmis the densityandaccurag of the
depthmaps. To describets improvementover the 2-view
disparityestimatoywe de nethe Il rate andtheaverage
relative deptherror asadditionalmeasures. [in %] de-
nes thenumberof estimategixelsvs. all imagepixels.
[in %] is the averagedepthuncertaintyof a pointw.r.t. the
pointdistance.

The 2-view disparity estimatoris a specialcaseof the
proposedinking algorithm, henceboth canbe compared
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Figure 7. Statistics of the castle sequence.

Left: Inuence of sequence length  on vis-
ibility and relative depth error Right:
In uence of minim um visibility on depth

error and Il rate for

on an equalbasis. The 2-view estimatoroperateson the
imagepair only, while the multi view estimator
operateson a sequence with . The
above de ned statisticalmeasuresvere computedfor dif-

ferentsequencéengthsN. Figure 7 displaysvisibility and
relative deptherrorfor sequencefom 2 to 15imagesgcho-
sensymmetricallyaroundthereferencémage.Theaverage
visibility  shaws thatfor up to 5 imagesnearlyall views

areutilized. For 15images.at averageeachpixel is linked
over9images.Theamountof linking is re ectedin therel-

ative deptherrorthatdropsfrom 5%in the 2 view estimator
to aboutl.2%for 15images.

Linking two views is the minimum casethat allows tri-
angulation. To increasethe reliability of the estimatesa
surfacepoint shouldoccurin morethantwo images. We
canthereforamposea minimumvisibility onadepth

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

estimate. This will rejectunreliabledepthestimatesffec-
tively, butwill alsoreducehe ll-rate of thedepthmap.The
graphin Fig. 7 (right) showvs the dependeng of the depth
errorand Il rateon minimumvisibility for N=11. The |l
ratedropsfrom 92%to about70%, but atthe sametime the
deptherroris reducedo 0.5%dueto outlierrejection.

Theeffectsof errorreductionwith sequencédinking can
be visualizedwhen the surface modelsare renderedwith
shading. Fig 8 shaws the shadedmodelsof the castlefor
the2-view estimatoi(left) andthe11-view estimatoi(right).
The shapeof the 2-view modelis very coarseandno de-
tails are visible, due to the quantizationartifactsthat are
inherentto themethod.In fact,thecompletescenecontains
only about20 discretedisparityvalues.Thisleadsto avery
blocky appearancef themodel. In the modellinkedfrom
11 views the quantizationartifactsarereducedgreatlydue
to the increasedeffective baseline,and mary ne details
like thewindow nichesandthedoorsaremodeled.

5.2 Pillar sequence

As anexamplefor varyingcamergparametersgightim-
agesof a stonepillar with curvedsurfacesweretaken. Fig-
ure 9 shawv 2 of the recordedimages. While Iming and
moving away from the objectthe zoomwaschanged )
to keepthe imagesize of the objectconstant. In spite of
the changedn focal lengththe metric frame could be re-
trievedthroughself-calibrationn Figure10someperspec-
tive views of the reconstructiorare given, renderedboth
shadedandwith surfacetexturemapping.Theshadediiew
shaws thateven mostof the small detailsof the objectare
modeled.

To assesshe metric propertiesfor the pillar, 27 differ-
entlengthsweremeasurean therealobjectandcompared
with the metric modelto obtainthe scalefactor Averag-
ing all measuredlistancegave a consistenscalefactorof
40.25with a standarddeviation of 5.4% overall. For the
interior distancegavoiding the inaccuraciest the bound-
ary of themodel),thereconstructiorrrordroppedo 2.3%.
Theseresultsdemonstratehe metric quality of the recon-
structioneven for complicatedsurfaceshapesandvarying
focallength.

Figure 9. Images 1 and 8 of pillar sequence .



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

5.3 Sagalasso¥irtual exhibition: A TestCase

The proposedsystemwas testedon a large variety
of sceneswith different camerasof varying quality (35
mm photocameraon Photo-CD digital still cameracam-
cordersandwasfoundto work evenunderdif cult acqui-
sitioncircumstancesAs aspecialtestcase,eld trialswere
carriedout atthearchaeologicatxcavationsite of Sagalas-
sosin Turkey. This is a challengingtasksincethe archae-
ologistswantto reconstruceven small surfacedetailsand
irregular structures. Measurementsvith highly calibrated
photogrammetriavorkstationsfailed since those systems
could not withstandthe high temperaturest the site. The
goalof this eld testwasto prove thefeasibility of our ap-
proachfor a variety of scenesandto modelobjectsfor a
virtual exhibition thatcanbe presentedvertheinternet.

