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Abstract

Givenanaccurate3-D shapemodelof a scenethe
motion parameter®f a moving cameracanbe re-

coveredwith high accurag usingmodel-basedno-

tion estimationtechniques.Shapeerrors,however,

reducethe accurag of this kind of motion estima-
tion considerably In this paper model-basedano-

tion estimationis combinedwith simultaneou®b-

ject shaperefinement. A deformable3-D shape
model of low dimensionalityis emplo/ed to ap-
proximatethe object shape. Cameraposition and
orientationfor all views as well as object shape
refinementsare estimatedsimultaneouslyfrom the

image data using an optical-flov-basedapproach.
In comparisonto traditional flexible body motion

estimation,our formulation of the shapedeforma-
tion allows the objecttexture to slide on the object
surface. Experimentalresultsillustrate that com-

bined shapeand motion estimationusing sliding

texturesimproves the calibrationdataof the indi-

vidual views in comparisonto fixed-shapenodel-
basedcameramotionestimation.

1 Introduction

Model-base®-D motionestimatioralgorithmsuse
information aboutthe 3-D shapeof an object for
motion parameterecovery. For an accurate3-D
shapedescriptionof an object, e.g., obtainedfrom
a 3-D scannerthe motion parameter®f a maving
cameraanberecoveredwith highaccurag. Shape
errors, however, reducethe accurag of model-
basedmotion estimationtechniquesconsiderably
Therefore rigid body model-basednotion estima-
tion hasheenextendedto combinedshapeandmo-
tion estimation[1]-[5]. Simultaneousshapeand
motionestimationhasthe advantageof a tight cou-
pling of all available views since the estimated
shapaipdatehave to beconsistentvithin all views.

In this paperwe presenta formulation of com-
binedshapeandmotionestimatiorthatdiffersfrom
traditional flexible body motion estimation. Tra-
ditionally, the objecttexture is extractedfrom one
frame and is mappedonto the 3-D object surface
leadingto a perfectreproductionof this frame af-
terrendering.lt is typically assumedhatthe origi-
nal shapés very accurateandthatthedeformations
we want to estimateoccur after initialization. In
casethe objectshapes only anestimateof thetrue
shapewe facethe problemthatafterobjectsurface
deformationghe projectionof the modelleadsto a
distortedversionof thisinitial frame. This requires
to re-extract the texture from the frame andto re-
mapit on the alteredobjectsurface. In this work,
the texture is not fixed to the object surface but
canslide on it in combinationwith surface defor
mations. This sliding texture conceptensureghat
the projectionof the objectinto theinitial view al-
ways remainsundistortedindependenbf the esti-
matedshaperefinement.This allows usto perform
3-D model-basednotion estimationwith a coarse
approximatve shapethatis refinedduring 3-D mo-
tion parameterecovery.

We considerthe casewheremary cameraviews
of an object are available but only very limited
or erroneous3-D geometryinformation is avail-
able. Camerapositionandorientationfor the cam-
eraviews are unknavn and are to be determined.
We employ a genericsubdvision surfacemodelto
approximatethe objectshape. This genericmodel
is initially sphericalandis adaptedo the objectus-
ing the objectsilhouette. The resultingapproxima-
tive objectshapés thenusedto estimatehecamera
positionandorientationfor all views togethemwith
objectshaperefinementsOuralgorithmrequiresin
its currentformulation knowledge aboutthe inter-
nal cameraparametersvhich are estimatedrom a
camerecalibrationstep[6] usingareferencenbject.

VMV 2001

Stuttgart,Germary, November21-23,2001



Figurel: Shapemodelwith increasingesolution.

