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Robust Shape Tracking in the Presence
of Cluttered Background

Jacinto C. Nascimento, Member, IEEE, and Jorge S. Marques

Abstract—Many object-tracking algorithms are based on low-
level features detected in the image. Typically, the object shape and
position are estimated to fit the observed features. Unfortunately,
image analysis methods often produce invalid features (outliers)
which do not belong to the object boundary. These features have
a strong influence on the shape estimates, leading to meaningless
tracking results. This paper proposes a robust tracking algorithm
which is able to deal with outliers, inspired in the probabilistic data
association filter proposed in the context of point tracking. The al-
gorithm is based on two key concepts. First, middle level features
(strokes) are used instead of low-level ones (edge points). Second,
two labels (valid/invalid) are considered for each stroke. Since the
stroke labels are unknown all labeling sequences are considered
and a probability (confidence degree) is assigned to each of them.
In this way, all the strokes contribute to track the moving object
but with different weights. This allows a robust performance of the
tracker in the presence of outliers. Experimental tests are provided
to assess the performance of the proposed algorithm in lip and ges-
ture tracking and surveillance applications.

Index Terms—Data association, deformable contours, object
tracking, robust filtering, shape analysis.

I. INTRODUCTION

ACTIVE contours have been thoroughly investigated in
the context of shape tracking. They represent the object

boundary by an elastic contour which is attracted toward image
features. The estimation of the model parameters is often
performed by Kalman filtering [1], [2]. Unfortunately, feature
detection algorithms used to extract information from the image
produce many invalid features (outliers) which do not belong to
the boundary of the object to be tracked (Fig. 1). Furthermore,
the outliers have a strong influence on the performance of active
contours algorithms.

Several methods have been proposed to alleviate this diffi-
culty. Some of them impose additional restrictions to the object
shape, e.g., by using rigid templates or eigen shapes learned
from the data [1], [3]. This prevents the model boundary from
having unpredictable shapes caused by the outliers. Temporal
restrictions have also been considered by representing the
evolution of the motion and shape parameters using dynamic
models, e.g., stochastic difference equations. In general, dy-
namic models may be specified by the user or learned from the
video sequences using standard system identification methods
[1].
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Fig. 1. Detected features.

Despite all this work, none of these methods is able to solve
the segmentation problem, i.e., none of them is able to dis-
criminate valid data from the outliers which hamper the per-
formance of Kalman trackers. An ad hoc procedure to improve
Kalman estimates consists of using a validation gate, computed
from the predicted object boundary [3]. The regions where each
boundary samples are located in the next frame are computed
and all the features outside these regions are discarded. This
method works well if the object motion is slow and highly pre-
dictable but it fails in more complex situations.

The estimation of random signals from multiple noisy ob-
servations with outliers was extensively studied in the context
of target tracking using radar measurements [4], [5]. Several
techniques were proposed in this context. First, a validation
gate is usually adopted to restrict the search area associated
with a given target. This procedure is also used in active con-
tours as explained before. Second and most important, robust
filtering methods have been considered since multiple returns
can still be observed, most of them being false alarms. A va-
riety of techniques were proposed for target tracking ranging
from the naive Nearest Neighbor Filter, which considers the
closest return only and discards the rest, to the optimal Track
Splitting Filter leading to a combinatorial explosion of hypoth-
esis. The probabilistic data association filter (PDAF) proposed
by Bar-Shalom and Fortmann [5] is a good compromise since it
takes into account multiple data association hypothesis without
the combinatorial explosion. Nonparametric filtering techniques
have also been adopted in the context of object tracking, using
the Condensation algorithm [6].

This paper describes a robust estimation algorithm for shape
tracking, called Shape PDAF (S-PDAF) [7]. This algorithm is
an extension of the PDAF filter proposed in the context of point
tracking. The algorithm considers middle level image features
(strokes) detected in the vicinity of the object to be tracked. Each
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feature can be either a valid observation of the object boundary
or an outlier. Since we do not know a priori which features are
valid, all possible sequences of valid/invalid stroke labels are
considered and a probability (confidence degree) is assigned to
each labeling sequence. For convenience, each label sequence
is denoted as a data interpretation.

