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Abstract

Givenanaccurate3-D shapemodelof a scene,the
motion parametersof a moving cameracanbe re-
coveredwith highaccuracy usingmodel-basedmo-
tion estimationtechniques.Shapeerrors,however,
reducetheaccuracy of this kind of motion estima-
tion considerably. In this paper, model-basedmo-
tion estimationis combinedwith simultaneousob-
ject shaperefinement. A deformable3-D shape
model of low dimensionalityis employed to ap-
proximatethe object shape. Cameraposition and
orientationfor all views as well as object shape
refinementsareestimatedsimultaneouslyfrom the
imagedatausing an optical-flow-basedapproach.
In comparisonto traditional flexible body motion
estimation,our formulationof the shapedeforma-
tion allows theobjecttexture to slideon theobject
surface. Experimentalresultsillustrate that com-
bined shapeand motion estimationusing sliding
texturesimproves the calibrationdataof the indi-
vidual views in comparisonto fixed-shapemodel-
basedcameramotionestimation.

1 Introduction

Model-based3-D motionestimationalgorithmsuse
information about the 3-D shapeof an object for
motion parameterrecovery. For an accurate3-D
shapedescriptionof an object,e.g.,obtainedfrom
a 3-D scanner, the motion parametersof a moving
cameracanberecoveredwith highaccuracy. Shape
errors, however, reduce the accuracy of model-
basedmotion estimationtechniquesconsiderably.
Therefore,rigid body model-basedmotion estima-
tion hasbeenextendedto combinedshapeandmo-
tion estimation[1]-[5]. Simultaneousshapeand
motionestimationhastheadvantageof a tight cou-
pling of all available views since the estimated
shapeupdateshaveto beconsistentwithin all views.

In this paperwe presenta formulationof com-
binedshapeandmotionestimationthatdiffersfrom
traditional flexible body motion estimation. Tra-
ditionally, the object texture is extractedfrom one
frame and is mappedonto the 3-D object surface
leadingto a perfectreproductionof this frameaf-
ter rendering.It is typically assumedthattheorigi-
nalshapeis veryaccurateandthatthedeformations
we want to estimateoccur after initialization. In
casetheobjectshapeis only anestimateof thetrue
shape,we facetheproblemthatafterobjectsurface
deformationstheprojectionof themodelleadsto a
distortedversionof this initial frame.This requires
to re-extract the texture from the frameandto re-
mapit on the alteredobjectsurface. In this work,
the texture is not fixed to the object surface but
can slide on it in combinationwith surfacedefor-
mations. This sliding texture conceptensuresthat
theprojectionof theobjectinto the initial view al-
ways remainsundistortedindependentof the esti-
matedshaperefinement.This allows usto perform
3-D model-basedmotion estimationwith a coarse
approximative shapethatis refinedduring3-D mo-
tion parameterrecovery.

We considerthecasewheremany cameraviews
of an object are available but only very limited
or erroneous3-D geometryinformation is avail-
able. Camerapositionandorientationfor thecam-
era views are unknown and are to be determined.
We employ a genericsubdivision surfacemodelto
approximatethe objectshape.This genericmodel
is initially sphericalandis adaptedto theobjectus-
ing theobjectsilhouette.Theresultingapproxima-
tiveobjectshapeis thenusedto estimatethecamera
positionandorientationfor all views togetherwith
objectshaperefinements.Ouralgorithmrequiresin
its currentformulationknowledgeaboutthe inter-
nal cameraparameterswhich areestimatedfrom a
cameracalibrationstep[6] usingareferenceobject.
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Figure1: Shapemodelwith increasingresolution.

2 3-D Shape Model

A generic3-D shapemodel that is basedon an
icosahedronis usedto describethe shapeof the
object. The icosahedronis definedby 12 control
pointswhich form a trianglemeshasillustratedon
theleft handsideof Fig. 1. Since12 controlpoints
arenotsufficient to describearbitraryobjectshapes,
the icosahedronis recursively subdivided until the
desiredresolutionor thedesirednumberof control
pointsis reached.This subdivision is illustratedin
Fig. 1. Thenumberof controlpointsasa function
of thesubdivision level � canbecomputedas�����	��

����
�����������

���

(1)

Thecontrolpointscanbemovedindividually for
shapeapproximationof an object. For increased
estimationrobustnesswe restrict the movementof
control points to be radial only. The advantageof
this restrictionis a decouplingof local shapedefor-
mationsfrom global rotationandtranslationof the
object.Dueto thelimited numberof controlpoints
andtheradialmovementconstraint,theshapemod-
eling is of approximative nature.

