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Résumé : Cet article présente une nouvelle approche pour le suivi de primitives complexes
sur une séquence d’images. Notre approche intégre les principes du suivi de contours par
la méthode des contours actifs et ’analyse de mouvement a base de regions. Tout d’abord,
un contour actif effectue le suivi du contour de la région et effectue la segmentation de la
région. Ensuite le mouvement de la région extraite est estimé par une analyse dense et multi-
résolution du mouvement des points de la région, basée sur les gradients spatio-temporel de
I'image. Enfin, 'estimation du mouvement obtenue est utilisée (via un filtrage temporel) pour
prédire la position de la région dans I'image suivante. Cette prédiction permet d’initialiser le
contour actif dans I'image suivante, et donc ainsi de guider ’algorithme de suivi vers la zone
de I'image ot la région se trouve probablement. Ainsi, ces deux approches complémentaires
collaborent réellement et échangent des informations de maniére a effectuer un meilleur
suivi. L’algorithme fournit aussi la trajectoire des points de la région, et une estimation de
son mouvement apparent. La méthode est illustrée par des résultats expérimentaux sur des
images réelles.

Mots-clé : Suivi, contours actifs, analyse du mouvement, champ des vitesses, filtrage,
prédiction
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Tracking complex primitives in an image sequence

Abstract: This paper describes a new approach to track complex primitives along image
sequences. This approach integrates the ideas of snake-based contour tracking and region-
based motion analysis. First, a snake tracks the region outline and performs segmentation.
Then the motion of the extracted region is estimated by a dense analysis of the apparent
motion over the region, using spatio-temporal image gradients. Finally, this motion mea-
surement is filtered to predict the region location in the next frame, and thus to guide (i.e. to
initialize) the tracking snake in the next frame. Therefore, these two approaches collaborate
and exchange information to overcome the limitations of each of them. The combined algo-
rithm performs object tracking and estimates both the apparent motion and the trajectory
of the object in the image. The method is illustrated and validated by experimental results
on real images.

Key-words: Tracking, snakes, motion analysis, velocity field, filtering, prediction
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1 Introduction

Tracking an object through a long period of time is an important issue in dynamic scene
analysis: it provides for instance a good basis for the estimation of 3D motion and/or struc-
ture [Sha86] [BC86]. First investigations were concerned with the tracking of points [SJ87]
and edge segments [CSD88] [DF90] [GCDVF93]. However, this data is sparse and sensitive
to occlusion. Consequently, interest was driven to the tracking of more complex and global
primitives, such as regions or entire objects. Among the latter approaches, two large classes
of algorithms emerge: snake-based contour tracking [KWT87] [CB92] [CAS92] [CB92] [T'S92]
[BD93b] and region-based tracking [BC86] [MB92b] [Sch82]. Besides, some authors investi-
gated model-based tracking, where a 3D polyhedral model of the object of interest is known
[KDTN92] [Low92] [SD91|. However, to track objects of various shapes, as considered in this
paper, snake-based contour tracking and motion-based region segmentation are more appro-
priate methods. The first method, based on snakes, is particularly well adapted to tracking
due to the active behavior of snakes (also called active contours), provided the motion is slow
enough. It is also quite precise in the extraction of object boundaries. Still, the approach is
not so robust to large displacements and is limited to the information given by edges (no in-
formation about the interior of the region is used). In particular, objects with a lot of texture
are not well handled. Snakes also require an appropriate initialization. Moreover, snakes give
rough estimations of boundary motion (if they do), since they rely only on the edge informa-
tion (not on the whole region) and perform no filtering on the motion estimations. On the
contrary, the second type of methods, motion-based region segmentation and region-based
tracking, exploits the full region information, and estimates region motion quite precisely.
Moreover, filtering is applied to smooth the estimated motions. Besides, this method is not
very sensitive to the magnitude of the displacement, nor to partial occlusion. Furthermore,
motion-based region segmentation is able to detect moving objects in the image and thus
do not require any initialization. Nevertheless, segmentation gives rather rough estimations
of region boundaries. As can be seen, these two methods have complementary strengths and
shortcomings.

