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Abstract

In this papera systenis presentedvhich automaticallyreg-

isters and stitches textures acquired from multiple photo-
graphic images onto the surfaceof a given corresponding
3D model. Within this processthe camer position, direc-

tion and eld of view mustbe determinedfor each of the

images. For this registration which aligns a 2D image to

a 3D modelwe presentan efcient hardware-acceleated
silhouette-basedlgorithm working on differentimage res-
olutions,which accumatelyregisters eat image withoutany
userinteraction. Besideghe silhouettesalsothe giventex-

ture information can be usedto improve accuracy by com-
paring onestitchedtexture to alreadyregistered imagesre-

sulting in a global multi-view optimization. After the 3D-

2D registration for ead part of the 3D models surfacethe

view is determinedvhich providesthe besttexture. Textures
are blendedat the borders of regions assignedto different
views.

Keywords: Texture Acquisition,Image Registration, Object
Calibration, Image-BasedRenderingand Modeling

1 Introduction

Throughoutthe pastyears3D renderingsolutionshave ad-
vancedn renderingspeedandrealism.Becausef this, there
is also an increaseddemandfor modelsof real world ob-
jects, including both the object's geometryandits surface
texture. Precisegeometryis typically acquiredby special-
ized3D scannersvhile detailedtextureinformationcaneven
becapturedy consumenuality digital camerasOnly afew
3D scanningdevicesare built to capture3D geometryand
2D texturesat the sametime. And evenif texture acquisi-
tion is supportedt mayberequiredto take theimagesunder
controlledlighting conditionswith a specialsensoimplying
thatthe objectof interesthasto be placedin afully control-
lable environmentwhile taking the pictures.In casesvhere
photosandgeometryarenotacquiredby thesamesensothe
imagesmustbe registeredwith the 3D modelafterwardsin
orderto connecigeometryandtextureinformation.

For this registration task we present a hardware-

accelerate@lgorithmthatalignsanimageto the 3D model
aswell asto otheralreadyregisteredimages.All stagesof
the algorithm can run completelyautomatically Alterna-
tively, the usercanskip somestepsin the algorithmprovid-
ing aroughalignment.

2 Related Work

In the eld of capturingsurfaceappearancécolor andtex-

ture) of real world objectstherehave beena numberof re-
centpublicationsrangingfrom architecturalsceneq3, 22]

to smallerartifacts[10, 11, 13, 17, 18] andevendeformable
objectslike faces[5, 6, 14]. To acquirea completetexture
for anobjectthefollowing tasksmustbe performed.

2.1 Imaging All Visible Surfaces

If anobject'ssurfaceshouldbeentirelydigitizedthe rst step
is to collectdatafor all visible surfaces A setof camergo-
sitionsmustbe determinedrom which every partof thesur
faceis capturedoy atleastoneimage.For agivengeometric
modelanda setof possiblepositionsMatsushiteet al. [11]
determinethe optimal setof requiredviews respectingthe
viewing angleto eachsurfaceelement.Further Stuerzlinger
[20] nds aminimal setof view pointswithin the volumeof
all possiblecamergpositions.He useshierarchicabisibility
linksto rst determineoptimalsubreionsusinga simulated
annealingapproachandthen selectsoptimal points within
theseregions.

2.2 3D-2D Registration

After takingtheimagesthe camergpositionandrotationrel-
ative to the 3D model mustbe determinedfor eachview.
Only if geometryandtexture areacquiredat the sametime
with the samesensollike in [18] or [16], theimagesareal-
readyalignedto the modelandno further 3D-2D registra-
tion is needed.In all othercasespne canbasicallyfollow
two differentapproaches.

The rst approachselectsa setof pointsin eachimage
which correspondo known points on the model's surface.
From thesecorrespondencetbhie cameratransformatiorfor



thecurrentview canbedirectly derivedusingstandarccam-
eracalibrationtechniquesge.g. [21]. However, the prob-
lemisto nd thesepairsof points. Dependingon the object
theremay be geometricfeaturepoints which canbe easily
locatedin theimagesandthuscanbe detectecandassigned
automatically Kriegmanetal. [8] useT-junctionsandother
imagefeaturego constrairthemodel's positionandorienta-
tion. Othersattacharti cial landmarkgo theobject'ssurface
whicharedetectecautomaticallyin theimageq5]. Butthese
marksdestrg thetextureandhave to beremovedafterwards.
If no extraordinarypointscanbe detectecautomaticallyone
may of courseselectcorrespondingixels manually which
actuallyis acommonlyusedbut tediousmethod[14, 17, 3].

Insteadof directly searchingor 3D—2D point pairswhich
are especiallyhardto nd for objectscontainingno sharp
edges,one may inspectlargerimagefeatureslik e the con-
toursof the objectwithin eachimage. The correctcamera
transformatiorwill projectthe 3D modelin sucha way that
the outline of the projectedmodelandthe outlinein theim-
agematchperfectlyexceptfor smallerrorsdueto imprecise
geometryacquisition.

