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Abstract

Shape tracking with low level features (e.g., edge points) often fails in complex environments (e.g., in the presence of

clutter, inner edges, or multiple objects). Two alternative methods are discussed in this paper. Both methods use middle

level features (data centroids, strokes) which are more informative and reliable than edge transitions used in most

tracking algorithms. Furthermore, it is assumed in this paper that each feature can be either a valid measurement or an

outlier. A confidence degree is assigned to each feature or to a given interpretation of all visual features. Features/

interpretations with high degrees of confidence have large influence on the shape estimates while features/interpretations

with low degrees of confidence have negligible influence on the shape estimates. It is shown in this paper that both items

(middle level features and confidence degrees) lead to a significant improvement of the tracker robustness and per-

formance in the presence of clutter and abrupt shape and motion changes.
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1. Introduction

Object tracking is a challenging problem which

has been extensively studied for more than three

decades (Nagel, 2000). Active contours are among

the most popular approaches (Kass et al., 1987).
They represent the object boundary by an elastic

model attracted by low level features, e.g., edge

points (Cohen and Cohen, 1993) or transition

points, obtained by directional search (Tagare,

1997). The estimation of the model parameters is

often performed by Kalman filtering when linear

state models are adopted to describe the evolution

of the unknown parameters and the visual features
detected in the image. Non-linear filtering ap-

proaches (e.g., particle filter, Blake and Isard,

1998; mixture of Gaussians, Marques and Lemos,

2001) are used when the observation noise is non-

Gaussian or when multiple models are used to

track the object motion and shape evolution. Un-

fortunately, feature detection is an ill-posed prob-

lem and the low level features detected in the
image often contain outliers which limit the per-

formance of shape tracking algorithms (see Fig. 1).
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Several methods were proposed to alleviate this

difficulty. Some impose additional restrictions to
the object shape by adopting rigid templates

(Blake et al., 1993), or eigenshapes learned from

the data (Cootes et al., 1994). Temporal restric-

tions have also been considered by describing the

evolution of the motion and shape parameters

using stochastic difference equations. The param-

eters of the dynamic model can also be trained

from video sequences using standard identification
methods (Baumberg and Hogg, 1997; Blake et al.,

1995).

All these methods improve the tracker perfor-

mance. However, none of these approaches solves

the segmentation problem i.e., none of them allows

to discriminate valid data from the outliers which

hamper the performance of the shape trackers. An

ad hoc procedure used to improve Kalman esti-
mates consists of using a validation gate computed

from the predicted object boundary, discarding the

observations falling outside (Cootes et al., 1994).

This method works well if the object motion is

slow and predictable but fails in more complex

situations. Non-linear filtering methods based on

non-Gaussian noise distributions have also been

used to address this problem (Isard and Blake,
1998).

This paper considers two robust filtering meth-

ods: a centroid based method and a stroke based

method. The first algorithm performs a fuzzy la-

beling of low level features (edge points) detected

in the image, considering them either as reliable or

as outliers. A degree of confidence is assigned to

each feature using an object model and a noise
model. The object model is a mixture of Gaussians

which attempts to represent the boundary of the

object in every new frame while the outliers are

represented by a single Gaussian distribution with

a large covariance matrix. The mixture parameters

are interpreted as middle level features which

summarize the image data useful for the estima-

tion of the object boundary. This type of approach

has been adopted in other works (e.g., see
Abrantes and Marques, 1996; Wu et al., 2000) in

which intermediated representations of the data

are used for compression and robustness purposes.

The second algorithm is based on edge strokes.

Instead of assigning a degree of confidence to each

stroke, this method considers sequences of stroke

labels and computes a degree of confidence for

each sequence. Each sequence corresponds to a
classification of all the strokes detected in the

image as valid or as outliers (data interpretations).

The update of the model parameters is inspired in

the probabilistic data association filter (PDAF)

proposed by Bar-Shalom and Fortmann in the

context of target tracking in clutter (Bar-Shalom

and Fortmann, 1988), providing a fast and robust

filtering algorithm. The shape tracker derived
under these assumptions is therefore denoted as

shape PDAF (S-PDAF) and it was described be-

fore in (Nascimento and Marques, 2000).

