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Abstract – Shapetrackers using low level features(e.g., edge
points) often fail in complex envir onments (e.g. clutter, in-
ner edgesor multi-objects). Two alternativesare discussedin
this paper. Both methodsusemiddle level features: (data cen-
tr oids,strokes),which are more informative and reliable than
edgetransitions usedin most shapetrackers. Furthermor e, it
is assumedthat eachmiddle level feature is either valid or an
outlier. Therefore a confidencedegreeis assignedto eachfea-
tur e. Featureswith a high degreeof confidencehavea largein-
fluenceon the shapeestimatewhile featureswith low degreeof
confidencehave a negligeableinfluenceon the final estimates.
Both mechanisms(the useof middle level featuresand confi-
dencedegree)lead to a significant impr ovementof the tracker
robustness. This is shown in the paper in the context of lip
tracking problem.

Keywords – Middle level features,shapeanalysis,deformable
models,robust methods.

I . INTRODUCTION

Objecttrackingis a challengingproblemwhich hasbeen
extensively studiedfor more than two decades [1]. Ac-
tivecontoursareamongthemostpopularapproaches.They
representtheobjectboundaryby anelasticmodelattracted
by low level features,e.g.,edgepoints [2] or intensitytran-
sitionsobtainedby directionalsearch [3]. Theestimation
of the modelparametersis often performedby Kalmanor
particlefiltering [4], [5]. Unfortunately, featuredetection
is an ill-posedproblemandthe low level featuresdetected
in the imageoften containoutlierswhich limit the perfor-
manceof shapetrackingalgorithms(seefigure1).
Severalmethodswereproposedto alleviatethis difficulty.

Someimposeadditionalrestrictionsto theobjectshapeby
adoptingrigid templates[6], or eigenshapeslearnedfrom
thedata [7]. Temporalrestrictionshave alsobeenconsid-
eredby describingthe evolution of the motion andshape
parametersusingstochasticdifferenceequations.The pa-
rametersof the dynamicmodel can also be trainedfrom
videosequencesusingstandardidentificationmethods[8],
[9].
Noneof theseapproacheshowever is enoughto solve the

segmentationproblemi.e., to discriminatevalid datafrom
the outliers which hamperthe performanceof the shape
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Figure1 - Shapeestimationwith outliers.

trackers.An ad hocprocedureusedto improveKalmanes-
timatesconsistsof usinga validationgatecomputedfrom
the predictedobjectboundary, discardingthe observations
which areoutside [7]. This methodworkswell if the ob-
ject motion is slow andpredictablebut fails in morecom-
plex situations.Nonlinearfiltering methodsbasedon non-
Gaussiannoisedistributionshavealsobeenusedto address
thisproblem [5].
This paperconsiderstwo robustfiltering methods:a cen-

troid basedmethodanda methoddenotedasShapeProb-
abilistic DataAssociationFilter (S-PDAF). The first algo-
rithm performsa fuzzy labelingof low level features(edge
points)detectedin theimage,consideringeachof themei-
ther as reliable or outlier. A degreeof confidenceis as-
signedto eachfeatureusingan objectmodelanda noise
model. Theobjectmodelis a mixtureof Gaussianswhich
attemptsto representthe boundarypointsof the object in
eachnew frame while the outliers are representedby a
singleGaussiandistribution with a large covariance. The
mixtureparametersareinterpretedasmiddlelevel features
which summarizethe imagedatausefulfor theestimation
of theobjectboundary. Thisapproachis relatedto thework
presentedin [10], [11] in which intermediatedrepresenta-
tions of the dataareusedfor compressionandrobustness
purposes.
The secondalgorithm organizesthe low level features

(edgepoints) in strokes. Insteadof assigninga degreeof
confidenceto eachstroke,theS-PDAF considerssequences
of stroke labelsand computesa degreeof confidencefor
eachsequence.Eachsequencecorrespondsto a classifi-
cationof all the strokesdetectedin the imageasvalid or
outlier. Theupdateof themodelparameters(B-splinecoef-
ficients)is inspiredin theprobabilisticdataassociationfil-
ter (PDAF) proposedby Bar-ShalomandFortmannin the
context of target tracking in clutter [12], providing a fast
androbustfiltering algorithm.
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Figure2 - (a) Objectboundary, (b) low level featuresandmixturemodel
(middlelevel features).