A lot of previousalgorithmstry to nd the camerarans-
formation by minimizing the error betweenthe contour
foundin theimageandthecontourof theprojected3D model
[2, 9,13 11, 6]. Theerroris typically computedasthesum
of distancedetweera numberof samplepointson onecon-
tour to the nearespointson the other[13, 11]. Anotherap-
proachcomputeghe sumof minimal distance®of raysfrom
the eye point throughtheimagecontourto the model's sur
facewhich arecomputedusing3D distancemapg[2].

To recover the different cameraparametersary kind
of non-linear optimization algorithm like Levenbeg-
Marquardt, simulatedannealing,or the downhill simplex
methodcan be used,which are describedn [15]. During
theoptimizationalot of differentsettingsfor the cameragpa-
rametersaretestedin orderto guidethe algorithmtowards
aminimum. For eachtestthe error function hasto be eval-
uatedwhich is quite costly for contourbaseddistancemea-
surementsincethe model must be projectedand the point
distancedo the projectedcontourmustbe calculatedfor a
sufcient numberof points. In Section5 we presenta dif-
ferent,moreef cient algorithmto calculatethe distancebe-
tweensilhouettesnsteadof 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 global optimizationfor
all incorporatediiews canbe performedasdemonstratedy
Neugebaueetal. [13], whereasRocchinietal. [17] usethe
imageinformationonly to alignthetexturesin thoseregions
wheredifferenttextureshaveto beblendedduringrendering.

2.3 Texture Preparation and Rendering

After exact registrationthe mappingfrom surfaceparame-
tersto texture coordinatess known for eachview. A single
image can be mappedonto the object by commongraph-
ics hardware supplyingprojective texture mapping[19]. If
multiple views are incorporatedone mustdeterminewhich
imageis bestto be mappedonto which part of the surface.
Here,the anglebetweerthe viewing directionduringacqui-
sition and the surfacenormal may be considered17, 11],
or thetexturesareselecteddependingn therenderingview
point[3, 4, 16]. Specialcaremustbetakenatboundarie®of
surfaceregionswhich aretexturedwith datafrom different
images. To createa smoothtransitionbetweenthe regions
the texturesmustbe blendedappropriately Rocchiniet al.
[17] even precomputedhis blendinginto a new texture to
speedup theentirerenderingprocess Additionally, all rele-
vantpartsof the original imagesarepaclkedinto onesingle
largetextureto provide easiethandling.

3 Overview / Contrib utions

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

singleview registrationbasedn silhouetteSection5
andSection6)

globalregistrationof multiple views with respecto im-
agefeaturegSection8)

view-independerassignmensf surfacepartsto theim-
agesproviding the besttexturefor the singlepart(Sec-
tion 7)

blending betweentextures at assignmentooundaries
(Section7)

Althoughwe brie y explain all necessargtepsfrom image
acquisitionto renderingof the texturedmodel,the mainfo-
cuswithin this paperis on novel techniquedor imageregis-
tration.

4 Camera Transf ormation

Figure1l: Recweringthe cameraparametergor oneimage
allows to maptheimagecorrectlyontothe model.



During registration the camerasettingsmust be deter
mined for eachimage mappingit correctly onto the 3D
model (Figure 1). In our systema pinhole cameramodel
is assumed.Altogetherup to seven cameraparametersre
recovered: the eld of view which is the only intrinsic pa-
rameterandis relatedto the focal length, and six extrinsic
parameterslescribingthe camergposeandorientation. All
otherintrinsic parameterik e aspectatio, principalpoint, or
radiallensdistortionareassumedo be constantindknown
sincethey canbeobtainedeasilyusingcommoncamereacal-
ibrationtool kits, or they aresimply ignoredandsetto rea-
sonableapproximatve values.

The camergositionis expressedy thetranslationvector
t. 2 IR3, while the orientationof the camerais describedy
( x; y; 2), therotationanglesaboutthe coordinateaxes,
whichform a3 3 rotationmatrix R. Theseextrinsic pa-
rameterdeterminea rigid body transformatiorthat mapsa
pointin world coordinatex,, 2 IR® into cameracoordinates
(Xe:Yer Ze)T:

0 1
Xc

@yc A = Rxw + t¢ (1)
Zc

For acamerdaraway from theobjectthisrepresentatiohas
the disadwantagethata small rotationaroundthe camerare-
sultsin alargedisplacemenof the objectin cameracoordi-
nates.If thepointx,y is rotatedaroundthecenterof gravity g
of theobjectinsteadheeffectsof rotationandtranslatiorare
mucheasietto distinguish thussimplifying the optimization
[13]. Thetranslationis now givenbyt = Rg+ t. which
actuallyis the positionof the centerof gravity in cameraco-

ordinates.
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To fully describethe cameratransformationthe points
(Xc;Ye; ze)" arefurthermappedo 2D imagespace(u; v):

f

W R
v Vo ze fye
where(Up; Vo) is the principle point (in our casethe center
of theimage), the aspectratio of width to heightwhich
mustbe providedby theuser andf the eld of view. Thus,
thecameraransformatioris determinecy f andthevector

= (xr oy bty t,)" . Foreachimagethesesevenpa-
rametersare have to be recoreredby a non-linearoptimiza-
tion of a similarity function comparingthe projectedmodel
to the objectfoundin theimage.