Both methods use middle level features and

robust estimation techniques. The middle level

features used in this paper do not depend on the

object to be tracked. Other approaches have been

considered in which higher level features are used
and trained (e.g., blobs, Oliver et al., 1997) for

specific types of objects. These methods achieve

good tracking results although they are adapted

to specific tracking problems.

This paper is organized as follows. Sections 2

and 3 describe the robust tracking algorithms in

detail. Section 4 presents the shape model used in

this paper. Section 5 presents results obtained by
both methods in the presence of clutter and Sec-

tion 6 concludes the paper.

2. Centroid based method

Let I denote an image and y ¼ fy1; . . . ; yNg the
coordinates of the edges points detected in I. We
wish to approximate a subset of y by a parametric

curve cðsÞ, where s is the arc length.

Fig. 1. Typical difficulties of shape tracking based on low level

features.

296 J.C. Nascimento et al. / Pattern Recognition Letters 24 (2003) 295–307



Two difficulties have to be considered: first we

need to know which edge points are valid i.e.,

which edge points belong to the object boundary

and which are outliers (segmentation problem).

Second we need to match each valid feature with

a contour point (matching problem).
To overcome these difficulties it will be assumed

in this section that the edge points yi are inde-
pendent random variables. Their distribution is

described by a mixture of N þ 1 Gaussians

pðyiÞ ¼
XNþ1
k¼1

akNðyi; lk;RkÞ ð1Þ

where Nðyi; l;RÞ denotes a normal distribution
with mean l and covariance matrix R; ak, lk, Rk
denote the weight, mean and covariance matrix of

the kth mixture component. The first N Gaussians

are used to represent the object boundary and their

means are located at equally spaced points be-
longing to the curve cðsÞ. The ðN þ 1Þth Gaussian
has a large covariance matrix and it is used to

represent the invalid data points (outliers). The

object boundary and the N þ 1 Gaussians are
shown in Fig. 2.

To solve the problems which were described

above (data segmentation and matching) all we

need is to estimate which Gaussian generated each
edge point yi. Since it is not possible to obtain an
error free classification of the edge points, a set of

probabilities (confidence degrees) will be assigned

to each feature. The estimation of the mixture

parameters and confidence degrees is recursively

performed using the EM algorithm (Dempster

et al., 1977).

This approach is useful for the analysis of still

images. In tracking problems we have to merge

past information available about the object shape

with the new information obtained from the cur-
rent frame. This can be done by using Kalman fil-

tering. It will be assumed that the object boundary

ct depends on a vector of parameters xt 2 Rn which

evolves in time, i.e., ctðsÞ ¼ cðs; xtÞ. 1 The evolution
of xt is usually described by a discrete state model
with random input

xt ¼ Axt�1 þ wt ð2Þ
where A is a matrix of dynamics and wt 	 Nð0;QÞ
is a white Gaussian noise with zero mean and

covariance matrix Q.

Since B-spline curves and geometric transfor-

mations are used in this paper, the state vector x

contains either the coordinates of the control
points or the parameters of the geometric trans-

formation. The algorithm described in this section

is more general however and can be used with

other type of models (e.g., articulated models,

Cheng and Moura, 1999; Hogg, 1983).

In the proposed algorithm, the Kalman filter is

not driven by low level features directly, but with

mixture parameters instead. The means of the first
N Gaussians are considered as noisy observations

of the object boundary at N sample points.

Therefore, it is assumed that

li ¼ cðsi; xÞ þ vi ð3Þ
where vi is an observation noise with zero mean
and covariance Ri estimated by the EM algorithm.
Table 1 summarizes the proposed algorithm.

3. Shape probabilistic data association filter

3.1. Shape tracking

The S-PDAF is a robust tracking algorithm re-
cently proposed in (Nascimento and Marques,

2000). The main ideas are simple. First, low level

Fig. 2. (a) Object boundary and (b) Gaussian mixture and low

level features. 1 The shape model used in this work is described in Section 4.
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features (intensity transitions obtained by direc-

tional search along lines orthogonal to the object
boundary) are detected and organized in M

strokes. 2

Strokes are obtained by matching feature points

detected at consecutive search lines. This is ac-

complished by using the mutual favorite pairing

method (Huttenlocher and Ullman, 1990). In this

method, each feature from the first line selects the

best match from the set of features detected in the
second line. The procedure is performed backward

for each feature of the second line. Two features

are then linked when they both choose the other

feature as its best match. The matching criterion is
the distance between feature points. Small strokes

are discarded. Fig. 3(a) shows the contour samples

(dots) and the detected features (crosses). Fig. 3(b)

displays the strokes obtained by edge linking.