Resultsin traffic, lip trackingexperimentsareprovidedto
evaluatebothalgorithms.As expected,both methodsper-
form betterthantheclassicKalmantrackers.

I I . CENTROID BASED METHOD

Let
�

denotean imageand �������
	���
�
�
�������� thecoordi-
natesof theedgespointsdetectedin

�
. We wish to approx-

imatea subsetof � by a parametriccurve ��������� , where � is
thearclength.
Two difficulties have to be considered:first we needto

know whichedgepointsarevalid (belongto theobjectcon-
tour)andwhichareoutliers.Secondweneedto matcheach
valid featurewith acontourpoint (matchingproblem).
To overcomethesedifficulties it will be assumedthat the

edgepoints ��� areindependentrandomvariables.Theirdis-
tribution is describedby a mixtureof ��� � Gaussians:! �"� � �#� �%$&	'(�) 	+* (�, �"� �.-�/ ( ��0 ( � (1)

where, �1��� -./ �203� denotesanormaldistributionwith mean/ andcovariancematrix 0 and * ( arethe mixture coeffi-
cients.Thefirst � Gaussiansareusedto representtheob-
ject contourandtheir meansarelocatedat equallyspaced
pointson thecurve ���4�5��� . ThelastGaussianhasa largeco-
variancematrix andit is usedto representthe invalid data
points(outliers),seefigure2.
To solve theabove mentioneddifficulties(datasegmenta-

tion andmatching)all we needis to estimatewhich Gaus-
siangeneratedeachedgepoint ��� . Sinceit is not possible
to obtainan error free classificationof the edgepoints,a
set of probabilities(confidencedegrees)will be assigned
to eachfeature.The estimationof the mixture parameters
andconfidencedegreesis recursively performedusingthe
Expectation-Maximization(EM) algorithm[13].
The previous approachis valid when a single image is

available. In trackingproblemswe have to mergepastin-
formationaboutthe objectshapeanduncertaintywith the
currentdata. This will be doneusingKalmanfiltering. It
will beassumedthattheobjectboundary� dependsonaset
of parameters6 �87 9%: which � � �5�������;�5�<�.6 � � evolvesin
time. Theevolutionof 6=� is usuallydescribedby a discrete
statemodelwith randominput6 � � >?6 �A@B	 �DC � (2)

where C%� E , �"F=�2G�� . In the proposedalgorithm, the
Kalman filter is not driven by low level featuresdirectly,
but with themixtureparametersinstead.Themeansof the

first � Gaussiansareconsideredasnoisy observationsof
theobjectboundaryat � samplepoints/H� � ����� � ��6 � �I�KJ � (3)

whereJ;� is anobservationnoisewith zeromeanandcovari-
ance0 � estimatedbeforein theEM step.

I I I . S-PDAF

The S-PDAF is a robust trackingalgorithmrecentlypro-
posedin [14]. The main ideasaresimple. First, the low
level features(intensitytransitionsobtainedby directional
searchalong lines orthogonalto the objectboundary)are
organizedin L strokes. Two neighboringfeaturesare
linkedwhentheir distanceto thepredictedcontouris simi-
lar. It is assumedthatsomestrokesbelongto theboundary
of the objectto be tracked(valid strokes)while the others
donot (outliers).Sinceeachstrokemaybevalid or invalid,M�N

hypotheses(interpretations)haveto beconsidered.
Theobjectshapeandpositionaredescribedasin thepre-

vioussection,however, theoutputequationdependson the
interpretationi.e.,we havea bankof outputequationseach
oneassociatedto a differentdatainterpretation���O�P�RQS�T�U6V�B�KW;� (4)

whereQS� is theobservationmatrixassociatedto thei-th in-
terpretationand W;�8E , ��FX��0Y�A� is a white Gaussianmea-
surementnoise. The observation matrices Q � , Q[Z asso-
ciatedwith two interpretations