5 Similarity Functions

Since we want to optimize seven parameters
( x; yi z:ttyity;f) wede ne afunctions : R” ! R

which returns a scalar value for the specied camera
transformationexpressingthe similarity of the projected
modelandanimage,i.e. with a smallvalueindicatinghigh
similarity while the value increaseswhen the projected
modelandtheimagearemisaligned.As this functions will
be evaluatedquite oftenduringthe optimizationprocesst is
necessaryhatit canbe computedvery quickly.

At rst we have to de ne in which way we wantto mea-
surethe similarity, which featurespaceto beused.Sincethe
3D geometricmodel doesnot yet carry ary color informa-
tion we arerestrictedto geometricproperties.In contrastto
Neugebaueet al. [13] andMatsushiteet al. [11] who com-
paredthe contourof the projectedmodelto the contourin
the image,we decidedto directly comparethe silhouettes,
which requireslesscomputation.A silhouetteis the object
projectedontoaplane lled with uniform colorwhile acon-
touris theoutline of the silhouette.

5.1 Segmentation

When renderingthe modelfor a given view the silhouette
canbe generatedimply by choosinga uniform white color
in front of a black backgroundwhich is very simple. If in-
steadof thesilhouettethe contourhadto beextractedfurther
processingvould be necessaryhich we canavoid.

To comparesilhouetteghe secondsilhouettemustbe ex-
tractedfrom theimagedata.If theobjectis capturedn front
of a black backgroundthe image can be segmentedauto-
matically by histogram-basethresholding.Thethresholds
choserright afterthe rst peakin the histogramwhich cor-
respondgo the numberof very dark pixels. If the contrast
betweenthe objectand the backgrounds too low (like in
lesscontrollableenvironmentsptherimageprocessingech-
niguesmustbe applied.For examplethe semi-automatial-
gorithmpresentetby MortenserandBarret[12] maybeused
to tracethe contourin the imagewhich afterwardscan be

lled automatically This segmentatiorhasto be doneonly
oncefor eachimagebeforestartingthe actualoptimization
andthususerinteractionseemsacceptable.

5.2 Silhouette Comparison

After extractingthe silhouettessomekind of distancemea-
surementbetweenthe silhouetteshasto be de ned. The
techniquepresentechere can be carriedout completelyby
use of commonly available graphicshardware supporting
histogramevaluation.

The rst steprendersthe silhouetteof the projected3D
modelinto theframehuffer. Theresultis thencombinedwith
thesggmentedmageusinga perpixel XOR-operation.This
processs visualizedin Figure 2 wherethe silhouettesare
computedfor the photoandfor oneview of the 3D model
andcombinedafterwards. After the XOR-operatiorexactly
the pixels betweerthe outlinesremainwhite. Their number
can be countedby simply evaluatingthe histogramof the
combinedimagewhich is computedvery ef ciently by the
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Figure2: Measuringthe differencebetweerthe photo(left)
andoneview of the model(right) by the areaoccupiedby
the XOR-edforegroundpixels.

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

The computatiortime for the similarity functionis domi-
natedby two quantities.The moreimportantoneis thereso-
lution selectedor renderingsinceeachpixel of the XORed
imagewill be processediuring the computationof the his-
togram. The other quantity is the compleity of the 3D
modelin termsof the numberof geometricprimitivesthat
have to berenderedo producethe model's silhouette.

5.3 Blurred Silhouettes

Until now, we have assumednonochromatiédmageswith a
sharptransitionbetweertheintensityof pixelsbelongingto
the objectandthosebelongingto the background.Suppose
two sharpintensity transitionswhich are slightly displaced
like depictedn Figure3a. As thedisplacemenis increased,
the integral of the differencesof the two curvesgrows lin-
early while the differencesare eitherone or zero. This is
exactly the result of the presentedsimilarity measurement
basedbn XORedmonochromatisilhouettes.

More desirableis a measurementhat is proportionalto
the squareddistancebetweenpoints on the outlines. This
behaior canbeapproximatedor smalldisplacementasing
blurrededges As canbe seenin Figure3b, evenfor blurred
transitionstheintegral of the differencesbetweerthe curves
is proportionalto the displacementBut in this casealsothe
magnitudeof the differencesis linear to the displacement
in regionswherethe transitionsoverlap. Thesedifferences
canbe squaredrior to the integration. By this, a quadratic
distancemeasuremeris approximatedor edgesaslong as
the displacemenof the edgeds smallerthanthe sizeof the

Iter kernelappliedto blur the edges.Largerdisplacements
areemphasizedomparedo smallerones.Thisbehaior can

intensity intensity

difference

difference

intensity intensity

difference difference

Figure3: a) Theintegral of differencesdetweera sharpin-

tensityedgeandthe sameedgeslightly displaceddashed)s

proportionalto the displacementBlurred edges) alsopro-

ducea lineardistancemeasureBut the differencedetween
blurrededgescanbe squaredeforeintegrationapproximat-
ing aquadrationeasuremer{ivhite line).

guidethe optimizationalgorithmfasterto theminimum. But
computingthedifferencedetweerblurredimagess slightly
more expensve thanjust applying the XOR-operationand
onecandecideif it is worth the cost(seeSection9).