Isolated points are discarded.

Each stroke is classified as valid or invalid. The

stroke is classified as valid if it belongs to the

boundary of the object to be tracked. Otherwise it
is classified as an outlier. Since each stroke is either

valid or invalid, 2M hypothesis (interpretations)

have to be considered. A data interpretation Ii is
defined as a binary sequence I1i ; . . . ; I

M
i , where

Iji 2 f0; 1g is the label of the jth stroke in the in-
terpretation Ii.

Table 1

Centroid based tracker: steps performed for each new frame

1. Prediction: Predict the state vector x̂x�t and covariance matrix P
�
t using the prediction step of the Kalman filter

x̂x�t ¼ Ax̂xt�1

P�
t ¼ APt�1AT þ Q

2. Image analysis: Detect edge points y in the image It
3.Mixture initialization: Initialize N þ 1 centroids and covariances as follows: the means li, i ¼ 1; . . . ;N , are obtained by sampling
the predicted contour at equally spaced points. The 2D covariance matrices, Ri, i ¼ 1; . . . ;N are initialized in such a way that
the main principal direction is tangent to the object boundary at each sampling point (see Fig. 2(b)). The last Gaussian lNþ1 is
located at the center of the predicted contour with a large covariance RNþ1. The initial values of the parameters are therefore

h ¼ ½l�
1 ; . . . ; l

�
N ; R

�
1 ; . . . ;R

�
N ; l�

Nþ1; R
�
Nþ1�

4. EM algorithm: update the mixture parameters li, Ri, i ¼ 1; . . . ;N þ 1 by using the EM algorithm:

� E-step: compute the weights

xij ¼ Pflj ¼ i j y; h�g

where lj denotes the label of the jth feature and Pflj ¼ i j y; h�g is the a posteriori probability of assigning yj to the model
sample li.
� M-step: update the Gaussian parameters h�.

5. Filtering: Update x̂xt, Pt, using the Kalman filter

x̂xt ¼ x̂x�t þ Ktðlt � Cx̂x�t Þ

Kt ¼ P�
t C

TðCP�
t C

T þ RtÞ�1

Pt ¼ ðI � KtCÞP�
t

where the ith blocks of lt, Rt are given by

lit ¼
P

j wijyjP
j wij

Rit ¼
P

j wijðyj � liÞðyj � liÞ
TP

j wij

2 Since the object boundary is usually unknown, an initial

(predicted) boundary estimate is used instead.
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The object shape and position are described as

in Section 2, however, the output equation de-

pends on the interpretation i.e., we have a bank of

output equations each one associated to a different

data interpretation

yit ¼ Citxt þ gt ð4Þ
where Ci is the observation matrix associated to
the ith interpretation and gt 	 Nð0;RiÞ is a white
Gaussian measurement noise. The observation

matrices Ci, Cj associated with two interpretations
Ii, Ij are always different since they represent dif-
ferent data points (outliers are not described by
(4)). For example, in Fig. 3(b) a possible inter-

pretation is Ii ¼ ð11000Þ. In this case, the matrix Ci
includes the rows associated with the two first

strokes.

Since there are multiple interpretations the

propagation of the a posteriori density of the state

vector pðxtjY tÞ given the current and the past ob-
servations Y t, is a mixture of Gaussians, with a
number of modes increasing with t (Tugnait,

1982). To avoid the combinatorial explosion as-

sociated with the use of multiple interpretations, it

will be assumed that the distribution of the un-

known parameters xt, given past observations Y t�1,
is Gaussian, i.e.,

p½xtjY t�1� ¼ N½xt; x̂x�t ; P�
t � ð5Þ

where x̂x�t , P
�
t are the mean and covariance of xt

given Y t�1. This assumption replaces a complex
prior by a simpler one with the same mean and
covariance matrix, discarding higher order statis-

tics.

