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Abstract

In this papera systemis presentedwhich automaticallyreg-
isters and stitches textures acquired from multiple photo-
graphic images onto the surfaceof a given corresponding
3D model. Within this processthe camera position,direc-
tion and �eld of view mustbe determinedfor each of the
images. For this registration which aligns a 2D image to
a 3D model we presentan ef�cient hardware-accelerated
silhouette-basedalgorithm working on different image res-
olutions,which accuratelyregisters each image withoutany
userinteraction. Besidesthesilhouettes,alsothegiventex-
ture informationcan be usedto improve accuracy by com-
paring onestitchedtexture to alreadyregistered imagesre-
sulting in a global multi-view optimization. After the 3D-
2D registration for each part of the3D model's surfacethe
view is determinedwhich providesthebesttexture. Textures
are blendedat the borders of regionsassignedto different
views.

Keywords: Texture Acquisition,Image Registration,Object
Calibration, Image-BasedRenderingandModeling

1 Intr oduction

Throughoutthe pastyears3D renderingsolutionshave ad-
vancedin renderingspeedandrealism.Becauseof this,there
is also an increaseddemandfor modelsof real world ob-
jects, including both the object's geometryand its surface
texture. Precisegeometryis typically acquiredby special-
ized3D scannerswhile detailedtextureinformationcaneven
becapturedby consumerqualitydigital cameras.Only afew
3D scanningdevicesarebuilt to capture3D geometryand
2D texturesat the sametime. And even if texture acquisi-
tion is supportedit mayberequiredto taketheimagesunder
controlledlighting conditionswith aspecialsensorimplying
thattheobjectof interesthasto beplacedin a fully control-
lableenvironmentwhile takingthepictures.In caseswhere
photosandgeometryarenotacquiredby thesamesensorthe
imagesmustbe registeredwith the3D modelafterwardsin
orderto connectgeometryandtextureinformation.

For this registration task we present a hardware-

acceleratedalgorithmthatalignsan imageto the3D model
aswell asto otheralreadyregisteredimages.All stagesof
the algorithm can run completelyautomatically. Alterna-
tively, theusercanskip somestepsin thealgorithmprovid-
ing a roughalignment.

2 Related Work

In the �eld of capturingsurfaceappearance(color andtex-
ture) of real world objectstherehave beena numberof re-
centpublicationsrangingfrom architecturalscenes[3, 22]
to smallerartifacts[10, 11, 13, 17, 18] andevendeformable
objectslike faces[5, 6, 14]. To acquirea completetexture
for anobjectthefollowing tasksmustbeperformed.

2.1 Imaging All Visib le Surfaces

If anobject'ssurfaceshouldbeentirelydigitizedthe�rst step
is to collectdatafor all visible surfaces.A setof camerapo-
sitionsmustbedeterminedfrom whicheverypartof thesur-
faceis capturedby at leastoneimage.For agivengeometric
modelanda setof possiblepositionsMatsushitaet al. [11]
determinethe optimal setof requiredviews respectingthe
viewing angleto eachsurfaceelement.Further, Stuerzlinger
[20] �nds a minimal setof view pointswithin thevolumeof
all possiblecamerapositions.He useshierarchicalvisibility
links to �rst determineoptimalsubregionsusingasimulated
annealingapproach,andthenselectsoptimal pointswithin
theseregions.

2.2 3D–2D Registration

After takingtheimagesthecamerapositionandrotationrel-
ative to the 3D model must be determinedfor eachview.
Only if geometryandtextureareacquiredat thesametime
with thesamesensorlike in [18] or [16], the imagesareal-
readyalignedto the modelandno further 3D–2D registra-
tion is needed.In all othercases,onecanbasicallyfollow
two differentapproaches.

The �rst approachselectsa set of points in eachimage
which correspondto known pointson the model's surface.
From thesecorrespondencesthe cameratransformationfor



thecurrentview canbedirectlyderivedusingstandardcam-
era calibrationtechniques,e.g. [21]. However, the prob-
lem is to �nd thesepairsof points.Dependingon theobject
theremay be geometricfeaturepointswhich canbe easily
locatedin theimages,andthuscanbedetectedandassigned
automatically. Kriegmanet al. [8] useT-junctionsandother
imagefeaturesto constrainthemodel'spositionandorienta-
tion. Othersattacharti�cial landmarksto theobject'ssurface
whicharedetectedautomaticallyin theimages[5]. But these
marksdestroy thetextureandhaveto beremovedafterwards.
If noextraordinarypointscanbedetectedautomaticallyone
may of courseselectcorrespondingpixelsmanually, which
actuallyis acommonlyusedbut tediousmethod[14, 17, 3].

Insteadof directlysearchingfor 3D–2Dpointpairswhich
are especiallyhard to �nd for objectscontainingno sharp
edges,onemay inspectlarger imagefeatureslike the con-
toursof the objectwithin eachimage. The correctcamera
transformationwill projectthe3D modelin sucha way that
theoutlineof theprojectedmodelandtheoutlinein theim-
agematchperfectlyexceptfor smallerrorsdueto imprecise
geometryacquisition.

A lot of previousalgorithmstry to �nd thecameratrans-
formation by minimizing the error betweenthe contour
foundin theimageandthecontourof theprojected3Dmodel
[2, 9, 13, 11, 6]. Theerror is typically computedasthesum
of distancesbetweenanumberof samplepointsononecon-
tour to thenearestpointson theother[13, 11]. Anotherap-
proachcomputesthesumof minimal distancesof raysfrom
theeye point throughthe imagecontourto themodel's sur-
facewhicharecomputedusing3D distancemaps[2].