3 3-D Shape Model Initialization

Thegeneric3-D shapemodelis by definitionspher-
icalandtypically deviatesconsiderablyfrom theac-
tualobjectshape.In orderto facilitatetheshapees-
timationweexploit objectsilhouetteinformation,if
available,to adaptthegenericmodelto theindivid-
ual objectshape.In casewe have a roughestimate
of thecamerapositionandorientationfor all views,
we exploit objectsilhouettesin all views. If this in-
formationis notavailableweuseonly thesilhouette
extractedfrom thefirst frame.

In afirststep,theicosahedronisplacedin the3-D
spacesuchthattheprojectioninto thefirst frameen-
closestheentireobject.In thenext step,thecontrol

Figure 2: Shapeinitialization using silhouettein-
formation. Left: objectsilhouetteandthe generic
shapemodelbeforeinitialization. Right: adapted
objectshapeafterinitialization.

pointsof the icosahedronthatareprojectedoutside
the objectsilhouettearescaledtowardsthe object.
This initializationprocessis illustratedin Fig. 2.

4 Model-based 3-D Motion and Shape
Estimation

Theadaptedgenericshapemodelprovidesuswith
an initial 3-D descriptionof the object for model-
basedmotion estimation.Model-basedmotion es-
timation permits accurateview calibration if the
availablemodelitself is very accurate.This is true,
for instance,if the model stemsfrom a 3-D laser
scanner. If themodeldeviatesfrom theactualshape
of theobject,asit is thecasefor theadaptedgeneric
shapemodelin Section3, themotionestimatesre-
flect thesemodelerrors. In this case,simultaneous
estimationof motion andshapeis required. In the
following we derive an algorithm that allows the
simultaneousestimationof 3-D motionparameters
and3-D shaperefinementfrom two or moreviews
of anobject. Theapproachis basedon theevalua-
tion of spatialandtemporalintensitygradients[7]
and leadsto a set of linear equationsfor the un-
known cameramotionandobjectshapeparameters
[9].

The3-D modelof theobjectascomputedin Sec-
tion 3 delivers shapebut no texture information.
Therefore,the texture is extracted from the first
view �� , wherethe objectposeis initialized. The
surfacepointsof the3-D shapemodelwith respect
to theobjectcenteraredenotedas !#" in thefollow-
ing. As shown in Fig. 3, a 3-D object point with
respectto thefirst cameraview �  is thendescribed
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Figure3: Objectandcameracoordinatesystemsfor
two cameraviews.

as !%$ �'& $
!#" �)( $ � (2)

For a secondview �
* this transformbecomes!,+ �'& +-!#" �)( + � (3)

Thecolor of objectpoint ! $ is found in view �  at
thepixel position

��.  �/10% � by.  �2�43
5#6  7  /80% ���43:9�;  7  (4)

with
3 5

,
3 9

beingthescaledhorizontalandvertical
focal lengths,respectively, thatrelateworld coordi-
natesto pixel coordinates.Therelative 3-D motion
from view �  to view � * togetherwith theshapein-
formation from the 3-D model allows to generate
a motion-compensatedapproximationof frame � * ,
assumingLambertianreflectanceand the absence
of occlusion.The relative motionbetweenthe two
framesis describedas!,+ � & + &=< $$ � !%$ �	( $ �,�>( +� & $?+ � !@$ �A( $ ���)( $ �>( $?+!%$ � & $ &=< $+ � !,+ �	( + �,�>( $� & < $$?+ � ! + �B��( $ �>( $?+ �1�,�>( $ � (5)

The motion compensationfor eachpixel
��. * /C0 * �

in frame �
* requiresthedeterminationof thecorre-
spondingpixel coordinates

��.  �/10% � in frame �  .
We first determinethe 3-D object point ! + from��. *-/10�* � by!#+ �EDF� . * 7 *3 5 / � 0 * 7 *3 9 / 7 *HGJI � (6)

The depth 7 * at position
��. *-/C0�* � is obtainedby

renderingthe 3-D model geometryinto a z-buffer

for view ��* . The corresponding3-D point !@$ for
the first view is computedusingthe relationin (5)
andfinally thecolor is extractedfrom theprojection
in (4).

