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Abstract
A new method for tracking contours of moving objects in
clutter is presented. For a given object, a model of its contours is learned from training data in the form of a subset of
contour space. Greater complexity is added to the contour
model by analyzing rigid and non-rigid transformations of
contours separately. In the course of tracking, multiple contours may be observed due to the presence of extraneous
edges in the form of clutter; the learned model guides the
algorithm in picking out the correct one. The algorithm,
which is posed as a solution to a minimization problem, is
made efficient by the use of several iterative schemes. Results applying the proposed algorithm to the tracking of a
flexing finger and to a conversing individual’s lips are presented.

1. Problem Motivation and Review
This work addresses the tracking of moving contours in
a video-stream. Specifically, given a sequence of images
in which a known object of interest is in motion, the goal
is to track the object’s silhouette across time-varying images. Applications abound in medicine (automated analysis of human organ performance, [1]), surveillance [9], and
audio-visual speech recognition for noisy environments [5].
In this paper, a new contour tracker, the “subset-tracker,” is
proposed, based on a rather different philosophy than those
of the existing trackers. Before presenting the new algorithm, it is worth reviewing the existing approaches.
The deformable template approach [11] minimizes, for
each frame, an energy function which is specific to the geometry of the tracked object. Elastic snakes [8] minimize a
more general energy function, which has terms representing elastic and tensile energy to ensure that the snake is
smooth, and an image-dependent term that pushes the snake
towards the feature of interest. The Kalman tracker [3] requires a learned linear stochastic dynamical model which

describes the evolution of the contour to be tracked. Assuming that the observation of the contour has been corrupted
by Gaussian noise, the conditional density of the contour
given all past observations may be found, and then used to
estimate the contour position. The condensation tracker [4]
also assumes a dynamical model describing contour motion
is known and that imprecise observations are made. However, both the dynamical system and the observation process
may be completely general and the conditional density may
be propagated forward in time using the numerical technique known as the “condensation” method. This density
may then be used for estimating the current contour.
A principal problem of the deformable template approach is that for any given application, hand-crafting is required; that is, if it is desired to track the motion of lips, a
specific energy function that is appropriate for lips must be
designed. The snake method does not suffer from this problem; snakes will in principal find the edges of any object
whose outlines are a continuous closed curve. However, the
method is too general in the sense that its modes of detection are not tuned to the motion of any particular object, so
that it is not particularly efficient. Furthermore, both deformable templates and elastic snakes suffer from problems
of slowness in tracking contours through multiples images.
The Kalman tracker has the right level of generality in that
it need not be hand-crafted for any specific application and
a dynamical system for the relevant class of contours can be
learned. Furthermore, the process of finding observations is
fast, so that the whole algorithm is much quicker than either of the above techniques. However, the Kalman tracker
ignores a basic problem in tracking: the presence of clutter.
Clutter can come from detected edges which are either extraneous to the object, or intrinsic to it. In either case, there
are often multiple edges, and there is no one observation;
rather, there are a multiplicity of observed contours. This
problem is addressed by the condensation tracker, which
is designed specifically to deal with clutter. However, this
tracker has two shortcomings. First, it requires a dynamical model of the object being tracked. This is problematic,

as in many cases multiple motions may be possible for the
same object (for example, a finger may flex, translate, or
rotate), and in practice this multiplicity can be difficult to
model. Second, the condensation tracker postulates a particular form for the clutter, as embodied in the observation
density. This is unreasonable, as the point of allowing for
clutter is that any type of interfering objects might be expected.
The proposed tracker maintains the advantages of the latter two trackers, while circumventing their shortcomings. It
maintains the right level of generality by relying on knowledge of the particular object it is tracking, knowledge which
is learned rather than constructed by hand. However, it
does so without dynamical models, only using the more basic information concerned with the shape or geometry of
the object’s silhouette. Furthermore, no restrictions on the
types of clutter to be encountered are made in the proposed
tracker. These issues will be explored more fully in the rest
of the paper. Section 2 presents an overview of the tracker,
discusses issues of terminology, and explains the manner in
which contour models for particular objects may be built.
Section 3 presents the details of the proposed tracking algorithm. Section 4 presents experimental results and concludes.