To recover the different cameraparametersany kind
of non-linear optimization algorithm like Levenberg-
Marquardt, simulatedannealing,or the downhill simplex
methodcan be used,which are describedin [15]. During
theoptimizationa lot of differentsettingsfor thecamerapa-
rametersaretestedin order to guidethe algorithmtowards
a minimum. For eachtesttheerror functionhasto beeval-
uatedwhich is quitecostly for contour-baseddistancemea-
surementsincethe model must be projectedand the point
distancesto the projectedcontourmustbe calculatedfor a
suf�cient numberof points. In Section5 we presenta dif-
ferent,moreef�cient algorithmto calculatethedistancebe-
tweensilhouettesinsteadof contours.

Beside geometry-based3D–2D registration, the tex-
ture/imageinformation itself may be usedto register the
differentviews amongeachother. For 2D–2D imagereg-
istration a numberof techniqueshave beendeveloped[1].
Basedon this pairwiseregistrationa globaloptimizationfor
all incorporatedviewscanbeperformedasdemonstratedby
Neugebaueret al. [13], whereasRocchiniet al. [17] usethe
imageinformationonly to align thetexturesin thoseregions
wheredifferenttextureshaveto beblendedduringrendering.

2.3 Texture Preparation and Rendering

After exact registrationthe mappingfrom surfaceparame-
tersto texturecoordinatesis known for eachview. A single
imagecan be mappedonto the object by commongraph-
ics hardwaresupplyingprojective texture mapping[19]. If
multiple views areincorporatedonemustdeterminewhich
imageis bestto be mappedonto which part of the surface.
Here,theanglebetweentheviewing directionduringacqui-
sition and the surfacenormal may be considered[17, 11],
or thetexturesareselecteddependingon therenderingview
point [3, 4, 16]. Specialcaremustbetakenat boundariesof
surfaceregionswhich aretexturedwith datafrom different
images. To createa smoothtransitionbetweenthe regions
the texturesmustbe blendedappropriately. Rocchiniet al.
[17] even precomputedthis blendinginto a new texture to
speedup theentirerenderingprocess.Additionally, all rele-
vantpartsof theoriginal imagesarepacked into onesingle
largetextureto provideeasierhandling.

3 Overview / Contrib utions

Out of the set of the different tasksnecessaryto acquire
a completetexture mentionedin the previous section,we
presentnew solutionsfor thefollowing ones:

� singleview registrationbasedon silhouettes(Section5
andSection6)

� globalregistrationof multipleviewswith respectto im-
agefeatures(Section8)

� view-independentassignmentof surfacepartsto theim-
agesproviding thebesttexturefor thesinglepart(Sec-
tion 7)

� blending betweentextures at assignmentboundaries
(Section7)

Althoughwe brie�y explain all necessarystepsfrom image
acquisitionto renderingof the texturedmodel,themain fo-
cuswithin this paperis onnovel techniquesfor imageregis-
tration.

4 Camera Transf ormation

Figure1: Recovering thecameraparametersfor oneimage
allows to maptheimagecorrectlyontothemodel.



During registration the camerasettingsmust be deter-
mined for each image mapping it correctly onto the 3D
model (Figure 1). In our systema pinhole cameramodel
is assumed.Altogetherup to seven cameraparametersare
recovered: the �eld of view which is the only intrinsic pa-
rameterandis relatedto the focal length,andsix extrinsic
parametersdescribingthecameraposeandorientation.All
otherintrinsicparameterslikeaspectratio,principalpoint,or
radial lensdistortionareassumedto beconstantandknown
sincethey canbeobtainedeasilyusingcommoncameracal-
ibration tool kits, or they aresimply ignoredandsetto rea-
sonableapproximativevalues.

Thecamerapositionis expressedby thetranslationvector
tc 2 IR3, while theorientationof thecamerais describedby
(� x ; � y ; � z ), the rotationanglesaboutthe coordinateaxes,
which form a 3 � 3 rotationmatrix R. Theseextrinsic pa-
rametersdeterminea rigid body transformationthatmapsa
point in world coordinatesxw 2 IR3 into cameracoordinates
(xc; yc; zc)T :
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A = Rxw + tc (1)

For acamerafarawayfrom theobjectthisrepresentationhas
thedisadvantagethata small rotationaroundthecamerare-
sultsin a largedisplacementof theobjectin cameracoordi-
nates.If thepointxw is rotatedaroundthecenterof gravity g
of theobjectinsteadtheeffectsof rotationandtranslationare
mucheasierto distinguish,thussimplifying theoptimization
[13]. The translationis now given by t = Rg + t c which
actuallyis thepositionof thecenterof gravity in cameraco-
ordinates.
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To fully describe the camera transformationthe points
(xc; yc; zc)T arefurthermappedto 2D imagespace(u; v):
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where(u0; v0) is the principle point (in our casethe center
of the image),� the aspectratio of width to heightwhich
mustbeprovidedby theuser, andf the�eld of view. Thus,
thecameratransformationis determinedby f andthevector
� = (� x ; � y ; � z ; tx ; ty ; tz )T . Foreachimagethesesevenpa-
rametersarehave to berecoveredby a non-linearoptimiza-
tion of a similarity functioncomparingtheprojectedmodel
to theobjectfoundin theimage.