To summarize,the color value at pixel position��. * /10 * � in themotion-compensatedframe �
* is a
functionof themotionparameters

& $?+ and
( $?+ , the

objectdepth 7 * andtheinitial objectposition
( $� * ��. *-/10�* �K�L3M� �  ��.  �/10% � / 7 *-/ & $?+N/ ( $?+�/ ( $ �O�

(7)
InaccuratemotionparametersP& $?+ and P( $?+ or inac-
curatedepth Q7 * dueto 3-D shapeerrorsleadto an
imperfectmotion compensatedframe Q��* . In other
words,thecolor differencesbetween Q� * and � * de-
pendontheaccuracy of themotionparametersP& $?+
and P( $?+ andthe accuracy of the 3-D shapemodel
employed. From an estimationpoint of view, the
framedifferencebetween Q�
* and �
* canbeusedto
refineeitherthemotionparametersor theshape,or
both.

The following sectionsdescribethe formulation
of theseestimationproblems.Section4.1 first de-
rivestheestimationequationsfor thecaseof correct
shapebut inaccuratemotion parameters.Section
4.2 then assumescorrect motion and shows how
shapeerrorscanbeestimatedusinga novel sliding
texture formulation. Section4.3 finally combines
botheffectsinto acommonestimationframework.

4.1 Model-based 3-D Rigid Body Motion
Estimation

In thissectionacorrect3-D shapemodelisassumed
andtheimagesynthesiserroraftermotioncompen-
sationfrom Q�
* to �
* is usedto refinethe3-D rigid
body motion parameters.Explicit modelingof the
motionparametererror leadsto theobjectpoint lo-
cation !,+ for view �
* using the following expres-
sion!,+ � RS&T� P!,+ �U��( $ � P( $?+ �1���V( $ � P( $?+ ��RW(� RS&T� P!,+ � !�X �,� !�X ��RW( (8)

with the unknown motion errors
RW&

and
R�(

and
the object center ! X �Y( $ � P( $?+ with respecttoQ� * . UndertheassumptionthattherotationanglesofRS&

aresmall,we canlinearizetherotationmatrixRS&[Z]\ 
 �4RS^`_ RS^ 9RS^ _ 
 �4RW^`5�4RS^49 RS^`5 
 a / (9)
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where
RS^ 5

,
RW^ 9

and
RS^`_

arethe rotationalan-
glesaroundthex-, y- andz-axes.

The resultingdisplacementerror
��bJc /1d ce� be-

tween Q��* � Q. * / Q0 * � and �
* ��. * /10 * � canthenbe de-
scribedafterfirst orderTaylorexpansionasbJcfZg3
5hDC�4RW^`9i�C
j� 7�kQ7 * �%� RW^`_3 9 0�l � R�m 5Q7 * �Q. *3
5on RS^453
9 0 l � RS^`93
5 . l � R�m _Q7 *qp G /d c Zg3 9 D�RS^ 5 �C
r� 7�kQ7 * ��� RW^`_3 5 . l � R�m 9Q7 * �Q0 *3:9 n RS^ 53
9 0�l � RW^ 93
5 . l � RMm1_Q7 * p G (10)

with 0�l � Q0�* �U3:9 9?st_1u , . l � Q. * �B3
5 5
st_1u , and Q7 *
beingthedepthobtainedfrom themodelafter ren-
deringit into a z-buffer with theknown motionpa-
rameters P& $?+ and P( $?+ . Combiningthis description
of rigid bodymotionwith theopticalflow constraint
equation[7]v Q� *v Q. *xw b c � v Q� *v Q0 *yw d c Z Q�
* � ��* (11)

resultsin a linearequationfor thesix unknown mo-
tion parametersz�{ RW^ 5 � z  RW^ 9 � z * RS^`_�� zN| R�m 5 �� z�} R�m 9 � z�~ R�m1_4� Q�
* � ��* / (12)

with

z {
to

z ~
givenaszN{ � v Q� *v Q. * Q. *3:9 0 l � v Q� *v Q0 * n 3 9 �)3 9 7 kQ7 * � Q0�*3:9 0 l pz  ��� v Q�
*v Q. * n 3 9 �)3 9 ; kQ7 * � Q. *3 5 . l p � v Q�
*v Q0�* Q0 *3 5 . lz * ��� 3 53
9 v Q��*v Q. * 0�l � 3 93:5 v Q��*v Q0 * . lz | ���43:5 v Q��*v Q. * 
Q7 *�� z } �2�43
9 v Q��*v Q0 * 
Q7 *z�~ ��� v Q� *v Q. * Q. *Q7 * � v Q� *v Q0 * Q0�*Q7 * � (13)

