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Abstract

Wedevelopa classof differential motiontrackers thatautomaticallystabilizewhenin finitedomains.Mostdiffer-
ential trackers computemotiononly relativeto onepreviousframe, accumulatingerrors indefinitely. We estimate
posechangesbetweena setof pastframes,anddevelopa probabilisticframework for integrating thoseestimates.
We usean approximationto the posteriordistribution of posechangesas an uncertaintymodelfor parametric
motionin order to helparbitrate theuseof multiplebaseframes.Wedemonstratethis framework on a simple2D
translationaltracker anda 3D, 6-degreeof freedomtracker.
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1. Introduction

Trackingthe poseof an objectrequiresthat imagetransformationparametersbe recoveredfor eachframeof a
video sequence.A commonclassof approachesfor estimatingtheseparametersinvolvesaccumulatingmotion
parametersbetweenpairsof temporallyadjacentframes.Thesedifferentialtechniquessuffer from accumulated
drift which limits their effectivenesswhendealingwith long videosequences.Theproposedmethodreducesthis
drift by anchoringeachframeto many pastframes.We thenusea maximumlikelihoodformalismto fusethese
posechangeestimatesto obtainposeswhichexhibits lesserror.

Variousmethodologiesfor avoiding drift have beenproposed.For example,[2] and[5] computethe poseof
an objectby bringing it into registrationwith the first framein the video sequence.This approachrestrictsthe
rangeof appearancesto beneartheinitial patternunlesscomplicatedmodelacquisitiontechniquesareemployed.
Anotherapproachis to usesubject-independent modelsthatarerefinedover time([1, 9]), but theaccuracy of these
methodsis oftenlimited by thecoarsenessof their models,thoughstrongprior motionmodelscansometimesbe
usedto obtainbetteraccuracy (eg, [14]).

In this paperwe show how typical differentialtrackingalgorithmscanbestabilizedwithout changingthecore
structureof thetracker. We relaxtherestrictionthatonly temporallyadjacentframeswill beusedfor differential
tracking,allowing high-qualityposechangemeasurementsto compensatefor poor quality ones. We compute
posechangesbetweeneachframeandseveral anchorframesthat areclosein poseandappearanceto it. These
differentialmotionestimatesarethencombinedto providearobustestimateof posefor eachframe.Conceptually,
previousframesareusedasanimage-basedmodelof theobjectbeingtracked,alleviating theneedto constructan
explicit modelof thesceneasis donein [11] and[4], for example.

The next sectionprovidesa maximumlikelihoodframework for differential tracking. We thenaugmentthis
modelto incorporateadditionalanchorframes.In orderto find themaximumlikelihoodposesin this augmented
model,it is necessaryto measuretheuncertaintyin eachposeestimate,sowe developanerrormeasurefor para-
metricposeestimation.Wethendiscussdetailsinvolvedin implementingouralgorithmandapplyour framework
to a simple2D trackingproblemwherecameramotion is restrictedto fronto-paralleltranslationover a synthetic
planarobject. Experimentsin sections4.1 and 4.2 show how to augmentthe 6-DOF tracker of [3] with our
framework anddemonstrateits usein trackingheadsthroughlarge rotationsandcomputingegomotionin long
sequences.

2. Differential Tracking as Maximum Likelihood

Weproposea measurementmodelsuitablefor representingdifferentialtrackers.We thenframeour drift-reduced
tracker in thismodelby addingadditionalmeasurementnodes.In orderto casttrackingasamaximumlikelihood
problem,we developanerrormodelfor estimatingparametricposechange.

2.1. A Measurement Model

Considera sequenceof images������������� with associatedobjectposes	 �
����� 	�� . Let ��������� 	 ��� 	 ��� be the pose
changebetweenframeswith pose	 � and 	 � . If theparametrizationis additive, � just subtracts	 � from 	 � . In the
affine case,� computes��� ��� � � 	 � � � � 	 � � � ��� , where � returnsa 3x3 affine matrix given a 6 dimensionalvector,
and � � � returnsthesix parametersof theaffine transformationgivenanaffine matrix. We alsodefine � � � such
that � � � ����� 	 � � 	 � � � 	 � � � 	 � . Estimatingtheposechangebetweenframes� � � � and � � resultsin a posedifference �� � � with distribution  �  �� � � ! ��� � ��� ���"� .