5 Similarity Functions

Since we want to optimize seven parameters
(� x ; � y ; � z ; tx ; ty ; tz ; f ) we de�ne a function s : IR7 ! IR

which returns a scalar value for the speci�ed camera
transformationexpressingthe similarity of the projected
modelandan image,i.e. with a smallvalueindicatinghigh
similarity while the value increaseswhen the projected
modelandtheimagearemisaligned.As this functions will
beevaluatedquiteoftenduringtheoptimizationprocessit is
necessarythatit canbecomputedveryquickly.

At �rst we have to de�ne in which way we want to mea-
surethesimilarity, which featurespaceto beused.Sincethe
3D geometricmodeldoesnot yet carry any color informa-
tion we arerestrictedto geometricproperties.In contrastto
Neugebaueret al. [13] andMatsushitaet al. [11] who com-
paredthe contourof the projectedmodel to the contourin
the image,we decidedto directly comparethe silhouettes,
which requireslesscomputation.A silhouetteis the object
projectedontoaplane�lled with uniformcolorwhile acon-
tour is theoutlineof thesilhouette.

5.1 Segmentation

When renderingthe model for a given view the silhouette
canbegeneratedsimply by choosinga uniform white color
in front of a black backgroundwhich is very simple. If in-
steadof thesilhouettethecontourhadto beextractedfurther
processingwould benecessarywhichwe canavoid.

To comparesilhouettesthesecondsilhouettemustbeex-
tractedfrom theimagedata.If theobjectis capturedin front
of a black backgroundthe imagecan be segmentedauto-
maticallyby histogram-basedthresholding.Thethresholdis
chosenright after the �rst peakin thehistogramwhich cor-
respondsto the numberof very dark pixels. If the contrast
betweenthe objectand the backgroundis too low (like in
lesscontrollableenvironments)otherimageprocessingtech-
niquesmustbeapplied.For examplethesemi-automatical-
gorithmpresentedbyMortensenandBarret[12] maybeused
to tracethe contourin the imagewhich afterwardscan be
�lled automatically. This segmentationhasto bedoneonly
oncefor eachimagebeforestartingthe actualoptimization
andthususerinteractionseemsacceptable.

5.2 Silhouette Comparison

After extractingthesilhouettessomekind of distancemea-
surementbetweenthe silhouetteshas to be de�ned. The
techniquepresentedherecanbe carriedout completelyby
use of commonly available graphicshardware supporting
histogramevaluation.

The �rst steprendersthe silhouetteof the projected3D
modelinto theframebuffer. Theresultis thencombinedwith
thesegmentedimageusingaper-pixel XOR-operation.This
processis visualizedin Figure2 wherethe silhouettesare
computedfor the photoandfor oneview of the 3D model
andcombinedafterwards.After theXOR-operationexactly
thepixelsbetweentheoutlinesremainwhite. Their number
can be countedby simply evaluatingthe histogramof the
combinedimagewhich is computedvery ef�ciently by the



Figure2: Measuringthedifferencebetweenthephoto(left)
andoneview of the model(right) by the areaoccupiedby
theXOR-edforegroundpixels.

graphicshardware. For exactmatchesa valuecloseto zero
will be returnedwhile the numberof remainingpixels will
bemuchlargerif therenderedview of themodelis different
from thatin thephoto.

Thecomputationtime for thesimilarity functionis domi-
natedby two quantities.Themoreimportantoneis thereso-
lution selectedfor renderingsinceeachpixel of theXORed
imagewill be processedduring thecomputationof the his-
togram. The other quantity is the complexity of the 3D
model in termsof the numberof geometricprimitivesthat
have to berenderedto producethemodel'ssilhouette.

5.3 Blurred Silhouettes

Until now, we have assumedmonochromaticimageswith a
sharptransitionbetweentheintensityof pixelsbelongingto
theobjectandthosebelongingto thebackground.Suppose
two sharpintensity transitionswhich areslightly displaced
like depictedin Figure3a.As thedisplacementis increased,
the integral of the differencesof the two curvesgrows lin-
early while the differencesare either one or zero. This is
exactly the result of the presentedsimilarity measurement
basedonXORedmonochromaticsilhouettes.

More desirableis a measurementthat is proportionalto
the squareddistancebetweenpoints on the outlines. This
behavior canbeapproximatedfor smalldisplacementsusing
blurrededges.As canbeseenin Figure3b,evenfor blurred
transitionstheintegralof thedifferencesbetweenthecurves
is proportionalto thedisplacement.But in this casealsothe
magnitudeof the differencesis linear to the displacement
in regionswherethe transitionsoverlap. Thesedifferences
canbesquaredprior to the integration. By this, a quadratic
distancemeasurementis approximatedfor edgesaslong as
thedisplacementof theedgesis smallerthanthesizeof the
�lter kernelappliedto blur theedges.Largerdisplacements
areemphasizedcomparedto smallerones.Thisbehavior can
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Figure3: a) The integral of differencesbetweena sharpin-
tensityedgeandthesameedgeslightly displaced(dashed)is
proportionalto thedisplacement.Blurrededgesb) alsopro-
ducea lineardistancemeasure.But thedifferencesbetween
blurrededgescanbesquaredbeforeintegrationapproximat-
ing a quadraticmeasurement(white line).

guidetheoptimizationalgorithmfasterto theminimum.But
computingthedifferencesbetweenblurredimagesis slightly
moreexpensive than just applying the XOR-operationand
onecandecideif it is worth thecost(seeSection9).