At leastsix equationsare necessaryfor the algo-
rithm to determinethe motion parameters. For
robustness,we set up (12) for eachpixel corre-
spondingto theobjectandsolve theresultingover-
determinedsystemof linearequationsin the least-
squaressense.

The inherentlinearizationof the intensityin the
opticalflow constraintandtheapproximationsused
for obtaininga linearsolutiondo not allow dealing
with largedisplacementvectorsbetweentwo views.
To overcomethis limitation, a hierarchicalscheme
is usedfor themotionestimation.First, anapprox-
imation for the parametersis computedfrom low-
passfilteredandsub-sampledimageswherethelin-
earintensityassumptionis valid overawiderrange.
With theestimatedparametersetamotioncompen-
satedimageis generatedby simplymoving the3-D
modelandrenderingit at thenew position. Dueto
the motion compensation,the differencesbetween
thenew syntheticimageandthecameraframede-
crease. Then, the procedureis repeatedat higher
resolutions,eachtimeyieldingamoreaccuratemo-
tion parameterset. In our currentimplementation,
we usethreelevelsof resolution,startingfrom 88x
72 pixels. For eachnew level theresolutionis dou-
bled in bothdirectionsleadingto a final resolution
of 352x 288pixels(CIF). Experimentswith thishi-
erarchicalschemeshow thatdisplacementsof up to
30pixelsbetweentwo framescanbeestimated.

4.2 3-D Shape Estimation Using Sliding
Textures

In thecaseof 3-D shapeestimation,thecameramo-
tion parameters

& $?+ and
( $?+ areassumedto becor-

rectandtheobjectshapeto beerroneous.Thecolor
value �
* at pixel position

��. * /10 * � in frame �
* is a
functionof themotionparameters,theobjectdepth,
andthe initial objectpositionasshown in (7). Im-
agesynthesisafter motion compensationfrom �  
towards �
* producesframe Q�
* which is a distorted
versionof �
* dueto theobjectshapeerrors.

In the following, we describehow the intensity
differencesbetween Q� * and � * canbeexploitedfor
objectshaperefinement.As mentionedbefore,the
control points of the shapemodel are constrained
to move radially with respectto the objectcenter.
Traditionally, thetextureis extractedfrom frame �� 
andis mappedontothe3-D surfaceleadingto aper-
fect reproductionof �  afterrenderingof themodel
with arbitraryshape.After objectsurfacedeforma-
tions,however, theprojectionof themodelleadsto
a distortedversionof �� . In our sliding texture ap-
proachthe texture is not fixedto theobjectsurface
but canslideon it in combinationwith surfacede-
formations. While the control points defining the
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objectshapemoveradially, thetexturemovementis
restrictedalongtheline of sightfor eachpixel in �  .
Thisensuresthattheprojectionof themodelinto �  
alwaysremainsundistorted.

Fig. 4 illustratesthe influenceof the radial con-
trol point movementon the objectsurfaceandthe
sliding texture conceptfor a particularpixel loca-
tion in view �  . We assumethatthemodelexhibits
shapeerrors and denotethe inaccurate3-D posi-
tion of an objectsurfacepoint causedby theseer-
rors as P!%$ . Imaginethat the 3-D point P!@$ is radi-

center of
projection

object 
center

image plane I1 

radial 
deformation

tangential
plane

shifted
tangential

planex1

x1+(x1−t1)∆s

x1 nx

object refined 
object

t1

Figure4: Illustration of the radial shapedeforma-
tion andthesliding texture concept.

ally movedto thenew position P!%$ �U� P!%$ �h( $ �1RS� .
Assuminga locally planarobjectsurfacedescribed
by the tangentialplanein Fig. 4, both 3-D pointsP! $ and ! $ areprojectedto thesamepixel position
in the imageplane. The 3-D point ! $ represents
thedeformedobjectsurfaceandis obtainedvia in-
tersectionof the shifted tangentialplane throughP!@$ ��� P!%$ ��( $ �1RS� with the line of sight. Please
note,that this deformationdescriptiondiffers from
traditionalflexible body modelingwherethe color
at P!%$ and P!@$ �2� P!%$ ��( $ �1Ry� would be identical.
In our case,the color is not fixed for a 3-D point
but alongtheline of sight.Therefore,thepoints P!@$
and !%$ have the samecolor which meansthat the
textureslidesfrom P! $ to ! $ dueto theobjectshape
refinement.

