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Abstract—

This paper presents a method to track multiple non-rigid
objects in video sequences. First, we present related works
on tracking methods. Second, we describe our proposed
approach. We use the notion of target to represent the
perception of object motion. To handle the particulari-
ties of non-rigid objects we define a target as a individu-
ally tracked moving region or as a group of moving regions
globally tracked. Then we explain how to compute the tra-
jectory of a target and how to compute the correspondences
between known targets and moving regions newly detected.
In the case of an ambiguous correspondence we define a com-
pound target to freeze the associations between targets and
moving regions until a more accurate information is avail-
able. Finally we provide an example to illustrate the way we
have implemented the proposed tracking method for video-
surveillance applications.

Keywords— Tracking, non-rigid objects, video sequence in-
terpretation, cluttered scenes.

I. INTRODUCTION

In this paper we present a method to track multiple non-
rigid objects in video sequences. We use this method as a
component of an interpretation system. The class of appli-
cations we are interested in is the automatic surveillance
of indoor and outdoor partially structured scenes with a
fixed monocular color camera. Given image sequences of
a scene the interpretation system analyzes the behavior of
real objects. In our case the real objects correspond either
to humans or to vehicles. The interpretation system we
have developed is composed of three modules. First, the
image processing module detects moving regions in images.
Then the tracking module associates these regions to track
targets that correspond to real objects. Finally the sce-
nario recognition module identifies targets as real objects
and recognizes the scenarios relative to their behavior. In
this paper we focus on the tracking module. The track-
ing problem is a central issue in scene interpretation be-
cause the loss of a tracked object leads to the impossibility
of analyzing its behavior. This paper presents a track-
ing method based on appearance : we track the perception
of scene object movements instead of tracking their real
structure. Our goal is to obtain a robust algorithm able to
cope with real-time constraints. First, we present related
works on tracking methods. Second, we describe our pro-
posed approach and the models of tracked moving regions.
Third, we explain how the tracking process works and we
show how to compute the correspondences between already
tracked moving regions and newly detected ones. Finally

INRIA Sophia Antipolis, projet Orion 2004 route des Lucioles
BP93 - 06902 Sophia-Antipolis Cedex, France. E-mail: Fran-
cois.Bremond@sophia inria.fr

we provide an example to illustrate the way we have im-
plemented the proposed tracking method.

II. RELATED WORKS

Three main approaches have been developed to track ob-
jects depending on their type : whether they are rigid, non
rigid or whether we have no information on their shape.
For the two first approaches the goal of the tracking pro-
cess is to compute carefully the correspondences between
objects already tracked and the newly detected moving re-
gions, whereas the goal of the last approach consists in
computing coarsely the correspondences and in handling
the situations where correspondences are ambiguous.

A. Tracking rigid objects

When objects are rigid, like manufactured objects, the
tracking process can take advantage of accurate knowledge
on their shape. Two methods can be used.

o A first method consists in detecting particular primi-
tives, such as corners and edges, and in tracking these
primitives from one image to another [5]. This method
can be used only with objects owning numerous prim-
itives easy to detect, like vehicles.

o A second method computes the correspondences be-
tween a 3D model of mobile objects and the 2D mov-
ing regions corresponding to their perception [6], [7].
For example, the center of the moving region and the
direction of its motion are computed, then the corre-
spondences between the line segments of the 3D model
and the edges detected inside the region are estab-
lished. This method is all the more reliable than the
3D model is accurate.