This paper describes an original combination of these two types of approaches, which
overcomes some of the limitations of each of them. First, the moving object is detected by a
motion-based segmentation algorithm [BF93] [BL93]. Then a snake-based contour tracking
algorithm is used to track and segment the object along the image sequence. It is based on
B-spline snakes with motion constraints [BD93b] [BD93a]. Indeed B-splines can describe va-
rious shapes. Moreover motion constraints improve the robustness of the tracking algorithm.
Thereafter, the motion of the region delineated by the snake is estimated using a region-based
motion analysis approach. It is derived from the region-based tracking approach proposed
by [MB92a]. It consists in a dense and multi-resolution estimation of an affine velocity field
over the region. Additionally the obtained motion measurements are smoothed using Kal-
man filtering. This temporal filtering is further applied to predict the expected position of
the region in the next frame and thus to initialize the snake tracker in the next image. As a
result, snake-based contour tracking and region-based motion analysis strongly cooperate in
this combined approach: motion estimation relies on the snake-based segmentation, whereas
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it provides to the tracking snake a prediction of the region location. Such a joined approach
has rather good tracking performances, as illustrated by the experimental results presented
in the last section of this paper.

The paper is organized as follows: the first section describes the global framework of our
tracking approach. The second and third sections present in more detail the modules of
the approach: respectively object segmentation and tracking, and motion estimation and
prediction. Finally the last section presents experimental results to illustrate and to validate
the approach.

2 Outline of the tracking approach

This section describes our tracking approach that combines snake-based contour tracking
and region-based motion analysis. The whole experimental platform that has been developed
is summarized in Figure 1. Below are presented the main steps of this approach and the
interactions between the different modules:

INITIALIZATION ON FIRST IMAGE OF THE SEQUENCE As snake-based
tracking requires an initialization, motion-based segmentation [BF93| is used to initialize
tracking in the first image of the sequence. Indeed motion-based segmentation can detect a
moving object in the image and generate a rough mask of this object. Then a first outline
of the object 2D projection can be deduced from this mask using classical edge detection
and linking. After B-spline approximation, this estimation of the object contour can be
improved by a free deformable B-spline curve, so as to better fit image edges [BD92]. This
provides an initialization to the snake-based tracking algorithm. However, since motion-
based segmentation is rather unprecise, it is applied only once to initialize the snake on the
first image of the sequence, and the segmentation of the following images of the sequence is
achieved by a snake-based tracking algorithm.

