The Role of Middle Level Featuresfor Robust ShapeTracking

JacintoC. Nascimentbd
ISR/IST

ArnaldoJ. Abranteg*
ISEL

Jorge S.Marques
ISR/IST

*TorreNorte, Piso7, Instituto SuperiorTécnico,Av. RoviscoPais,1049-001Lisboa,Portugal
** RuaConselheircemidio Navarro,1, 1949-014Lisboa,Portugal

Abstract — Shapetrackers using low level features(e.g, edge
points) often fail in complex ervironments (e.g clutter, in-
ner edgesor multi-objects). Two alternativesare discussedn
this paper. Both methodsusemiddle level features: (data cen-
tr oids, strokes),which are more informative and reliable than
edgetransitions usedin mostshapetrackers. Furthermor e, it
is assumedthat eachmiddle level feature s either valid or an
outlier. Therefore a confidencedegreeis assignedto eachfea-
tur e. Featureswith a high degreeof confidencehavealargein-
fluenceon the shapeestimatewhile featureswith low degreeof
confidencehave a negligeableinfluence on the final estimates.
Both mechanisms(the use of middle level featuresand confi-
dencedegree)leadto a significantimpr ovementof the tracker
robustness. This is shawn in the paper in the context of lip
tracking problem.

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

|. INTRODUCTION

Objecttrackingis a challengingproblemwhich hasbeen
extensiely studiedfor more thantwo decades[1]. Ac-
tive contoursareamongthemostpopularapproachesThey
representhe objectboundarnby anelasticmodelattracted
by low level featurese.g.,edgepoints [2] or intensitytran-
sitionsobtainedby directionalsearch [3]. The estimation
of the model parameterss often performedby Kalmanor
particlefiltering [4], [5]. Unfortunately featuredetection
is anill-posedproblemandthe low level featuredetected
in the imageoften containoutlierswhich limit the perfor
manceof shapdrackingalgorithms(seefigure 1).

Severalmethodswereproposedo alleviatethis difficulty.
Someimposeadditionalrestrictionsto the objectshapeby
adoptingrigid templates[6], or eigenshapedearnedirom
thedata [7]. Temporalrestrictionshave alsobeenconsid-
eredby describingthe evolution of the motion and shape
parametersising stochastidifferenceequations.The pa-
rametersof the dynamic model can also be trained from
videosequencessingstandarddentificationmethods[8],
[9].

Noneof theseapproachesoweveris enoughto solve the
segmentationproblemi.e., to discriminatevalid datafrom
the outliers which hamperthe performanceof the shape
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Figurel - Shapeestimatiorwith outliers.

trackers.An ad hocprocedurausedto improve Kalmanes-
timatesconsistsof usinga validationgatecomputedfrom
the predictedobjectboundary discardingthe obsenations
which areoutside [7]. This methodworkswell if the ob-
ject motionis slow andpredictablebut fails in morecom-
plex situations.Nonlinearfiltering methodsbasedon non-
Gaussiamoisedistributionshave alsobeenusedto address
this problem [5].

This paperconsidergwo robustfiltering methods:a cen-
troid basedmethodand a methoddenotedas ShapeProb-
abilistic Data AssociationFilter (S-PDAF). The first algo-
rithm performsafuzzy labelingof low level featuregedge
points)detectedn theimage,consideringeachof themei-
ther asreliable or outlier. A degreeof confidenceis as-
signedto eachfeatureusing an objectmodeland a noise
model. The objectmodelis a mixture of Gaussiansvhich
attemptsto representhe boundarypoints of the objectin
eachnew frame while the outliers are representedy a
single Gaussiardistribution with a large covariance. The
mixture parameterareinterpretedasmiddle level features
which summarizehe imagedatausefulfor the estimation
of theobjectboundary This approachs relatedto thework
presentedn [10], [11] in which intermediatedepresenta-
tions of the dataare usedfor compressiorandrobustness
purposes.