To blur thesilhouettesa n � n low-pass�lter is applied.
While this is noproblemwith respectto thephotosinceit is
donebeforetheoptimization,thesilhouetteof theprojected
3D model must be �ltered againfor eachview. Although
convolution can be computedby the graphicshardware, it
requiresprocessingthe entire framebuffer and thus slows
downtheevaluationof thesimilarity function.After blurring
thesilhouettestheabsolutedifferencevaluesbetweenthem
mustbe computedon a per-pixel basis.A specialOpenGL
extensionallows to computethe positive differenceof the
framebuffercontentsandanimageby specifyingaparticular
blendingequation.Sinceonly positive valuesarecomputed
while negative valuesareclampedagainstzerowe �rst ren-
der thesilhouetteof the3D modelminusthephotointo the
red channeland then the photo minus the 3D model's sil-
houetteinto thegreenchannelof the framebuffer ascanbe



Figure 4: XORed sharpsilhouettes(left) and subtracted
blurredsilhouettes(right).

seenin Figure4. Thehistogramof theredandof thegreen
channelarethencombinedto obtainthesumof theabsolute
values,andtheapproximatequadraticdistanceis computed.

5.4 Erroneous Pixels

For real photosthe de�ned similarity function will always
returnvaluesmuchlargerthanzerono matterhow closethe
determinedview comesto the original view of the photo.
Therearealwayssomepixelsof thesilhouettein thephoto
which are not coveredby the projected3D model or vice
versa,originating from different sourcesof error. On one
handthe 3D modelmay be somewhat imprecisedueto the
acquisition.Theremaybeevenpartsof theobjectvisible in
theimagewhich arenot partof the3D model.On theother
handsomepixels in the imagemay be wrongly classi�ed
by the automaticsegmentationdue to unfavorablelighting
conditions. Additionally, in someviews partsof the object
will behiddenby otherobjects.

a) b)

Figure5: Largeregionsof wrongly segmentedpixelsapart
from thesilhouette(a)andpenetratingthesilhouette(b).

Thereareseveral possibleways to dealwith theseerro-
neouspixels: If the regionsof erroneouspixelsdo not pen-
etratethe silhouetteof the object like holeswithin the sil-
houetteor bright regionsin the imageapartfrom theobject
(Figure5a) theoptimizationis not affectedsincethesepix-
els only adda constantbiasto the histogram. If erroneous
pixelsdisturbtheoutlinethey mayleadto slightmisregistra-
tion (Figure5b). But theerrormaybecorrectedafterwards
by comparingthe registeredtexture to the texture of other
viewsasexplainedin Section8, or it maysimplybeignored

if it is only small. In caseswherethe error is too large to
beacceptabletheerroneouspixel canbemaskedoutandthe
histogramis evaluatedonly over regionsproviding reliable
information. But maskingout thebadregionsrequiresuser
interactionandthusshouldbeavoided.

6 Non-linear Optimization

Let's assumea similarity functions asde�ned in theprevi-
oussection.To recoverthecorrecttransformationfor agiven
imagewe have to �nd thepair (� min ; f min ) thatminimizes
s. Sinces typically is non-linearandpossessesa bunchof
local minima, an appropriateoptimizationmethodmustbe
applied.We chosethedownhill simplex methodasit is pre-
sentedin [15] and extendedit by someaspectssimilar to
simulatedannealingsincethepuresimplex methodtendsto
converge too fast into local minima. Of course,alsoother
optimizationtechniquesmay be usedinsteadbut we found
the simplex methodeasyto control andit doesnot require
any partialderivatives,which makesit veryef�cient, evenif
thecostfor evaluatingthesimilarity functionis high, like in
ourcase.

a)

b)

c)

d)

lowhigh

Figure 6: Possibleresultsafter one optimizationstep: a)
The initial simplex which wasconstructedaroundthestart-
ing point or it is the resultof a previous step. b) The high
point is re�ectedandperhapsfurtherexpanded.c) Contrac-
tion alongonedimensionfrom thehigh point. d) The high
point is perturbedrandomly.

6.1 Downhill Simple x Method

The methodworks for N -dimensionalproblemsalbeit we
useit only for 6 dimensionsto optimizethecameraposeand
orientation.The�eld of view is optimizedafterwardsusing
anotheroptimizationtechniquesincea goodapproximation
canbederivedfrom theappliedlens,andfurther, theeffect



of changingthe �eld of view is too similar to changingthe
distancemakingtheoptimizationlessstable.To initialize the
algorithmastartingpointmustbegivenaroundwhichN fur-
therpointsarearrangedin suchawaythattheseN + 1 points
spana simplex in IRN which enclosesa N -dimensionalin-
nervolume. For example,giventhestartingpoint p0 in IR3

thesimplex (p0; p1; p2; p3) maybebuilt with p1 = p0 + ex ,
p2 = p0 + ey , p3 = p0 + ez whereex ; ey andez arethethree
unit vectors. In N dimensionsthe point pn (1 � n � N )
is constructedby displacingp0 by the nth unit vector. The
displacementcanalsobescaledwith respectto theexpected
distanceto the yet unknown minimum. For eachpoint the
similarity functions is evaluatedandstoredwith thepoint.