To blur the silhouettesan  n low-passlter is applied.
While this is no problemwith respecto the photosinceit is
donebeforethe optimization,the silhouetteof the projected
3D modelmustbe ltered againfor eachview. Although
convolution can be computedby the graphicshardware, it
requiresprocessingthe entire framehuffer and thus slows
down theevaluationof thesimilarity function. After blurring
the silhouetteghe absolutedifferencevaluesbetweenthem
mustbe computedon a per-pixel basis. A specialOpenGL
extensionallows to computethe positive differenceof the
framehuffer contentsandanimageby specifyingaparticular
blendingequation.Sinceonly positive valuesarecomputed
while negative valuesareclampedagainstzerowe rst ren-
derthe silhouetteof the 3D modelminusthe photointo the
red channeland then the photo minus the 3D model’s sil-
houetteinto the greenchannelof the framehuffer ascanbe



Figure 4: XORed sharp silhouettes(left) and subtracted
blurredsilhouettegright).

seenin Figure4. The histogramof thered andof the green
channelrethencombinedo obtainthe sumof the absolute
values,andthe approximatequadraticdistancds 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.
Thereare always somepixels of the silhouettein the photo
which are not coveredby the projected3D model or vice
versa,originating from differentsourcesof error On one
handthe 3D modelmay be somavhatimprecisedueto the
acquisition.Theremay be evenpartsof the objectvisible in
theimagewhich arenot partof the 3D model. On the other
hand somepixels in the image may be wrongly classi ed
by the automaticsggmentationdue to unfavorablelighting
conditions. Additionally, in someviews partsof the object
will behiddenby otherobjects.

a) b)

Figure5: Largeregionsof wrongly segmentedpixels apart
from thesilhouette(a) andpenetratinghe silhouette(b).

Thereare several possiblewaysto deal with theseerro-
neouspixels: If the regionsof erroneougixelsdo not pen-
etratethe silhouetteof the objectlike holeswithin the sil-
houetteor bright regionsin the imageapartfrom the object
(Figure5a) the optimizationis not affectedsincethesepix-
els only adda constantbiasto the histogram. If erroneous
pixelsdisturbthe outlinethey mayleadto slight misregistra-
tion (Figure5b). But the error may be correctedafterwards
by comparingthe registeredtexture to the texture of other
views asexplainedin Section8, or it maysimply beignored

if it is only small. In caseswherethe erroris too large to
beacceptabléhe erroneougpixel canbe masledoutandthe
histogramis evaluatedonly over regions providing reliable
information. But maskingout the badregionsrequiresuser
interactionandthusshouldbe avoided.

6 Non-linear Optimization

Let's assume similarity functions asde ned in the previ-

oussection.To recoverthecorrecttransformatiorior agiven
imagewe haveto nd thepair( min ;fmin ) thatminimizes
s. Sinces typically is non-linearand possessea bunch of

local minima, an appropriateoptimizationmethodmustbe
applied. We chosethe downhill simplex methodasit is pre-
sentedin [15] and extendedit by someaspectssimilar to

simulatedannealingsincethe puresimplex methodtendsto
cornvergetoo fastinto local minima. Of course,also other
optimizationtechniquesmay be usedinsteadbut we found
the simplex methodeasyto controlandit doesnot require
ary partialderivatives,which makesit very ef cient, evenif

the costfor evaluatingthe similarity functionis high, likein

our case.

a)

high low
b) < ‘ 5
C) Q
d)

Figure 6: Possibleresultsafter one optimization step: a)
Theinitial simplex which wasconstructedaroundthe start-
ing point or it is the resultof a previous step. b) The high
pointis re ected andperhapdurtherexpanded.c) Contrac-
tion alongonedimensionfrom the high point. d) The high
pointis perturbedandomly

6.1 Downhill Simple x Method

The methodworks for N -dimensionalproblemsalbeit we
useit only for 6 dimensiongo optimizethecamergposeand
orientation.The eld of view is optimizedafterwardsusing
anotheroptimizationtechniquesincea goodapproximation
canbe derived from the appliedlens,andfurther, the effect



of changingthe eld of view is too similar to changingthe
distancemakingtheoptimizationlessstable.To initialize the
algorithmastartingpointmustbegivenaroundwhichN fur-

therpointsarearrangedn suchawaythattheseN + 1 points
spana simplex in RN which enclosesa N -dimensionain-

nervolume. For example,giventhe startingpoint po in IR®

thesimplex (po; p1; pP2; p3) maybebuilt with p; = pg + e,

P2 = Po+ €y, Pz = Po+ € Whereey; e, ande, arethethree
unit vectors.In N dimensionghepointp, (1 n N)

is constructeddy displacingpg by the nth unit vector The
displacementanalsobe scaledwith respecto theexpected
distanceto the yet unknavn minimum. For eachpoint the
similarity functions is evaluatedandstoredwith the point.