The computation of the state estimate and un-

certainty given the current and the past observa-

tion are given by,

x̂xt,E½xtjY t� ð6Þ

Pt,E ½xt
n

� x̂xt�½xt � x̂xt�TjY t
o

ð7Þ

Since it is possible to have multiple data inter-

pretations, they all have to be considered. Eq. (6)

can be written as

x̂xt ¼
X
i

ait

Z
xtpðxtjIit; Y tÞdxt ð8Þ

x̂xt ¼ x̂x�t þ
Xmk
i¼1

aitKitmit ð9Þ

where ait,pðIitjY tÞ is the a posteriori probability of
the ith interpretation, also denoted as the data

association probability, mit ¼ yit � Cix̂x�;Kit are the
innovation and the Kalman gain respectively.

A recursive equation can also be derived for the
covariance matrix (see Nascimento and Marques,

2000).

Pt ¼ I

"
�
Xmk
i¼1

aitKitCi

#
P�
t þ

Xmk
i¼0

ait x̂xitx̂xTit � x̂xtx̂xTt

ð10Þ
These equations are closely related to the PDAF

method proposed by Bar-Shalom, Fortmann in

the context of target tracking (Bar-Shalom and
Fortmann, 1988). The main differences between

both methods are twofold. First the S-PDAF

Fig. 3. (a) Detected features and (b) strokes ((�): model points; (�): detected features; (- - -): predicted contour).
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estimates the evolution of shape and motion pa-

rameters instead of a single point target. Second it

uses a different observation model tailored to the

shape tracking problem.

The Gaussian hypothesis assumed in the S-

PDAF is not accurate. However, it leads to fast
update equations without a combinatorial explo-

sion of the number of modes and captures the

main properties (mean and uncertainty) of the

unknown parameters to be tracked.

3.2. Association probabilities

Since we do not know which interpretation is

valid, a probability ait (confidence degree) is com-
puted for each data interpretation. This requires a

probabilistic model for the image strokes. Three
items will be considered in this model: the stroke

lengths, the distances from the stroke points to the

best estimate of the object boundary and stroke

superposition. The following variables are used to

describe the association probability:M, number of

strokes detected in the image; b, e, vectors with the

first and last indices of all data strokes; Ii, inter-
pretation. The a posteriori probability of the ith
interpretation is

ait ¼ PfIitjyt; b; e;M ; Y t�1g ð11Þ

which can be decomposed as follows

ait ¼ cpðytjIit; b; e;M ; Y t�1ÞpðIitjb; e;M ; Y t�1Þ ð12Þ

where yt denotes the data observed at instant t and
c is a normalization constant.

It is assumed that all features in yt are inde-
pendently generated with Gaussian distributions if

they belong to a valid stroke and uniform distri-

bution if they belong to an invalid stroke, ac-

cording to ith interpretation Ii. Therefore

pðytjIit; b; e;M ; Y t�1Þ ¼
YM
j¼1

Yej
n¼bj

pðyjt ðsnÞjI
j
itÞ ð13Þ

where

pðyjt ðsnÞjI
j
it; Y

t�1Þ ¼
P�1
G NðmjtðsnÞ; 0; SjitðsnÞÞ

V jt ðsnÞ�1 if Ijit ¼ 0

(
ð14Þ

V jt ðsn; tÞ is the area of the search region; PG is a
normalization constant; and SjitðsnÞ ¼ CiP̂PtCTi þ Ri.
To define pðIitjb; e;M ; Y t�1Þ it is assumed that

the stroke labels are independent,

pðIitjb; e;MÞ ¼
Y
j

pðIjitjb; e;MÞ ð15Þ

Since it is assumed that long strokes will have

higher probability than short ones, a linear model

is adopted to represent the dependence of stroke
probability with length,

pðIitjb; e;MÞ ¼ ðk=LÞlj þ c if Ijit ¼ 1
1� ðk=LÞlj � c otherwise



ð16Þ

where k, c are constants, L is the contour length, lj

is the length of the jth stroke.

Fig. 4 shows a simple example with two strokes.
The association probabilities are displayed in

Table 2. In this example, the most probable inter-

pretation (a4 ¼ 0:5006) is the one which considers
both strokes as valid. Finally, the a posteriori dis-

tribution of the unknown parameters is computed,

considering all possible interpretations weighted

by their associated probabilities.

Table 3 summarizes the S-PDAF algorithm.

Fig. 4. Feature detection: predicted contour (- - -) and detected

strokes (––).