CONTOUR TRACKING BY A SNAKE WITH MOTION CONSTRAINTS
Then the region outline is simultaneously extracted and tracked along the image sequence
by a snake. A snake is a deformable curve representing the contour. From its starting point,
its position is optimized in the image by energy minimization, so that the equilibrium state
of the snake corresponds to the position of the image contour. Here the chosen snake is a
deformable B-spline curve with motion constraints [BD93b] [BD93al. Indeed B-splines can
describe various types of shapes. They also have nice smoothness properties [BBB87]: it
is useful to regularize the noisy edge information issued from the image. Besides, motion
constraints are applied to stabilize the snake, so that the convergence becomes quicker and
robuster. These motion constraints consist in imposing a motion model to the displacement
of the deformable curve. Thus the curve is matched globally to the object boundary in the
next frame, with the result that the point-to-point correspondences between the curves are
regular along them. This is important if the pointwise trajectography of the object in the
image is to be recorded. Indeed fully free deformable curves tend to present fallacious sliding
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effects of the curve along the image contour, which do not correspond to true object motion
but to snake internal dynamics: they are due to the local fitting behavior of the unconstrai-
ned snake which causes local dilation and shrinking. And whereas these effects are almost
negligible for small displacements, they can become disturbing for large motions. It can be
noted that other solutions than motion constraints have been proposed to treat this problem.
For example, Cohen et al [CAS92] use high curvature points as landmarks to guide the mat-
ching process. With respect to the same problem, Curwen and Blake [CB92] impose ”weak”
shape assumptions on the deformable contour (up to an affine transform). In this paper, a
2D motion model is enforced on the snake, as proposed by [BD93b] [BD93a]. It is affine,
since such a 2D displacement model can reasonably approximate the 2D motion of a 3D rigid
object if perspective is weak. Then these motion constraints are relaxed in order to refine
the extracted curve (to deal with non-rigid deformations for instance). Indeed, during this
refinement step, sliding effects are likely to be small, since the displacement model should
be able to describe the largest part of the curve displacement. Thus region segmentation
and tracking is performed by a B-spline snake with affine-plus-deformable motion. Such an
approach gives good instantaneous estimations of the region outlines in the images of the
sequence. However, these estimations can sometimes be noisy. Therefore temporal smoothing
- achieved by Kalman recursive filtering - is used to reduce the noise. Thus the trajectories
of the control points parameterizing the boundary of the region (estimated by the B-spline
snake) are filtered using a decoupled «, [ tracker for each control point coordinate [DF90].
Thus our combined tracking algorithm evaluates the regularized trajectories of the region
border points: this is useful to study the region deformations.

REGION SEGMENTATION Thus region segmentation and tracking is performed by
the snake. Such a snake-based segmentation is usually rather accurate, compared to motion-
based segmentation for instance. However, the estimation of motion given by the snake is not
so satisfactory since it relies only on the information available along the border of the region,
and does not consider the interior of the region. Thus, to estimate motion, the algorithm
presented in this paper uses a region-based approach, which is likely to be more stable than
an contour-based approach.

REGION-BASED MOTION ESTIMATION So, given the region segmentation de-
livered by the snake, the region motion is estimated using a region-based approach inspired
by motion-based region segmentation [MB92b]. A 2D affine displacement model is assumed.
The parameters of this affine displacement are deduced from the parameters of a 2D affine
velocity model. Moreover, this approach is multi-resolution. The interest of this method is
that it uses the dense information given by the interior of the region (i.e. the spatio-temporal
derivatives of intensity) to estimate motion, instead of the sparse information provided by
contours. Thus this approach to motion estimation has rather good precision. It is also quite
robust to noise and occlusion, and can handle large displacements, due to a multi-resolution
scheme. Besides, here motion estimation is not used to perform region segmentation: it is
provided beforehand by the snake. Indeed, motion-based segmentation often provides poor
estimations of region boundaries, whereas snakes usually estimate contours with good ac-
curacy. Thus this motion analysis procedure gives a good instantaneous estimation of the
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region motion. However these estimations remain relatively noisy. Therefore temporal filte-
ring is performed on them: a Kalman filter with constant speed is applied to each parameter
of the region affine motion model. Thus regularized estimates of the region affine motion are
given by the algorithm.

CONTOUR PREDICTION Moreover, this Kalman filter, which performs temporal
smoothing on the estimations of region affine motion, is exploited to provide a prediction of
the region motion in the next frame. Thus, by applying the predicted motion to the control
points of the current region, the geometry and position of the region in the next frame can be
predicted. This prediction is then employed to initialize the snake - which tracks the region
contour - in the next frame. Thus the snake search for the region edge is directed towards
the image area where the region is to be expected. Such a prediction step is likely to improve
the snake tracking performances. Indeed, snakes, which search for the closest edge from their
starting point, are sensitive to initialization and can be trapped in local minima. Thus, the
use of a prediction clearly reduces the possibility of tracking failure or mismatching by the
snake, especially if the contour displacement is large. This way, motion analysis, which relies
on the segmentation provided by snakes, operates back on snake tracking and supplies a
prediction that should improve the snake tracking capabilities. Thus the tracking approach
presented in this paper truly and closely combines snake-based tracking and region-based
motion analysis.