Basedon the valuesof s the points are sortedyielding
the worst point py; , the next betterpoint pphi , andthe best
point pp with s(phi)  s(Pani)  S(pi)  s(pw) for all
remainingi < N + 1. For py anew positionp® mustbe
foundwith s(p®)  s(pnni ) in orderto preventthepointfrom
beingselectedgainin thenext iteration. Thesearchstrateyy
for nding a betterpositionin the caseof threedimensions
is depictedn Figure6. For eachpointa numberof possible
positionsaretried for which s is evaluatedandcomparedo
S(pnhi )- At rst ppi is re ectedthroughthe oppositefaceof
the simplex yielding p°. If s(p% is evensmallerthans(pio)
thenapositionis tried thatexpandshe simplex furtherin the
re ecteddirection(Figure6éb). If re ection doesnotimprove
the resultanotherpoint p® is tested,this time moving p;
a bit nearerto the centerof the simplex which makesthe
simplex shrinkin this direction(Figure6c). In the casethat
s(p®Y still is not satisfyingthe shrinkingstepis repeatedbut
only once.If abetterpointthanpyn hasbeenfoundduring
thesetries p,; is replacedby determinedooint. Otherwise,
if neitherre ection nor shrinking succeedegy,; is setto a
point calculatedby randomperturbatiorof pj, in oneor two
dimensionausinga multiple of the diameterof the simplex
asthemaximumdisplacement.

Afterwardsthe sortingis repeatedvith theimprovedpy,; ,
anotherpy; is determined,improved, and so on, until all
other verticesexcept py; have corvergedto a region with
radiussmallerthana userde ned threshold.

During the optimizationthe simplex movesthroughthe
searchspacewhile continuouslychangingits shapelike an
amoeba. The re ection and expansionof the worst point
(Figure6b)let thesimplex movethroughthespacdowardsa
minimum. New impulsesfor the directionof the movement
arecreatedby therandomperturbation(Figure6d). And -
nally, corvergenceto a small region arounda minimum is
achieredby contraction(Figure6c).

6.2 Hierarchical Optimization

Thealgorithmstill corvergesvery quickly to aminimumthat
is not necessariljthe global minimum. In orderto nd the
global minimumwe restartthe optimizationprocessseveral
times. Hereby the minimum found by the previous opti-
mizationis usedasthe next startingpoint. The radiusof the

initial simplex is of coursereducedbeforeeachiterationto
speedup thecorvergence.

Anothermethodto speedup the optimizationandevento
increasgobustnesss to runtheoptimizationat differentim-
ageresolutions.As pointedout in Section5 the evaluation
timefor our similarity measuremerdepend®ntheusedm-
ageresolutionsincethe histogramhasto countall pixels.
Startingwith low resolutionthe view canbe approximated
roughly but very quickly. For accurateregistrationthereso-
lution is increasedAt the sametime alsothe tessellatiorof
theobjectcanbevariedto gaina speedup.

6.3 Generating a starting point

For the optimizationit is extremelyimportantto have anap-
propriatestartingpoint. A startingvaluefor the eld of view
canbe derived directly from the focal lengthof the applied
lenswhich is reportedby somedigital cameras.This typ-
ically won't be the correctfocal length sinceit is slightly
changeddy selectingthe focal distance.Assumingthat the
entireobjectis visible in theimage,aninitial guessfor the
distancecan be computedusing the eld of view andthe
size of the object. The x andy displacementgreinitially
assumedo be ngglectable.

Whatremainss to make a guesdor the orientation.This
is doneby sparselysamplingthe spaceof possibleangular
directions.We try threedifferentanglesfor « andfour for
both y and , yielding 48 samples. From eachof these
sampleswe startthe simplex algorithmrunning at a rather
low resolutionand stop alreadyafter a few evaluationsof
the similarity function. Thebest veresultsareselectecand
furtheroptimizedthis time allowing more evaluationsat the
sameresolution. It turnedout thatthe bestof the computed
minimais alreadyquitecloseto theonewe aresearchindor.
With this valuethe nal optimizationcanbe started.

Of coursethe generatiorof the startingpoint takessome
time, but it doesnot requireary userinteraction.Especially
thereis noneedo selectpairsof correspondingoints. How-
ever, time canbe savzedby manuallymoving androtatingthe
3D modelveryroughlyinto a positionsimilar to the photo.

Fora x ed eld of view thefollowing stepsareperformed
to recoverthetranslatiorvectort andtherotationR givenby

xi yi z.generat@startingpositionautomaticallylik e de-
scribedabove or selectit manually run the simplex method
two timesat low imageresolutionandthentwo timesat the

nal resolution.

6.4 Optimizing the Field of View

Given the optimized , the eld of view fgy ¢+ Obtained
from the cameraand the result of the similarity function
S( ;fsart) Wenow try to nd thebest eld of view f i
thatfurther minimizess( % fmin ) where Cis only slightly
changedcomparedto the previous This problemis a
searchin only onedimensionfor which we implementeda
simplealgorithm.