Assumingthat posegovernseverythingaboutappearance, �� � � is conditionally independentof ��� � � and ���
given 	 � � � and 	 � , so  �  ! ��� � ��� ���#� �  �  ! 	 � � ��� 	 �"� 1. Figure1 depictsthe resultingindependencediagramfor a

1This implies thatgiventhepose,thereis no othersourceof uncertaintyin theappearanceof a frame.As will beshown later, imager
noiseis funnelledinto $&%('*) +�,.-&/102+3,�4 by othermeans,alleviating theneedfor a cumbersomeintegrationstephere.
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Figure1: Independencediagramfor a simpleposetracker. The tracker measuresposedifferences5�6*7 betweenadjacent
frames.

differentialtracker. Thejoint densityof measurements89�: andposes8�	&: is � 8�	;: � 89�: � �  � 8�	&: � �<�.= �  �  �� � � ! 	 � � ��� 	 �"�
Findingthesetof ML poses8�	;: involvescomputing>@?BADCE>*FG"HJI  � 8�	&: ! 89�: �� >@?BADCE>*FG"HJI �K�.= � LNM  �  �� � � ! 	 � � � � 	 � � (1)

We canshow that thetraditionalmethodof computingposechangesandupdatingposeestimatesis in factthe
ML solutionby assumingthat theperformanceof the tracker dependsonly on posechangeandnot on absolute
pose.As a result,  �  ! ��� � ��� ���"� �  �  ! ��� 	 � � 	 � � � ��� . Making a final Gaussianityassumptionon theposterior, we
obtain:  �  ! 	 � � 	 � � � � �POQ�  �� � ��R ��� 	 � � 	 � � � � �BS ��T � � � �VU (2)

Equation(1) cannow berewrittenas>@?BAWCYX MG"HJI �K�.= � Z  �� � �W[ �\� 	 � � 	 � � � � ZB] ,_^ ,_-;/ U (3)

Theminimumvaluefor thisproblemsis 0, andoccurswhen �� � � � ��� 	 � � 	 � � � �	 � � � � � �  �� � � � 	 � � � � � (4)

confirmingthatthetraditionalupdateequationdoesindeedmaximizelikelihoodgiventhesimplifying assumptions
we’vemade.Notethat S ��T � � � dropsoutof theoptimization,andsoit is notnecessaryto computetheerrorin pose
changes.
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Figure2: Whenestimatingtheposeof frame d�e , we shouldtake into accounttheposechangebetweend�e and d�e�f�g aswell
asall otherframeswhich arein theshadedregion.

2.2. Using multiple base frames to reduce drift

To improve poseestimation,we invoke two principalinsights:

1. Whenthetrajectorycomescloseto crossingitself (ie, 	 �ih 	�j ��kmlon ), trackingshouldbeperformedbetween
frames� � and � j aswell.

2. Informationabouttheposeof futureframescanbeusedto adjusttheposeestimateof pastframes.

Proposition1) providesredundantreliableinformationwhich allows usto betterestimatepose.Proposition2)
is appealingsincereturningneara previously visited point candisambiguatemeasurementsif informationfrom
thefuture is allowed to affect thepast.Hence,in figure2, we would do well to computea posechangeestimate
between��� andall framesthat lie in the shadedregion, andallow thesemeasurementsto influencethe poseof
frames� � �����J��� .

We augmentthemeasurementmodellaid out in theprevious sectionto incorporatetheseadditionalmeasure-
ments.To improve performance,we canalsoincorporateknowledgeaboutthedynamicsof theposeparameters.
Figure3 showshow to updatethegraphicalmodelof thedifferentialtracker to incorporatetheaddedinformation.
Thejoint of theposesandobservationsbecomes � 8�	&: � 89�: � �  � 	 ��� �<�.= �  � 	 � ! 	 � � � � <prq T sVt�uiv  �  sq ! 	 q � 	 s9�
where w is the setof pairsof framesbetweenwhich we have calculatedthe posechange.Using the Gaussian
uncertaintymodelof (2), theML posesare>@?BAWCEX MG"HJI Kprq T sVt�uiv Z  �� � � [ �\� 	 � � 	 � � � � Z ] ,.^ ,_-&/x �K�.= � Z ��� 	 � � 	 � � � � Z ]zy (5)

wherewe have assumedthattheposedynamicsareBrownianwith covarianceSD{ . Theoptimizationproblemcan
bethoughtof asrelaxinga springsystemwherethenaturallengthof a springbetweennodes	 q and 	 s is  sq and

its stiffnessis S � �q T s .
Unlike theminimizationproblemof the traditionaltracker, we now needto know S q T s . An approximationtoS q T s is derivedin thefollowing two sections.
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Figure3: Themeasurementmodelwhenmultiple baseframesareused.A dynamicalmodelfor posechangeis alsoadded
(horizontalarrows).