� � , � Z arealways different
sincethey representdifferentdatapoints (outliersarenot
describedby (4)).
Sincetherearemultiple interpretationsthepropagationof

thea posterioridensityof thestatevector! �16 �%\�] � � given
the currentand the pastobservations ] � , is a mixture of
Gaussians,with a numberof modesincreasingwith ^ [15].
To avoid the combinatorialexplosion associatedwith the
useof multiple interpretations,it will be assumedthat the
distribution of the unknown parameters6 � , given pastob-
servations] �A@B	 , is Gaussian,i.e.,!&_ 6 �`\�] �A@H	4a � , _ 6 ��-cb6 @� �2d @� a (5)

where b6 @� , d @� are the meanand covarianceof 6 � given] �A@B	 .
The computationof the state estimateand uncertainty

giventhecurrentandthepastobservationaregivenby,b6 �Pegf _ 6 �`\�] � a (6)d&� egfih _ 6V�&j b6=� a _ 6V�&j b6=� alk \�] ��m (7)

Sinceit is possibleto have multiple datainterpretations,
they all have to beconsidered.Equation(6) canbewritten
as

b6=�[� ' � * �T�Xno6V� ! �16V� \ � �T��� ] � �&p�6V� (8)

Equation(8) canberewrittenas



b6 � � ' � * �O��b6 �O� (9)

where * �O� e ! � � �T� \B] � � is the a posteriori probability of
thei-th interpretation(dataassociationprobability),andb6q�T�#� f �r6=� \ � �O��� ] � � (10)

The stateestimate b6 � is a weightedsumof the stateesti-
mates b6V�O� obtainedfor eachinterpretation

� �O� andupdated
by Kalmanfiltering b6V�O�[� b6 @� �tsu�O�Uv;�T� (11)

where s �O� �2v �O� �w� �O� jxQ �rb6 @ aretheKalmangainandin-
novationfor theinterpretation

� �O� . Replacing(11) in (9)b6=�#� b6 @� �oy`z' � ) 	 * �T�{s|�T�{v��O� (12)

A recursiveequationcanalsobederivedfor thecovariance
matrix (see [14]).

d&�P�~} � j�y%z' � ) 	 * �T�{s|�T�{QS�1�Xd @� ��y`z' � )B� * �O� b6V�O� b6 k�O� j b6=� b6 k� (13)

Equations(12,13),definethestateanduncertaintyupdate
for S-PDAF.
Sincewedonotknow whichinterpretationis valid,aprob-

ability * �O� (confidencedegree)iscomputedfor eachdatain-
terpretation.This requiresa probabilisticmodelfor theim-
agestrokes. Threeitemswill beconsideredin this model:
the stroke lengths,the distancesfrom the stroke points to
the bestestimateof the objectboundaryandstroke super-
position. The following variablesareusedto describethe
associationprobability: M - numberof strokesdetectedin
theimage;b,e- vectorswith thefirst andlast indicesof all
datastrokes;

� � - interpretation.Thea posterioriprobability
of thei-th interpretationis

* �O�#��d�� � �T� \ �;�4�2�����
�2L�� ] �A@B	 � (14)

which canbedecomposedasfollows

* �T�#� � ! �1�;� \ � �O���2���2�
�2L�� ] �A@H	 � ! � � �O� \ ���2�<�4L�� ] �A@H	 �(15)
where � � denotesthe dataobserved at instant ^ and � is a
normalizationconstant.
The first densityfunction in (15) dependson the distance

betweenthestrokesto thepredictedcontour. Assumingthat
all featuresareindependentlygenerated,it is assumedthat
this probability is theproductof normaldistributionsasso-
ciatedto thefeaturesconsideredasreliablein thei-th inter-
pretationanda productof uniform distribution for the un-
reliableones.Theseconddensityin (15) assumesthat the
stroke labelsareindependentandlong strokeshave higher
probability thanshortones. This canbe accomplishedby
usinga linearmodelto representthedependenceof stroke
probabilitywith length(detailscanbefoundin [14]).

Figure3 shows a simpleexamplewith two strokes. The
associationprobabilitiesare displayedin Table I. In this
example, the most probableinterpretation( * ��F=
 ��F�F�� )is the onewhich considersboth strokesasvalid. Finally,
the a posterioridistribution of the unknown parametersis
computed,consideringall possibleinterpretationsweighted
by theirassociatedprobabilities.