2. Notation and Contour Models

The basic approach to contour tracking is as follows. In
a given frame, the previous frame’s contour is taken as a
starting point for searching for the edges of the new contour.
Many algorithms use edge search which is normal to the old
contour, in order to avoid the “aperture problem” [3], [4].
However, normal search along these lines frequently results
in missed edges, particularly in regions of high curvature,
or if the frame rate is relatively low. In this work, the edge
search is conducted in circular regions around
equallyspaced points of the old contour, referred to as sites. The
size of the search region varies at each site, and is discussed
more fully in [6]. To find edges,
is performed, and
then threshholded using a relatively low threshhold, yielding as output a binary image. This image, which will have
edges which are too thick (due to the low threshhold), is
then thinned using a morphological thinning operator. The
result is the edge-map.
At each of the sites, several edges may be detected; the
set of edges detected at the
site is denoted
(and a
generic edge at this site is denoted ). The multiplicity of
edges is due to the fact that the object being tracked is not
the only object present in the scene; there is clutter, and this
is what makes the problem difficult. For if there were only
one edge detected per site, then the contour in the current







         











2.2. Contour Notation
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A contour is a continuous function
,
which will often be written
. (The reason for
the curious choice of domain will become apparent shortly.)
is defined to be
The space of all contours is denoted .
the space of contours which can be expressed as a pair of expansions in the first Legendre polynomials. The properties of Legendre polynomials are given in detail in [10]; for
the current purposes, it is sufficient to note that their domain
is
and they may be written
,
where is a known
matrix. (Note:
the relationship between and the arc-length is taken to be
, where is the total arc-length.) Of course,
, and as
increases, any element of can be
increasingly better represented by an element of . In particular, the value of
is fixed at some value high enough
to capture all of the detail in the contours of the object of
interest. The reason that Legendre polynomials are used is
that their orthogonality makes several of the algorithms presented in section 3 much simpler. Further, they have been
chosen over a set of complex exponentials since the latter
is a set of periodic functions, which are thus unsuitable for
modelling open contours: capturing discontinuities requires
very high , and Gibbs’ phenomena still arise.

.

2.1. Overview and Edge Notation

 

frame is effectively detected without any further computation. Even if the background is fairly pristine, and the only
object present is the one being tracked, spurious edges may
still be detected due to the inaccuracy of the edge-detection
algorithms, the noise present in the image (due to quantization, blooming, and so on), and because the object may possess many interior edges if is not monochrome. The goal of
the algorithm is to decide which of the edges detected are
the correct ones, that is which correspond to the contour
and which are due to clutter. An edge-vector is an -vector
of points one from each site
(or a
vector if each element is taken to be a real number). Given
an edge-vector, a contour may be interpolated through its
constituent points; this contour is referred to as an observed
curve and denoted . The set of such objects is denoted .
Then the goal is to find the observed curve in which best
describes the contour of the object being tracked.
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A contour in
may be identified entirely by
real
numbers; namely, if
and
then
is completely
specified by the two -vectors
and . A compact notation is
, in which so specified is taken to be
a
column vector. The relationship between and may
be written more concisely as
where
.