Basedon the valuesof s the points are sortedyielding
theworst point phi , thenext betterpoint pnhi , andthe best
point plo with s(phi ) � s(pnhi ) � s(pi ) � s(plo ) for all
remainingi < N + 1. For phi a new positionp0 mustbe
foundwith s(p0) � s(pnhi ) in ordertopreventthepointfrom
beingselectedagainin thenext iteration.Thesearchstrategy
for �nding a betterpositionin thecaseof threedimensions
is depictedin Figure6. For eachpoint a numberof possible
positionsaretried for which s is evaluatedandcomparedto
s(pnhi ). At �rst phi is re�ectedthroughtheoppositefaceof
thesimplex yielding p0. If s(p0) is evensmallerthans(plo )
thenapositionis triedthatexpandsthesimplex furtherin the
re�ecteddirection(Figure6b). If re�ection doesnotimprove
the result anotherpoint p00 is tested,this time moving phi

a bit nearerto the centerof the simplex which makes the
simplex shrink in this direction(Figure6c). In thecasethat
s(p00) still is notsatisfyingtheshrinkingstepis repeated,but
only once.If a betterpoint thanpnhi hasbeenfoundduring
thesetries phi is replacedby determinedpoint. Otherwise,
if neitherre�ection nor shrinkingsucceededphi is set to a
pointcalculatedby randomperturbationof plo in oneor two
dimensionsusinga multiple of thediameterof the simplex
asthemaximumdisplacement.

Afterwardsthesortingis repeatedwith theimprovedphi ,
anotherphi is determined,improved, and so on, until all
other verticesexcept phi have converged to a region with
radiussmallerthanauser-de�ned threshold.

During the optimizationthe simplex moves throughthe
searchspacewhile continuouslychangingits shapelike an
amoeba. The re�ection and expansionof the worst point
(Figure6b)let thesimplex movethroughthespacetowardsa
minimum. New impulsesfor thedirectionof themovement
arecreatedby therandomperturbation(Figure6d). And �-
nally, convergenceto a small region arounda minimum is
achievedby contraction(Figure6c).

6.2 Hierar chical Optimization

Thealgorithmstill convergesveryquickly to aminimumthat
is not necessarilythe globalminimum. In orderto �nd the
globalminimumwe restarttheoptimizationprocessseveral
times. Hereby, the minimum found by the previous opti-
mizationis usedasthenext startingpoint. Theradiusof the

initial simplex is of coursereducedbeforeeachiterationto
speedup theconvergence.

Anothermethodto speedup theoptimizationandevento
increaserobustnessis to runtheoptimizationatdifferentim-
ageresolutions.As pointedout in Section5 the evaluation
timefor oursimilarity measurementdependsontheusedim-
ageresolutionsincethe histogramhasto count all pixels.
Startingwith low resolutionthe view canbe approximated
roughlybut very quickly. For accurateregistrationthereso-
lution is increased.At thesametime alsothetessellationof
theobjectcanbevariedto gaina speedup.

6.3 Generating a star ting point

For theoptimizationit is extremelyimportantto haveanap-
propriatestartingpoint. A startingvaluefor the�eld of view
canbe deriveddirectly from the focal lengthof theapplied
lenswhich is reportedby somedigital cameras.This typ-
ically won't be the correctfocal length sinceit is slightly
changedby selectingthe focal distance.Assumingthat the
entireobjectis visible in the image,an initial guessfor the
distancecan be computedusing the �eld of view and the
sizeof the object. The x andy displacementsare initially
assumedto beneglectable.

Whatremainsis to make a guessfor theorientation.This
is doneby sparselysamplingthe spaceof possibleangular
directions.We try threedifferentanglesfor � x andfour for
both � y and � z yielding 48 samples. From eachof these
sampleswe start the simplex algorithmrunningat a rather
low resolutionand stop alreadyafter a few evaluationsof
thesimilarity function.Thebest� ve resultsareselectedand
furtheroptimizedthis time allowing moreevaluationsat the
sameresolution.It turnedout that thebestof thecomputed
minimais alreadyquitecloseto theonewearesearchingfor.
With this valuethe�nal optimizationcanbestarted.

Of coursethegenerationof thestartingpoint takessome
time,but it doesnot requireany userinteraction.Especially,
thereisnoneedto selectpairsof correspondingpoints.How-
ever, timecanbesavedby manuallymoving androtatingthe
3D modelvery roughlyinto a positionsimilar to thephoto.

For a �x ed�eld of view thefollowing stepsareperformed
to recoverthetranslationvectort andtherotationR givenby
� x ; � y ; � z : generateastartingpositionautomaticallylikede-
scribedabove or selectit manually, run thesimplex method
two timesat low imageresolutionandthentwo timesat the
�nal resolution.

6.4 Optimizing the Field of View

Given the optimized � , the �eld of view f star t obtained
from the cameraand the result of the similarity function
s(� ; f star t ) we now try to �nd the best�eld of view f min

that furtherminimizess(� 0; f min ) where� 0 is only slightly
changedcomparedto the previous � . This problem is a
searchin only onedimensionfor which we implementeda
simplealgorithm.