REMARK ABOUT ROBUSTNESS TO OCCLUSION [t is to be noted that this
algorithm is rather robust to partial occlusions. Indeed region-based motion estimation is not
very sensitive to occlusion since it relies on a dense information. Moreover snakes with motion
constraints perform global matching between the template shape extracted in the previous
frame and the image contour, so that they are also rather robust to partial occlusions.
However, motion constraints on the snake should not be relaxed (for shape refinement) in
the case of occlusion, since free deformable B-splines are more sensitive to local information.

3 Object segmentation and tracking

This section details how the object is tracked and segmented in each image. In fact tracking
is performed by a B-spline snake with motion constraints [BD93b|. Indeed a contour is
modelled as a B-spline curve, because such a representation can describe most real-world
shapes rather realistically. Then tracking is performed by a deformable B-spline with strong
motion constraints, that is to say a parametric displacement model (such as rigid, affine or
homographic) is imposed on the deformable curve. Indeed, whereas a classical deformable
B-spline [MSMMO90] [BD92] is parameterized by the coordinates of its control points, the
deformable B-spline with motion constraints [BD93b] is parameterized by the displacement
model parameters. Thus this tracking approach performs reliable matching between the
points of consecutive contours, due to the motions constraints. This tracking method also
is rather quick and robust, due to the limited number of degrees of freedom. Tracking is
finally completed by a refinement step, during which motion constraints are relaxed. This
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final step is necessary to perform accurate tracking if the chosen displacement model does
not exactly describe reality, and especially to deal with non-rigid objects. The equations of
this deformable model are presented below.

Let Cy(u) be the B-spline curve corresponding to the contour of the first image. It is
obtained from motion-based segmentation [BF93|, which generates a mask of the moving
object in the first image. The outline of this mask is extracted by an edge detection algorithm.
Then it is approximated - in the least-square sense - by a B-spline curve and optimized by
a deformable B-spline curve, so as to better fit the edges of the grey-level image [MSMM90]
[BD92]. This B-spline curve is the template shape. As a B-spline, it can be parameterized

by linear combination of basis functions B (u)‘ - where k is the degree (plus one) of

=uU..m

the B-spline - and control points (V0, V' yio)|iz0..m, as follows:
zo(u) | Vg &
Co(u) = = B; 1
= | 2 | =3 Ve | st )
The contour is then tracked by a deformable B-spline from the initial position given by
Cy to its position C'(u) in the next image. To this purpose, as already mentioned, a 2D affine
displacement model is imposed on the deformable curve. Therefore, the curve C(u) to be

found in the next image is described as an affine transform of the template shape, so that it
can be written as:

| z(w) | zo(u) B - szg k szo %
=[] =[5 -G ) -S| o)

As B-splines share the property of affine invariance, the affine transform can be applied
either to the control points or to the curve points, as shown by the above formula.

Then the parameters of the curve C(u) are optimized until the curve fits image contours,
by means of energy minimization (as classically done for snake techniques). Of course, the
curve parameters are here those of the affine transform, the template shape remaining un-
changed. As the deformable curve seeks edges, its associated energy is written as the mean
of the intensity gradient along the curve (with a minus sign):

1
£ = [ V1@ ) (3)
The energy minimization is carried out using Euler-Lagrange dynamics; the system is
considered to be massless and embedded in a viscous medium. Therefore the dynamic equa-
tions of the parameter a; of the affine transform (A,T) (which parametrize the deformable

curve) are the following:

da; 8 VI| 0z (9 VI| oy
oy 2~ O  OVI O, (1
dt 8(1] |C| Oz 8(1] dy 0Oa;
As a result of the use of a displacement model, the deformable curve is globally matched

to the image edges. Thus the algorithm is rather robust and the point-to-point matching
between the curves is fairly reliable.
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Finally the motion constraints imposed by the displacement model may be relaxed, in
order to refine the estimated contour. In this final stage, the B-spline curve becomes fully
deformable, like in [MSMMO90] [BD92]. This refinement step improves the precision of the
contour extraction in the case where part of the object deformations (like non-rigid de-
formations) cannot be described by the selected displacement model, if no occlusion has
occurred.