B. Tracking non-rigid objects

When objects are non-rigid, like humans, no accurate
model of their shape is available. Instead, dynamic tem-
plates of the perception of object motion are used. These
templates that we call models are regularly updated dur-
ing the tracking process to compensate the evolution of the
object perception. Three types of dynamic model can be
used.

o The first type of model corresponds to the parameter-
ized shape of the mobile objects. These models can
be applied to rigid or non-rigid objects. For exam-
ple in [3], the authors use polygons to represent the
outline of vehicles. For similar applications in [8] the
authors use cubic B-splines instead of polygons. In
both cases these models have been successfully applied
to track rigid objects. In [1] the authors extend the



method to non-rigid objects. Their model is made of
cubic B-splines but it also contains the authorized de-
formations that correspond to the outline of a walking
pedestrian. By this way the outline of tracked objects
can be distorted only in certain directions making the
tracking process more reliable.

o The second type of model contains a template of the
moving region corresponding to the detection of the
object motion. This template is defined by the color
distribution of the pixels belonging to the moving re-
gion. For example in [9], the authors use a color his-
togram and thanks to it they are able to track in the
same time several football players and to cope with
dynamic occlusions in certain situations. In [10], [11],
the authors associate each pixel of the template to the
temporal color distribution of the intensity function.
Thus they obtain a robust algorithm and they manage
to accurately track the motion of a person located in
front of a CCD camera.

o The third type of model is also made of a template of
the moving region. However this template is defined by
the set of edges detected in the moving region. In [12],
the authors use this template and define a distance
between two sets of edges to allow them to compare
parts of templates. Thanks to this model the authors
are able to track a man even if he is partially occluded.

Therefore all these methods allow the tracking process to

compute reliable correspondences between already tracked
objects and newly detected moving regions. However these
methods require strong conditions to work efficiently.

C. Tracking without object model

When no a priori model of objects is available, the track-
ing process can only use the coordinates of object locations
to compute the correspondences between already tracked
objects and newly detected ones. As ambiguous correspon-
dences may arise, several methods have been proposed to
solve these ambiguities.

o For example the method of "Multiple Hypothesis
Tracking” (MHT) generates hypotheses to perform all
the possible combinations of correspondences. These
hypotheses define different worlds where the corre-
spondences are coherent. When a hypothesis be-
comes incoherent the associate correspondences are
discarded. To avoid a combinatorial explosion only
a few levels of hypotheses are computed in real-world
applications. In [2], the authors propose an efficient
implementation of MHT.

o The beam search method also proposes a mechanism to
handle ambiguities [4]. It duplicates all the ambigu-
ous tracked objects and makes the correspondences
with the associate newly detected objects. Then this
method consists in tracking all these objects and ver-
ifies whether or not they are coherent at every new
frame arrival. If their tracking is coherent, the corre-
spondences relative to these objects are considered as
the true ones. If it is not the case, the relative objects
are discarded. Therefore no coherence has to be main-

tained during the tracking process, however we never
know if a tracked object is really a true one or only if
it is a duplicated object which incoherence could not
be verified.

These methods are two examples of tracking methods
that can be applied to any kind of objects. More generally
all these methods have the same characteristics: as they do
not use a priori knowledge on objects, they cannot compute
accurate correspondences and may lead to tracking errors.

III. THE PROPOSED APPROACH

To handle the particularities of non-rigid objects we
propose an appearance-based approach for the tracking
method.

A. Moving regions and non-rigid mobile objects

In our interpretation system the moving regions are com-
puted by the detection module. As the camera is fixed, this
module subtracts the current image from the background
image which is regularly updated to compensate for illu-
mination change. Because of the acquisition conditions
the tracking module has to face two kinds of problems:
it has to fix detection problems (e.g. shadows, reflections,
blinking lights) and to take care of common tracking prob-
lems (e.g. occlusions, merges of tracks, appearances of new
tracks). Unfortunately in our applications the conditions of
image acquisition, such as image resolution, are poor mak-
ing these problems a crucial issue. Moreover the model of
mobile object is inaccurate because of the non-rigid nature
of some objects like humans, avoiding for example the use
of information characterizing their shape.