2.3. Estimating Pose Change

Thesimplestposechangetracker computesthemaximumlikelihoodposedifference | �� � � by assumingthat ��� can
bewarpedbackto ��� � � . Cameranoiseandany changein appearancethatis notmodelledby warpingis modelled
with identically distributed and independentGaussiannoiseof unspecifiedvarianceaddedto every pixel. The
generative modelof ��� � � is then: ��� � � �~} � � ��� �~} [�� �~} R  �� � � ��� x�� �~} � � ��� � � �~} � ! ��� �~} � �  �� � � � � ��� ��� � � �~} � R (6)��� �~} [�� �~} R  �� � � ��� �B���� �
where

� �~� � is Gaussianandwhiteoverspaceandtime,andhasconstantvariance� �� over theimage.���~} R�� �B� � �
is a Gaussiandistribution with means� andvariance� � . � �~} R  � is thewarpingfunction: it is usedto displace
a pixel at location } to location } x � �~} R  � in the target image. The ML estimate, | , maximizesthe posterior �  ! � � � � � � � � . This is equivalentto minimizingasum-of-squarederrorfunctionover  :| � >@?BA�CY>*F�  �  ! ��� � ��� � � � (7)� >@?BA�CYX M� K3� � ��� � � �~} � [ ��� �~} [�� �~} R  ��� � �
This is thetraditionalleastsquaresformulationfor tracking,derived in a probabilisticframework. Varioustotal-
leastsquaresformulationswhich allow ��� to benoisyaswell have beenproposed[13, 8]. We have demonstrated
thatposechangeestimationcomputesthemodeof thedistribution  �  ! ��� � ��� � � � . To fully qualify thisdistribution,
westill needto computeits covarianceS ��T � � � .
2.4. Uncertainty in motion estimates

Probabilisticmethodsfor computinguncertaintyin opticalflow have beenproposedin [12, 8]. We approximate
theposterior �  ! ��� � ��� � � � by fitting a Gaussiandistribution at themode | computedby theposeestimator. The
derivationis basedon theapproximationmadein Laplace’s method(see[6] for anoteon thesubject).
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UsingBayesrule,wecanrewrite thelog-posterior:L(� A  �  ! ��� � ��� � � � � L(� A  � ��� � � !  � ���"� (8)x L(� A  �  ! � � � [ LN� A  � � � � � ! � � �
Since | is takento betheML estimate,thefirst derivative of (8) vanishesat | . Assuminguniform  �  ! ����� (this is
thecaseif  �  � is itself uniform,sincewe cangleannothingaboutfutureposesfrom asingleimage),theHessian
of (8) becomes � � � ��  � L(� A  �  ! ��� � ��� � � � � � ��  � L(� A  � ��� � � ! ��� �  �
TheTaylorexpansionof (8) aboutits modeis therefore:L(� A  �  ! ��� � ��� � � ��h L(� A  � | ! ��� � ��� � � �x ����  � � ��  � L(� A  � ��� � � ! ��� � | � � x � U���U���U �
where �  �  [ | . Droppinghigh ordertermsandexponentiating,we obtaina Gaussianapproximationto the
posterior:  �  ! ��� � ��� � � ��h�� � Fz¡�¢ �� �  [ | � � � �  [ | �"£
This Gaussianhasmean | asexpected,andits varianceis S ��T � � � � [ � � � . In this case,

�
is theHessianof the

log of  � ��� � � ! ��� � | � � <2�  �~¤ � �~} ���� <2� OQ� ��� � � �~} � R ��� �~} [�� �~} R | ��� �B� �� � �
which is foundto be � � �� �� K � � ��  � ��¥� � � �V¦§�� |� � � � [ ¦ |� � ¦ |� �� � � ��  �
where |��� � � � ��� �~} [�� �~} R | ��� is the reconstructed��� � � and ¥��� � � �~} � � ��� � � �~} � [ |��� � � �~} � is thereconstruction
residual2. Sincein practicethereconstructionerroris small,we canfurtherapproximate