Let'sstartwith f settof g ¢. At rst f isincreasedby an
amountd yieldinganew f °. All otherparameteraresimply
copiedfrom to ° Thenthedistance, in Cis updatedo
compensatéor thechangen the eld of view in suchaway
thatthe size of the projectedobjectapproximatelyremains
the samefor thenew f & To ®andf ° the simplex method
is appliedallowing only a few evaluationsof the similarity
function. This yieldsan optimizedparameteset J,. This
optimizationis necessario slightly correct °sinceawrong
eld of view will leadto a wrong registrationin the other
parameterswo. If by increasing abetter eld of view was
found (s( 9p:f9 < s( :f)) the eld of view is increased
andthealgorithmis repeatedstartingwith ( 5, :f 9. Other
wisewe divide theincrementd by two, stepbackto the pre-
decessoof thelast eld of view andproceedwith thesearch
until d is sufciently small. If nobetter eld of view canbe
foundby increasind st ¢ the algorithmis just appliedinto
theotherdirection,decreasing st ¢ -

Using this algorithmit is possibleto determinethe best
eld of view for eachphotographndependentlyThis allows
to selectadifferentfocal distanceor evendifferentlensedor
eachview in contrastto previous approache# which the
eld of view hadto be x ed[13, 11].

7 Texture Stitc hing

After determiningthe correctviewing parameter$or anim-

age,it canbestitchedasatextureontothe surfaceof the 3D

model.In this sectionatriangularmeshis assumealthough
the presenteddeascan easily be adaptedto other surface
representationaswell.

7.1 Single View Processing

Giventhe viewing transformatiorthe setof visible vertices
of the 3D modelcaneasilybe determineckitherby casting
a ray from the view point to the vertex andtestingfor oc-
clusionor by a simple z-buffer depthtest. For all visible
verticesa texture coordinateinto the imageis computedby
projectingthe vertex into the imageplaneusingthe recor-
eredcameraransformationAdditionally, theviewing angle
is determinedor eachvertex. From this datathe setof 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
notlie exactly on the outline of the projectedobject. Using
this criteriontexture mappingartifactscanbe avoidedwhen
viewing the texturedobjectfrom views thanthe determined
one.

Basedon the setof valid verticesthosetrianglescan be
selectedor which reliabletexture informationis available.
A triangleis usedonly if all its verticesarevalid.

7.2 Combining Multiple Textures

If multipleimagesareinvolvedthesetsof valid triangleswill
overlapandthe bestassignmenbf trianglesto imagesmust
be determined A staticdecisioncanbe madeby inspecting
againthe angleunderwhich thetriangleis seenin eachim-
age.Eachtriangleis assignedhetexturefrom thatimagein
whichit possessethelargestviewing angle.

Figure7: a) Adjacenttrianglestexturedusingdifferentim-
ages. b) Possiblyblendedtrianglesshadedgrey. c) Each
boundaryvertex is assignedo oneimageandtexturesare
blended.

Therewill be trianglesthat are assignedto one image
while anadjacentriangleis assignedo anothetimage(Fig-
ure7a). Thisoftenresultsin avisiblediscontinuityin thetex-
tureevenif theimagesaretakenwithout changingthelight-
ing conditions. A smoothtransitionis achiezed by blend-
ing betweenthe texturesacrossthe bordertriangles. This
requiresall boundarytrianglesto be valid alsofor adjacent
textures. To ensurethis the setof valid trianglesfor each
imageis reducedprior to the assignmento the images.All
thosetrianglesareinvalidatedwhich have atleastoneinvalid
triangleastheir neighbor

Next, the trianglesmust be determinedacrosswhich to
blend. All trianglescontaininga boundaryvertex arepossi-
ble candidatedor the blending(Figure 7b). They areren-
deredoncefor eachadjacentexture usingappropriatealpha
valuesat the verticesto gain correctblending. The assign-
mentof alphavaluesfor eachvertex for eachimageis as
follows. For eachboundaryertex it is decidedn whichim-
ageit is bestrepresented For the bestimagethe vertex is
assignedan alphavalue of one,while for all otherimages
it is setto zero. For all surroundingverticeswhich are not
boundaryverticesthe alphavalueis setto oneif the vertex
belonggo atrianglethatwaspreviously assignedo thecur-
renttexture (Figure7c).



Renderingthe texturedtriangleswith thesealphavalues
resultsin a smoothtransition. Unfortunately the blending
takesplaceacrosshe width of only onetriangle. If the ob-
jectis nely tessellatedheblendingareawill becomerather
smallandcontrastingexturesarestill not sufciently sepa-
rated. This problemcanbe solved by computingthe blend-
ing on an objectwith coarsertessellatiorand assigningin-
terpolatedalphavaluesto the verticesof the ne subdiided
mesh.

8 Multiple View Registration

Whenthetextureis combinedrom multiple views a slightly
misalignedimagecan producevisible artifactssinceimage
featuresblendedbetweentwo imagesmay not be aligned.
The circumstancesvhich can lead to misalignmentwhen
only oneview is consideredare mentionedn Section5. If

we have multiple alreadyregisteredviews anadditionalsim-
ilarity measuremersiex canbede nedwhichdoesnotcom-
paresilhouettesut thetexture of oneview to thetextureob-
tainedby anothewiew. Thisresultsin aglobaloptimization
takinginto accountall views.