3 -0 6
.
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2.3. A Contour Model
The modelling of the contours of a specific object may
now be addressed. A typical object will give rise to a class
of contours: most objects may both transform in a rigid
fashion, and deform in a non-rigid fashion. The goal is to
find a model which will capture all of these contours. The
idea here proposed is that the most concise model is a subset of , the contour space. This subset captures all of
the possible contours which can arise from different noneuclidean deformations of the object under consideration;
euclidean transformations will be considered in section 2.4.
A related approach [2] has been taken to finding suitable
manifolds for parametric feature detection.
Since it has been assumed that any contour of the object
of interest may be captured by a contour in
, and since
has been shown to be isomorphic to
, the problem
of finding an appropriate subset of the space of contours has
been reduced to finding a subset of
. Thus: given the
contours specfied by the
-vectors
, find the
which best captures the training contours.
subset of
A tool which enables one to do this is the Karhunen-Loeve
transform (principal component analysis), whose details are
well known, see [7]. The outputs of this transform are the
average vector and the set of orthogonal vectors in
,
labelled
, where
, and is often much smaller
than
. Then the subset of
may be taken to be the
“shifted linear” space
where
span
and has been chosen appropriately (i.e., to capture most of the variation). The subset
of contours , which is induced by , is then
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The problem with this approach is that the space N is not

compact. Compactness is a desirable property for the contour subset, as the subset should be bounded; otherwise, the
subset will contain contour shapes which do not correspond
to the object of interest. (Recall: only non-euclidean deformations are being considered.) As a result, the KarhunenLoeve procedure may be modified slightly to get a compact
subset. Specifically, the subset is emended to be

d
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which is itself compact and induces a compact N . The vectors _F` and the value of b are found as before, and the bounds
W  ` Z a` \=] are found by  `=eA)  ] Y [ ~ X Y v _F` ~ .

To summarize, then, the following formalism will prove
convenient:
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where is the
matrix whose columns are the .
The key insight is that any contour of the object of interest
is specified by a -dimensional vector which is a member
of the compact set .

}

2.4. Affine Transformations
It is preferable if the training contours used for finding
simply capture non-rigid transformations, and euclidean
similarity transformations are ignored. The reason is that
there is a standard mathematical theory of the euclidean
similarity transformations which can be implemented in
straightforward fashion. In particular, any euclidean similarity transformation may be represented as
where
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where e;  k  k p p p   v , is the first column of s x v u  ,


and 4mhQ2 . (For a derivation, see [6].)  ] corresponds
to translation in the  -direction,  to translation in the  R
direction, and   and  together cover rotation and scaling.

At any given frame  , & , the set of possible euclidean
similarity transformations, is Q2 . However, suppose that

the camera is fixed, and it is known that the object itself
may only translate (including translation towards the camera) and rotate at a certain rate. Then
may be approximated as
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where the values of bounds, in terms of both   and the
w
z
more basic parameters o#£ , o£ , o#¤ , and o¥ , may be

found in [6].

3. The Tracking Algorithm
The essence of the tracking algorithm is as follows.
Given the contour from the previous frame, the current
equally-spaced
frame’s image is searched for edges at
points along the old contour. Search is in circular regions
centered at each site. At each site, several edges are detected; the goal of the tracking algorithm is to sort out which
of the edges correspond to the true contour. Framing the
problem in this manner makes it particularly amenable to
tracking in clutter.