�
by:� � [ �� �� K � � ��  � ¦ ��� � � �~} � � ¦ ��� � � �~} � � � � � ��  �

Finally, � �� canbeestimatedas |� �� � �O KV� � ��� � � �~} � [ ��� �~} [�� �~} R | ��� � � U (9)

Ourfinal estimateof thevarianceof  �  ! ��� � ��� � � � is:

S ��T � � � � |����o¨ K � � ��  � ¦ ��� � � �~} � ¦ ��� � � �~} � � � �� ª© � � U
2In deriving thisexpression,we have assumedthat «¬"®�¯B«�'�¬±°³² . ie, ® is linearwrt ' .

7



This expressionhasan intuitive interpretationwhich makesit suitableasan approximationof the posteriorco-
variance. |� �� canbe interpretedasthe RMS reconstructionerror after warpingaccordingto the recoveredpose
change.

�
canbe interpretedastheaveragesensitivity of eachcomponentof  , weightedby thestrengthof the

featuresin theimage.This is because¦ � �~} � ¦ � �~} � � representsthestrengthof a featureat location } (see[10]),
and ´�µ´ � �~} R  � is ameasureof thesensitivity of  atvariouspointsin theimage.

To illustratethis point, we computethesensitivity of a translationalandanaffine tracker. In the translational
case,� �~} R  � �  . So ´´ � � �~} R  � ��¶ . Thecovariancebecomes·¹¸~º�»B¼ j#½ » �(¾(¿ ¼ � |� �� ¨ KV� ¦ � ¦ � � © � � � (10)

which is just thereconstructionerrorweightedby a measureof how texturedtheimageis.
In thecaseof anaffine tracker, thepartialof � is:��  � �~} R  � � ¨ } � � À À ÀÀ À À } � � © U

If we set ¦ ��� � � �~} � ¦ ��� � � �~} � � �Á¶ , effectively assigningto all pointsthesamefeatureproperties,thecovariance
becomes · Â q�q ¾ ¼@Ã � |� ��

ÄÅÅÅÅÅÅÅÆ KV� ÄÅÅÅÅÅÅÅÆ } � } � }} � � � �} � � Ç
Ç } � } � }} � � � �} � �

ÈÊÉÉÉÉÉÉÉË
ÈÊÉÉÉÉÉÉÉË
� � U

Accordingto this expression,pointsaway from thecenterof thecoordinatesystemreducetheuncertaintyin the
multiplicative portionof theaffine transformationmorethanthecentralpoints. In additionall pointscontribute
equallyto thetranslationparameters.Both observationsareconsistentwith ourexpectation.

3. Results: A simple 2D tracker

We first show resultswhentrackingthepositionof anaperturemoving over an image. 	 � representsthecurrent
pixel locationof theapertureand � � denotesthe imagecapturedthroughtheaperture.Since 	 only parametrizes
translation,a simple motion model with � �~} R  � �  is adequate.Figure 4 shows the poseestimatesfrom a
differentialtracker which findsposechangesby minimizing (8) usinggradientdescent.Theupdateis according
to (4) andis additive.

The algorithm estimatesthe posechangebetweenconsecutive 50x50 pixel windows which translateby an
averageof 5.6pixelseachstepalonga spiralpath.Theaverageerror in estimating is around0.66pixels,which
after626iterations,resultsin approximately55 pixelsof drift.

To measurethe uncertaintyof the posechangeestimator, we usedthe posecovariancefrom equation(10).
Figure4 displaystrackingperformanceon thesameaperturetrajectory. Theprevious framewasalwaysusedas
ananchorframe,alongwith the3 pastframeswhich wereclosestin poseto theprevious frame. In 626 frames,
trackingdrifts by at most2.44pixelsandis off by 0.11pixelsat frame623. Figure5 comparestheposeerrorof
thetwo trackersover time. Thethedrift-reducedtracker stopsaccumulatingerrorafterabout50 frames,while the
unenhancedtracker continuesdrifting.