8.1 Texture Comparison

Giventheparameter$ 1;f1) and( »;f,) of two registered
views andthesetsT; andT, of valid triangles thequality of
the registrationcanbe measuredy comparingthe textures
mapped,onein turn, onto the set of overlappingtriangles
T1\ T,. Thetrianglesarerenderedrom the view speci ed

by the averagedparameters —3—2; 1212 Choosingthe

averagedview yieldssimilarlossof quality dueto distortion
andresamplingn bothtextures.

In the caseof a perfectly diffuse surface the textures
mappedntoT;\ T, will lookidentically, whereaspecular
ity leadsto view-dependenhighlightswhich occurin differ-
ent location on the surfacefor differentviews. To getless
view-dependentexturesthe color imagesare transformed
into the HSV color spacewhich separateshe brightness
(value)from thehueandthesaturationsOnly thehueand/or
saturation-channere usedfor comparisoravoiding thein-

uence of view-dependenbrightness.Of course alsoother
methodscanbe appliedto createview-independentextures
like the one presentedn [13], but they tendto be more ex-

pensve. However, the hue channelof the two texturescan
now be comparedike the intensity valuesof two different
blurred silhouettesin Section5. At rst, the positive dif-

ferenceof the rst texture minusthe secondtexture is ren-
deredinto the red channelof the frame buffer andthenthe
reverseddifferenceis renderednto the greenchannel.Sum-
ming up the histogramweightedby the differencevalues
yieldsavaluethatbecomesninimal whenthetwo views are
perfectly aligned. This measuresex ( 1;f1; 2;f2) allows
to registermultiple views with respecto eachothet

8.2 lterative Global Optimization

A registrationof multiple views startswith the separateeg-
istrationof eachview basedn thesilhouetteasdescribedn
Section6. After the single-view registrationthe setsof valid
trianglesare determinedand texture coordinatesare com-
putedfor the vertices. For eachpair of views (i; j ) the set
of overlappingtrianglesT; \ T, is determinedandthe aver
agedparameterg j ;f; ) arecalculated.For thesepairsan
initial measuremersj = Seex ( i;fi; j;fj) isevaluated.
Successiely eachview i is selectedandthe setof other
viewsV; is determinedvhich aresharingoverlappingtrian-
gleswith i. We cannow optimizethefollowing function:

Sex (isfis jifj
Smutiview( 1110 = = g )
j2Vi i

“4)

Again, the extendeddownhill simplex methodpresentedn
Section6 canbe applied,this time calculatingnew texture
coordinatesand evaluatingsy,itiview( i:fi) for eachtry.
Sincethe changesn ; are expectedto be rathersmall a
simplex with small radiusis constructecaround ; andthe
optimizationis alreadystoppedafter a few evaluationsof
Smultiv iew - Iteratingthis processeveraltimesoverall views
until no furtherupdatesare performedwill producethe best
possibleregistrationregardingthe surfacetextures.

9 Results

Thepresentednethodsvereappliedto two differentobjects,
a bird anda moose. The modelshave beenacquiredusing
a SteinbichlerTricolite 3D scanner The bird's modelcon-
sistsof around7000triangleswhile the mooseis tessellated
more nely with nearly11000triangles. The imageswere
takenwith a Kodak DCS 560 digital camerathat yields an
imageresolutionof 3040x2008pixelswhich we reducedo
1024x676sincethe appliedgraphicshardware cannotdeal
with largertextures. We run the optimizationon a SGI Oc-
taneequippedvith aMXE graphicboardcontainingBMB of
textureram.

In Figure 8 the resultsafter automaticregistration and
stitching of several imagesonto the modelsare shavn and
comparedo real photosthat have not beenusedfor gener
ating thetexture. The moosetexture consistof 15 different
imagegakenwith two differentlensesandatdifferentobject
distancesThebird wastexturedusingjust 10 images.

Thesyntheticresultscompareeally well to thephotosal-
thoughtwo kinds of artifactsarevisible. At the top of the
antler sometrianglesare not textured becausehey aretoo
closeto theoutlinein eachincorporatedmage.Here,nore-
liable informationcould beretrieved. The otherartifactsare
dueto the non-diffusesurfacere ectance. Eventhoughthe
positionof thelightswasnot changediuringtheacquisition,
specularhighlights resultin brightnessdifferencesamong
theacquiredmagesascanclearlybe seenin Figure9a.



photo texture

Figure8: Novel viewpoint. Left column: photothathasnot beenusedto generatehe texture. Right column: syntheticmodel
renderedwvith the generatedextures.



a) b)

Figure 9: Texture Alignment. View at the right front wheel. a) Several texturesare so accuratelyalignedthat even ne

linesin thewood's structureare presered. b) Blendedtriangleson region boundariesrenot displayedrevealingsix regions
contrituting to thewheel's overall texture

| mode | xy [ value] tx | ty | t; | x | y | 2 | times |
con || 28 | TS S T o e g
XOR | 1000x660 G0 saoon 00009128 2aTa7s| 021si30] 00937607 0 1sisos 1
o] 5090 |28 o ot et o v
burred | 10004660| -5 5513961 0:000300759 03010371 01582171 0.0676483] 3 156163] %

