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Abstract

Thispaperpresentsiew approadesto two fundamental
3D visionproblems:3D surfacerepresentationandfastex-
traction of geometridnformationfromthis representation,
particularly 3D alignment. For surfacerepresentationby
implicit algebmic surfacesa non-itemtive, robust, repeat-
ableand approximatelyleastsquaes tting algorithm,3D
3L, is proposedThealignmentproblemis solvedby formu-
lating an intrinsic coodinate systendeterminedy tensor
contractionsof the surfacerepresentatiorparameters.

Keywordspose estimation,3D implicit surfaces,tensor
analysis,jmplicit surface tting

1. Intr oduction

3D poseestimationinvolvesdetermininghe underlying
coordinatetransformatiorbetweentwo occurrence®f an
object, eachin different position. In 3D, the coordinate
transformations usuallyarigid motioncomposeaf arota-
tion andatranslation Amongseveralapproacheproposed
to solve the problemare scattermatrices[6], high degree
momentqg5], least-squareformulationsbasedon a setof
point correspondencdg], superquadric§l0], andmodel-
basedapproachusinga point setanda surfacemodel[2].
Thesemethodseitherrequirean accuratepoint correspon-
dencgasin leastsquaresnethodspr aresensitveto occlu-
sion(asin scattemmatrix) or areiterative (asin model-based
approach)or have limited representatiopower (aswith su-
perquadricshnd would not be effective when objectsare
sphericallyor cylindrically symmetricplus somebumpsas
in gure 4(a).

Thispapermpresentsien powerful approaches two fun-
damentaproblemsin 3D computewision. Firstis therep-
resentatiomf 3D surfacedataby modelsdescribedy mod-
estnumbersof parametersvhich canbe t to datawith
simpleparallelprocessing Seconds the fastextraction of
geometridnformationfrom thesemodels e.g.,intrinsic co-
ordinatesystemswvhich permitaccurate3D alignmentwith
one shotratherthan iterative computation. More speci -
cally, theresultspresentedrethefollowing. A 3D implicit
polynomialsurfaces t to adatasetwhich canrepresent
closedsurfaceor an open3D surfacepatch. The tting is
linear, approximatelyleast-squarewith the resultthatthe
computatioris modestandnon-iteratve. Theproposedt-
ting algorithmis a 3D versionof the 3L tting algorithm
which was rst usedfor 2D shapeswith satisfyingresults
andis extendedhereto the 3D case With thealgorithm,the
polynomial coefcients are much more stableand repeat-
able,thanaretheresultswith othercurrent tting methods,
undersmall changesn the datasetsto be t. Fitting is
doneusingpolynomialswith degreesrangingfrom 1 to 12
sothateithervery crudeor fairly high resolutionshapen-
formationcanbe capturedwith a singlepolynomial.Using
this model,to computethe shapealignmentanintrinsic co-
ordinatesystemis formedby computinga centeranda set
of threecoordinateaxes for the implicit surface.Thisis a
oneshotcomputationandthe resultingcoordinatesystem
canthenbe alignedby a singlecomputatiorwith ananal-
ogouslycomputedintrinsic coordinatesystemfor another
3D shape.Thetwo aligned3D representationsr datasets
canthenbecomparedrery accuratelyatlow computational
costwith our methods.Our intrinsic coordinatesystemis
determinedby tensorcontractiond5]. Its desirableprop-
ertiesare thatthe covariant parametershatresultand are



usedarelinearcombination®f the coefcients of the tted
polynomialand seemto be more stableand repeatablén
the presencef noisethanare parametersisedin previous
approaches.

Therepresentationandmethodologydevelopedappear
to beideally suitedto thefollowing uses:

1. A singleIP (implicit polynomial) canrepresenBD
surfacedata’well” if thesurfaceshapéds of moderate
compleity, andit canprovide a meaningfulapprox-
imation, for mary purposedncluding poseestima-
tion to acomplex shape For example the 6thdegree
polynomialin Figure 4 providesa good representa-
tion for the given humanheartdata. Furthermore,
essentiallyall the time requiredfor this tting is in
thecomputatiorof 84 monomialdor eachdatapoint.
With ef cient programsthis shouldbeless— perhaps
considerablyess—thana few second®nafastcom-
puter Sinceeachpointis processedeparatelythis
canalsobe doneon a signalprocessingchip. Fig-
ure 1(b)-(c)illustratea 3D datasetof a humanhead
anda 10th degreelP representationlP modelsare
usefulfor visualizationandfor measuringshapege-
ometryparametersf therepresentedbjectatalevel
of resolutionappropriateo therepresentation.