Table 2

Data interpretations and association probabilities

I1i I2i ai

1 0 0 0.0852

2 0 1 0.1915

3 1 0 0.2226

4 1 1 0.5006
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4. Dynamic shape modelling

To estimate the evolution of the shape and
motion parameters, we first need to represent

shape and motion evolution as the output of sto-

chastic difference equations. To represent a mov-

ing object in a frame t, it is assumed that the object

is a transformed version of a reference shape plus

an additional deformation. By shape it is meant

either the boundary of the object or a set of de-

tected strokes in the image. Let ct : I ! R2 be a
parametric representation of the reference curve,

where I 2 R and cr a reference shape of the object
(which can be obtained in the first image of the

sequence). It is assumed that

ct ¼ Tcr þ v ð17Þ

where v is a noise curve and T is a geometric

transformation which conveys motion and distor-

tion information. In this paper several transforms

are considered depending on the application. It is

assumed that T is either a translation, an Eu-

clidean transformation or an affine map. There-

fore, the boundary model ctðsÞ ¼ ðc1t; c2tÞ is given
by
Translation:

c1tðsÞ ¼ cr1ðsÞ þ x1t þ d1ðsÞ þ v1ðsÞ
c2tðsÞ ¼ cr2ðsÞ þ x2t þ d2ðsÞ þ v2ðsÞ

ð18Þ

Euclidean similarity:

c1tðsÞ ¼ x1tcr1ðsÞ � x3tcr2ðsÞ þ x2t þ d1ðsÞ þ v1ðsÞ
c2tðsÞ ¼ x3tcr1ðsÞ þ x1tcr2ðsÞ þ x4t þ d2ðsÞ þ v2ðsÞ

ð19Þ
Affine transform:

c1tðsÞ ¼ x1tcr1ðsÞ þ x2tcr2ðsÞ þ x3t þ d1ðsÞ þ v1ðsÞ

c2tðsÞ ¼ x4tcr1ðsÞ þ x5tcr2ðsÞ þ x6t þ d2ðsÞ þ v2ðsÞ
ð20Þ

where s 2 I is a parameter defining the location of
a point in the stroke, vðsÞ ¼ ðv1t; v2tÞ is the mea-
surement noise curve, x1t . . . x6t are unknown pa-
rameters to be estimated and dðsÞ ¼ ðd1ðsÞ; d2ðsÞÞ
is the deformation curve, defined by

diðsÞ ¼
XL
k¼1

dik/kðsÞ ð21Þ

where /kðsÞ are known basis functions and di1 . . .
diN are 2D deformation vectors. A popular solu-

tion consists of using B-spline basis functions al-

though other approaches can be considered

(Cootes et al., 1994; Dias, 1999).
Let us assume that the object moves during the

acquisition interval. In this case, dynamic equa-

tions must be considered to represent the evolution

of the model parameters. Let xt denote the vector

Table 3

Shape PDAF

1. Prediction: Predict the state vector x̂x�t and covariance matrix P
�
t using the prediction step of the Kalman filter

x̂x�t ¼ Ax̂xt�1

P�
t ¼ APt�1AT þ Q

2. Image analysis: Detect features along lines orthogonal to the predicted contour and organize them in Strokes

3. Association probabilities: For each data interpretations Ii, compute the association probability ait, using (13) and (16)

ait ¼ cpðytjIit; b; e;M ; Y t�1ÞpðIitjb; e;M ; Y t�1Þ

4. Filtering: Update the state estimate and uncertainty, according to

x̂xt ¼ x̂x�t þ
Xmk
i¼1

aitKitmit

Pt ¼ I

"
�
Xmk
i¼1

aitKitCi

#
P�
t þ

Xmk
i¼0

ait x̂xit x̂xTit � x̂xt x̂xTt
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of unknown shape, motion and deformation pa-

rameters

xt ¼ ½x1t; . . . ; xDt; _xx1t; . . . _xxDt;

d11; . . . ; d1L; d21; . . . ; d2L�T ð22Þ

where D ¼ 2, 4 or 6, in the case of translation,
Euclidean similarity or affine motion respectively,

and diL is the deformation parameters. Let y be a
2N � 1 vector obtained by sampling the object
boundary at N equally spaced points

y ¼ ½c1tðs1Þ; . . . ; c1tðsN Þ; c2tðs1Þ; . . . ; c2tðsN Þ�T ð23Þ
Eqs. (18)–(20) can be rewritten as in (3) and (4)

with

Translation:

C ¼ 1N�1 ON�1 ON�2 BN�L ON�L
ON�1 1N�1 ON�2 ON�L BN�L

� �
ð24Þ

Euclidean similarities:

C ¼
Mx �My ON�4 BN�L ON�L

My Mx ON�4 ON�L BN�L

� �
with

Mx ¼

c1ðs1Þ 1

..