5.3.1 SagalassoSite

The Sitesequencén gure 11is agoodexampleof alarge
scalemodelingusingoff-the-shelfequipmentNineimages
of thecompleteexcavationsite of Sagalassas Turkey (ex-

tensiona few ) weretakenwith a corventionalphoto-
graphiccamerawhile walking alongthe valley rim. The
Im wasthendigitizedon Photo-CD.

The Site reconstructionin gure 11 (bottom) gives a
goodoverview of thevalley relief. Someof the dominant
objectslike the RomanBath andthe Market place,aswell
aslandmarkdik e big treesor stonesarealreadymodeledat
this coarsescalebut withoutany detail.

5.3.2 Detail modelsof the Romanbath

This sequencés atypical exampleof a detailedmodel. It
consistsof one part of the Romanbath that was modeled
with high resolutionfrom six images. Figure 12 shavs 3
of the originalimagesandthe fuseddepthmap. Therela-
tive deptherrorwasestimatedo 0.8%andthedepthmapis

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

very dense Figure13 revealsthe high reconstructiomual-
ity which gives a realisticimpressionof the object. The
close-upview con rms thateachstoneis modeledjnclud-
ing relief andsmallindentations.The indentationselong
to erosiongapsbetweerthe stones.

5.3.3 Multiscale Integration of differ entLevel of Detall

The modelsacquiredat different scalesare registeredto
eachotherfor adaptve level of detail. For the exampleof
the Romanbathwe reconstructednodelsat threedifferent
scalesthesiteovervien modelthedetailedpartof thebath
model,andanintermediatenodelthat overlooksthe com-
pleteareaof thebaths.Thesereconstructionthusnaturally
Il in thedifferentlevelsof details(LOD) which shouldbe
provided for optimal rendering. In Figure 14 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 close-up view shows
that even small details like single stones are
modeled.

tions of the Romanbathsare given for the threedifferent
levels of details. Thesemodelsarethenregisteredto each
otherandinsertedin the overview model. For scenevisu-
alization,the viewer mayautomaticallyswitchbetweerthe
differentLOD dependingn objectdistancethusallowing
anefcient scenaepresentationkig 15 showvs theintegra-
tion result. On of the major problemshereis the seamless
integrationof the surfacetexturesfrom the differentlevels
of detail. The differenttexture resolutionof overview and
detailedmodelleadsto a severeblurringin 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.

Onway to handlethis problemwould be to synthesizaex-
ture for the overview modelwith higherresolutionto im-
provetheappearance.

5.3.4 Augmentingthe site with CAD models

Anotherinterestingapproachs the meging of the recon-
structedreal site model with hypothesizeduildings that
were constructedrom archaeologicalndings. This tech-
nigueallows the reconstructiorof the site asit oncemight
havebeen.In thecaseof Sagalassasomebuilding hypothe-
sisweretranslatedo CAD models[23] andintegratedwith

our reconstructions.The resultcanbe seenin Figure 16.
This sceneaugmentatioris a powerful visualizationtool

that ts naturallywith our modelingapproach.

Figure 16. Virtualiz ed landscape of Sagalas-
sos combined with CAD-models of recon-
structed monuments.

6. Conclusion

An automatic3D scenereconstructiorsystemwas de-
scribedthatis capableof building metrictextured3D mod-
els from imagesof a freely moving, uncalibratedcamera.
Thetechniqueextractsmetric surfacemodelswithout prior
knowledgeaboutthe sceneor thecameraotherthanassum-
ing rigidity of theobjects.Theapproactwastestedwith dif-
ferentoff-the-shelfcameraypesandfor scenef varying
scaleandcompleity. The algorithmsestimatevery dense
depthmapsand achieve a depthaccurag of typically 1%
of scenedepth. The approachwastestedon a variety of



real outdoorsequenceandhasprovenits robustness.The
high quality of thereconstructedbjectsthedifferentscene
types,andthe useof off-the-shelfequipmentdemonstrate
the versatility and e xibility of the proposedscenerecon-
structionapproach.

Work remaingo bedonein constructingnultiscalemod-
elsfromvaryingLOD. Thesurfacetextureresolutionof the
differentlevels needto be adaptecandthe modelsneedto
beintegratedgeometricallyinto a consistensurfacemodel.
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