Tablel: Averagevalueandvariancevalueof therecoseredcamergparametergndthe requiredtime applyingthe XORedand

blurredsilhouettematchingalgorithmfor differentresolutions.The optimizationhasbeenstartedseveraltimesfrom different
positions.

| | imageproc. | startpos.| opt. | FoV | stitching | total |

10images 235 826 | 239 | 365 12 | 1677
average 235 82.6| 23.9| 36.5 1.2 | 155
15images 359 1660 | 536 | 1250 21 | 3826
average 23.9 110.6| 35.7| 83.3 14| 255

Table2: Ragistrationtimings (in secondsjor thebird (top rows) andthe moose(bottomrows).



The precisionof the presentedilgorithmis visualizedin
Figure9awheretheright front wheelof themooses shawvn.
The wheelis actually textured by at leastsix differentim-
ages.In Figure9ball possiblyblendedrianglesareremoved
andsix regionsassignedo differentimagesarevisible. Al-
thoughthe texture of the wheelis composedising several
differentviews,the ne linesof thewood's structureis com-
pletely presered,indicatinga very accurateegistration.

When comparingthe XOR and blurred matchingmeth-
ods, it canbe seenfrom table 1 that the blurred silhouette
methodleadsto superiorresults. The varianceof the recor-
eredparameterss generallydecreasedftenby oneorderof
magnitude Fromour experimentsijt couldalsobe obsened
that althoughthe computationof the similarity function is
computationallymoreexpensve,theoptimizationcorverges
morequickly for non-idealstartingpoints.

Table 2 lists the time (in secondsheededfor the regis-
tration task of the bird andmoosemodels. The registration
of the bird took around28 minutes,while the moosetook
64 minutessincemoretextureinformationanda morecom-
plex geometricmodelwereusedandthe resolutionusedfor
the nal optimizationwasincreasedbird: 500x300,moose:
800x528).Theimagesare rst loadedandprocessedo ex-
tract the silhouettesthena startingpoint for the optimiza-
tion is generatedthe optimizationis run for recoveringthe
positionandorientationthe eld of view is determinedand
nally thetexturesarestitchedontothe model. Most of the
timeis spentfor nding anappropriatestartingpositionand
for determininghe eld of view.

Time could be saved by manuallyselectinga good start-
ing position. But it turnedout that the optimizationof the
poseandorientationaftermanualalignmentconsumednore
time (aroundoneminute)sincethestartingpointfor theopti-
mizationis notaspreciseastheautomatianethod.By xing
the eld of view duringtheacquisitionfurthertime couldbe
saved, sincein that casethe eld of view hadto be deter
minedonly once.

All theresultspresentedofar have beencomputedwith-
out using the texture-basedmulti-view optimization (see
Section8). It turnedoutthatthe purelygeometry-baserkg-
istration alreadyproducesresultsof very high accurag, so
thatthe texture-basednatchingis only helpful if oneof the
input imagesis misalignedfor somereason.In our tests,it
producesomparableesultsto thoseshovn here,consuming
additionaltime.

10 Conclusions

We have describeda numberof novel techniquedo regis-
ter andto stitch 2D imagesonto 3D geometricmodels.The
cameratransformatiorfor eachimageis determinedoy an
optimizationbasedn silhouettecomparisonlf theresulting
alignmentis notaccurateenoughfurtheroptimizationbased
ontextureinformationis possible Usingtherecoveredcam-
eratransformation the imageis stitchedonto the surface.

Finally, for multiple views, an algorithmis presentedhat
producesmoothtransitiondetweernexturesassignedo ad-
jacentsurfaceregionson themodel.

The presentednethodsdo not requireary userinterac-
tion duringthe entire processing They work ef ciently, ex-
ploit graphichardwarefeaturesandresultin very accurately
alignedtextures.Differencesn the brightnesglueto specu-
larity arestill visible. To furtherimprove the quality of the
results,the re ectional propertiesof the surfacesmustalso
be consideredr the algorithmmustblendbetweerthe tex-
tureddependingn the selectedriew-point.
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In this papera systemis presentedvhich automaticallyregistersandstitchestexturesacquiredfrom
multiple photographidmagesontothe surfaceof a given correspondin@D model. Within this pro-
cessthe camergposition,directionand eld of view mustbe determinedor eachof theimages.For
thisregistrationwhich alignsa 2D imageto a 3D modelwe presentinef cient hardware-accelerated
silhouette-basedlgorithmworking on differentimageresolutions which accuratelyregisterseach
imagewithoutary userinteraction.Besideghesilhouettesalsothe giventextureinformationcanbe
usedto improve accurag by comparingonestitchedtexture to alreadyregisteredimagesresulting
in a global multi-view optimization. After the 3D-2D registrationfor eachpart of the 3D models
surfacetheview is determinedvhich providesthe besttexture. Texturesareblendedat the borders
of regionsassignedo differentviews.