The secondalgorithm organizesthe low level features
(edgepoints)in strokes. Insteadof assigninga degree of
confidencdo eachstroke, the S-PDAF considersequences
of stroke labelsand computesa degree of confidencefor
eachsequence.Eachsequenceorrespondgo a classifi-
cation of all the strokes detectedn the imageasvalid or
outlier. Theupdateof themodelparameter¢B-splinecoef-
ficients)is inspiredin the probabilisticdataassociatiorfil-
ter (PDAF) proposedby Bar-Shalomand Fortmannin the
context of targettrackingin clutter [12], providing a fast
androbustfiltering algorithm.
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Figure2 - (a) Objectboundary (b) low level featuresand mixture model
(middlelevel features).

Resultsin traffic, lip trackingexperimentsareprovidedto
evaluateboth algorithms. As expected,both methodsper
form betterthanthe classicKalmantrackers.

II. CENTROID BASED METHOD

Let I denoteanimageandy = {y1,...,y~} thecoordi-
natesof the edgegointsdetectedn I. We wishto approx-
imatea subsef y by a parametriccurve ¢;(s), wheres is
thearclength.

Two difficulties have to be considered:first we needto
know which edgepointsarevalid (belongto the objectcon-
tour) andwhich areoutliers. Secondve needto matcheach
valid featurewith a contourpoint (matchingproblem).

To overcomethesedifficultiesit will be assumedhatthe
edgepointsy; areindependentandomvariables.Theirdis-
tributionis describedy a mixture of N 4+ 1 Gaussians:

N+1

pyi) = Y axN (i e, Ri) (1)

k=1

whereN (y;; u, R) denotesanormaldistributionwith mean
1 andcovariancematrix R anday, arethe mixture coefi-
cients. Thefirst N Gaussiangareusedto representhe ob-
ject contourandtheir meansarelocatedat equally spaced
pointsonthecurve ¢;(s). ThelastGaussiarhasalarge co-
variancematrix andit is usedto representhe invalid data
points(outliers),seefigure 2.

To solve the abore mentioneddifficulties (datasegmenta-
tion andmatching)all we needis to estimatewhich Gaus-
siangeneratedtachedgepoint y;. Sinceit is not possible
to obtainan error free classificationof the edgepoints, a
setof probabilities(confidencedegrees)will be assigned
to eachfeature. The estimationof the mixture parameters
and confidencedegreesis recursvely performedusingthe
Expectation-Maximizatio(EM) algorithm[13].

The previous approachis valid when a single image is
available. In trackingproblemswe have to memge pastin-
formationaboutthe objectshapeanduncertaintywith the
currentdata. This will be doneusing Kalmanfiltering. It
will beassumedhatthe objectboundarye depend®naset
of parameters:; € R™ which ¢(s) = ¢(s, x;) evolvesin
time. The evolution of z; is usuallydescribedy a discrete
statemodelwith randominput

= Axy 1 + wy 2

wherew; ~ N(0,Q). In the proposedalgorithm, the
Kalmanfilter is not driven by low level featuresdirectly,
but with the mixture parameterinstead.The meansof the

first N Gaussiansare consideredas noisy obsenationsof
theobjectboundaryat N samplepoints

pi = c(84,T¢) + v 3)

wherev; is anobsenationnoisewith zeromeanandcovari-
anceR; estimatedeforein the EM step.

1. S-PDAF

The S-PDAF is a robust tracking algorithmrecentlypro-
posedin [14]. The mainideasare simple. First, the low
level featureg(intensity transitionsobtainedby directional
searchalonglines orthogonalto the objectboundary)are
organizedin M strokes. Two neighboringfeaturesare
linkedwhentheir distanceo the predictedcontouris simi-
lar. It is assumedhatsomestrokesbelongto the boundary
of the objectto be tracked (valid strokes)while the others
donot (outliers). Sinceeachstroke maybevalid or invalid,
2M hypotheseginterpretationshave to be considered.

The objectshapeandpositionaredescribedasin the pre-
vioussectionhowever, the outputequationdepend®n the
interpretation.e., we have a bankof outputequationsach
oneassociatedo a differentdatainterpretation

Yit = Capxs + 14 (4)

where(; is the obsenationmatrix associatedbo thei-th in-

terpretationandn; ~ N(0, R;) is a white Gaussiarmea-
surementnoise. The obsenation matricesC;, C; asso-
ciatedwith two interpretationsl;, I; are always different
sincethey represendifferentdatapoints (outliers are not
describeddy (4)).

