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ABSTRACT

In this paper we present a snake model dedicated to real-time
multiple object tracking. This model is able to track mov-
ing non-rigid objects in video sequences obtained from mov-
ing camera. Contrary to other approaches, here the snake
deformation is performed without any preprocessing and the
tracking method does not rely on any motion estimation step.
The tracking method is based on two simple successive steps
which are snake initialisation and snake deformation. Avoid-
ing complex additional steps allows us to propose a tracking
method which can be performed in real-time.
Two specific extensions of classical applications are proposed
in this paper. The first one gives the snake the ability to di-
vide in several contours if necessary. It is particulary useful
when two objects which were close together move apart. It
also improves the robustness of the tracking method against
noise characterized by high gradient values. The second ex-
tension deals with multiresolution processing of the image.
In order to limit computation time, we propose to process
low-resolution frames instead of original ones. A quality cri-
teria is then used to determine if the result obtained is correct
or not. In the latter case, the current frame is analysed at a
higher resolution.
The proposed extended snake model has been successfully
applied to real-time multiple object tracking of football play-
ers in football game video sequences. Players positions ob-
tained are then further used in a real-time football video anal-
ysis tool.

1. INTRODUCTION

Object tracking is a crucial step in any computer vision sys-
tem. Most often objects that are involved are not rigid. When
dealing with non-rigid objects, it is necessary to use a more
sophisticated method. Several methods have been developed
to model non-rigid objects. For example they can be mod-
elled by snakes or active contour models. Several methods
based on snakes have already been proposed for object track-
ing but only few of them are able to track non-rigid objects in
real time due to the computation complexity induced by ac-

tive contour models. Besides when the source is also moving,
tracking methods often include an additional motion com-
pensation step, which is also time consuming.

We are concentrating our study on two main goals. On the
one hand we want to realise a real-time process and on the
other hand we want to make possible non-rigid object track-
ing, more precisely we are concerned about deformable ob-
jects with possible crossing trajectories. In this case, two ob-
jects can be seen as only one when an occlusion phenomenon
occurs. Besides in the general case of course it is needed to
process data from a possible moving camera source. In order
to achieve real time processing of colour video sequences the
computation complexity has to be minimised.

Among the so many methods we have excluded the level
set methods for their time consuming characteristics and we
have chosen to refer to active contours. Even if active con-
tours need less computational resources than level set meth-
ods, they still often lead to time consuming methods. So
many developments have to be realised in order to achieve
the goals we have precised.

Indeed in our approach we have chosen not to perform any
motion compensation nor any preprocessing. This distin-
guishes our method from most of the traditional approaches
and unables to gain in computation time. But this condition
in fact leads to the need of a high robustness of the methods
that are involved. In our case, computation is also reduced
by the use of a multiresolution scheme.

The random trajectory of the object is managed by a possible
snake scission step which allows to track objects being close
together and then moving apart.

First active contour models will be introduced and traditional
object tracking approaches based on snakes will be reviewed.
We will then recall the energies used in our snake model
and the two steps composing the tracking method. We will
next described the scission step which allows to extend our
method to multiple object tracking. The use of a multireso-
lution analysis will be also presented. Finally some results
on football players tracking in football game colour video
sequences will be presented and commented.
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2. ACTIVE CONTOURS AND OBJECT TRACKING

Snakes, or active contour models, have been introduced by
Kass et al [1]. They belong to deformable template models
[2] and are widely used in computer vision, mainly for image
segmentation or object tracking [3]. In this section we intro-
duce the active contour model and review some traditional
object tracking approaches based on snakes.

2.1. Active Contour Model

An active contour can be represented as a parametric curve

v(s) = [x(s), y(s)] , s ∈ [0, 1] (1)

evolving through time and which can be either closed or not.
The active contour evolution is performed thanks to the mini-
mization of an energy function. This function can be defined
in the continuous domain as