2. Theserepresentationare usefulfor comparingtwo
shapes.Sinceour IP tting approachsto t anlP
to the distancetransform of the

dataset in thevicinity of , for ary new data
point givesthe approximatedis-
tance of to Given two 3D datasets
with  pointsand with  pointsalongwith
and , the respectre polynomial

ttings, the comparisonof the shapescan be done

in a numberof ways, two of which are the follow-

ing: (i) Computaheapproximatesumof squaredlis-

tancedrom the pointsin  to the P representation
for ,orviceversaj.e.,

(i) Computethe approximatesum of squareddis-
tancedbetweersmoothapproximations and to
and ,

Note that this particularapproximatedistancemea-
sure,which we call PIMs (Polynomiallnterpolated
Measure)will behighly accurateventhoughcorre-
spondingcoefcients of thetwo IPsmaybevery dif-

ferent.Bothmeasuregi) and(ii) canbeexpresseds

Mahalanobiglistancedn the polynomialcoefcients
(see [9] for detailsfor the2D case)

3. A complex object can be representedt arbitrarily
ne resolutionwith low degree IPs by representing
the data by overlapping polynomial patches,each
coveringonly a portion of the objectsurface.Align-
mentof an entireobjectcanbe donein termsof the
intrinsic coordinatesystemdor its patches.

4. Sincethe IP representationare coordinateindepen-
dent, the computationalcost of tracking a dataset
which is moving and deformingis very low. Hence,
IP patchesare an ideal representatioffor represent-
ing, trackingandregisteringa moving organin med-
ical dataanalysiq1].

5. For the precedingreasons]P patchesare ideal for
mary applicationssuchas objectrecognition,posi-
tioning, andmetrologicalinspectionfor manufactur
ing automationandindexing into 3D databases.

2. Implicit Polynomial Model

Mary 3D problemsarestill relatively dif cult asthey in-
volve processingf hugevolumesof data.A genericmodel
tted to datasetscandramaticallyeaseherequiredorocess-
ing andsimplify several 3D problems.In computervision,
objectdan 3D imagesaremostlydescribedy theirsurfaces
Ellipsoids,quadraticsurfacesandsuperquadricareusedas
surfacemodels.In essencehesesurfacearespeciaforms
of themoregeneridmplicit algebiaic surfaces An implicit
algebraicsurfaceis de ned asthe zero set of an implicit
polynomialin 3 variables . More formally, a 3D
IP surfaceof degree givenby thefollowing equation:

@

Here is ahomogeneournary polynomial
(calledaform)of degree in , ,and . Noticethatin
equationl thegradedexicographicorderingon monomials
inducedby is applied.

Therearetwo usefulrepresentationf®r implicit polyno-
mial surfaces:



\ectorform: ( denotesnatrix transpose)

)
where

®3)
and

(4)
Tensorform: whenanewx component isadded

to every 3D point and the polynomial
is rewritten asa homogeneoupolynomialin 4 vari-
ables:

theabore sumcanbewrittenin anuniquewayin the
following form:

()

where equals divided by ——, the
multinomial coefcient in the expansionof theform

. Thisequatiorde nesthecovari-
anttensor of order
representinghe polynomial(seeSection4.1). Note,
herethetensor is ann-dimensionahrraywith
entries

Thevectorform, asdescribedn the next section s very
convenientfor implicit polynomial tting, while the tensor
form provides a useful framevork for poseestimationas
shavn in sectiord.

Given a setof
datapointsalonganobjectsurface animplicit polynomial
is saidto representhis objectsurfacef every pointof s
closeto the zeroset

of the implicit polynomial. Given sucha dataset
animplicit polynomialrepresentatiois obtainedhrougha

tting algorithm.

3. Implicit Polynomial Fitting

ThelP tting problemcanbesetup asfollows. Givena
dataset , nd
the  degreeimplicit polynomial thatmin-
imizesthe averagesquaredlistanceérom the datapointsto
the zeroset of the polynomial[12]. Whenthe geo-
metric distancefrom a point to the zero setof animplicit

@

(b) ()

Figure 1. (a) Level sets for head (b) Head data
set (c) 10th degree t (ears discar ded).

polynomialis minimized,aniterative processs nheedede-

causehereis no explicit expressiorfor this distance.This

formulationrequiresnonlinearoptimization. Several geo-
metricdistanceapproximationdiave beenused suchasthe

rst orderapproximatiorj12], whichspeedip computation
considerablybut iterative nonlinearoptimizationis still re-

quired.