2 3-D Shape Model

A generic3-D shapemodel that is basedon an
icosahedroris usedto describethe shapeof the
object. The icosahedroris definedby 12 control
pointswhich form a trianglemeshasillustratedon
theleft handsideof Fig. 1. Sincel2 control points
arenotsufficientto describearbitraryobjectshapes,
the icosahedroris recursvely subdvided until the
desiredresolutionor the desirednumberof control
pointsis reached.This subdvision is illustratedin
Fig. 1. The numberof control pointsasa function
of thesubdvision level I canbe computedas

Nep =12 +10(4' —1) . 1)

The controlpointscanbemaovedindividually for
shapeapproximationof an object. For increased
estimationrobustnesswe restrictthe mavementof
control pointsto be radial only. The advantageof
this restrictionis a decouplingof local shapedefor
mationsfrom global rotationandtranslationof the
object. Dueto thelimited numberof controlpoints
andtheradialmovementconstraintthe shapemod-
elingis of approximatie nature.

3 3-D ShapeModel Initialization

Thegeneric3-D shapenodelis by definitionspher
ical andtypically deviatesconsiderablyrom theac-
tual objectshapeln orderto facilitatethe shapees-
timationwe exploit objectsilhouetteinformation,if
available,to adaptthe genericmodelto theindivid-
ual objectshape.In casewe have aroughestimate
of the camergpositionandorientationfor all views,
we exploit objectsilhouettesn all views. If thisin-
formationis notavailablewe useonly thesilhouette
extractedfrom thefirst frame.

In afirststep theicosahedroiis placedn the3-D
spacesuchthattheprojectioninto thefirst frameen-
closesheentireobject.In thenext step,thecontrol

Figure 2: Shapeinitialization using silhouettein-

formation. Left: objectsilhouetteandthe generic
shapemodelbeforeinitialization. Right: adapted
objectshapeafterinitialization.

pointsof theicosahedrorthatareprojectedoutside
the objectsilhouetteare scaledtowardsthe object.
Thisinitialization processs illustratedin Fig. 2.

4 Mode-based 3-D Motion and Shape
Estimation

The adaptedyenericshapemodelprovidesus with
aninitial 3-D descriptionof the objectfor model-
basedmotion estimation. Model-basednotion es-
timation permits accurateview calibrationif the
availablemodelitself is very accurate This is true,
for instance,if the model stemsfrom a 3-D laser
scannerlf themodeldeviatesfrom theactualshape
of theobject,asit is thecasefor theadaptedyeneric
shapemodelin Section3, the motion estimatese-
flect thesemodelerrors. In this case simultaneous
estimationof motion andshapeis required. In the
following we derive an algorithm that allows the
simultaneougstimationof 3-D motion parameters
and3-D shaperefinementfrom two or moreviews
of anobject. The approachs basedon the evalua-
tion of spatialandtemporalintensity gradientq7]
and leadsto a setof linear equationsfor the un-
known cameramotionandobjectshapeparameters
[9].

The3-D modelof theobjectascomputedn Sec-
tion 3 delivers shapebut no texture information.
Therefore, the texture is extracted from the first
view , wherethe objectposeis initialized. The
surfacepointsof the 3-D shapemodelwith respect
to theobjectcenteraredenotecas  in thefollow-
ing. As shavn in Fig. 3, a 3-D object point with
respecto thefirst cameraview  is thendescribed
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Figure3: Objectandcameracoordinatesystemgor
two cameraviews.

as
=+ 0
Forasecondview  thistransformbecomes
= + @3)
Thecolor of objectpoint  is foundin view at
the pixel position( ) by
== - == - @

with ,  beingthescaledhorizontalandvertical
focallengths respectrely, thatrelateworld coordi-
natesto pixel coordinatesTherelative 3-D motion
fromview toview togethemith theshapdn-
formation from the 3-D model allows to generate
a motion-compensatedpproximationof frame
assumingLambertianreflectanceand the absence
of occlusion. The relative motion betweerthe two
framesis describedas

( - )+
(- )+ +
= (- )+
= ( -C+ N+ ®)
The motion compensatiorfor eachpixel ( )

in frame requireshe determinatiorof the corre-
spondingpixel coordinates( ) in frame
We first determinethe 3-D objectpoint  from

( ) by
= —— —— . ®)

The depth  at position ( ) is obtainedby
renderingthe 3-D model geometryinto a z-huffer

for view . The corresponding-D point  for
thefirst view is computedusingthe relationin (5)
andfinally thecoloris extractedfrom theprojection
in (4).