�����{�����[� �����U���2�V�
Figure3 - Featuredetection:predictedcontour(dashedline) anddetected
strokes(solid line)

S1 S2 *0 0 0.0852
0 1 0.1915
1 0 0.2226
1 1 0.5006

TableI

DATA INTERPRETATIONS AND ASSOCIATION PROBABIL ITIES

IV. SHAPE MODEL

To representa moving object in a given frame ^ , it is as-
sumedthat the object boundaryis a transformedversion
of a referenceshapeplus an additionaldeformation. Let� � �����`� ��� 9%� bea parametricrepresentationof therefer-
encecurve,where

� 7�9 , � 7 � is a parameterdefiningthe
locationof apoint in thecurve,and ���;�5��� areferenceshape
of the object (which canbe obtainedin the first imageof
thesequence).It is assumedthat�����5�r�#�g��� � �����I�t�� � �����I�KW;������� (16)

whereW;������� is a noisecurveand � is a geometrictransfor-
mation, � � ����� , ��������� , �  � ����� , areparametricdescriptionsof
the objectshape,referenceshapeanddeformationrespec-
tively. In thispaperB-splinesareused.
Severaltransformscanbeconsidered(e.g.,translation,Eu-

clideansimilarities,affine transform). For instancein the
caseof affine transformationequation(16)canrewrittenas¡¢ £ ��	{�4�5���+�¤6B	U�{���	 �����I�K6 � �{���� �5���I�D6q¥.�I�t�  	{� �5���I�DW¦	U�������� � � �5���+�¤6V§ � ��� 	 �����I�K6V¨ � ���� �5���I�D6q© � �t�  � � �5���I�DW � � �����(17)
where ��������� �ª�"��	{����������� � �������.� , ���<����� �ª�"���	 �������2���� �����.� ,�  � �����R�«�"�  	{� �������2�  � � �����.� , W;���5�r���¬�"W
	{����������W � ���5���.� , and6­	{����
�
�
���6 © � areunknown parametersto beestimated.
Dynamic equationsmust be consideredto representthe

evolutionof themodelparameters.Let 6=� denotethevector
of unknown shape,motionanddeformationparameters



6=�#� _ 6­	{����
�
�
���6V®[���B¯6­	{�2��
�
�
°¯6V®[���2p¦	2	���
�
�
���pc	.±P��p � 	���
�
�
��2p � ± a k
(18)

where ² is the dimensionof the shapespace,and p �O± are
thedeformationparametersat the ³ controlpoints.
Let � bea

M � vectorobtainedby samplingtheobjectat �
equallyspacedpoints

��� _ ��	{�4�5��	�����
�
�
����r	U���5���°���2� � �4�5��	�����
�
�
��2� � ���5���°� alk (19)

Equation(17)canberewrittenasin (3), (4) with

Q´� } L µ ��¶c¥ µ ��¶ ©«· �3¶X± µ ��¶c±µ ��¶X¥ L µ ��¶ ©«µ ��¶c± · �3¶X± � (20)

where L¸�º¹»»»¼
��� 	 �5��	�� ���� ����	�� ���� 	 �5� � � ���� ��� � � �

...
...

...��� 	 ��� � �½���� �5� � �ª�
¾T¿¿¿À (21)

and Á is the interpolationB-spline matrix, µ is the null
matrix. Similar expressionscanbe obtainedfor the other
transformations.A tutorial aboutshapespacemodelscan
befoundin [4].

V. RESULTS

Experimentaltestswere performedto evaluatethe three
algorithms:theKalmantracker, thecentroidbasedtracker
and the S-PDAF. Syntheticand real imageswereusedto
assesstheperformanceof thesemethods.It wasobserved
that in theseexperimentsthecentroidbasedmethodis 3.7
slower thanthe Kalmantracker, andthe the S-PDAF is 3
timesslower thantheKalmantracker.
Figure4 shows a syntheticexample.Thedashedline rep-

resentsthe initial (predicted)contour, while thesolid lines
representthe detectedstrokes in the image. The goal is
to estimatethe objectboundarywhich bestmatchesto the
strokeslocalization.Lookingatfigure4 (a), it is easilycon-
cludedthat the bestinterpretationclassifiesÂI	 , Â � , Â ¨ as
valid dataand ÂB¥ , Â § asoutliers,assumingthat the object
undergoesatranslationmotion(2 degreesof freedom).The
resultsobtainedby thethreealgorithmsusinga translation
modelwithout deformationareshown in figure 4 (b)-(d).
Theshapeestimatesobtainedwith therobustmethods(c,d)
describedin this paperaremuchbetterthanthe estimates
obtainedwith theKalmantracker (b) sincethey manageto
neglecttheinfluenceof theoutlier strokesandprovidecor-
rectestimatesof the translationusing Â&	 , Â � and Â ¨ . This
happenssincethesetwo methodsusehigherlevel features
androbustestimationmethods.
Figure5 illustratesanothersituation.Herethepositionand

orientationsuggeststhat the objectboundaryundergoesa
translationandrotationmotion. Euclideansimilaritiesare
usedto modelthemotionof theobject. Thus4 degreesof
freedomare usedin the statevector, allowing translation
androtation. The centroidbasedtracker andthe S-PDAF