The stroke probabilities are not assigned by ad hoc criteria.
They are computed using a data model, an outlier model and the
predicted shape estimate and uncertainty. This leads to a Kalman
type of recursion for the update of the state estimates and uncer-
tainties. All the strokes contribute to update shape and motion
estimates, however, each stroke has a different confidence de-
gree and therefore a different influence on the estimates. For
example, a stroke far away from the object boundary will have
a negligible influence on the estimates (the opposite behavior is
observed in Kalman filtering: strokes far from the object dom-
inate the estimation process). Furthermore, since the algorithm
considers stroke sequences, it is able to detect false strokes near
the object boundary if the stroke is not compatible with the
others.

The differences between the S-PDAF proposed in this paper
and PDAF filter of Bar-Shalom and Fortmann concern: 1) dif-
ferent sensor models (we are no longer dealing with radar mea-
surements but with image strokes instead) and 2) new update
equations for the shape and motion estimates which will be pre-
sented in the paper. The paper is organized as follows: Section II
describes the problem; Section III presents the S-PDAF; Sec-
tion IV applies the S-PDAF to shape tracking and describes the
computation of the association probabilities; Section V presents
results obtained the S-PDAF method in lip and gesture tracking,
as well as in surveillance applications. Finally, Section VI con-
cludes the paper.

II. PROBLEM STATEMENT

This paper addresses the estimation of moving objects in
image sequences in the presence of outliers. In Kalman-based
methods, object tracking is performed in three steps [1]: contour
prediction, image measurement and contour update. The first
step predicts the object position and shape in the next image.
The second step computes image features in the vicinity of the
predicted contour and the third step uses these measurements
to update the contour estimates. The main difficulty concerns
the presence of type I and type II errors: false alarms and
detection failures. Both of them produce undesirable effects
which significantly hamper the performance of Kalman-based
trackers.

In order to estimate the object position and deformation,
image features are detected. First, a predicted object boundary
is computed using the information from previous frames. Then,
the predicted boundary is sampled at equally spaced points
and a set of features is detected for each point by searching
along a line orthogonal to the predicted contour [see Fig. 2(a)].
These features can be considered either as true (belonging to
the object boundary) or false (produced by the background),
but this information is not available in advance. In general, it
is not possible to classify each image feature as being true or
false. This would lead to interpretations of the data, where

Fig. 2. Stroke detection: (a) edge detection and (b) linking (�—denote the
features obtained in the measurement lines orthogonal to the predicted contour).

is the number of detected features (typically higher than 50).
A different approach is adopted in this paper. The observations
are associated in strokes. Strokes are obtained by matching
feature points detected at consecutive measurement lines. This
is accomplished by using the mutual favorite pairing method
[8]. 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. In this way, the
number of data interpretations is drastically reduced to ,
where is the number of strokes (typically ). An
example is shown in Fig. 2(b).

We shall assume that the object shape and position in the
image are described by a vector of parameters , described by
a stochastic difference equation

(1)

where is white Gaussian noise, is a square
dynamic matrix, and denotes the time instant. The covariance
matrix accounts for the motion uncertainty. is often defined
by the user, assuming independence of the shape coefficients or
estimated from the available data for a given tracking problem,
using system-identification techniques [9].

After computing the strokes, each of them may be classified
either as true or false. A stroke interpretation is defined as a
binary sequence , where is the
label of the th stroke in the interpretation , ( means
valid stroke; means invalid stroke).

Let be the vector of all image features detected at time
instant and let be a vector with the coordinates of all
valid features in the interpretation .

Let be a set of parameters defining the object boundary
(e.g., the control points of a spline curve). It will be assumed
that and the curve parameters are related by

(2)

where is the observation matrix associated to the th interpre-
tation and is a white Gaussian noise (mea-
surement noise). In general, the observation matrices , as-
sociated with two interpretations , are different since the ob-
servation vectors , contain different data features and often
have different dimensions.
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The problem to be solved can be formulated as follows: how
to estimate the object parameters assuming that we do not
know which interpretation is right ?