To summarize the color value at pixel position
( ) in the motion-compensateflame is a
functionof themotionparameters and ,the
objectdepth  andtheinitial objectposition

( )= (( ) ) -
™

Inaccuratemotionparameters and  orinac-
curatedepth  dueto 3-D shapeerrorsleadto an
imperfectmotion compensatedrame . In other
words,the color differencesetween and de-
pendontheaccurag of themotionparameters
and andthe accurag of the 3-D shapemodel
emploed. From an estimationpoint of view, the
framedifferencebetween and canbeusedto
refineeitherthe motion parametersr the shapepr
both.

The following sectionsdescribethe formulation
of theseestimationproblems. Section4.1 first de-
rivesthe estimatiorequationgor the caseof correct
shapebut inaccuratemotion parameters. Section
4.2 then assumescorrect motion and shavs how
shapeerrorscanbe estimatedisinga novel sliding
texture formulation. Section4.3 finally combines
both effectsinto acommonestimationframenork.

4.1 Model-based 3-D Rigid Body Motion
Estimation

In thissectionacorrect3-D shapemodelis assumed
andtheimagesynthesisrroraftermotioncompen-
sationfrom to s usedto refinethe 3-D rigid
body motion parameters Explicit modelingof the
motion parameteerrorleadsto the objectpoint lo-

cation for view  usingthe following expres-
sion
( -C+ D+ + +
( - )+ + ®)
with the unknavn motion errors and and
the objectcenter = + with respectto

. Undertheassumptionthattherotationanglesof
aresmall,we canlinearizetherotationmatrix

1 —
9
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where , and aretherotationalan-
glesaroundthe x-, y- andz-aves.

The resulting displacementerror ( ) be-
tween ( )and ( ) canthenbe de-
scribedafterfirst orderTaylor expansionas

l-—)-— ——+

(10

with + -, + —,and
beingthe depthobtainedfrom the modelafterren-
deringit into a z-buffer with the knovn motion pa-
rameters and . Combiningthis description
of rigid bodymotionwith theopticalflow constraint
equation7]

+— (11)

resultsin alinearequatiorfor the six unknavn mo-
tion parameters

+ + + +
+ + = - 12)

with  to givenas

=— +— - —+—

= — —_— 4+ — [

= + ——

__ 1 __ 1

_— (13)

At leastsix equationsare necessarnyor the algo-
rithm to determinethe motion parameters. For
robustness,we set up (12) for eachpixel corre-
spondingto the objectandsolwve theresultingover
determinedsystemof linear equationsn the least-
squaresense.

The inherentlinearizationof the intensityin the
opticalflow constraintandtheapproximationsised
for obtainingalinear solutiondo not allow dealing
with largedisplacementectorsbetweertwo views.
To overcomethis limitation, a hierarchicalscheme
is usedfor the motion estimation.First, an approx-
imation for the parameterss computedfrom low-
pasdilteredandsub-sampleimageswvherethelin-
earintensityassumptions valid overawiderrange.
With theestimatecarametesetamotioncompen-
satedmageis generatedby simply moving the 3-D
modelandrenderingit atthe new position. Dueto
the motion compensationthe differencesbetween
the new syntheticimageandthe cameraframede-
crease. Then, the procedureis repeatedat higher
resolutionsgachtimeyieldingamoreaccurateno-
tion parameteset. In our currentimplementation,
we usethreelevels of resolution startingfrom 88 x
72 pixels. For eachnew level theresolutionis dou-
bledin bothdirectionsleadingto a final resolution
of 352x 288pixels(CIF). Experimentswith this hi-
erarchicaschemeshaw thatdisplacementsf up to
30 pixels betweertwo framescanbe estimated.