The final curve extracted in a frame becomes the new template shape which is in its turn
tracked to the next frame. Thus the template shape is continuously updated during tracking.

It can be noted that this approach makes use of two different scales to better extract
the contours. Indeed, the calculation of the image forces (related to the intensity gradient)
governing the snake motion is preceded by a smoothing of the image. First, when global
tracking of the object is performed using a deformable B-spline with affine displacement
model, the smoothing factor is large. And finally, when the extracted edge is locally refined
by a free deformable B-spline, a small smoothing factor is applied to the image.

Furthermore, the trajectories of the control points parameterizing the region contour, and
measured by the snake, are smoothed using Kalman filtering. Indeed these trajectories are
relatively noisy and their regularization provides a better description of the region deforma-
tions. Thus each coordinate of the control points is filtered independently using a Kalman
filter called the o, tracker [DF90]. Indeed Kalman filtering is a statistical and recursive
approach to estimate a time-varying vector X; from noisy measurements V;, given a dyna-
mic system model, the uncertainty associated with the model and the uncertainty associated
with the measures. Here each vector to estimate, called the state vector X}, is the position x
and velocity z of the given control point coordinate. A constant velocity model is assumed.
The position = of the control point coordinate can be measured directly. The steady state
Kalman filter that can be written for this system is called the «, 8 tracker. It generates the
estimations associated with each state vector (i.e. each control point coordinate) using the
following equations:

Tt = —(a+p— 2)371t—1/1t—1 -(1- 04)3715—2/)5—2 + avy + (—a+ By (5)
it/t = _(04 + 0 — Q)it—l/t—l - (1 - 04)@—2/15—2 + ﬁ(vt - Ut—l)

The reader interested by more details on the performances of such a filter is kindly
referenced to [DF90].

4 Motion estimation and prediction

Given the segmentation performed by the snake, as described in the previous section, the
region motion is then estimated using a region-based approach inspired from motion-based
region segmentation [MB92b] [BF93]. Indeed such a region-based approach to motion esti-
mation is likely to be more stable than a contour-based approach. A 2D affine displacement
model is used to capture the motion of the tracked region between two successive frames.
The computation of this affine displacement relies on the spatio-temporal derivatives of the
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intensity function and is embedded in a multi-resolution scheme. This module is described
below:

The region evolution model As mentioned before, the region R in the image at time
t + 1 is assumed to be the result of a 2D affine transform , (A, T), of the region R in the
image at time t. Hence every point (z(t),y(t)) € R at time ¢ is located at (z(t +1),y(t + 1))
at time t + 1, with:

<z)@+1): A@<z>a)+T@ (6)

These regions have already been delineated by a snake and we need to determine the para-
meters of this affine displacement model (A, T) (¢). In fact, these parameters can straight-
forwardly be derived from the parameters of a 2D affine velocity model (M, b). Indeed, the
2-D velocity field within the region R can be approximated with an affine model:

veaer  (5)w = Mo( 2o o 7)

Such affine models of the 2D motion field have also been used by [Ber92b, Bur89, Neg92].
Indeed, such a model can describe a large class of motions: rotation, scaling, shear, ... It can
also handle deformable motions to a certain extent. Moreover, an affine model of the 2-D
velocity field conveys valuable and robust information about the 3-D motion and structure
[MB92a].