III. S-PDAF

A nonlinear filtering approach is adopted in this paper. The
estimation of the state vector requires the propagation of the a
posteriori density , where is a set with the cur-
rent and past observations (visual features). Since there are mul-
tiple data interpretations (hypothesis), the a posteriori density is
not Gaussian: it is a mixture of Gaussians, where the number of
modes increases exponentially with [10]. Therefore, the exact
propagation of the a posteriori density is difficult. A suboptimal
approach is adopted instead, inspired in the PDAF [5] developed
in the context of point target tracking.

The main hypothesis is the following: it will be assumed that
the state distribution given past observations is Gaussian i.e.,

(3)

where , are the mean and covariance
of given past observations .

Let us now consider the computation of the state estimate and
uncertainty (state mean and covariance matrix) given current
and past observations, i.e.,

(4)

(5)

Since we do not know which interpretation is valid, they all have
to be considered as follows:

(6)

Equation (6) can be rewritten as

(7)

where is the a posteriori probability of
the th interpretation and

(8)

The state estimate is a weighted sum of the state
estimates obtained for each interpretation and
updated by Kalman filtering

(9)

where , are the Kalman gain and innovation for the
interpretation , computed by

(10)

(11)

(12)

Replacing (9) in (7), we have

(13)

A recursive equation can also be derived for the covariance ma-
trix (see the Appendix).

(14)

Equations (13) and (14) update the mean and covariance of
the state vector using all data interpretations. They all contribute
to the propagation of the a posteriori distribution but with dif-
ferent confidence degrees. This algorithm will be denoted as the
S-PDAF.

IV. APPLICATION TO TRACKING

Three aspects have to be considered before we can apply the
S-PDAF in tracking: 1) the computation of the association prob-
abilities which requires a probabilistic model for the contour
strokes; 2) a dynamic model for the motion and deformation
of the object boundary; and 3) the detection of image features.
These issues are addressed in Sections IV-A–IV-C.

A. Association Probabilities

To use the S-PDAF filter in object tracking, a set of data asso-
ciation probabilities have to be computed. This requires
a probabilistic model for the strokes detected in the image. The
following assumptions are made: high association probabilities
will be assigned to the interpretations with the following char-
acteristics:

• long valid strokes;
• valid strokes close to the predicted shape;
• nonoverlapping strokes.

Interpretations with overlapping strokes, which assign mul-
tiple observations to a single contour sample, will have zero
probability. Next, a stroke generation model is described.

Let us consider the example in Fig. 3. It will be assumed that
the image strokes are characterized by the following variables:

—number of strokes; —first and last index of the th
stroke; —label sequence; and —a vector containing the
coordinates of the visual features detected in the th image.
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Fig. 3. Stroke parameters (�—samples of the predicted contour; �—edge
points).

The data model is characterized by the Joint distribution
which can be factorized as

follows:

(15)

Since all these variables are observed, except the interpreta-
tion

(16)

where is a normalization constant.
Probabilities ,

are problem dependent. They characterize the
data features observed in valid strokes and the outliers, as
well as the a priori probabilities of the data interpretations.
The choice of these distributions is addressed below. First we
assume that all image features are independently generated,
i.e.,

(17)

where is the feature point belonging to the th stroke
and detected in the vicinity of . The independence of features
obtained in different search lines is a typical assumption in ac-
tive contours [1]. More general models can easily be adopted
by learning the covariance matrices different from the data [9],
[11]. Second, it will be assumed that the visual features have uni-
form distribution in the search area (validation gate) if they are
classified as unreliable and they are generated with a
Gaussian distribution if they are classified as reliable. Therefore

if
otherwise

(18)

Fig. 4. (a) Detected strokes. (b) S-PDAF estimate (solid line).

where is the length of the search line; is the normal-
ization constant; is the innovation associated to the th
stroke; and is
the covariance of the innovation vector where and
are the output matrix and noise covariance associated to the th
sample.