. ..
.

c1ðsN Þ 1

2
664

3
775; My ¼

c2ðs1Þ 0

..

. ..
.

c2ðsN Þ 0

2
664

3
775 ð25Þ

Affine transform:

C ¼
M ON�3 ON�6 BN�L ON�L

ON�3 M ON�6 ON�L BN�L

� �
with

M ¼

c1ðs1Þ c2ðs1Þ 1

c1ðs2Þ c2ðs2Þ 1

..

. ..
. ..

.

c1ðsN Þ c2ðsN Þ 1

2
66664

3
77775 ð26Þ

where B

B ¼

/1ðs1Þ /2ðs1Þ � � � /Lðs1Þ
/1ðs2Þ /2ðs2Þ � � � /Lðs2Þ

..

. . .
. . .

. ..
.

/1ðsN Þ /2ðsN Þ � � � /LðsN Þ

2
6664

3
7775 ð27Þ

is an interpolation B-spline matrix,M is the matrix

containing the coordinates of the object boundary

Opq is a p � q null matrix.

Remark that in case of S-PDAF algorithm we

often have subsets of the stroke samples ctðs1Þ; . . . ;
ctðsN Þ depending on the data interpretation con-
sidered (see Fig. 3(a)). Therefore the shape matri-

ces Ci are obtained from C defined in (24)–(26)

by removing the rows which are not considered
as valid according to the ith interpretation.

Equations (22), (24)–(26) accounts for shape

motion and deformation. Special cases can be

considered. For example, if only rigid motion of

the object is considered, the deformation parame-

ters dij can be removed (in (22)), and the last col-
umns of C (containing B) are discarded. If the

object velocity is to be ignored, the derivatives of x
can be removed (in (22)), and the correspond-

ing columns of the C matrix should also be elim-

inated.

5. Results

Experimental tests were performed to evaluate
the algorithms described in the previous sections

and to compare their performance with a Kalman

tracker, i.e., a tracking method which considers all

the data as valid features. Synthetic and real im-

ages were used to assess the performance of these

methods.

Example 1. Fig. 5 shows a synthetic example. The
goal is to estimate the object boundary from a set

of detected features (strokes) represented as solid

lines. For simplicity, the strokes are labeled as in

Fig. 3(b). Looking at Fig. 5(a), it is easily con-

cluded that the best interpretation classifies S1, S2,
S5 as valid data and S3, S4 as outliers, assuming
that the object undergoes a translation motion.

The results obtained by the three algorithms using
a translation model without deformation are

shown in Fig. 5(b)–(d). The shape estimates ob-

tained with the robust methods described in this

paper are much better than the estimates obtained

with the Kalman tracker since they manage to

neglect the influence of the outlier strokes and

provide correct estimates of the translation using

S1, S2 and S5. This happens since these two meth-
ods use higher level features and robust estimation

methods.
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Example 2. Fig. 6 shows a more difficult example.

In this case, the object boundary undergoes a
translation and a rotation motion. The motion

model adopted in this example is based on the

group of Euclidean similarities with four degrees

of freedom (translation, rotation and scaling

without deformation). The centroid based tracker

and the S-PDAF solve this problem well, esti-

mating the rotation and discarding the influence of

the outliers strokes. However, the Kalman filter
gives a wrong answer. The object boundary is at-

tracted towards S4.
To understand better the behaviour of the al-

gorithms, the same data was processed by allowing

shape deformation. The results of this experiment

are given in the Fig. 7. The Kalman tracker tries to

match all the data points, even the outliers, by

distorting the object shape. Better results are ob-

tained with two middle level algorithms. The
centroid based tracker also allows strong shape

deformations close to the strokes S2 and S3, since
this method does not consider overlapping strokes

as invalid. The best results are obtained with the S-

PDAF which manages to solve this problem well.

The previous examples illustrate synthetic prob-

lems in which the noise model (data interpretations

in the case of the S-PDAF and distribution noise
in the centroid based tracker) play a key role in

the performance of the algorithms.