To find theposeswhich maximizeequation(5), we computedthederivativesof thelog-likelihoodwith respect
to eachpose: À � �� 	 ¾  � 89�: ! 8�	&: �
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Figure4: Estimatesof thepositionof a50x50pixel apertureasit followsaspiralpathontheimage.Thepositionestimateis
basedsolelyon theimageacquiredthroughtheaperture.Top: traditionaltracker. Theestimatedtrajectory(solid) terminates
(markedby ’ Ì ’) with morethan55 pixelsof error relative to groundtruth (dotted).Bottom: drift-reducedtracker, usingat
most4 pastframes.Theestimatedtrajectoryendslessthan1 pixelsfrom thegroundtruth.

0 100 200 300 400 500 600 700
0

10

20

30

40

50

60

P
os

iti
on

 e
rr

or
 (

pi
xe

ls
)

Time (frame #)

Figure5: Comparisonof positionerrorbetweensimpletrackeranddrift-reducedtracker.
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� [ Kp(q =\¾~T sVt�u±v S ¾_T s �  s¾ [ 	 ¾ x 	 s9�x Kprq T sV=\¾Nt�uiv S q T ¾ �  ¾q [ 	 q x 	 ¾Í� (11)

Equation(11) is asparselinearsystemin termsof theposes.Givenafixedvaluefor 	 � , this systemcanbesolved
veryefficiently (Matlab’s backslashoperator, whichusessimpleGaussianeliminationsolvestheabove626frame
problemin lessthanasecond).

4. Stabilized 3D Tracking

Our methodcanalsobe appliedto 3D tracking. We show resultsusinga rigid motion tracker with integrated
intensityanddepthconstraints,but ourmethodis applicableto any parametricmotionformulation,with or without
depthconstraints.

Depthconstraintshave beenshown to increasethe accuracy of gradient-basedrigid motion tracking [3]. A
depthconstancy constraintanalogousto thetraditionalbrightnessconstancy constraintcanbederivedandyields:[ÏÎ � � Ð Î � Î�Ñ�Ò�� �~} R  �[ÔÓ � � Ð Ó � Ó Ñ Ò�� �~} R  � [ÖÕ�× �~} �  � (12)

whereÎ � � Ó � , etc,arethepartialsof ��� or ��� � � . Together, theseequationsconstrainthelocalmotion  �� � � by using
the imagegradients.Whenthe cameramodel is perspective, a velocity � Õ�Ø � ÕÚÙ � Õ�Û � � at a location in the real
world resultsin imageflow ¨¹Ü �Ü Ñ © � �Ó ¨ÞÝ À [ }À Ý [ � © ÄÅÆ Õ�ØÕÚÙÕ�Û

È ÉË U
In thecaseof 3D motion,we define  � � Vß\�à � wherethe threecomponentsof Vß specifyinfinitesimalrotation
andthethreecomponentsof �à specifytranslation.Thewarpingfunctionbecomes:� �~} R  � � �Ó ¨ Ý À [ } �À Ý [ } � © � Vßâá³ã x �à �
whereã is theworld coordinateof theimagepoint } . Isolating  andplugging � backinto (12):[ÔÓ � � �Ó Ð Ý Ó � Ý Ó
Ñ [ � Ó x } Ó � x � Ó�Ñ � Ò
ä [ÏÎ � � �Ó Ð Ý Î � Ý Î Ñ [ �~} Î � x � Î Ñ � Ò ä  (13)

with ä �åÐ ¶ [ |ã Ò �
where |ã is the3x3 skew symmetricmatrix formedby thereal-world coordinatescorrespondingto } and ¶ is the
3x3 identity matrix. Thesystemof equation(13) is linearandhighly overconstrainedandcanbeeasilysolvedfor .

For infinitesimal3D updates,�\� 	 ��� 	 ��� shouldbe the real eigenvectorof æ\çH / æ��ÞçH#è [7], but we have found that��� 	 ��� 	 ��� � 	 � [ 	 � is adequatein practice.Drift reductionthenconsistedin solvingequation(11) usinga sparse
linearsystemsolver.
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Figure6: Thesequenceis 1.2 minuteslong. Thesubjectlooks in all directions,by up to 80 degreesfrom frontal in some
directions.Thesequencewascapturedat 
 11 fps. Thegraphabove providesan intuitive feel for therelative magnitudeof
therotations.It plots 6�� over time.