E =
∫ 1

0

[α · Eint(v(s)) + β · Eext(v(s))] ds (2)

whereEint andEext represent respectively the internal and
external energies. Internal energy represents physical prop-
erties of the contour whereas external energy links contour
to data contained in the image (as gradient or intensity).α
andβ are coefficients used to give more or less influence to
the different energies. Most of the time, internal and external
energies may be defined as combination of other energies.
Description of classically-used energies and their interpreta-
tions are given in [4].
Several approaches have been proposed for the implemen-
tation of the active contour model. We can mention well-
known variational calculus [1], dynamic programming [5], or
greedy algorithm [6]. In a comparative study [7], it has been
shown the greedy algorithm is faster than other approaches.
In this approach, the implementation of active contour model
is discrete and local. Every point of the parametric curve is
iteratively deformed until convergence using a given termina-
tion criterion. See work by Wong et al [8] for a critical review
of existing termination criteria. For each pointvi of the ac-
tive contour, the energy function is computed on every point
nj

i belonging to the neighbourhood ofvi. The pointni with
minimum energy replaces the pointvi if E(ni) < E(vi).
The energy for a pointvi is given by:

E(vi) = α · Eint(vi) + β · Eext(vi) (3)

So the definition in the discrete domain of the energy func-
tion of the snake is:

E =
m∑

i=1

E(vi) (4)

wherem is the number of points composing the snake.

2.2. Snakes for Object Tracking

Snakes are particularly adapted to tracking of non-rigid ob-
jects. So many snake-based tracking methods have been pro-
posed in the literature. We present some studies in next part.
First approaches were proposed by Kass et al and by Ley-
marie and Levine [9] using the final snake in the previous
frame as the initial snake in the current frame. In order to deal
with important motion or low frame rate, Terzopoulos and
Szeliski [10] and Peterfreund [11] propose to use a Kalman
filter for motion estimation. Vieren et al [12] set a global
snake on the borders of the image to detect and track new
objects entering in the scene. When dealing with complex
background, new energy term can be added as the texture
energy introduced by Delagnes et al [13] or the motion com-
pensation error term used by Pardas and Sayrol [14]. Lam
and Yuen [15] modify the energy formulation and propose a
tracking method giving better results than tracking based on
greedy algorithm from [6]. Radial modelling of the contour
has also been proposed by Denzler and Nieman in [16] and
Chen et al in [17] to prevent crossings in the contour and to
reduce the energy minimisation problem from a 2D image
plane to a 1D space. Real-time tracking with snake has been
reviewed by Blake and Isard in [3]. Finally several snake-
based approaches for football players tracking have been pro-
posed, including a segmentation preprocessing step in [18] or
without any in [19].

3. PROPOSED ALGORITHM

We have already proposed a fast snake-based method to track
football player [19]. Here we recall in this section the ener-
gies used in the model. We will also present our tracking
method based on two successive steps: snake initialisation
and snake deformation.

3.1. Definition of the Energies

The snake deformation is performed iteratively thanks to the
minimization of an energy function. As defined in (3), the
energy is composed of internal and external energies.

3.1.1. Internal Energy

The internal energy is itself composed of three energies linked
to continuity, balloon, and curvature forces. The definition of
the internal energy is given in:

Eint = a · Econ + b · Ebal + c · Ecur (5)

whereEcon, Ebal, Ecur represent energies linked respec-
tively to continuity, balloon, and curvature forces. As for
(3), coefficients (herea, b, andc) are used to give more or
less importance to the different energies.
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Continuity force influences the curvature of the model. It
forces the points of the contour to be equally distant, so the
contour tends to be a circle. The energyEcon(nj

i ) is de-
fined for a pointnj

i in the neighbourhood ofvi as the abso-
lute value of the difference between two distances: the aver-
age distancēn between two successive points of the contour
(which is computed at each iteration) and the distance from
the previous contour pointvi−1 to the pointnj

i .
Balloon force has been introduced by Cohen [20] and allows
the contour to extend or to retract. We will use a reduction
force to force the area of the snake to decrease. The energy
Ebal(n

j
i ) is defined as the scalar product of the normal vec-

tor of the contour at the pointvi with the vector
−−→
vin

j
i . The

direction of the normal vector allows the contour to grow or
to reduce.
The last force used in the internal energy is the curvature.
The goal of this force is to avoid isolated points which will
not be coherent with the global shape. So the energyEcur(n

j
i )

is proportional to a discrete expression of the second order
derivative.

3.1.2. External Energy

In a similar way to the internal energy, the external energy is
a linear combination of several terms. The two energies used
here are linked to gradient and colour forces:

Eext = d · Egra + e · Ecol (6)

whereEgra andEcol represent energies linked respectively
to gradient and colour forces.
The gradient force is based on a combination of the gradi-
ents computed on the three colour components (red, green,
and blue). It makes the model to stop on the actual con-
tours present in the image. We use Sobel operator to com-
pute an approximation of the gradient, which is then thresh-
olded. The use of a threshold allows us to eliminate most of
false contours and so to increase robustness to noise. In order
to limit processing time, the gradient is computed once per
frame and only on a subpart of the image around the initial
snake position.
The colour force is defined using a priori information about
the colours present in the image background. More precisely,
average colour of the background can be computed using
some appropriate method (as [21]). For each pixel, the en-
ergyEcol is then defined as the difference between its colour
and the average background colour. In order to limit noise,
we also threshold the value obtained. By this way we force
the snake to remain on the extern contour of the tracked ob-
ject.