In the next sectionwe presenthe 3L algorithm,alinear
tting algorithmwhichis of lowercomputatiorandhasbet-
ter polynomial estimatedcoefcient repeatabilitythan all
presentlyexisting IP tting methods.
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Figure 2. (a) Face (b) 12th degree t.

3.1.3L Fitting
The polynomial is an explicit function at
all valuesof andusually tting formulationstake
into accountonly . We getfast, stable,repeatablem-
plicit polynomialsurfacets by tting theexplicit polyno-
mial to a portion of the distancetransform,
,of . is thefunctionwhich, at
, takeson the valueof the signeddistancerom
to . 3L tting, besideghe original dataset
, usesa pair of syntheticallygeneratediatasets and
consistingof pointsat a distance to either side of
. Note, and arethe level setsof
atlevels and |, respectiely. canbegen-
eratedby a distanceransformcomputatioralgorithmfrom
or as describedn the next subsection. For eachdata
pointin , the Euclideandistancdransformdeterminesa
pointin andanotheronein whichareataperpen-
diculardistance to eachsideof theoriginalcurve  [4].
Figure 1(a) shows the 3 level setsfor a headshapein 3D
(surfacede ned by 12640points).

Let
and
where is Y (in equation4) evaluated at
Also de ne d asa vector whose

componenis , the distanceof the point

to . As previously explained,the level setswe use
for areonly -c, 0, and+c. Thenestimat-
ing the vectorof polynomialcoefcients  (in equation?)
is minimizationof or

. Theleastsquaresolutionto this problemis:
(6)

The purposeof introducingthe two level setsas addi-
tional constraintss becaus@ makeghe tting morestable
and consistentwith regardto transformationof datasets,
and morerobustto noisy or missingdata. The poseesti-
matordiscussedn following sectiongarticularlyrelieson
consisteng androbustnes®f tting underEuclideartrans-
formationsandocclusion.
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Figure 3. Relative error on the t, in norm, due
to perpendicular noise and resampling of the
surface .

The 3L tting is robustto the addition at all dataset
pointsof arandomGaussiamoisein the directionperpen-
dicularto the shapeasshavnin gure 3 in the caseof the
heartshapeof gure 4. Rolustnesso randomresamplings
excellent.If adatasetistoocomplicatedo be t accurately
by a polynomialof thedegreebeingused thenby choosing

appropriatelya meaningfulsmoothapproximatiorcanbe
obtained.Thisis usefulfor initial poseestimationrandmay
beusefulfor initial low resolutionobjectrecognition.

The level setsbring in the additionalbene t of forcing
singularitiesaway from the vicinity of the dataset,assin-
gularitiesoccuratlocal extremaor saddlepoints. We refer
thereadetto [3] for additionalinformation.

Figure2 shavs the datasetandthe 12thdegreeimplicit
surfacet for aface(with 1250datapoints). Figure4 dis-
playsthe datasetandthe 6th degree t for a heart(with
6480 data points). These gures alongwith Figure1 il-
lustratethe power of polynomialsin representingomplex
shapesvhich areeitheropenor closed.
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Figure 4. (a) Heart (b) 6th degree t.

3.2.Level SetGeneration

If the surfacedatais not sparseandis closed,a 3D Eu-
clideandistancaransformcanbeappliedto obtainthelevel
sets. However this is not the casewith most3D datasets.
Moreover, computingthe 3D Euclideandistanceransform
is computationallyintensive. Other level set generation
techniquesvhichworkin 2D usuallyfail in 3D. Theprinci-
ple dissimilarity betweer?D and3D lies in thefact thatin
2D, theedgechain, a setof pointsformingthecontourof an
object,whetherit is a closedor not, hasa naturalordering:
it canbetraversedn clockwiseor counterclockwiselirec-
tion. Thus,vectordifferenceof adjacenpointscanbeused
for de ning an absolutenormaldirection,i.e., one known
to be pointing towardsinside or outsidethe curve, for all
pointsonthecune.