4.2 3-D Shape Estimation Using Sliding
Textures

In thecaseof 3-D shapeestimationthecameramo-
tionparameters and  areassumedo becor
rectandtheobjectshapeo beerroneousThecolor
value atpixel position( )inframe isa
functionof themotionparametershe objectdepth,
andtheinitial objectpositionasshavn in (7). Im-
age synthesisafter motion compensatiorfrom
towards producesrame whichis adistorted
versionof  dueto theobjectshapeerrors.

In the following, we describehow the intensity
differenceshetween and canbe exploitedfor
objectshaperefinement.As mentionecbefore,the
control points of the shapemodel are constrained
to move radially with respectto the objectcenter
Traditionally, thetextureis extractedfrom frame
andis mappedntothe3-D surfaceleadingto aper
fectreproductiorof  afterrenderingof themodel
with arbitraryshape After objectsurfacedeforma-
tions, however, the projectionof the modelleadsto
adistortedversionof . In our sliding texture ap-
proachthetextureis not fixedto the objectsurface
but canslide onit in combinationwith surfacede-
formations. While the control points defining the
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objectshapemove radially, thetexturemovementis
restrictedalongtheline of sightfor eachpixel in
Thisensureshattheprojectionof themodelinto
alwaysremainsundistorted.

Fig. 4 illustratesthe influenceof the radial con-
trol point movementon the objectsurfaceandthe
sliding texture conceptfor a particularpixel loca-
tioninview . We assumehatthe modelexhibits
shapeerrors and denotethe inaccurate3-D posi-
tion of an objectsurfacepoint causedby theseer-
rorsas . Imaginethatthe 3-D point s radi-

refined
object

object

tangential
plane

shifted
tangential
plane

{ %1+(Ra-t)As

object
center

radial
deformation

image plane 11

center of

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

ally movedtothenew position +( — ) .
Assuminga locally planarobjectsurfacedescribe
by the tangentialplanein Fig. 4, both 3-D points

and areprojectedto the samepixel position
in the imageplane. The 3-D point  represents
the deformedobjectsurfaceandis obtainedvia in-
tersectionof the shifted tangentialplane through

+( — ) with theline of sight. Please
note, thatthis deformationdescriptiondiffers from
traditionalflexible body modelingwherethe color
at and +( — ) wouldbeidentical.
In our case,the color is not fixed for a 3-D point
but alongtheline of sight. Therefore the points

and have the samecolor which meansthat the
textureslidesfrom to  duetotheobjectshape
refinement.

For agiven 3-D motionfrom view to  sur
face deformationsproduceimage plane displace-
mentswhich canbe exploitedfor shaperefinement.
In orderto arrive atadescriptionof theimageplane

displacementsimilar to the previous section,we
first determinethe point  in Fig. 4. Thetangen-

tial plane throughpoint s givenby
= + 10 — +H 01 —
(14)
with
—_— — =——. (15
Thesurfacenormalatpoint  canthenbewritten
as
= — ——1 (16)

Sincethe control pointscanbe movedin radial di-

rectiononly, the deformationof the objectsurface
canbe locally modeledasa shift of the tangential
planeasshavnin Fig. 4. Theshiftedplanebecomes

= +( - ) %)

This planeis thenintersectedvith theline of sight

= (18)
leadingto the new objectpoint
= 1+ 1—— (29)
Foragiven3-D motion ,and fromframe
toframe thepoints and projecttothesame

imagepointin frame butto differentimageplane
positionsin frame . Assumingthat represents
theinaccurateobjectsurfacepoint positionand

the correctposition, the motion-compensateder-

sionof theinaccurateobjectpoint  becomes

= ( - )+ + (20)
For the correspondingbjectpoint  after defor
mationwe obtain

O (21)

Projectioninto the image plane and Taylor series
expansionof first orderleadsto theimagedisplace-
ments and in horizontalandverticaldirection
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dueto shapedeformation

= — R 1 - —
( - = )+ = =)
= — - 1 - —
(= = )+ - =)
(22)
with
(23)
Thevalue representthedepthof theobjectpoint
inview andis computedy renderingheob-

jectmodelinto a z-buffer.