If (z,y)T(t+1) is expanded in Taylor series to the first order, it can be written as follows
(where 6t is the time step between two successive frames):

(z>@+1): <z)@)+ &(2)@)

From (6), (7) and above, it comes (with I being the 2 x 2 identity matrix):
A(t) =I,+ 6tM(t) and T(t) = 6tb(t) (8)

Thus the affine displacement (A(t), T(¢)) can be deduced from the affine model (M, b) ()
of the 2-D motion field. To estimate (M, b) (), a multi-resolution scheme has been developed.
Therefore the method provides accurate and robust estimates of the motion parameters, even
in the case of large displacements. It is presented below.

Multi-resolution estimation of the motion parameters The idea is to estimate the
motion parameters with a “coarse-to-fine” strategy. First a rough estimate of the parameters
is obtained at the lowest resolution. Then it is refined using the higher resolution images.
Similar hierarchical methods have already been employed for the estimation of optical flow
[Enk88] [Ana89] and parametric motion models [Ber92a] [MB92a].

Two low pass Gaussian pyramids are built, for the images at time ¢ and ¢ + ét. For each
segmented region, the pyramid provides the delineations of the regions at each level. First,
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the six affine velocity parameters of the region are estimated at the lowest resolution level
L, with a least-squares fit to normal flows. To do this, we use the well-known image flow
constraint equation [Hor81] that relates the motion field v(z,y) to the spatial gradient of
the image intensity VI(z,y) and its temporal partial derivative I;(z,y):

VI(z,y).v(z,y) + Li(z,y) =0 (9)

Thus the affine velocity model v(n py(2,y) given by (7) should verify equation (9).

Each image in the Gaussian pyramid is a blurred and sub-sampled (of a factor 2 in both
directions) version of its predecessor. The displacements measured in pixel at level [ + 1 are
twice as less as the displacements at level [. As a result, the optical flow constraint equation
(9), which assumes that the image motion is small, can be more easily applied at the lowest
resolution level L, and the parameters (ML,bL) are estimated over the region R% at level
L using a least-square procedure based on relation (9).

Then, we refine the estimate using the higher resolution levels, with an equation similar
to (9). For the clarity of the presentation, we will drop the time variable ¢ wherever it can
be done without causing confusion. Let p! be a point within a region at a given level /. Let
V(M’b)z(pl) be the affine model of the velocity at location p':

vy (P') £ MLp! + b’ (10)

The motion field estimated at the coarser level [ + 1 is projected on the current level and
accounts for an initial displacement. Let ép' be the displacement at location p’. Assuming
that the brightness of a moving point remains constant all along the trajectory of the point,
we get :

I(p'+ 6p',t + 6t) = I(p',t)
In fact (9) is the differential version of the above equation. Since ép’ = V(M,b)z(pl).ét, we

wish to estimate the displacement §p’. Let us assume that p'*! is the father of p’ at level [+1.
And let §p'™ be the displacement estimated, at level [ + 1, at location p**t!. The projection
of §p'™! on the level [ is equal to 26p'*L. It serves as an initial estimate to compute ép'. We
define §?p’ as the incremental estimate to be computed at level I:

§2p! £ sp' — 26p'*! (11)
—
Let (M, b) " be the estimate of (M, b)"*! obtained at level I + 1.

Let us define AM! 2 M/ — 1\7[“'1, and Ab' 2 bl — 26""1, as the refinement of the motion
parameters to be estimated at the current level (.
It can be shown, using a first order expansion of I about p’ 4 26p'*?, that:

VI(p' + 26"t 4 6t).(AM'p! + Ab)6t + I(p' + 269, t + 6t) — I(p,t) =0  (12)
Equation (12) is linear with respect to AM' and Ab'. Least-squares estimates (AKI, AB’),

of (AAI, Abl) can thus be obtained.
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At each level we have:

L-1 L-1
M =3 AMF + M* and b= 2"'AbF 4+ 287b0
k=l k=l

Rather than incrementally warping the image at time ¢ toward the image at time ¢ + 1, as
proposed in [Ber92b] and in [Ber92al, we use an “incremental” version (12) of the image flow
constraint equation at each level. If the initial estimate is close enough to the real displace-
ment é6p', then the small incremental displacement will be accurate.