3.2. Tracking Method

The tracking method we proposed in [19] is based on two
steps performed successively on every frame of the video se-

quence. First the snake is initialised using result from the
previous frame and is next deformed using energies defined
above. As it was precised previously, the tracking method
does not need any preprocessing nor motion estimation / com-
pensation step.

3.2.1. Snake Initialisation

The first step consists in initialising the snake on the current
frame. Once again, this is done in two steps. First a rect-
angle parallel to the image border is created as a bounding
box around the final snake obtained from the previous frame.
Next the size of the rectangle is increased in order to englobe
the expected contour at the current frame. As we are us-
ing a discrete implementation of the snake model, we set the
points defining the snake all along the contour of the rectan-
gle. A specific initialisation is necessary for the first frame of
a video sequence, where no a priori information is available
about the contour. In this case, the initialisation can be per-
formed either manually or automatically (using a foreground
extraction method as [21]).

3.2.2. Snake Deformation

Once the snake has been initialised on one frame, it is then
deformed and reduced in order to fit the object contour and
to get the final result. The snake reduction is done until con-
vergence using the process described previously. So we use
a reducing balloon force rather than an increasing one. This
can be justified by the fact that the area around the object
(i.e. background) is more homogeneous than area inside the
object which can contain high gradient values. This is often
the case when the object shape is not rigid. In the opposite
case, it would be better if the initialisation could be achieved
using an inner contour and an expending balloon force.
From this starting point we will introduce many improve-
ments as we will be able to track several objects at the same
time in real time.

4. MULTIPLE OBJECT TRACKING

The tracking method described in the previous section is able
to track moving objects in colour video sequences acquired
from a moving camera. However, the tracking fails when
moving objects have very close positions. Indeed, when the
tracked object is close to another object, the initial snake
will enclose both objects together. Once the objects move
away one from the other, the snake model presented in [19]
is unable to fit only one of the tracked object and contin-
ues to track both objects as only one. Another limitation of
this snake model was its sensitivity to high gradient values
of background pixels (e.g. white lines in football scenes for
instance). Figure 1 illustrates these two problems.
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(a) (b)

Figure 1: Illustration of incapacity of the snake to deal with
close moving objects and with high gradient values of back-
ground pixels. Object tracking is correct in frame (a) and
fails in frame (b) when B player comes across A player.

So we propose here an extension of the initial snake model
to solve problems described above. It introduces a scission
step which divides the snake in several contours if necessary
and a decision step which keeps only relevant contours. The
scission is based on internal snake features instead of exter-
nal features as in [22]. This extension allows us also to track
multiple objects at the same time. In order to limit computa-
tion time, scission and decision steps are perfomed only once
per frame when the final contour has been obtained.

4.1. Scission Step

In order to divide the snake into several contours, we check
the length of every segmentvivi+1 connecting two succes-
sive pointsvi and vi+1 of the contour. When the length
of a segment is higher than a threshold, the segment is di-
vided each time two such segments are encountered along the
snake, and several new contours are introduced that are lim-
ited to those segments (figure 2). The threshold is computed
as the product of a fixed coefficient and the average distance
n̄ between two successive points of the contour. The con-
cerned segments are divided into three equal parts. Letp1

i

andp2
i denote the two intermediary points betweenvi and

vi+1. The three segments created arevip
1
i , p1

i p
2
i , andp2

i vi+1.
Let us suppose the contour has to be divided at segments
vivi+1, vjvj+1, andvkvk+1. The snake will then be divided
into three contours, which contain respectively the additional
sets of segments:

Ω1 =
{
vip

1
i , p1

i p
2
k, p2

kvk+1

}
(7)

Ω2 =
{
vjp

1
j , p1

jp
2
i , p2

i vi+1

}
(8)

Ω3 =
{
vkp1

k, p1
kp2

j , p2
jvj+1

}
(9)

This process is illustrated in figure 2.