For a given 3-D motion from view �� to �
* sur-
face deformationsproduceimage plane displace-
mentswhichcanbeexploitedfor shaperefinement.
In orderto arriveatadescriptionof theimageplane

displacementssimilar to the previous section,we
first determinethepoint ! $ in Fig. 4. The tangen-
tial plane !�� throughpoint P! $ is givenby! � � P!%$ ���	D�
 / � / v 7  v 6  @�������� G�I � � \ � / 
 / v 7  v ;  ���� ���� a I(14)
withv 7  v 6  ��� v 7  v .  3 57  / v 7  v ;  �2� v 7  v 0  3 97  � (15)

Thesurfacenormalat point P! $ canthenbewritten
as �

���� ��DF� v 7  v 6  / � v 7  v ;  / 
 G I ����� ���� � (16)

Sincethecontrolpointscanbemoved in radialdi-
rectiononly, the deformationof the objectsurface
canbe locally modeledasa shift of the tangential
planeasshown in Fig.4. Theshiftedplanebecomes! ��� � ! � ��� P!%$ �	( $ �1Ry�e� (17)

This planeis thenintersectedwith the line of sight!,� � !,� � ��� P! $e/ (18)

leadingto thenew objectpoint !%$!%$ � P!@$ n 
��URy� n 
j� ( $ I � ����P! I $ � ���� p�p �
(19)

For agiven3-D motion
& $?+ , and

( $?+ from frame�  
to frame � * thepoints P! $ and! $ projectto thesame
imagepoint in frame �  but to differentimageplane
positionsin frame �
* . Assumingthat P!@$ represents
the inaccurateobjectsurfacepoint positionand !%$
the correctposition, the motion-compensatedver-
sionof theinaccurateobjectpoint P! $ becomesP!,+ �'& $?+ � P!@$ �A( $ ���V( $ �>( $?+ � (20)

For the correspondingobjectpoint !@$ after defor-
mationwe obtain! + �'& $?+ � ! $ �A( $ ���V( $ �>( $?+ � (21)

Projectioninto the imageplaneand Taylor series
expansionof first orderleadsto theimagedisplace-
ments

bJ�
and d � in horizontalandverticaldirection
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dueto shapedeformationb � � . * � Q. * Z�� Ry�Q7 * n 
�� ( $ I
�
����P! I $ � ���� p w� 3 5 ��� $ ( $ �qm  5 �Am  F* 5 ��� Q. * ���:��( $ �qm  _r�qm  F* _:�1�d � � 0 * � Q0 * Z�� Ry�Q7 * n 
j� ( $ I

�
����P! I $ � ���� p w� 3 9 ��� + ( $ �hm  9 �qm  F* 9 �,� Q0 * ���:��( $ �Am  _r�hm  F* _-�1�

(22)

with& $?+ � \ � $� +�:� a / ( $?+ � \ m  F* 5m  F* 9m  F* _ a / ( $ � \ m  5m  9m  _ a �
(23)

Thevalue Q7 * representsthedepthof theobjectpointQ6 * in view Q� * andis computedby renderingtheob-
jectmodelinto az-buffer.