Equation(22) is valid for every object surface
point . The surface,however, is modeledusing
a finite setof control points. Eachobjectsurface
pointis describedy alinearcombinationof 3 con-
trol points.We thereforereplace  in (22) by

+ 4+ (24)

with , , beingthebarycentriccoordinategor
the objectpoint  in thetriangle formedby con-
trol points , ,and . Thequantities rep-

resentthe radial scalingfactor of control point
Combinationof (22) and(24) with the opticalflow
constraint

+ — (25)
leadsagainto a linear equationfor the unknavn
parameters . Dueto thelocal in-

fluenceof the control pointseachequationdepends
only onthreeunknavns

+ + (26)

Thethreeindices , ,and representhethreecon-
trol pointsof thetriangleenclosinghesurfacepoint

. Thecoeficients , ,and aregivenas
= -
= _—t —
= _—+—— . (27)

Similarto Sectiord.1theresultingover-determined
linear systemof equationsanbe solvedin aleast-
squaresense.

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

Both, motion and shapeerrors, are considerecby
combiningthedisplacement$ ) in (10) and
( ) in (22). Togethemith theopticalflow con-
straintwe now obtainthelinearequation

—( + )+—C +) - (29
with the N + unknavn parameters
and , , )

, , . This equationcan be setupfor
eachpixel positionthat is coveredby the object.

Since the numberof pixels correspondingo the
objecttypically exceedsthe numberof unknavns,
the resulting over-determined linear system of
equationscan be solved in a least-squaresense.
Pleasenote, that the inherentlinearization again
requiresaniterative solutionusingthe hierarchical
estimationschemedescribedat the end of Section
4.1.
So far we have consideredonly two frames

and In the caseof N available views

thecombinationof motionandshapeestimation
hasthe additionaladvantagethat the simultaneous
shapeupdategenerates 3-D modelthatis consis-
tentwith all frames.Thisleadsto atight couplingof
the multiple motion estimationproblemacrossall
views in comparisorto thetraditionalmodel-based
motion estimationapproachwherethe motion for
eachframeis estimatedndependentlyThenumber
of unknavnsin theresultinglinear systemof equa-
tionsincreasesorrespondinglyo N + (N —1).

5 Simulation Results for Combined
3-D Shape and Motion Estimation

In thefirst experiment,we use20 framesof a syn-
thetictestsequencshaving avideocassettef size
12 20 4 . Fig. 5 depictstwo frames
of the sequence. The cameraremainsfixed for
all frameswhile the object motion variesbetween

4  for the rotation and for the transla-
tion. Theinitial modelis adaptedo the silhouette
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Figure5: Framel and10 of the cassettesequence
aswell astheinitial objectgeometry

of the first frame (Fig. 5) and the extensionin -
directionof the cassettas erroneouslyselectedo
be . Thisintroducesa considerableshapeerror
which preventsthe 3-D model basedmotion esti-
mator from providing accuratemotion parameters
for the 20 frames.The combinedshapeandmotion
estimatorasdescribedn the previoussection how-
ever, cancorrectthe shapeerrorsandimprove the
motion parameteestimates.Startingfrom the ini-

4.0° T T T 10 mm

e——o ARin®
Atinmm
Azinmm

18.75 mm

P

17.5mm

16.25 mm

13.75mm

12.5mm

e T—4125mm

0.0°

0 5 10 15 20™"
number frames used for shape estimation

Figure6: Averagerotationalandtranslationaimo-

tion errorasafunctionof thenumberof framesused

for simultaneoushapeandmotion estimation.

representghe averagedeviation of the estimated

from the original objectdepth.