In 3D, somedataacquisitiontechniquesnablethe di-
rectestimationof local topologyandsurfacenormals[13].
However in general,dataconsistof a setof unomganized
datapoints. The3D equialentof anedgechainis atriangu-
lation of the captureddatasurface This proceduras costly
and sometimesnaccurateas comparedo contourtracing
algorithmsgeneratingan edgechainin 2D [8]. Our ap-
proachisto t aplaneto asetof pointscomprisingthedata
pointandthe neighboringpointswithin a givenradiusfrom
thedatapoint. In this casethe tted planeis anapproxima-
tion to theplanetangento the surfacen thevicinity of the
datapointandtheplanenormalcanbeused.However since
thereferencdrameis notknown, the planenormaldoesnot
give an absolutedirection. To resole this ambiguity for a
starshapean additionalreferencepoint known to be inside
or outsidethe surfacecanbe used. Theray joining the
referencepoint and the datapoint along with the tangent
planenormal givesthe absoluteorientation. More pre-
cisely if ,vectors and pointtowardsoppo-
sitedirectionswith respecto thetangeniplaneandtowards

the samedirectionotherwise. In our experimentswe uti-
lized generalizecbigervector tting for tting localtangent
planesandusedthe planenormal  alongwith the center
of massas the additionalreferencepoint. An alternatve
approachwhich doesnot involve ary additionalreference
point, is to bene t from the surfacecontinuity. With this
approachfor a givenseedpoint the surfacenormalis com-
putedby tting atangentplaneandanabsoluteorientation
is choserarbitrarily [8]. Then,sinceadjacenpointswould
have nearlyparallelnormals absoluterientation®f neigh-
boringplanescanbe obtainedby propagatiorfrom already
determinednes. For our purposesaslong asthe tangent
planeorientationsare consistentthe initial orientationcan
bearbitrarybecausein the3L tting, achangen thechoice
of the initial orientationamountsonly to a reversalof the
signof for and whichleavesthezero
setof theresultingimplicit polynomialsthe samewhile the
coefcient vectorswoulddifferin signonly.

4. Poseestimation

Given and ,two degreelP surfacegepresent-
ing the samefree-form objectin two different positions,
how cantheposeestimatiorbecarriedoutin anon-iteratve
way?To our knowledge theonly answetto theabore ques-
tion is the oneput forth by Taubin[11] which s effective.
Theapproachn our paperfurtherevolvessomebasicideas
in [11], appeardo provide greateraccurag, andis a step
in the procesof trying to constructthe mostaccuratgpose
estimationbasedon all the informationin the polynomial
coefcients. The proposedsolutionis basedon the con-
structionof two covariantsproviding anintrinsic reference
systemassociatewith thepolynomial. Oneof thesecovari-
antsisavector with componentgachcomponenbeing
a polynomialfunctionin the coefcients of forms and

in . Thevector is calledtheintrinsic centerof
thepolynomialandusedo estimataheobjectlocation.The
secondcovariantis a symmetricmatrix andeach
componenbf this matrix is a polynomial function of the
coefcients of onlythe  degreeterms  of thepolyno-
mial . Thematrix providesthesufcient information
to computetheintrinsic orientationof the polynomial.

Thematrix andthevector canbe
interpretedyeometricallyasanellipsoidor ahyperboloidn
3D spaceThisquadratidorm is a Euclidearcovariantwith
respecto the original polynomial . Thatis, upona Eu-
clideantransformatiorof the polynomial , the quadratic
form is transformedn the sameway. This propertycanbe
usedto recover the objectpose.

By usingthe tensorrepresentationf a polynomial, for
ary even degyreepolynomial,we areableto formulatean-
othercovariantmatrix whosecomponentsrelinear
with respectothecoefcients of theleadingterm  of



Becausef this linearity, the proposecdcovariantmatrix al-
lows usto obtainwhatappeardo be a morerobustorienta-
tion estimation We describenow how this new covariantis
obtainedby focusingon the casewhenthe Euclideantrans-
formationis solelyarotation.

4.1.Rotation

Any homogeneougolynomial, and thus the leading
form of  describedy thevector
canbeexpressedn anunigueway asasymmetriccovariant
tensor Thepolynomial  is:

By expandingthe previoustriangularsum(see(5)), we de-
ne asymmetridensor such
that

For programmingpurposeghis tensoris representethy
an -dimensionahrraywhereeachentryhas3 possiblein-
dex values. Tensorrepresentatiosimpli es the treatment
of the poseestimationproblemby providing an easyway
to expresshetransformatiorof the polynomialcoefcients
undera Euclideantransformatiorof the referenceframe.
Upon an orthogonaltransformation ( refers
to amatrixwhoseentryatrow i andcolumnjis ) ormore
generallya linear transformatiorof the world
coordinatesystem thetensorin the new basisis expressed
as

is the Jacobiarof the transformatiorand

is unity for orthogonatransformationThis expres-
sionprovidesa directimplementatiorof thetransformation
of thepolynomialcoefcients throughaneasyarraymanip-
ulation. Note,theabore equatiorde nesacovarianttensor
asit transformswith the sametransformatiorof the coor
dinatesystemas opposedo a contravarianttensorwhich
transformswith the inverseof the coordinatetransforma-
tion.