4.2. Decision Step

The scission step allows to divide a snake into several ones.
It is followed by a decision step to determine the relevant

(a) (b)

(c) (d)

Figure 2: Successive steps in the scission process. The initial
contour (a) is analysed to determine segments to be divided
(b). For every concerned segment, two new points are created
(c). Finally sets of segments are reorganised to build the final
contours (d).

snakes from the set of contours created during the scission
step. Then the coherence is verified. Indeed, the set of new
contours may contain some snakes which fit noise or back-
ground pixels and which are not relevant for the tracking pro-
cess. So we check the size and the shape of the new contours
to discard contours consisting of a point, a line, or contours
characterized by a very small or very large surface.
The other problem we want to solve is computation time that
we can reduce using a multiresolution format of the images
processed.

5. MULTIRESOLUTION ANALYSIS

In order to limit computation time, we propose to extend our
initial snake model to a multiresolution scheme in the image
representation itself. Several approaches for multiresolution
modelling of active contours have already been proposed in
the literature [23, 24, 25]. They consist in snake evolution on
a coarse-to-fine basis. First the snake is deformed at a coarse
resolution. Next the result is used as an initialisation for a
snake evolution at a finer resolution. This process is iterated
until the current resolution is the original one.
The multiresolution approach proposed in this paper consists
in a similar coarse-to-fine analysis using a termination cri-
terion linked to correctness of the resulting snake. So this
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approach is less time consuming than previously published
ones. It is particularly useful when the contour obtained at
coarse resolution is sufficient to process next frame. In case
of a contour at fine resolution is needed, the coarse-to-fine
analysis is performed until the orginal resolution without tak-
ing into account the termination criterion.
The proposed approach consists in successive analyses of
one image at different resolutions. Frames are first analysed
at a very low resolution. If the snake obtained after the de-
formation step is not correct (using the decision criteria de-
scribed in previous section), the image is analysed at a higher
resolution where the new width and height are twice the pre-
vious ones.
Figure 3 shows several representations of an image at dif-
ferent resolutions. Our algorithm is able to process images
at different resolutions, from original resolutionr0 to lowest
resolutionr5 where image size has been reduced by a fac-
tor of 25×2 = 1024. On average, the minimum resolution for
which correct tracking results are obtained isr3, that is to say
the image size has been reduced by a factor of23×2 = 64.
However correct results can be obtained in some cases with
lower resolution.
In order to achieve robustness of the algorithm against change
in resolution, some parameters are dependant of the resolu-
tion. These parameters are the number of iterations, the num-
ber of snake points, the size of the initial rectangle contour,
and the gradient threshold. On the opposite, energy coeffi-
cients and neighbourhood size do not depend on the resolu-
tion level.

6. RESULTS AND DISCUSSION

In this section we first describe the different parameters of
our method and discuss about how we set them. Next we
illustrate our contribution using some result images. Finally
we analyse processing time of monoresolution and multires-
olution methods.

6.1. Method Parameters

The method proposed here has been tested on football video
sequences composed of images with size equal to384× 284
pixels and with colour coding in 24 bits. In order to limit
computation time, we process pixels directly in the RGB
colour space and we do not perform any conversion to an-
other representation space. The goal is to track football play-
ers in the video sequence acquired with a moving camera.
The snake is initially composed ofm points at the finest res-
olution. The number of points has a direct influence on the
result obtained on the one hand and the processing time re-
quired on the other hand. Indeed, when the resulting shape
has to be as precise as possible, the snake model will be com-
posed of a high number of points. In this case, the final snake

resolutionr0 resolutionr1

(size is384× 288 pixels) (size is192× 144 pixels)

resolutionr2 resolutionr3

(size is96× 72 pixels) (size is48× 36 pixels)

resolutionr4 resolutionr5

(size is24× 18 pixels) (size is12× 9 pixels)

Figure 3: Representation of an image at different resolutions.
Resolution decreases from top left image (finest and original
resolutionr0) to bottom right image (lowest resolutionr5

analysed by our algorithm). Images have been rescaled in
order to see resolution differences.

will better fit the tracked object. But the deformation step
will also be characterized by a higher computational time.
On the contrary, when the application requires only object
position and when the shape precision is not of the greatest
importance, the number of points can be reduced. It induces
a lower processing time. We are concerned with real time
tracking of moving objects where snake position is more im-
portant than precision of the snake shape. So we use a low
number of points, that is to saym = 16.