tial objectshapetherelative motionfor all 20 views
is estimatedusingtherigid body model-basedano-
tion estimatorin Section4.1. This correspondso
the left-mostpointson the curvesin Fig. 6. It can
be seenthat the erroneousshapecausesa consid-
erablemotion error. We thenusethe simultaneous
shapeand motion estimationas describedin Sec-
tion 4.3 to obtaina shaperefinementof our initial
objectmodel. The shaperefinementis performed
usinga varying numberof framesof the sequence
(6,12,and?20). Fig. 6 shavs the averagedeviation

of therefinedobjectshapdrom thecorrectshapeof
the cassetten asa function of the numberof
framesemplgyed. Theresultingobjectshapds then
againusedto determinethe relative motion for all
views. It canbe obsered thatincreasingthe num-
berof framesusedfor simultaneoushapeandmo-
tion estimationimproves the objectshape(  in
Fig. 6) andleadsto moreaccuratamotionestimates
( and in Fig. 6). Bestresultsare obtained
when estimatingshapeand motion simultaneously
from all available views which correspondgo the
right-mostpointsonthe curvesin Fig. 6.

In our secondexperimentwe use 29 framesof
the l sequencecapturedusing a camera
mountedon a robot arm [8]. Fig. 7 shaws three
views after object silhouetteextraction and back-
groundremoval. The views are calibratedusinga

Figure7: Threeviews of thetestsequencé&arfield
aftersilhouetteextractionandbackgroundemoval.

referencecalibrationobject[6]. Giventheseview
calibration parametersve comparethe following
threecasesfor objectshaperecovery. In the first
casewe usethe shape-from-silhouettstepin Sec-
tion 3 only. In the secondcasewe refinethis initial
object shapeusing the shapeestimationalgorithm
describedn Section4.2. For thethird casewe em-
ploy combinedshapeandmotion estimationasde-
scribedin Section4.3for objectshapeefinement.
We measure the MSE between motion-
compensatedimages and the original views
for thesethreecases For motioncompensategre-
diction we mapareferencémageon the estimated
shapemodelandrenderit with view parameteref
neighboringframes.Thelargerthe deviation of the
modelshapdrom theactualobjectshapethelarger
the meansquarecerroraftermotion compensation.
MSE valuesarecorvertedinto PSNRvaluesusing

2

N =10 = (29)

where larger PSNR values correspondto better
motion-compensategdrediction. In orderto sim-
ulate the influenceof inaccurateview calibration
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Figure8: PSNRafter motion-compensateplredic-
tion asafunctionof initial rotationalcalibrationer-
ror.

data, we modify the rotational componentof the
calibration data in stepsof 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 shavs
the PSNRvaluesafter motion compensatioras a
function of the initial rotational calibration error.
The motion-compensateiinagesshav poor qual-
ity (small PSNRvalues)if the object shapeafter
the shape-from-silhouettstepis used. After shape
estimationas describedn Section4.2 we obsere
reducedpredictionerror (larger PSNR).The qual-
ity of the motion-compensategicturesdecreases,
however, rapidly asthe calibrationerrorincreases.
The third curve in Fig. 8 shavs the resultsafter
combinedmotionandshapesstimationasproposed
in Section4.3. Here,evenfor largeinitial calibra-
tion errorstheshapeandmotionerrorsarecorrected
whichleadsto significantlyhigherPSNRvaluesfor
themotioncompensateimages.

6 Conclusions

In this paperwe presenta formulationfor simulta-
neousshaperefinementand motion parameteres-
timation from multiple cameraviews. Imagedis-
placementslueto erroneoushapeandmotion are
linearly relatedto the obserable image intensity

gradients. Shapeand motion refinementsare esti-
matedsimultaneouslyin orderto exploit their mu-
tual dependenc Our formulationof objectdefor
mationallows the objecttextureto slide on the ob-
jectsurfacein orderto reduceimagedistortionsdue
to shapemodifications. Experimentakesultsshav
thatcombinedshapeandmotionestimatiorleadsto
aconsiderablémprovementin comparisorto inde-
pendenestimationof shapeor motion.
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