¦

3.1. Basic Setup and Objective Function
Following the edge search, data consists of the sets of
edges detected at each site,
, and through the compounding of these, the set of observed curves, . The tracking algorithm is posed as the solution to the minimization
problem
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Figure 1. The local minimization algorithm.
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where is the set of allowed euclidean similarity transformations, is one such transformation, and
is the
norm. The idea is to find the edge-vector, that is, the list
of observed edges, (at most) one from each site, whose interpolated contour is closest to the learned contour subset
. (The manner in which the these contours are interpolated is discussed in [6].) Of course, as was discussed in
section 2.3, is learned from training contours in a single
orientation; thus, euclidean similarity transformations of the
observed curves must be taken into account, which results
in the presence of . The particular part of the optimization
solution which is of interest is the minimizing ; in particular,
is taken to be the contour for the current
frame.
This optimization problem is peculiar in several ways.
First, it has both continuous and discrete elements. While
the set is fundamentally discrete, due to the fact that a finite number of edges are observed, both and are continuous. Furthermore, is generated by searching at sites;
since typically a few edges will be found at each site, is
thus
in size. As a result, exhaustive search over
the discrete part of the problem is ruled out for any reasonable sized . The goal of this section, therefore, will be to
describe an efficient way to solve the optimization problem.
The basic method will be as follows. First, an algorithm will
be detailed which enables a local minimum of the function
to be found; this algorithm is iterative in nature, and has two
distinct steps. Second, an algorithm for finding a good initial condition is explained; this initial condition is then fed
into the local minimization routine, which then may result
in the global minimum (and if not, something close to the
global minimum). This latter procedure is referred to as the
coarse-to-fine (CTF) minimization algorithm.
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3.2. The Local Minimization Algorithm
An iterative procedure is proposed which is guaranteed
to converge to the local minimum. In the procedure shown
in Figure 1, is the time-step of the iterations, as opposed
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Figure 2. The step 1 algorithm.
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to which is the overall time (i.e., which frame the algorithm has reached). Proof that this iterative procedure does
indeed converge to the local minimum is contained in [6].
As the algorithm stands, not much has been gained, since
it is not known how to actually implement step 1 or step 2.
However, the problem in (1) may be written
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using the results of section 2.4, where now the norm
is
 . With this in mind, step 1
the usual euclidean norm in 
may be solved itself via an iterative procedure. This procedure will have its own time-scale , which is subordinate
to both and . However, for ease of notation, both superscripts and will be suppressed. The algorithm is shown
in Figure 2; the proof that this procedure does indeed lead
to the required minimum is detailed in [6].
Step 2 seems to require an exhaustive search, in that
all interpolated edge-vectors must be evaluated. This is an
operation, and is thus unreasonable in practice. Instead, note that if
is large, so that does not vary much
too much over intervals of length   , then the following
approach may be used:
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frame 23

frame 40

frame 57

edge-map for frame 57

frame 75

Figure 3. Tracking a flexing finger.

frame 17

frame 18

frame 75

edge-map for frame 75

frame 130

Figure 4. Tracking a speaker’s lips.
where " #%$'&)(*,+ - .&( / + 0 / 1 and 2 # is the .43 5 point
of the edge-vector 2$6- 2 7 8 9 9 948 2 :0 from which ; was
interpolated. If the approximation is valid, the problem
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in that both problems will give rise to the same edge-vector
2 and hence the same observed curve ; . The latter problem
is an ST- 1U0 problem: it is a simple matter to determine, at
each site, which of the edges (properly oriented by E ) is
the closest to the point D - " # 0 . Of course all edges must be
transformed by E beforehand, but this is also just an ST- 1U0
operation. Thus, it has been demonstrated that both steps of
the iterative procedure for finding a local minimum can be
implemented efficiently.

3.3. The CTF Minimization Algorithm
Local minimization of (1) is useful, but what is really
desired is the global minimum. What is suggested is not a
way to reach this global minimum with certainty, but rather,
IV
a way to cleverly pick an initial condition ; 3 for the local
minimization routine: the coarse-to-fine (CTF) minimization algorithm.
Suppose there are integers W and X such that 1Y$,W Z[*
( . There are X consecutive stages of decisions. Let \ ]^ _>$
`
W Z>a4]b*T- cd&b( 0 W Z>a4]fe 7 *T( . In stage 1, a single decision is
7
made, namely, which edges at the sites g \ ^ 7 h ^i M V should be
7
7
selected. The edges are selected as jk- \ V 7 8 9 9 9 8 \ 7 0 , where
i
j is defined by
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In
 the above definition, lN7 8 9 9 9 8 ldm are any ~ sites, and
- l47 8 9 9 9 8 l4m 0 is the set of all possible configurations of
points at such sites, as can be derived from the learned subset  (see [6] for more details). That is, j is the set of
points 2 w G 8 9 9 9 8 2 w r at sites l47 8 9 9 9 8 l4m which, out of all of
the observed points at the relevant sites, are closest
 to those
which have been learned. Using knowledge of , the inner
minimization problem can be solved [6].
7
In the  3 5 stage, $+ 8 9 9 9 8 X , there are W ]a decisions made. The c 3 5 such decision involves selecting edges
7
j - \ ]7 _ 8 9 9 9 8 \ ] 7 I _ z \ V] _ 8 \ ] _ 0 ,
at the sites g \ ]^ _ h ^i MNa 7 , as f
ia
i
where j is defined by