Sincetherearemultiple interpretationghe propagatiorof
the a posterioridensityof the statevectorp(z; | Y*) given
the currentand the pastobsenationsY?, is a mixture of
Gaussianswith a numberof modesincreasingwith ¢ [15].
To avoid the combinatorialexplosion associatedvith the
useof multiple interpretationsijt will be assumedhatthe
distribution of the unknowvn parameters;;, given pastob-
senationsY*~!, is Gaussiani.e.,

ploe | Y71 = Nay; é7, Py (5)
wherez, , P, arethe meanand covarianceof z, given
yt-t,

The computationof the state estimateand uncertainty
giventhe currentandthe pastobsenationaregivenby,

& £ Elzy | Y] (6)
PtéE{[xt—:ﬁt][mt—i"t]T |Yt} (7)

Sinceit is possibleto have multiple datainterpretations,
they all have to be consideredEquation(6) canbe written
as

Br= o /évtp(ﬂft | Iit, Y') dz (8)

Equation(8) canberewrittenas
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wherea;; 2 p(I | Yt) is the a posteriori probability of
thei-th interpretationdataassociatiomprobability),and

&4 = B{xy | Iit, Y} (10)

The stateestimatez; is a weightedsum of the stateesti-
matesz;; obtainedfor eachinterpretationl;; andupdated
by Kalmanfiltering

i = Ty + Kyvy (11)

whereK;;, vy = yi — C;&~ aretheKalmangainandin-
novationfor theinterpretation/;;. Replacing(11)in (9)

mg
Ty =2, + Z o Kivig (12)
i=1
A recursveequatiorcanalsobederivedfor thecovariance
matrix (see [14]).

mp my
P, = |:I — ZaitKitCi] P; + Zait:i:it:i:g; — Ii't:i'; (13)

i=1 =0

Equationq12, 13), definethe stateanduncertaintyupdate
for S-PDAF.

Sincewedonotknow whichinterpretatioris valid, aprob-
ability a;; (confidencelegree)is computedor eachdatain-
terpretation.This requiresa probabilisticmodelfor theim-
agestrokes. Threeitemswill be consideredn this model:
the stroke lengths,the distancedrom the stroke pointsto
the bestestimateof the objectboundaryand stroke super
position. The following variablesare usedto describethe
associatiorprobability: M - numberof strokesdetectedn
theimage;b,e- vectorswith thefirst andlastindicesof all
datastrokes;I; - interpretationThea posterioriprobability
of thei-th interpretations

Qi = P{Iit | ytabaeaMa Yt_l} (14)

which canbedecomposedsfollows

Qi = C p(yt | Iit; ba €, M; Ytil) p(Izt | b7 € M7 Ytil)
(15)
wherey, denoteghe dataobsenedat instantt andc is a
normalizationconstant.

Thefirst densityfunctionin (15) dependsn the distance
betweerthestrokesto the predicteccontour Assumingthat
all featuresareindependenthgeneratedit is assumedhat
this probabilityis the productof normaldistributionsasso-
ciatedto thefeaturesconsideredhsreliablein thei-th inter-
pretationanda productof uniform distribution for the un-
reliableones. The seconddensityin (15) assumeshatthe
stroke labelsareindependenandlong strokeshave higher
probability thanshortones. This canbe accomplishedy
usinga linearmodelto representhe dependencef stroke
probabilitywith length(detailscanbefoundin [14]).

Figure 3 shavs a simple examplewith two strokes. The
associatiorprobabilitiesare displayedin Tablel. In this
example, the most probableinterpretation(a = 0.5006)
is the onewhich considersboth strokesasvalid. Finally,
the a posterioridistribution of the unknowvn parameterss
computedconsideringall possiblenterpretationsveighted
by theirassociategrobabilities.