Equation(22) is valid for every object surface
point P!%$ . The surface,however, is modeledusing
a finite setof control points. Eachobject surface
point is describedby a linearcombinationof 3 con-
trol points.Wethereforereplace

Ry�
in (22)byRy�r�'�?��RS�
���V�C�-RS�H���V����Ry�
�

(24)

with
� �

,
� �

,
� �

beingthebarycentriccoordinatesfor
the objectpoint P!@$ in the triangleformedby con-
trol points  �¡ ,  H¢ , and  �£ . The quantities

Ry���
rep-

resentthe radial scalingfactorof control point   ¡ .
Combinationof (22) and(24) with theopticalflow
constraintv Q� *v Q. *yw b � � v Q� *v Q0 *Sw d � Z Q��* � �
* (25)

leadsagain to a linear equationfor the unknown
parameters

Ry� { �����HRy�
¤,s�¥ <  . Due to the local in-
fluenceof thecontrolpointseachequationdepends
only on threeunknownsz � RS� � � z � Ry� � � z � Ry� � � Q�
* � ��* � (26)

Thethreeindices¦ , § , and
�

representthethreecon-
trol pointsof thetriangleenclosingthesurfacepointP!%$ . Thecoefficients

z �
,

z �
, and

z �
aregivenasz �¨� �?� n v Q�
*v Q. * b �Ry� � v Q�
*v Q0 * d �Ry� pz � � � � n v Q� *v Q. * bJ�Ry� � v Q� *v Q0 * d �RS� pz � � � � n v Q�
*v Q. * b �Ry� � v Q�
*v Q0�* d �Ry� p �

(27)

Similar to Section4.1theresultingover-determined
linearsystemof equationscanbesolved in a least-
squaressense.

4.3 Combined 3-D Shape and 3-D Motion
Estimation

Both, motion andshapeerrors,are consideredby
combiningthedisplacements

��bJc /1d ce� in (10) and��b � /©d � � in (22). Togetherwith theopticalflow con-
straintwenow obtainthelinearequationv Q�
*v Q. * w ��b c �Mb � �ª� v Q�
*v Q0�* w � d c � d � �KZ Q��* � �
* (28)

with the
� k¬« � ­

unknown parametersRS� { �����ªRS� ¤ s�¥ <  and
RW^`5

,
RW^`9

,
RS^ _

,RMm15
,
R�m19

,
RMm _

. This equationcan be setupfor
eachpixel position that is covered by the object.
Since the numberof pixels correspondingto the
object typically exceedsthe numberof unknowns,
the resulting over-determined linear system of
equationscan be solved in a least-squaressense.
Pleasenote, that the inherent linearizationagain
requiresan iterative solutionusingthehierarchical
estimationschemedescribedat the endof Section
4.1.

So far we have consideredonly two frames �� 
and � * . In the caseof

�
available views �  ���?�� ¤ thecombinationof motionandshapeestimation

hasthe additionaladvantagethat the simultaneous
shapeupdategeneratesa 3-D modelthat is consis-
tentwith all frames.Thisleadsto atight couplingof
the multiple motion estimationproblemacrossall
views in comparisonto thetraditionalmodel-based
motion estimationapproachwherethe motion for
eachframeis estimatedindependently. Thenumber
of unknownsin theresultinglinearsystemof equa-
tionsincreasescorrespondinglyto

� k®« ��­��®�¯��

� .
5 Simulation Results for Combined

3-D Shape and Motion Estimation

In thefirst experiment,we use20 framesof a syn-
thetictestsequenceshowing avideocassetteof size
��:°ª±]²)�:�-°ª±]²A�-°?±

. Fig. 5 depictstwo frames
of the sequence. The cameraremainsfixed for
all frameswhile the objectmotion variesbetween³ ��´:µ

for the rotation and
³ ´:°ª±

for the transla-
tion. The initial modelis adaptedto the silhouette
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Figure5: Frame1 and10 of thecassettesequence
aswell astheinitial objectgeometry.

of the first frame (Fig. 5) and the extensionin 7 -
directionof the cassetteis erroneouslyselectedto
be
­-°ª±

. This introducesa considerableshapeerror
which preventsthe 3-D model basedmotion esti-
mator from providing accuratemotion parameters
for the20 frames.Thecombinedshapeandmotion
estimatorasdescribedin theprevioussection,how-
ever, cancorrectthe shapeerrorsandimprove the
motionparameterestimates.Startingfrom the ini-
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∆ z in mm

Figure6: Averagerotationalandtranslationalmo-
tionerrorasafunctionof thenumberof framesused
for simultaneousshapeandmotionestimation.