A basictensoroperationis the contractionof a tensor
with respecto two indices. Given a tensor a contraction
with respecto theindices and , e.g.,is a new tensor
whichis of order with

where

A total contractionof a tensorgives a zero order tensor
which is an invariant. For example,for a symmetric2x2
matrix viewedasatensorof order , thetensorcontraction
givesthetraceof thematrixwhichis knownto beaninvari-
ant underEuclideantransformations.Notice that a single
contractionof a tensorof order givesa tensorof order
, andcomponent®f the contractedensorarelinear
functionsof the original tensor But the mainpropertywe
usehereis thatthe contractedensorstill stayan orthogo-
nal covariantindependendf how mary contractionsreap-
plied. Consequentlyfor atensorof evenorder
contractionresultsin a symmetricmatrix which is
covariantwith respecto orthogonaltransformations.The
diagonalizatiorof this covariantmatrix andtheorthonor
mal eigervectorsbasisallow usto estimatethe orientation
of the polynomialby providing anintrinsic orientationfor
thepolynomial.
As an example, for the leading polynomial of a 2D
guartic de ned by
, the tensor  is de-
ned by a 4-dimensionakrray which canbe decomposed
in four matrix-slices , , , and
( ) where:

Thecontractionof tensor  is equivalentto constructinga
matrixfrom thetraceof these3 matricesandtheassociated
covariantmatrix is:

For the quadraticform in 2D,
, is directly thematrix:

Sincecomponentf this covariant matrix are
linear combinationof the polynomialcoefcients, we ex-
pectlesssensitvity to small changedn the datathan by
usingcovariantmatriceswith componentsionlinearin the
polynomialcoefcients.

Translationsleave the leading term unafected.
Therefore the orientationof the polynomial can be com-
puteddirectly from using asdescribedabore.
Notice that the matrix doesnot provide a unique
solutionbut rather  solutionsdueto the symmetrieof an



ellipsoid. At this stepof the computationwe arenot able
to disambiguat¢his anddeterminehe correctrotationesti-
mate.Thisis why, in the next sectionwe applythetransla-
tion estimatiornwith eachof the rotationestimates.

4.2.Translation

This sectionis equivalentto Taubin's approachin [11],
but presentedvith the tensorialnotation. This notational-
lows usto presenthe approachin a moregenericway and
is notationallycloserto theimplementationHerethetrans-
formationbetween and s apuretranslation .

As seerbefore theleadingtermspolynomial  isunaf-
fectedby atranslation.This propertyis written in tensorial
notationas where isthetensorassociatewvith
theleadingform aftertranslation.The homogeneouform

of dggree is transformedn the following way
by atranslation :

(7)

where is theone-timecontractecroductof two tensors.

Equation? is a linear systemwith respecto the trans-

lation. For a quadraticform (degree ), solving this

systemis similar to usingthe centerof a quadraticform.

For example,for a conicin 2D, equation7 is equivalentto
thesystem:

which de nesthewell known coniccenter

For higherdegree(even or odd) this systemis over con-
strainedandthe solutionis obtainedby usingthe pseudo-
inversematrix of thelinear system.The useof the pseudo-
inverseprovidesthe optimal solutionwhich minimize the

erroron all degreecoefcients. For a quarticin 2D
(degree ), equation/ canberewritten asthesystem:
4.3.Algorithm

Having shavn how rotationandtranslationestimations
aredone,we now cananswetthe questionposedat the be-
ginning of section4 by statingthe Euclideanposeestima-
tion algorithmasawholefor our polynomials and

computatiorof the 4 possiblerotations  basedon

the covariant given in section4.1 from the

leadingterm of the polynomial  and one possi-

blerotation  basedon the similar covariantmatrix
of thepolynomial

for each applytherotation on the polynomial
and computethe translation basedon the equa-
tion7 (theroleof and canbeswappedor more
symmetriccomputations),

for each applythe Euclideantransformation

on the original polynomialand compute
the distancebetweentheresultand . Theoptimal
Euclideantransformation is givenby thetransfor
mation minimizing the distancebetweenthe coef-
cientvectors and transformedoy . (Alter-
natively, the transformedunction can be compared
with thedataset for greateraccurag)

Thelaststepallows usto obtaina uniquesolutionby us-
ing theinformationin thelower degreeterms.An extension
is to iterateandre ne the processby taking into account
theinformationin lower degreetermsin orderto betteres-
timate and . The transformatiorrule for the whole
polynomialis given by expressingthe polynomial asa
symmetrictensorin homogeneousoordinatessdescribed
in section2.