Finally, bilinear interpolations of I and VI have to be computed in (12) for points which
are not on the image grid.

Recursive estimation of the motion parameters The multi-resolution method gives
instantaneous measurements of the motion parameters. We need to filter these measurements
to generate more accurate and more stable estimates. Furthermore the dynamic system which
describes the temporal evolution of the motion parameters will provide us with estimates of
these parameters at each instant, even when measurements are not present to update the
prediction (e.g. when a tracked region is being totally occluded). Indeed, in this case we can
generate the optimal predicted estimate, given the previous measurements, of each of the
motion parameters, as explained in [Med69].

In the absence, in the general case, of any explicit simple analytical function describing
the evolution of the variables, a Taylor-series expansion of each component of (M, b) (¢)
yields a local approximation of the temporal evolution of the parameter. Even though using
the first three terms of the expansion (i.e. constant acceleration model) results in a more
precise model, we have noticed that a filter based on a first order expansion (i.e. constant
velocity model) is usually more robust. The state transition matrix thus only takes into
account the first two terms of the expansion. Consequently the dynamic system can generate
predicted estimates of each of the motion parameters, based on the previous measurements,
even in situations of long occlusions. Moreover, we have observed in many sequences that
the correlation coefficients between the six components of (M, b)(t) are negligible. Assuming
that the six variables are indeed independent, we have decided to decouple the six filters. Let
aj(t),j =1,...,6, be one of the component of (M, b)(¢), and let G;(t) be the instantaneous
measurement of a;(t), given by the multi-resolution algorithm. The following dynamic system
provides a local approximation to the temporal evolution of each motion parameter a; :

[Zﬁ]““):[é ﬂ [Zjﬁ](tﬂ[;](t)
@;(t) = a;(t) + B(t)

. . . . . 9 .
where [3(t) is a sequence of zero-mean Gaussian white noise of variance o24. [¢1,¢2]" () is a
sequence of zero-mean Gaussian noise vectors of covariance matrix R:

(13)

ot ot?
Rzailgz ;t]
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A standard Kalman filter generates recursive estimates of each motion parameter. The ini-
tialization of the Kalman filter is thoroughly discussed in [MB92b].

The estimates of the 2D affine velocity model delivered by the filter are then used to com-
pute the 2D affine displacements (A, T) according to relation (8). Furthermore, a prediction
of the region affine displacement in the next frame is calculated. It is then used to initialize
in the next frame the position of the snake tracking the region contour. This helps solving
tracking ambiguities that the snake may encounter. In conclusion, the two main modules of
our approach, contour tracking and motion estimation, truly cooperate, since motion esti-
mation relies on the segmentation provided by tracking, whereas tracking is guided in each
new image by the motion prediction.

5 Experimental results

This section presents experimental results illustrating the tracking algorithm presented
in this paper - combining snake-based contour tracking and region-based motion analysis.
These tests were carried out on real images of different types: a moving arm, an highway
scene and a moving person.

The first image sequence shows moving cars on a highway (fig. 2 and 3). Tracking was
initialized in the first image of the sequence using motion-based region segmentation, as
described in section 2. Indeed, the segmentation algorithm provides a map of the moving
objects (fig. 2a), from which pixel chains can be extracted using an edge point extraction and
linking technique. One of these chains describes the car, yet the silhouette is very unprecise
(fig. 2b). It was approximated by a B-spline and optimized using a fully deformable B-spline
snake, so as to accurately fit image edges (fig. 2c¢). This curve is then used to initialize
tracking. Besides, in this image sequence, the displacement of the tracked car between two
frames is quite large (see fig. 3a showing all the contours extracted along the image sequence),
especially at the beginning, so that classical snake-based approaches are not well adapted
to track it. On the contrary our approach performs correct and accurate tracking, due to
the enforcement of a motion model on the snake (which increases its robustness) and to the
use of a prediction to guide the tracking snake in the region of interest (this prediction is
based on our region-based motion analysis scheme). The last few images of the sequence (fig.
2f) also illustrate the robustness of the approach with respect to partial occlusion: tracking
continues correctly despite a beginning occlusion of the car. Figure 3b displays the filtered
trajectories of the car contour points. These trajectories are quite coherent and close to what
can be expected, though still a bit noisy.