Ã�Ä Å�ÆÇrÈÉrÊË�Ì
(a) (b)

(c) (d)

Figure4 - (a) Initialization, resultsobtainedwith: (b) Kalmanfilter, (c)
Centroidbasedtracker, (d) S-PDAF.

solve this problemwell, estimatingthe rotation and dis-
cardingthe influenceof the outliersstrokes. However, the
Kalmanfilter givesa wrong answer. The objectboundary
is attractedtowardstheoutlier stroke Â § .

Í�Î ÏrÐ�Ñ�Ò
Ó�ÔÕ�Ö
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(c) (d)

Figure5 - (a) Initialization, andresultsobtainedwith: (b) Kalmanfilter,
(c) centroidbasedtracker, (d) S-PDAF.

Figure6 show thetrackingperformanceof eachalgorithm
in traffic sequences.Themotionmodelusedin this exam-
ples was the sameas in the previous example( 6 7�9 § )
allowing shapetranslations,rotationsandscalingonthecar
boundary. It is concludedthat the Kalmanfilter, figure 6
(left column),provideswrongestimatesof therotationan-
gle andtranslationvector. Theshapeestimatesis beingat-
tractedtowardstheinneredgesof thecarto betracked.This
behaviour wasalreadyobservedbeforein figure5. There-
sultsobtainedby therobusttrackersaremuchbetter. Once
againtheconfidencedegreesassignedto thefeaturesplaya
crucialrole to achieverobustestimatesof theobjectbound-
ary.



Figure 6 - Tracking resultswith Kalman (left), Centroidbased(center)
andS-PDAF (right) (frames8, 21, 32, 57), (dark line is theoutputof the
algorithms).

Figures7, 8 and 9 display the performanceof the algo-
rithms in lip tracking. In theseexperimentsan affine map
with deformationin control points is used. Theseexperi-
mentsillustratetheestimationof the lips boundarieswhile
a personis talking (figures7,9) andsinging(figure 8). In
theexamplesof figures8,9 the lip boundarysuffer sudden
changeswhile in figure 7 the motion is smoother. In fig-
ures7 and8 thedots(in KalmanandS-PDAF trackers)and
thethin white lines(in thecentroidtracker)arethedetected
feature. In figure 9 the observationsarenot displayedfor
the sake of visualization. The centroidbasedtracker and
theS-PDAF areableto track the lips during thewholese-
quencewhile theKalmantrackerbecomeslostafterthefirst
25 frames(seefigure7).
In singing example the Kalman tracker loses the lips

boundariesas before (seefigure 8 (left)). The centroid
basedtracker tendsto losetrackduringshortintervalsspe-
cially in the presenceof abruptmotion changesbut man-
agesto recover after a few frames. The samehappensin
thefinal example(figure9).

VI . CONCLUSIONS

Two trackingalgorithmsare presentedand testedin this
paperusingmiddle level features,i.e., featureswhich are
more informative thanedgesor corners. Both algorithms
assumethat the featuresdetectedin the imagearenot re-
liable. Someof themareoutliers. A degreeof confidence
is computedfor eachfeature. Therefore,the contribution
of eachfeaturefor the estimationof the object boundary
dependson thedegreeof confidence.
While acceptableresultswereachieved by both methods

in experimentsin which the Kalmantracker fails, the best
resultswereobtainedby theS-PDAF trackerwhichexhibits

Figure7 - Trackingresultswith Kalman(left), centroidbased(center)and
S-PDAF (right) (frames28,38).Whitepointsrepresentlow level features.

Figure8 - Trackingof abrupttransitionswith Kalman(left) centroidbased
(center)andS-PDAF (right) (frames31,32). White pointsrepresentlow
level features.

a remarkableability to simultaneouslycopewith outliers
andabruptshapechanges.
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