At this resolution level, the maximum number of iterations is
30. However, most of the time, the contour converges most
of the time before this number of iterations. Indeed conver-
gence has not been obtain for only 30 % of the frames. The
neighbourhood for the search of a point with minimum local
energy is5 × 5 pixels. In order to further decrease process-
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ing time, it is also possible to limit the maximum number
of iterations and to decrease the size of the neighbourhood
considered for local energy computation.
The energy coefficientsα, β, a, b, c, d, ande have all been
set to 1. This gives satisfactory results and in the same time
computational resources are limited. Table 1 sum up the dif-
ferent parameters which have to be set in our algorithm.

6.2. Tracking Results

Figure 4 shows an example of tracking on a 100 frames long
sequence in a simple case. In this figure the tracking has
been performed at the original resolution. Without perform-
ing any object motion estimation nor camera compensation,
the algorithm manages to track moving object in a moving
environment.
When two objects are close together, the scission step allows
to divide the snake in several contours as shown in figure 5.
This allows to track separately the different objects present
in the scene. However, even if the scission step proposed in
this paper allows the snake to correctly track close objects,
the proposed method is still unable to track objects in a com-
plex background. In this case, gradient forces will lead the
contour to background pixels and the snake will not fit the
tracked object.
Tracking result obtained at resolutionr4 (image size is 256
times lower than original one) are presented in figure 6. We
can note the coarseness of the snake shape which is due to
the low resolution level the frames are analysed at.

6.3. Analysis of Processing Times

Processing time of the proposed algorithm (without consid-
ering image reading) is about35 milliseconds per frame on
a PC laptop (Intel Pentium III with 128 MB RAM) relying
on a C implementation of the proposed approach. It allows
to perform real time tracking of moving objects in a moving
environment using gradient and colour information.
Contrary to theoretical justifications, standard analysis is per-
formed quite as fast as multiresolution analysis (it is only a
few milliseconds slower). This is partially due to time neces-
sary to build the hierarchical multiresolution representation
of the image. This processing can be avoided when dealing
with compressed video sequences (e.g. MPEG or MJPEG
videos) where DC coefficients can be directly used (with-
out any decompression) to get low resolution frames. In this
case, full decompression of video sequences is not necessary
if the algorithm converges at a low resolution. However, the
additional time necessary to build the pyramidal representa-
tion of the frames is quite low (about a few milliseconds) and
the main reason of the similar observed processing times for
standard and multiresolution analyses is elsewhere.
Indeed observation of similar processing time for standard
and multiresolution analyses is due to the fact that standard

tracking algorithm has been already optimised (e.g.gradient
is computed only once per frame and only in the neighbour-
hood of the initial snake) and is already characterized by low
computational cost.

7. CONCLUSION

The method described in this paper is able to track non-rigid
objects in colour video sequences. Processing is performed
in real time even if the source camera is moving. We intro-
duce here two extensions of our method for multiple object
tracking and multiresolution analysis. Tests on football video
sequences have been presented to show the quality of the pro-
posed method.
Future work will include use of more robust colour energies
as those proposed by Gevers et al in [26] and by Ngoi et Jia
in [27]. A background/foreground separation step may also
be necessary to deal with object tracking on a complex back-
ground. Finally implementation of the proposed algorithm
on a multiprocessor workstation is considered to continue de-
crease computation time.
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Parameter Value
Sizem (in points) of the snake (at
original resolution)

16

Maximum number of iterations in
the deformation (at original resolu-
tion)

30

Size (in points) of the neighbour-
hood scanned for local energy com-
putation

5× 5

Coefficientα for internal energy 1
Coefficientβ for external energy 1
Coefficienta for continuity energy 1
Coefficientb for balloon energy 1
Coefficientc for curvature energy 1
Coefficientd for gradient energy 1
Coefficiente for colour energy 1

Table 1: Parameters used in the proposed tracking algorithm.

(a) (b)

(c) (d)

Figure 4: Objet tracking results from a 100 frames football
video sequence. Interval between two images is about 20
frames.

(a) (b)

(c) (d)

Figure 5: Relevance of the scission step in case of close po-
sitions of moving objects. Two moving objects have cross-
ing trajectories (occlusion in top right image). Scission step
allows to correctly fit objects after occlusion (bottom left im-
age).

(a) (b)

(c) (d)

Figure 6: Object tracking on a multiresolution basis. Frames
were analysed at a very low resolutionr4 (image size has
been decreased by a factor equal to 256).
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