Figure3 - Featuradetection:predictedcontour(dashedine) anddetected
strokes(solid line)

S1| S2 «a

0 0 || 0.0852

0 1 0.1915

1 0 || 0.2226

1 1 || 0.5006
Tablel

DATA INTERPRETATIONS AND ASSOCIATION PROBABILITIES

1V. SHAPE MODEL

To representa moving objectin a givenframet, it is as-
sumedthat the object boundaryis a transformedversion
of a referenceshapeplus an additionaldeformation. Let
ci(s) : I — R? beaparametriaepresentationf therefer
encecurve,wherel € R, s € I is aparametedefiningthe
locationof apointin thecurve,andc” (s) areferenceshape
of the object (which canbe obtainedin the first imageof
thesequence)lt is assumedhat

ci(s) = Te"(s) + ¢f(s) + m(s) (16)

wheren,(s) is anoisecurve and7 is ageometrictransfor
mation, c;(s), c¢"(s), ci(s), are parametricdescriptionsof
the objectshape referenceshapeand deformationrespec-
tively. In this paperB-splinesareused.
Severaltransformsanbeconsiderede.g. translation Eu-
clideansimilarities, affine transform). For instancein the
caseof affine transformatiorequation(16) canrewritten as

c11(8) = 2145 (8) + w2465 (8) + w34 + ¢4 (8) + 014 (s)

C2(8) = Tarci(s) + w55 (5) + @t + 3y (5) + a2t ES) )
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wherec,(s) = (cii(s), cau(s)), ¢"(s) = (ci(s),5(s)),
c}(s) = (ch(s),c4(9)) me(s) = (me(s),m2e(s)), and
Ty, - - -, Teg ArEUNKNOVN parameterso be estimated.
Dynamic equationsmust be consideredo representhe
evolution of themodelparameterslLet z; denotehevector
of unknowvn shapemotionanddeformationparameters



Ty = [-'Elt; . .,th,ilt, N 'i.Dtydlly . ,dlL,dgl, .. .,dzL]T
(18)
whereD is the dimensionof the shapespaceandd;, are
the deformationparameteratthe L control points.
Lety bea2N vectorobtainedoy samplingthe objectat v

equallyspacedoints

(19)

y=[c1¢(51),. .. c1e(8n), cat(51), .. ., car(sn)] T

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

M  Opnxs Onxe Bnxr Onwnxr
C = 20
Onxs M Opnxe Ownxr Bnxi (20)
where
ci(s1) ch(s1) 1
ci(s2) ch(s2) 1
M=" 2 1)

ci(sn) sw) 1

and B is the interpolationB-spline matrix, O is the null
matrix. Similar expressionscan be obtainedfor the other
transformations.A tutorial aboutshapespacemodelscan
befoundin [4].

V. RESULTS

Experimentaltestswere performedto evaluatethe three
algorithms:the Kalmantracker, the centroidbasedracker
andthe S-PDAF. Syntheticand real imageswere usedto
assesshe performanceof thesemethods.It wasobsened
thatin theseexperimentsthe centroidbasedmethodis 3.7
slower thanthe Kalmantracker, andthe the S-PDAF is 3
timesslower thanthe Kalmantraclker.

Figure4 shows a syntheticexample. The dashedine rep-
resentgheinitial (predicted)contour while the solid lines
representhe detectedstrokesin the image. The goal is
to estimatethe objectboundarywhich bestmatchedo the
strokeslocalization.Looking atfigure4 (a), it is easilycon-
cludedthat the bestinterpretationclassifiesS;, Ss, S5 as
valid dataand S3, S4 asoutliers,assuminghatthe object
undegoesatranslatiormotion(2 degreesof freedom).The
resultsobtainedby the threealgorithmsusinga translation
modelwithout deformationare shown in figure 4 (b)-(d).
The shapeestimate®btainedwith therobustmethodqc,d)
describedn this paperare much betterthanthe estimates
obtainedwith the Kalmantracker (b) sincethey manageo
neglectthe influenceof the outlier strokesandprovide cor-
rectestimate®f the translationusing Sy, S» andSs. This
happensincethesetwo methodsusehigherlevel features
androbustestimatiormethods.