Let'sstartwith f setto f star t . At �rst f is increasedby an
amountd yieldinganew f 0. All otherparametersaresimply
copiedfrom � to � 0. Thenthedistancetz in � 0 is updatedto
compensatefor thechangein the�eld of view in suchaway
that the sizeof the projectedobjectapproximatelyremains
the samefor the new f 0. To � 0 andf 0 the simplex method
is appliedallowing only a few evaluationsof the similarity
function. This yieldsanoptimizedparameterset� 0

opt . This
optimizationis necessaryto slightly correct� 0sinceawrong
�eld of view will lead to a wrong registrationin the other
parameterstwo. If by increasingf abetter�eld of view was
found (s(� 0

opt ; f 0) < s(� ; f )) the �eld of view is increased
andthealgorithmis repeated,startingwith (� 0

opt ; f 0). Other-
wisewe divide theincrementd by two, stepbackto thepre-
decessorof thelast�eld of view andproceedwith thesearch
until d is suf�ciently small. If no better�eld of view canbe
foundby increasingf star t thealgorithmis just appliedinto
theotherdirection,decreasingf star t .

Using this algorithm it is possibleto determinethe best
�eld of view for eachphotographindependently. Thisallows
to selectadifferentfocaldistanceor evendifferentlensesfor
eachview in contrastto previous approachesin which the
�eld of view hadto be�x ed[13, 11].

7 Texture Stitc hing

After determiningthecorrectviewing parametersfor anim-
age,it canbestitchedasa textureontothesurfaceof the3D
model.In thissectiona triangularmeshis assumedalthough
the presentedideascan easily be adaptedto other surface
representationsaswell.

7.1 Single View Processing

Given theviewing transformationthesetof visible vertices
of the3D modelcaneasilybe determinedeitherby casting
a ray from the view point to the vertex and testingfor oc-
clusion or by a simple z-buffer depthtest. For all visible
verticesa texturecoordinateinto the imageis computedby
projectingthe vertex into the imageplaneusingthe recov-
eredcameratransformation.Additionally, theviewing angle
is determinedfor eachvertex. From this datathesetof us-
ableverticesis derived.A vertex is declaredvalid only if the
viewing angleat that point is large enough,the depthvari-
ation aroundthat point is not too steepand the point does
not lie exactly on theoutlineof theprojectedobject. Using
this criteriontexturemappingartifactscanbeavoidedwhen
viewing thetexturedobjectfrom views thanthedetermined
one.

Basedon the setof valid verticesthosetrianglescanbe
selectedfor which reliabletexture informationis available.
A triangleis usedonly if all its verticesarevalid.

7.2 Combining Multiple Textures

If multipleimagesareinvolvedthesetsof valid triangleswill
overlapandthebestassignmentof trianglesto imagesmust
bedetermined.A staticdecisioncanbemadeby inspecting
againtheangleunderwhich thetriangleis seenin eachim-
age.Eachtriangleis assignedthetexturefrom thatimagein
which it possessesthelargestviewing angle.

a) b)

c)

Figure7: a) Adjacenttrianglestexturedusingdifferentim-
ages. b) Possiblyblendedtrianglesshadedgrey. c) Each
boundaryvertex is assignedto one imageand texturesare
blended.

There will be trianglesthat are assignedto one image
while anadjacenttriangleis assignedto anotherimage(Fig-
ure7a).Thisoftenresultsin avisiblediscontinuityin thetex-
tureevenif theimagesaretakenwithout changingthelight-
ing conditions. A smoothtransitionis achieved by blend-
ing betweenthe texturesacrossthe bordertriangles. This
requiresall boundarytrianglesto be valid alsofor adjacent
textures. To ensurethis the set of valid trianglesfor each
imageis reducedprior to theassignmentto the images.All
thosetrianglesareinvalidatedwhichhaveat leastoneinvalid
triangleastheir neighbor.

Next, the trianglesmust be determinedacrosswhich to
blend. All trianglescontaininga boundaryvertex arepossi-
ble candidatesfor the blending(Figure7b). They areren-
deredoncefor eachadjacenttextureusingappropriatealpha
valuesat the verticesto gain correctblending. The assign-
ment of alphavaluesfor eachvertex for eachimageis as
follows. For eachboundaryvertex it is decidedin which im-
ageit is bestrepresented.For the bestimagethe vertex is
assignedan alphavalueof one,while for all other images
it is setto zero. For all surroundingverticeswhich arenot
boundaryverticesthealphavalueis setto oneif thevertex
belongsto a trianglethatwaspreviouslyassignedto thecur-
renttexture(Figure7c).



Renderingthe textured triangleswith thesealphavalues
resultsin a smoothtransition. Unfortunately, the blending
takesplaceacrossthewidth of only onetriangle. If theob-
ject is �nely tessellatedtheblendingareawill becomerather
smallandcontrastingtexturesarestill not suf�ciently sepa-
rated.This problemcanbesolvedby computingtheblend-
ing on an objectwith coarsertessellationandassigningin-
terpolatedalphavaluesto theverticesof the�ne subdivided
mesh.

8 Multiple View Registration

Whenthetextureis combinedfrom multipleviewsaslightly
misalignedimagecanproducevisible artifactssinceimage
featuresblendedbetweentwo imagesmay not be aligned.
The circumstanceswhich can lead to misalignmentwhen
only oneview is consideredarementionedin Section5. If
wehavemultiplealreadyregisteredviewsanadditionalsim-
ilarity measurementstex canbede�nedwhichdoesnotcom-
paresilhouettesbut thetextureof oneview to thetextureob-
tainedby anotherview. This resultsin a globaloptimization
takinginto accountall views.