5. Experiments

To testthe robustnessof the proposedposeestimation
techniquewe ran3 differentexperiments

perpendicularnoise Gaussiamoisein the surface
normaldirectionlocally at eachpoint of the dataset
(gure 5(a)and(b)),

resampling Gaussiarcenteredoisein thetangential
plane,at eachdatapoint, and half of the pointsare
randomlydiscarded gure 5(d)),

occlusion a percentagef the datasetout of a plane
is choppedff ( gure 7).

5.1.Noiseand random resampling

In Figure 4(a) and Figure 7 the heart data set

is displayed (6480 points in a box with dimensions
). In Figure5(a) and (b) noisy data

setsin the normaldirection (standarddeviation = 0.06cm
and0.12cmrespectiely). In (c), noisy datasetin the tan-
gentialdirection,i.e.,eachdatapointis perturbedn aplane
tangentiato the surfaceat the pointand(d) shavs a subset
of 50 of thesepoints. Thisis resamplingf the3D surface
representelly theoriginaldataset,to beusedor alignment
algorithmaccurag assessment.

FromFigure6, the locationerroris a linear function of
the noisestandarddeviation between  and . As
shavnin gure 5, anoisewith a standardieviation of



Figure 5. Heart under noise (standard devi-
ation cm and cm) and perturbations
(random resampling).

producesnajor perturbatiorof the shapeandit is dif cult
to dotheregistrationvisually; neverthelessheangularerror
obtainedby the algorithmis , andthe translation
erroris . For highervalueof the standardleviation,
thealgorithmis not still ableto discriminatebetweena set
of approximatvesymmetricsolutions andseveralsolutions
areobtained.

In thesepreliminary experiments,our newv algorithm
provides estimatesat leastas accurateas thosein [11].
Sometimeghe differenceis large. A morede niti ve com-
parisonrequiredurthertesting.

Finally, Figure6 shavsthatourtechniqués quiteinsen-
sitive to the variationof the standarddeviation of the noise
resamplingallowing us to estimatethe posebetweentwo
datasetswithout ary point-to-poirt matchingbetweerthe
two datasets.Thebiasis dueto thefactthatin theseexper
imentstheshapés resampledhot alongthereal surfacebut
only alongthetangenplane.

5.2.0cclusion

In Figure7, apatchconsistingof ~ of the pointsin the
heartshapes discardedNeverthelesstheerroron the ori-
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Figure 6. Error in the orientation and transla-

tion due to perpendicular
sampling, and occlusion.

noise, random re-
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Figure 7. (a) Original data set (b) discar ded
with a vertical plane. The light part is the dis-
carded region and the data points seen there
belong to the far side.

entationis andthe error on the poseis

This result illustratesthe robustnessof our techniqueto
smallamountsof occlusionof the dataset. In this case,if
the orientationestimationis basedn the classicmethodof
usingtheaxesof the 3D scattematrixfor thedata theerror
of orientationis oneorderof magnitudenigher:

Figure6 shaws errorsin the angleandtranslationnorm
estimategor occlusionbetween and wherethees-
timation is stable. Under occlusion,it turns out that the
translationis affectedby a systematidbias dueto tting.
But theangleis still accurateandrobust.

6. Conclusions

The proposedechniquedoesnotuseall theinformation
aboutthe posecontainedn the polynomialcoefcients (for
example ,we useonly apartof theleadingform to compute
the orientation).We areworking on poseestimationbased
on all theinformationin the polynomialcoefcients.

Tensorformalism can be alsousedto obtaininvariants
for usein recognition.

Realdataarelocalizedin a nite spacebut apolynomial
is de ned onthewholespace We areexploiting  beinga
linearfunctionof the coefcients to extendour PIMs mea-
sure[9] to covarianttensorsaandposeestimatioraroundthe
datasetonly. This shouldresultin even greaterposeesti-
mationaccurag.
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