4.1. Results: 6-DOF Head Tracker

Wedemonstratetheperformanceof thedrift reductionalgorithmon this 3D tracker. Figure6 describesthedirec-
tion of aheadasthesubjectlooksaroundtheroom.Thenosemovesby atmost20cmthroughoutthesequenceand
theheadyawsby upto 80degreesin eachdirectionandpitchesby upto atotalof 55degrees.Thesequenceis 800
frameslong andcorrespondsto about1.2minutesof video. Thefacewassegmentedfrom thebackgroundusing
thedepthinformationonly. Posechangeswerecomputedusingthecombinedconstraintsof (13). As shown in
figure7, afterabout600frames,thetraditionaltracker hasaccumulatednoticeabledrift in its estimateof rotation,
whereasthe drift-reducedtracker shows the pointeron the subject’s nosewhenever he returnsto a near-frontal
pose.Only appearancewasusedin findingsuitableanchorframes.Figure8 plotstheindex of anchorframesused
for eachframe. Theprotrusionsfrom thediagonalline areproducedasthesubjectreturnsfrom a rotation. Note
that the first frameis never reused.The robustnessis entirely dueto recovering from drift accumulatedduring
eachrotationby usingframesobservedwhile goinginto therotation.

4.2. Results: Egomotion

Thesequencesummarizedin figure9 demonstratesthat thedrift reducedtracker canalsobeusedfor computing
ego-motion. The task is to hold the pointer in the samelocationrelative to the real world asthe camerascans
the room. Betweenframes400 and600, almostnoneof the original sceneis visible. By frame610, the drift-
reducedtracker shows significant improvementover the traditional tracker, despitethe dearthof back frames
beforeframe630.Thesuperiorperformancein theearlyframesdemonstratesthebenefitsof thebatch/non-causal
natureof thedrift-reductionalgorithmandof allowing informationin thefutureinfluencethepast.By frame1050
the unenhancedtracker hasdrifted far enoughthat all subsequentposechangesthrow it even further off track.
Figure10 shows a quantitive versionof theresults.After 600frames,thetraditionaltracker startsto accumulate
considerabledrift. During thesameperiod,thedrift-reducedtracker keepstrackof the realmovementby using
informationpromsimilarpreviousframesasshown in figure12.
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Figure7: Left column:traditionaltracker. Posesareupdatedaccordingto (4). Right column:drift-reducedtracker.
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Figure8: Anchorframesusedby drift-reducedtracker. Eachframeon thehorizontalaxis is matchedby appearancewith 3
previousframe.Theprotrusionsshow thatasthesubjectreturnsfrom arotation,frameson theway into therotationareused
asanchor.
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Figure9: Thecamerabeginspanningfrom thecenterdot, in thedirectionof thearrow. Thedashedpathmarkstheapproxi-
matetrajectoryof thecenterof thecamera(drawn by hand).Only theinterior of theblackrectangleis visible to thecamera
(approximate),sothattheintial poseis completelyoutof view betweenframes420and530.
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Figure10: Top: Horizontaltranslation.Bottom: VerticalTranslation.The traditionaltracker exhibits continualdrift with
respectto thedrift-reducedtracker.
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Figure11: Left column:traditionaltracker. Rightcolumn:drift-reducedtracker. Beyond1050frames,thetraditionaltracker
is no longereffective.

0 200 400 600 800 1000 1200
0

200

400

600

800

1000

1200

Current image

M
at

ch
ed

 im
ag

es

Figure12: Anchorframesusedby drift-reducedtracker. Previouslyvisitedposesareusedeffectively (eg, frames300,700,
1020).
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5. Conclusion

We have developeda framework for stabilizingparametricmotion trackersin closedenvironments.Our method
measuresposechangebetweenframeswhich aresimilar in poseandappearance,andusesthesemeasurements
to computerobust poseestimates.This improvesstability sinceadditionalposechangemeasurementsprovide
robustnessandgroundthetrackingagainstcommonlyrevisitedsites.Wederivedanuncertaintymodelfor motion
estimationandusedit to framethe problemof incorporatingtheseadditionalmeasurementsinto a non-causal
estimationframework. We demonstratedthebenefitsof usingmultiple baseframesin our maximumlikelihood
framework ona synthetic2D motiontrackingproblemandon 3D ego-motioncomputationandposeestimation.
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