fj - l O 8 9 9 9 8 ldm a 7 z l47 8 l4m 0k$
<>= ?
C y 2 w G z 9 9 9 z 2 w r { &| C }
n F o argmin
p A H o p q pr s  G t 5 A ufv w G I J J J I w r x
That is, 2 w G and 2 w r are fixed, as they have been selected in

a previous stage. Thus edges are selected in a coarse-to-fine
7 ^
manner, and there are a total of  Z
^ M aVYW $- W Z&( 0 / - W!&
( 0k,1>/ - W&( 0 decisions. Since the time for each decision
is ST- ( 0 , the algorithm’s overall running time is S>- 1U0 .

4. Results and Conclusions
Two sets of results are presented to illustrate the effectiveness of the proposed tracker: a flexing finger and a
speaker’s lips. A summary is given in Table 1. In the latter case, lipstick was used to help highlight contrast in both

Experiment
Finger
Lips





80
80

20
20

Video Rate
13 Hz
13 Hz

Resolution
320 by 240
320 by 240

Training Sequence
120 frames = 9.2 s
200 frames = 15.4 s

Running Sequence
166 frames = 12.8 s
130 frames = 10.0 s

Accuracy
100 %
94 %

Table 1. Summary of the experiments.
the training and running sequences. The edge-map in the
case of the finger was generated from the gray-scale intensity; clutter is clearly visible in the edge-map shown in Figure 3, and is in the form of both the background objects
(keys, pens) as well as the self-clutter of the doubled over
finger. A sequence of tracked frames is shown in Figure
3; in this instance, the tracker got all 166 tracked frames
correct. In the case of the speaker’s lips, the edge-map
was generated from the green portion of the RGB image,
which has slightly better contrast than the intensity. Clutter
is clearly visible in the edge-map shown in Figure 4, due
to the detection of many extraneous edges, as well as the
fact that over the search range the lips interfere with each
other. A sequence of tracked frames is shown in Figure 4,
and the tracker got 94% of the tracked frames correct; however, equally important as this high success rate is the ability
to recover from the occasional error, as shown in Figure 5.
Full video sequences of both tracking experiments can be
viewed at http://himmel.deas.harvard.edu/ (under projects:
audio/visual based speech enhancement).

frame 48

frame 49

Figure 5. Recovering from mistakes.
In the light of these highly successful experimental results, it is worth restating some of the advantages that are
presented by this algorithm over other contour tracking approaches. As opposed to the deformable template approach,
there is no need for hand-constructed models of the object’s
geometry; rather this is learned. Whereas elastic snakes
use no special information about the object under study, the
learned information used by the subset tracker allows for
more accurate tracking. Furthermore, the subset tracker is
computationally less burdensome than these two types of
trackers. The subset tracker deals well with clutter, which
is a main failing of the Kalman tracker. Finally, there are
several advantages over the condensation tracker. (More detail is presented here, as the condensation tracker represents
the state-of-the-art in terms of contour trackers.) First, no
dynamical models are required; only shape/geometry information, as embodied in  , is needed. This represents an
advantage as multiple types of complex motion are possible for many moving objects, and this may be difficult to

model accurately. By contrast, the shape set of an object’s
silhouettes is independent of that object’s motion. Second, a
method is presented for learning the complex geometric information of the contour subset from training data, whereas
in [4], this information must sometimes be constructed by
hand (for example, in the case of the shape space of the
moving hand). Third, the condensation approach makes assumptions about the types of clutter likely to be encountered; no such assumptions are made here. As a result, the
subset tracker is very general in terms of the types of objects it can track, as well as the backgrounds against which
these objects move. Neither low frame-rate nor poor lighting present particular problems.
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