Let us now consider the second term . As-
suming independence of the stroke labels, we have

(19)
Since it is assumed that long valid strokes have higher prob-

ability than short strokes, a linear model is adopted to represent
the dependence of the stroke probability with length

(20)

where

(21)

and where is the length of the th stroke, and is the number
of sampling points. and are constants.

Using (20)

(22)

Thus, each interpretation has a data association probability
given by (16)–(22). The interpretation with highest probability
is called the dominant interpretation.

Fig. 4(a) shows the predicted boundary and four strokes de-
tected in the image. The strokes position and orientation sug-
gest that a translation must be applied to the predicted contour
in order to approximate the detected features. However, stroke

overlaps producing a data conflict. Table I shows all
possible data interpretations and their association probabilities
computed by the model described in this section. It is stressed
that this reduces the number of interpretations to 12. The domi-
nant interpretation correctly neglects the contribution of
stroke . Therefore S-PDAF solves the data conflict by as-
signing high confidence degrees to the strokes and
low confidence degree to . The S-PDAF estimate of the object
boundary according to (13) is shown in Fig. 4(b) (solid line).

B. Dynamic Shape Model

To represent a moving object in a given frame , it is assumed
that the object boundary is a transformed version of a reference
shape plus an additional deformation.
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TABLE I
DATA INTERPRETATIONS AND ASSOCIATION PROBABILITIES

Let be a parametric representation of the
object boundary1. It is assumed that2

(23)

where is a geometric transformation (e. g., affine transforma-
tion), , and are the parametric descriptions of the refer-
ence shape, deformation and measurement noise, respectively.
For the sake of simplicity it is assumed that these curves are
described by -splines. It will be assumed that , can be ex-
pressed in terms of a small number of parameters which are up-
dated by the S-PDAF algorithm and is a white noise process.

Several transforms can be considered (e.g., translation, Eu-
clidean similarities, affine transform) [1]. For example, in the
case of the affine transform, the object boundary is

(24)
where , ,
and are the motion parameters at instant ;

is the measurement noise curve.
Furthermore, it will be assumed that shape deformation is given
by

(25)

where are known basis functions and are two-
dimensional vectors. Quadratic -spline basis function are used
in this paper [12].

Let denote the vector of unknown shape and motion
parameters

(26)

and let be a vector obtained by sampling the object
boundary at equally spaced points

(27)

1the time instant k is omitted for the sake of simplicity.
2other works assume that r = G (r + d) + v, [3], [11]. This model is

nonlinear and allows a better representation of shape deformation, e.g., using
eigen shapes. However, parameter estimation is usually more complex being
performed in two steps: pose estimation and shape estimation.

Equation (24) can be written as follows:

(28)

where

(29)

with

...
...

...
(30)

...
...

. . .
...

(31)

In (29), is a -spline interpolation matrix [12],
are null matrices. Similar expressions can be de-

rived for other types of models.

C. Feature Detection

Feature detection is guided by the predicted contour and by
its uncertainty. Instead of detecting the edge points in the whole
image, only feature points in the vicinity of the predicted con-
tour are considered. Furthermore, these points are obtained by
a directional search procedure similar to the ones presented in
[1], [3], and [11].

The length of the inspection interval depends on the predicted
contour uncertainty in the search direction and is given by

(32)

where is the unit normal at ,
is the covariance matrix of the predicted

contour point and is a matrix formed by lines and
of matrix , is a constant.

The predicted contour is sampled at equally spaced points
and for each point a set of features is obtained by searching
for transitions along the direction orthogonal to the contour [see
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Fig. 5. Feature detection: (a) directional search and (b) image profile p, and
shifted template T taken at t .

Fig. 6. (a) Detected features on the object boundary. (b) Detected features with
outliers.

Fig. 5(a)]. This provides enough information to estimate the ob-
ject motion and deformation provided that enough samples are
considered.

Feature detection along the th direction is performed by com-
puting the local minima of the function

(33)

where is the image profile along the th direction, denotes
the distance to the object boundary, and is a known
template. In this paper, the template is defined as follows:

is equal to the average intensity of the object for and
is equal to the background image profile or to the average

background color for [see Fig. 5(b)]. The first hypothesis
is used in surveillance examples and the second is used in the
lip and gesture-tracking experiments (see Section V).