The second image sequence shows the head of a man moving in front of the camera (see
fig. 3 and 4). First, the person moves leftward, then rightward. It is tracked using snakes
with affine-plus-deformable motion, as described in section 2. This approach handles this
example quite correctly, despite deformations due to perspective (such as scaling effects)
and temporary occlusion of the ears for instance. Moreover, the head motion is estimated
using the dense and multi-resolution method presented in the previous section; it is then
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possible, through temporal filtering of the motion estimation, to predict the head position
in the next frame and initialize the snake. This prediction (see fig. 4d) is rather good and
it improves the quality of snake tracking since the head motion is sometimes large and
the background is cluttered. The overall approach is quite robust since tracking continues
correctly despite the motion change of direction. It can be noted that the edge detection
is a bit disturbed in the 14th image (fig. 4c) by the cluttered background, but this error is
corrected in the following images. Fig.3c and d show the contours tracked during motion.
Fig. 4f also displays the trajectories of some of the outline points, estimated by the tracking
snake and filtered over time. It can be seen that these trajectories are quite regular, due to
the global matching performed by snakes with motion constraints.

The third image sequence shows a moving arm (fig. 5 and 6). This example is interesting
because the motion is articulated (flexion then stretching of the arm). Thus tracking is
more difficult. Moreover, the affine motion model assumed by the approach is not a very
good approximation of the object 2D motion. However the arm is tracked successfully. This
example illustrates the usefulness of relaxing the snake motion constraints on each image
in a second phase. First, global tracking of the arm is performed between two successive
images thanks to the affine motion constraints, despite a large displacement. But this affine
model is not sufficient to describe the arm motion. Therefore, in a second step, motion
constraints are relaxed and the snake freely fits the arm outline. Thus the arm contour is
tracked and extracted with a relatively good precision, despite the blur present along the
arm in the image. The arm outlines extracted along the image sequence are shown in fig.
6b. The algorithm also evaluates the trajectories of some of the arm contour points (fig. 6a):
these look like what a human viewer would expect. In this example, the prediction (see fig.
5¢) is not very precise due to the bad adequacy of the affine model to the real motion. But
it is still useful since it helps to solve ambiguities between the arm contour and the face
shadow: without the prediction, the snake is confused by the shadow contour which is close
and fails to track the arm correctly.

6 Conclusion

The experimental results illustrate the good tracking performances of the approach for
various types of motions and objects. This approach also proved rather robust to partial
occlusion. The distinctive feature of this method (that gives it its robustness and efficiency)
is the combination of snake-based contour tracking and region-based motion analysis. A snake
tracks the region outline and thus performs segmentation. This segmentation is exploited by
a region-based motion estimation algorithm inspired from motion-based region segmentation.
Then the motion estimation module generates a prediction of the shape and location of the
region in the next frame, through filtering. This prediction is used to guide the tracking snake:
it helps the snake to solve ambiguities during tracking. Besides, tracking can be automatically
initialized in the first image of the sequence using motion-based region segmentation. The
algorithm is completed by a trajectography module which estimates the filtered trajectories
of the object outline points.
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In the future, it is planned to treat total occlusions. The approach will also be finalized by
several applications, such as the estimation of time-to-collision, the spatio-temporal surface

generated by the tracked object contour or 3D structure and/or motion.
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