Figure5illustratesanothersituation.Herethepositionand
orientationsuggestghat the object boundaryundegoesa
translationandrotation motion. Euclideansimilaritiesare
usedto modelthe motion of the object. Thus4 degreesof
freedomare usedin the statevector, allowing translation
androtation. The centroidbasedtracker andthe S-PDAF
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Figure4 - (a) Initialization, resultsobtainedwith: (b) Kalmanfilter, (c)
Centroidbasedracler, (d) S-PDAF.

solve this problemwell, estimatingthe rotation and dis-

cardingthe influenceof the outliersstrokes. However, the

Kalmanfilter givesa wrong answer The objectboundary
is attractedowardsthe outlier stroke Sj.

R o
51 E\ SL LTS \"'q.
.//_‘t ’ :‘, '
\ Ss > o et
/ S4 S iiirraiveeeett” .
,-//
(a) (b)
T 5
\\.\-_ ._=
et '._. ; '.-_.}
e Y o
‘‘‘‘‘‘ it Maryennenanes
o 7_//
(©) (d)

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

Figure6 shaw thetrackingperformancef eachalgorithm
in traffic sequencesThe motion modelusedin this exam-
pleswas the sameasin the previous example(z € %)
allowing shapdranslationsrotationsandscalingonthecar
boundary It is concludedthat the Kalmanfilter, figure 6
(left column),provideswrong estimateof therotationan-
gle andtranslationvector The shapeestimatess beingat-
tractedtowardstheinneredgeof thecarto betracked. This
behaiour wasalreadyobsenedbeforein figure5. There-
sultsobtainedby therobusttrackersaremuchbetter Once
againtheconfidencalegreesassignedo thefeatureplay a
crucialrole to achieve robustestimate®f the objectbound-
ary.



Figure 6 - Tracking resultswith Kalman (left), Centroid based(center)
andS-PDAF (right) (frames8, 21, 32, 57), (darkline is the outputof the
algorithms).

Figures7, 8 and 9 display the performanceof the algo-
rithmsin lip tracking. In theseexperimentsan affine map
with deformationin control pointsis used. Theseexperi-
mentsillustratethe estimationof the lips boundariesvhile
a personis talking (figures7,9) andsinging (figure 8). In
the examplesof figures8,9thelip boundarysuffer sudden
changeswhile in figure 7 the motion is smoother In fig-
ures?7 and8 thedots(in KalmanandS-PDAF trackers)and
thethin whitelines(in thecentroidtracker) arethedetected
feature. In figure 9 the obsenationsare not displayedfor
the sale of visualization. The centroidbasedtracker and
the S-PDAF areableto trackthe lips duringthe whole se-
quencewhile theKalmantrackerbecomesostafterthefirst
25frames(seefigure 7).

In singing example the Kalman tracker loses the lips
boundariesas before (seefigure 8 (left)). The centroid
basedracker tendsto losetrack during shortintervalsspe-
cially in the presenceof abruptmotion changesut man-
agesto recover after a few frames. The samehappensn
thefinal example(figure 9).

V1. CONCLUSIONS

Two tracking algorithmsare presentedand testedin this
paperusing middle level features,i.e., featureswhich are
more informative than edgesor corners. Both algorithms
assumehat the featuresdetectedn the imagearenot re-
liable. Someof themareoutliers. A degreeof confidence
is computedfor eachfeature. Therefore,the contribution
of eachfeaturefor the estimationof the objectboundary
depend®nthedegreeof confidence.

While acceptableesultswere achieved by both methods
in experimentsn which the Kalmantracker fails, the best
resultswereobtainedby the S-PDAF trackerwhich exhibits

| Figure7 - Trackingresultswith Kalman(left), centroidbasedcenterjand

S-PDAF (right) (frames28,38).White pointsrepresentow level features.

Figure8 - Trackingof abrupttransitionswith Kalman(left) centroidbased
(center)and S-PDAF (right) (frames31,32). White pointsrepresentow
level features.

a remarkableability to simultaneouslycopewith outliers
andabruptshapechanges.
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