Example 3. Fig. 8 shows some results using real

images. In this example the goal is to track the

boundary of a car in a traffic sequence. The motion

model used in this examples was the Euclidean

similarities with 4 degrees of freedom (x 2 R4)
which allows to represent shape translations,

rotations and scaling. It is concluded that the

Kalman filter, Fig. 8 (left column), provides wrong

estimates of the rotation angle and translation

vector. The shape estimates is being attracted to-

wards the inner edges of the car to be tracked. This

behaviour was already observed before in Fig. 6.

The results obtained by the robust trackers are
much better. Once again the confidence degrees

assigned to the features play a crucial role to

achieve robust estimates of the object boundary.

Fig. 5. Shape translation. (a) Initialization, results obtained

with (b) Kalman filter, (c) centroid based tracker and (d) S-

PDAF.

Fig. 6. Shape rotation. (a) Initialization, results obtained with

(b) Kalman filter, (c) centroid based tracker and (d) S-PDAF.

Fig. 7. Shape rotation with deformation. (a) Initialization, re-

sults obtained with: (b) Kalman filter, (c) centroid based tracker

and (d) S-PDAF.

J.C. Nascimento et al. / Pattern Recognition Letters 24 (2003) 295–307 303



Example 4.Figs. 9–11 show the performance of the

algorithms in lip tracking. These experiments il-

lustrate the estimation of the lips boundaries while

a person is talking and singing. The sampling rate

was 12 fps in both examples. In these examples

the dots (in Kalman and S-PDAF trackers) and

the thin white lines (in the centroid tracker) are the

detected features. In the first example (woman

talking) the centroid based tracker and the S-

PDAF are able to track the lips during the whole

sequence while the Kalman tracker becomes lost

after the first 25 frames (see Fig. 9 for some details).

Fig. 8. Tracking results with Kalman (left), centroid based (center) and S-PDAF (right) (frames 8, 21, 32, 57) (dark line is the output of

the algorithms).
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The three algorithms were also applied to se-

quences of a woman singing a song. The Kalman

tracker loses the lips boundaries as before (see

Figs. 10 and 11 (left)). The centroid based tracker

tends to lose track during short intervals specially

in the presence of abrupt motion changes but

manages to recover after a few frames. These dif-

ficulties are shown in Figs. 10 and 11 (center). The

S-PDAF always provides accurate estimates of

the lips boundaries even in the case of abrupt

shape deformations during the whole sequences

(see Figs. 10 and 11 (right)).

Fig. 9. Tracking results with Kalman (left), centroid based (center) and S-PDAF (right) (frames 28, 38). White points represent low

level features.

Fig. 10. Tracking of abrupt transitions with Kalman (left) centroid based (center) and S-PDAF (right) (frames 31, 32). White points

represent low level features.
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6. Conclusions

Three algorithms were studied in this paper a

Kalman based tracker and two robust methods

based on middle level features (a centroid based

tracker and the S-PDAF). The Kalman tracker

assumes that the features detected in the image are

all reliable, therefore providing poor estimates of
the object boundary when invalid features are

detected in the image (outliers). The robust

trackers assign a confidence degree to the features

detected in the image therefore achieving much

better results. The centroid based tracker and the

S-PDAF assume that the features detected in the

image may not be reliable. Each feature can be

either valid data or outlier. Confidence degrees are
computed which influence the contribution of each

feature to the estimation of the object boundary.

The centroid based tracker performs a fuzzy la-

beling of edge points (low level features) using an

object model and a noise model. This allows to

compute data centroids as weighted averages of

the features locations. The S-PDAF uses strokes

instead of edge points since they are more reliable.
In this case, the middle level features (strokes) are

directly computed from the image by image anal-

ysis techniques. The algorithm however assumes

that some strokes are outliers. Since we do not

know which are the good ones, all combinations of

valid/invalid strokes are considered, each of them

being denoted as a data interpretation, and a

confidence degree is assigned to each data inter-

pretations. In this case the confidence degrees are

not assigned to individual features as in the cent-

roid based method but to interpretations of all the

detected features. Experimental results show that
both algorithms perform better than the Kalman

based tracker. The S-PDAF achieves the best re-

sults and shows a remarkable performance even in

the presence of clutter and abrupt motion and

shape changes.
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