Fig. 6 shows the feature-detection results. The first image il-
lustrates an ideal situation where all the features are located on
the boundary of the object. The second image shows a more
difficult case in which the features are located inside of the ob-
ject boundary as well. These are false alarms (outliers) which
hamper the performance of classic tracking algorithms.

V. EXPERIMENTAL RESULTS

The S-PDAF tracker was tested with a large number of se-
quences. Three examples will be presented: hand, lip, and ve-
hicle tracking. All these problems have been extensively studied
in the last decade [13]–[15]. Robust lip tracking is useful for
automatic speech recognition systems. Speech recognition is a
major goal which has been thoroughly pursued for more than
two decades [16]–[18]. The use of visual features in such sys-
tems is useful for improving the accuracy and robustness of
speech recognition system specially in noisy environments. Re-
cently much work has been done on audio-visual speech recog-
nition [19]–[21], where the aim is to use the lip movements and

Fig. 7. Tracking results obtained with Kalman filter (first row) and S-PDAF
filter (second row), (frames 1, 7, 9, 18).

configuration to be jointly processed with audio features. How-
ever this visual information requires accurate lip tracking. The
S-PDAF can be used to perform this task.

Human gestures and surveillance sequences will also be
shown to illustrate the performance of the algorithm in other
contexts.

A. Human Gesture

Fig. 7 illustrates the performance of the proposed algorithm
in gesture estimation. A hand is represented by a -spline curve
with 12 control points. The solid white line shows the estimated
contour and the dots are the detected features. The lines between
the contour and the features can be interpreted as a spring forces
which attract the contour toward the features. Two algorithms
are considered: the Kalman filter and the S-PDAF. The Kalman
filter fails to track the hand. Since it assumes all the data as valid
it tries to match all the visual features (valid data and outliers)
with the shape model. This produces strong shape distortions if
we allow shape to deform during tracking or wrong pose esti-
mates if the object shape is considered as rigid (see Fig. 7, frame
9). On the contrary, the S-PDAF manages to distinguish the out-
liers from valid data and tracks the hand well.

B. Lip Tracking

The images used in lip tracking were obtained with a fixed
camera and digitized at a sampling rate of 12 fps. In these ex-
periments we used a -spline curve with 12 control points in
grayscale images, and eight control points in color images. It
is assumed that the object shape in the first image is manually
defined by the user. This section shows results obtained with
the S-PDAF and Kalman filters in two cases: during a speech
and while the person is singing. These situations are quite dif-
ferent. During a speech, lip motion is smoother while it presents
sudden shape changes when the person is singing. These exper-
iments allow us to evaluate the robustness of the S-PDAF filter
to sudden changes in the lip contour.

Figs. 8 and 9 show the results obtained by the Kalman tracker
and by the S-PDAF while the person is speaking. The Kalman
filter is able to deal with a small number of outliers close to the
lip contour (see Fig. 8) but it becomes lost when the number of
outliers increases (see Fig. 9) and it is not able to recover after
that instant of time. The S-PDAF performs well in both cases
providing accurate boundary estimates, even in the presence of
a large number of outliers.

The next example is based on a sequence of 100 images of a
person singing. Fig. 10 shows the tracking results obtained with
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Fig. 8. Lip tracking (speaking) with Kalman filter (first row) and S-PDAF filter
(second row), (frames 1, 7 10).

Fig. 9. Lip tracking (speaking) with Kalman filter (first row) and S-PDAF
(second row), (frames 18, 28, 30).

Fig. 10. Lip tracking (singing) with Kalman filter (first row) and S-PDAF
(second row) (frames 1, 6, 8, 12).

the Kalman filter and with the S-PDAF. Again, Kalman esti-
mates are attracted by spurious data, the S-PDAF filter manages
to discriminate the true data from false alarms and produces cor-
rect estimates.

Finally, Fig. 11 shows pairs of consecutive frames corre-
sponding to sudden changes of the lip contour. The ability of
S-PDAF to deal with these changes is remarkable.