8.1 Texture Comparison

Giventheparameters(� 1; f 1) and(� 2; f 2) of two registered
viewsandthesetsT1 andT2 of valid triangles,thequalityof
the registrationcanbe measuredby comparingthe textures
mapped,one in turn, onto the set of overlappingtriangles
T1 \ T2. Thetrianglesarerenderedfrom theview speci�ed

by theaveragedparameters
�

� 1 + � 2
2 ; f 1 + f 2

2

�
. Choosingthe

averagedview yieldssimilar lossof qualitydueto distortion
andresamplingin bothtextures.

In the caseof a perfectly diffuse surface the textures
mappedontoT1 \ T2 will look identically, whereasspecular-
ity leadsto view-dependenthighlightswhichoccurin differ-
ent locationon the surfacefor differentviews. To get less
view-dependenttextures the color imagesare transformed
into the HSV color spacewhich separatesthe brightness
(value)from thehueandthesaturations.Only thehueand/or
saturation-channelareusedfor comparisonavoiding the in-
�uence of view-dependentbrightness.Of course,alsoother
methodscanbeappliedto createview-independenttextures
like theonepresentedin [13], but they tendto be moreex-
pensive. However, the huechannelof the two texturescan
now be comparedlike the intensityvaluesof two different
blurred silhouettesin Section5. At �rst, the positive dif-
ferenceof the �rst texture minusthe secondtexture is ren-
deredinto the red channelof the framebuffer andthenthe
reverseddifferenceis renderedinto thegreenchannel.Sum-
ming up the histogramweightedby the differencevalues
yieldsavaluethatbecomesminimalwhenthetwo viewsare
perfectlyaligned. This measurestex (� 1; f 1; � 2; f 2) allows
to registermultipleviewswith respectto eachother.

8.2 Iterative Global Optimization

A registrationof multiple views startswith theseparatereg-
istrationof eachview basedon thesilhouetteasdescribedin
Section6. After thesingle-view registrationthesetsof valid
trianglesare determinedand texture coordinatesare com-
putedfor the vertices. For eachpair of views (i; j ) the set
of overlappingtrianglesTi \ Tj is determinedandtheaver-
agedparameters(� ij ; f ij ) arecalculated.For thesepairsan
initial measurementsij = stex (� i ; f i ; � j ; f j ) is evaluated.

Successively eachview i is selectedandthe setof other
views Vi is determinedwhich aresharingoverlappingtrian-
gleswith i . We cannow optimizethefollowing function:

smultiview(� i ; f i ) =
X

j 2 Vi

stex (� i ; f i ; � j ; f j )
sij

(4)

Again, the extendeddownhill simplex methodpresentedin
Section6 canbe applied,this time calculatingnew texture
coordinatesandevaluatingsmultiview(� i ; f i ) for eachtry.
Sincethe changesin � i are expectedto be rathersmall a
simplex with small radiusis constructedaround� i andthe
optimization is alreadystoppedafter a few evaluationsof
smultiv iew . Iteratingthisprocessseveraltimesoverall views
until no furtherupdatesareperformedwill producethebest
possibleregistrationregardingthesurfacetextures.

9 Results

Thepresentedmethodswereappliedto two differentobjects,
a bird anda moose.The modelshave beenacquiredusing
a SteinbichlerTricolite 3D scanner. The bird's modelcon-
sistsof around7000triangleswhile themooseis tessellated
more�nely with nearly11000triangles. The imageswere
taken with a KodakDCS 560 digital camerathat yields an
imageresolutionof 3040x2008pixelswhich we reducedto
1024x676sincethe appliedgraphicshardwarecannotdeal
with larger textures.We run theoptimizationon a SGI Oc-
taneequippedwith aMXE graphicboardcontaining8MB of
textureram.

In Figure 8 the resultsafter automaticregistration and
stitchingof several imagesonto the modelsareshown and
comparedto real photosthat have not beenusedfor gener-
ating the texture. Themoosetextureconsistof 15 different
imagestakenwith two differentlensesandatdifferentobject
distances.Thebird wastexturedusingjust 10 images.

Thesyntheticresultscomparereallywell to thephotosal-
thoughtwo kinds of artifactsarevisible. At the top of the
antlersometrianglesarenot texturedbecausethey are too
closeto theoutlinein eachincorporatedimage.Here,no re-
liable informationcouldberetrieved.Theotherartifactsare
dueto thenon-diffusesurfacere�ectance.Eventhoughthe
positionof thelightswasnotchangedduringtheacquisition,
specularhighlights result in brightnessdifferencesamong
theacquiredimagesascanclearlybeseenin Figure9a.



photo texture

Figure8: Novel viewpoint. Left column:photothathasnot beenusedto generatethetexture. Right column:syntheticmodel
renderedwith thegeneratedtextures.



a) b)

Figure 9: Texture Alignment. View at the right front wheel. a) Several texturesare so accuratelyalignedthat even �ne
lines in thewood's structurearepreserved. b) Blendedtriangleson region boundariesarenot displayedrevealingsix regions
contributing to thewheel'soverall texture

mode x�y value tx ty tz � x � y � z times

avg 7.47554 -5.51689 704.69 -118.956 -43.5465 -119.326XOR 500x330
var 0.00589416 0.00646141 1.97692 0.466394 0.0864301 0.282632

40

avg 7.55476 -5.55964 706.194 -119.32 -43.5189 -119.719XOR 1000x660
var 0.00341098 0.00299123 2.41879 0.215139 0.0937607 0.154695