R 7
representsthe averagedeviation of the estimated
from theoriginalobjectdepth.

tial objectshape,therelativemotionfor all 20views
is estimatedusingthe rigid bodymodel-basedmo-
tion estimatorin Section4.1. This correspondsto
the left-mostpointson the curvesin Fig. 6. It can
be seenthat the erroneousshapecausesa consid-
erablemotionerror. We thenusethesimultaneous
shapeandmotion estimationas describedin Sec-
tion 4.3 to obtaina shaperefinementof our initial
objectmodel. The shaperefinementis performed
usinga varying numberof framesof the sequence
(6, 12, and20). Fig. 6 shows theaveragedeviation

of therefinedobjectshapefrom thecorrectshapeof
thecassettein

±�±
asa functionof thenumberof

framesemployed.Theresultingobjectshapeis then
againusedto determinethe relative motion for all
views. It canbeobserved that increasingthenum-
berof framesusedfor simultaneousshapeandmo-
tion estimationimproves the object shape(

R 7 in
Fig. 6) andleadsto moreaccuratemotionestimates
(
RS^

and
R�m

in Fig. 6). Best resultsareobtained
whenestimatingshapeandmotion simultaneously
from all availableviews which correspondsto the
right-mostpointson thecurvesin Fig. 6.

In our secondexperimentwe use29 framesof
the ¶ zi· 3 ¦¬¸:�º¹ sequencecapturedusing a camera
mountedon a robot arm [8]. Fig. 7 shows three
views after object silhouetteextraction and back-
groundremoval. The views arecalibratedusinga

Figure7: Threeviews of thetestsequenceGarfield
aftersilhouetteextractionandbackgroundremoval.

referencecalibrationobject [6]. Given theseview
calibration parameterswe comparethe following
threecasesfor object shaperecovery. In the first
casewe usetheshape-from-silhouettestepin Sec-
tion 3 only. In thesecondcasewe refinethis initial
objectshapeusing the shapeestimationalgorithm
describedin Section4.2. For thethird casewe em-
ploy combinedshapeandmotionestimationasde-
scribedin Section4.3for objectshaperefinement.

We measure the MSE between motion-
compensatedimages and the original views
for thesethreecases.For motioncompensatedpre-
diction we mapa referenceimageon theestimated
shapemodelandrenderit with view parametersof
neighboringframes.Thelargerthedeviation of the
modelshapefrom theactualobjectshape,thelarger
themeansquarederroraftermotioncompensation.
MSEvaluesareconvertedinto PSNRvaluesusing»M¼@�=^���
��K½¿¾-À  { ��´-´ *ÁL¼@Â (29)

where larger PSNR values correspondto better
motion-compensatedprediction. In order to sim-
ulate the influenceof inaccurateview calibration
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Figure8: PSNRaftermotion-compensatedpredic-
tion asa functionof initial rotationalcalibrationer-
ror.

data, we modify the rotational componentof the
calibration data in steps of 1 degree. A rota-
tional error of zerodegreemeanswe usethe orig-
inal view calibration data that we obtainedfrom
cameracalibration. The larger the initial calibra-
tion error the larger the deviation of the initial ob-
ject shapefrom the actual shape. Fig. 8 shows
the PSNRvaluesafter motion compensationas a
function of the initial rotational calibration error.
The motion-compensatedimagesshow poor qual-
ity (small PSNRvalues)if the object shapeafter
theshape-from-silhouettestepis used.After shape
estimationasdescribedin Section4.2 we observe
reducedpredictionerror (larger PSNR).The qual-
ity of the motion-compensatedpicturesdecreases,
however, rapidly asthe calibrationerror increases.
The third curve in Fig. 8 shows the resultsafter
combinedmotionandshapeestimationasproposed
in Section4.3. Here,even for large initial calibra-
tion errorstheshapeandmotionerrorsarecorrected
whichleadsto significantlyhigherPSNRvaluesfor
themotioncompensatedimages.

6 Conclusions

In this paperwe presenta formulationfor simulta-
neousshaperefinementand motion parameteres-
timation from multiple cameraviews. Imagedis-
placementsdueto erroneousshapeandmotion are
linearly relatedto the observable image intensity

gradients.Shapeandmotion refinementsareesti-
matedsimultaneouslyin orderto exploit their mu-
tual dependency. Our formulationof objectdefor-
mationallows theobjecttextureto slideon theob-
jectsurfacein orderto reduceimagedistortionsdue
to shapemodifications.Experimentalresultsshow
thatcombinedshapeandmotionestimationleadsto
a considerableimprovementin comparisonto inde-
pendentestimationof shapeor motion.
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