The S-PDAF tracker was also used with color images. Color
images were first converted into gray scale images, by com-
puting the Fisher linear discriminant between lip and skin color
distributions [22].

Fig. 12 shows results obtained with the S-PDAF for different
speakers. The S-PDAF can also be used for tracking other face
features such as the eyebrows. This is useful to estimate facial
expressions or to animate face models, e.g., using the model
described in [23]. Fig. 13 shows some tracking results obtained
with the S-PDAF, (dots are the observations). Three decoupled
S-PDAF filters were used in this experiment.

C. Vehicle Tracking

This section presents tracking results obtained in traffic se-
quences. It is assumed that is defined by a stochastic dif-
ference equation

(34)

with

(35)

where
is a state vector containing the shape-space

parameters as well as its derivatives and deformation, is the
identity matrix, is the null matrix, is the dimension of the
shape-space and the number of control points.

The S-PDAF filter was used to track cars in traffic sequences.
Two examples are shown in Figs. 14 and 15. In both examples,
a -spline curve with 12 control points was used. In Fig. 14 a
translation model with two degrees of freedom was used. In this
case, (2) is written as

(36)

with matrices and given by

(37)

(38)

where and are
vectors.

Fig. 15 shows another example in which the car performs
a left turn. In this case, it was assumed that the car motion is
described by an Euclidean similarity (four degrees of freedom).
Therefore

(39)

and is the null matrix. This model allows rotation, translation
and scaling. However, no shearing is allowed.

The S-PDAF manages to correctly track the vehicle in both
examples. The Kalman filter fails to track the car in these exam-
ples due to the clutter. The results are not shown.

The S-PDAF method was 1–3 times slower than the Kalman
filter in the experiments presented in this section, if we do not
consider the computational time associated with feature detec-
tion. This is not critical issue for real time implementations since
feature detection remains the most complex operation that the
tracker has to perform.

VI. CONCLUSIONS

Feature detection is an ill-posed problem. Many features
detected in the image are not generated by the boundary of
the object to be tracked. They are produced either by noise
or by other objects present in the scene. This raises a major
difficulty in the design of feature-based tracking algorithms:
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Fig. 11. Lip tracking (singing) with S-PDAF. Frames 45, 46, 60, 61 (first row) and frames 66, 67, 87, 88 (second row).

Fig. 12. Lip tracking in RGB images.

Fig. 13. Tracking of multiple objects (frames 10, 32, 44).

how to discriminate valid data from outliers. This paper avoids
a hard decision using middle level features (strokes) and
by considering all possible hypothesis of valid/invalid label
sequences which are denoted data interpretations. All inter-
pretations are used to update the shape and motion estimates

Fig. 14. Tracking results with S-PDAF. Frames 14, 20 (first row) and frames
34, 46 (second row).

Fig. 15. Tracking results with S-PDAF. Frames 5, 19, 28 (first row) and frames
37, 47, 61 (second row).

in each new image. However each interpretation has its own
confidence degree (association probability). The most probable
interpretations have larger influence on the shape and motion
estimates than the least probable ones. The proposed algo-
rithm was denoted as S-PDAF since it is an extension of the
PDAF method proposed by Bar-Shalom and Fortmann [5] in
the context of target tracking from radar measurements. The
algorithm proposed in this paper was tested in several shape
estimation problems (e.g., gesture estimation, lip tracking, and
surveillance applications). A robust performance was observed,
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even in the presence of a large number of outliers and sudden
shape changes.

Robust shape tracking has also been considered using other
types techniques such as particle filtering [24], probabilistic
graph matching [25], and concave optimization [26]. The work
presented in this paper has been recently extended for tracking
with multiple dynamic models [27].

APPENDIX

Covariance Update: The covariance of the state estimate is

(40)

where

(41)

Attending that

(42)

The first term is

(43)

The second term in (40) is

(44)

The third term is

(45)

Combining (41) and (44) into (40) yields

(46)

with the conditional covariance

(47)

we can write (46) in the form

(48)
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