130

avg 7.26057 -5.64407 706.565 -117.479 -43.0215 -118.237blurred 500x330
var 0.000732457 0.00421928 0.165303 0.0381274 0.0163896 0.0305439

39

avg 7.3034 -5.67636 706.661 -117.667 -43.0383 -118.386blurred 1000x660
var 0.0041396 0.000900759 0.301037 0.158217 0.0676453 0.150163

104

Table1: Averagevalueandvariancevalueof therecoveredcameraparametersandtherequiredtime applyingtheXORedand
blurredsilhouettematchingalgorithmfor differentresolutions.Theoptimizationhasbeenstartedseveraltimesfrom different
positions.

imageproc. startpos. opt. FoV stitching total

10 images 235 826 239 365 12 1677
average 23.5 82.6 23.9 36.5 1.2 155

15 images 359 1660 536 1250 21 3826
average 23.9 110.6 35.7 83.3 1.4 255

Table2: Registrationtimings(in seconds)for thebird (top rows)andthemoose(bottomrows).



The precisionof the presentedalgorithmis visualizedin
Figure9awheretheright front wheelof themooseis shown.
The wheel is actually texturedby at leastsix different im-
ages.In Figure9ball possiblyblendedtrianglesareremoved
andsix regionsassignedto differentimagesarevisible. Al-
thoughthe texture of the wheel is composedusingseveral
differentviews,the�ne linesof thewood'sstructureis com-
pletelypreserved,indicatingaveryaccurateregistration.

When comparingthe XOR and blurred matchingmeth-
ods, it canbe seenfrom table1 that the blurredsilhouette
methodleadsto superiorresults.Thevarianceof therecov-
eredparametersis generallydecreased,oftenby oneorderof
magnitude.Fromour experiments,it couldalsobeobserved
that althoughthe computationof the similarity function is
computationallymoreexpensive,theoptimizationconverges
morequickly for non-idealstartingpoints.

Table 2 lists the time (in seconds)neededfor the regis-
tration taskof thebird andmoosemodels.Theregistration
of the bird took around28 minutes,while the moosetook
64 minutessincemoretextureinformationanda morecom-
plex geometricmodelwereusedandtheresolutionusedfor
the�nal optimizationwasincreased(bird: 500x300,moose:
800x528).The imagesare�rst loadedandprocessedto ex-
tract the silhouettes,thena startingpoint for the optimiza-
tion is generated,theoptimizationis run for recoveringthe
positionandorientation,the�eld of view is determined,and
�nally thetexturesarestitchedontothemodel. Most of the
time is spentfor �nding anappropriatestartingpositionand
for determiningthe�eld of view.

Time couldbe saved by manuallyselectinga goodstart-
ing position. But it turnedout that the optimizationof the
poseandorientationaftermanualalignmentconsumedmore
time(aroundoneminute)sincethestartingpointfor theopti-
mizationis notaspreciseastheautomaticmethod.By �xing
the�eld of view duringtheacquisitionfurthertimecouldbe
saved, sincein that casethe �eld of view hadto be deter-
minedonly once.

All theresultspresentedsofar havebeencomputedwith-
out using the texture-basedmulti-view optimization (see
Section8). It turnedout thatthepurelygeometry-basedreg-
istrationalreadyproducesresultsof very high accuracy, so
that thetexture-basedmatchingis only helpful if oneof the
input imagesis misalignedfor somereason.In our tests,it
producescomparableresultsto thoseshownhere,consuming
additionaltime.

10 Conc lusions

We have describeda numberof novel techniquesto regis-
ter andto stitch2D imagesonto3D geometricmodels.The
cameratransformationfor eachimageis determinedby an
optimizationbasedonsilhouettecomparison.If theresulting
alignmentis notaccurateenough,furtheroptimizationbased
ontextureinformationis possible.Usingtherecoveredcam-
era transformation,the imageis stitchedonto the surface.

Finally, for multiple views, an algorithm is presentedthat
producessmoothtransitionsbetweentexturesassignedto ad-
jacentsurfaceregionson themodel.

The presentedmethodsdo not requireany user interac-
tion duringtheentireprocessing.They work ef�ciently , ex-
ploit graphichardwarefeaturesandresultin veryaccurately
alignedtextures.Differencesin thebrightnessdueto specu-
larity arestill visible. To further improve thequality of the
results,the re�ectional propertiesof the surfacesmustalso
beconsideredor thealgorithmmustblendbetweenthetex-
tureddependingon theselectedview-point.
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In this papera systemis presentedwhich automaticallyregistersandstitchestexturesacquiredfrom
multiple photographicimagesontothesurfaceof a givencorresponding3D model.Within this pro-
cessthecameraposition,directionand�eld of view mustbedeterminedfor eachof theimages.For
this registrationwhichalignsa2D imageto a3D modelwepresentanef�cient hardware-accelerated
silhouette-basedalgorithmworking on differentimageresolutions,which accuratelyregisterseach
imagewithoutany userinteraction.Besidesthesilhouettes,alsothegiventextureinformationcanbe
usedto improve accuracy by comparingonestitchedtexture to alreadyregisteredimagesresulting
in a global multi-view optimization. After the 3D-2D registrationfor eachpart of the 3D model's
surfacetheview is determinedwhich providesthebesttexture. Texturesareblendedat theborders
of regionsassignedto differentviews.