For these reasons a moving region can either correspond
to the perception of a noise (e.g. a shadow), of a real ob-
ject (e.g. a person), of a part of a real object (e.g. the
head of a person) or of a group of real objects (e.g. a
crowd). Therefore we decide to base the tracking process
on the appearance of the mobile objects (i.e. the moving
regions) instead of their complete structure. For example
in the case of a man whose head is the only visible part,
we prefer tracking the moving region corresponding to his
head rather than reconstructing and tracking the complete
body. Thus, a target of the tracking process is any in-
dividually tracked moving region or any group of moving
regions which are closed to each others and which are glob-
ally tracked. This definition allows us to track any mobile
object despite detection errors.

B. Target model

To improve the tracking of non-rigid objects a solution
as suggested in [3], [1], [11] is to define a moving region
as a set of primitives (e.g. corners, contour edges, color
regions) and to track globally the moving region by com-
bining all its primitives. So the loss of one primitive is
compensated by the use of the other primitives. However
two problems may arise from this method. First, the prim-
itives are not always available especially if the resolution
is low. For example when tracking humans and more gen-
erally non manufactured objects, it is difficult to detect



corners in the moving region corresponding to the percep-
tion of their motion. Moreover in cases where images are
really noisy, taking into account badly detected primitives
can distort the global computation of the track. To be
less primitive-dependent we propose to define and to track
generic points that represent the tracked moving region
(or a group of moving regions). Thus, we define the tar-
get model thanks to the height and width of the bounding
box surrounding the moving regions associated to the tar-
get and thanks to five generic points as shown on figure 1.
The height and width are average values regularly updated
during the process. The five generic points are defined as
the middle of the sides of the bounding box and as its cen-
ter. They are tracked separately and the point that best
matches the newly detected moving region defines the track
of the global object.

top

center

right
left
height

bottom moving regions

Fig. 1. The five generic points (center, top, bottom, left, right) define
the model of a target corresponding to a group of moving regions.

This method has three main interests. First, the target
model allows the tracking process to be less sensitive to
partial occlusion. If a point has a bad match, then it is not
taken into account and it gives a clue on the presence of a
possible occlusion. The value of this point is then computed
thanks to the other generic points and the average height
and width of the target. This model is called dynamic
because the shape of the bounding box associated to the
target is tuned at every new frame arrival. Second, the
target model is minimal and generic. It can be defined
on any moving region (or on any group of moving regions)
and can be used to track either rigid or non rigid objects.
To improve the accuracy of the processing, the model can
be extended with additional primitives (e.g. color regions)
as soon as the application can afford it. Third, as generic
points are not directly connected with reality they allow us
to track a target without having to know what it represents.
Thus, we separate the tracking module from the scenario
recognition module in charge of identifying real objects.

C. Tracking improvement

To handle some tracking problems we also use two kinds
of additional information. First, we use contextual infor-
mation on the static environment to adapt the tracking
process to the current scene [13]. We have divided the
spatial structure of the environment into a tessellation of
polygonal zones, that provides us with information on the
tracked moving regions. For example, an "exit zone" in-
dicates that targets inside this zone are liable to leave the
scene leading to a potential termination of their tracks.

Thus, we call contextual information of a target the infor-
mation associated to the zone where the target is located.
This information allows us to manage the tracks of tar-
gets, like its initiation and termination, and to solve track-
ing problems due to the environment, like static occlusions
and zones with a patterned background leading to a lack
of intensity contrast.

Second, we use information computed by the scenario
recognition module to improve the tracking process. This
module holds a specific knowledge related to the applica-
tion and it is in charge of identifying mobile objects. The
scenario recognition module can then indicate to the track-
ing process the uninteresting and interesting targets. For
example, a target corresponding to a reflection is uninter-
esting and it has to be discarded, whereas a target cor-
responding to a mobile object that behaves abnormally is
interesting for the application and its track has not to be
lost. So this module guides the tracking process to be more
efficient.

Therefore, thanks to the context and the scenario recog-
nition module, we can adapt the tracking process to the
scene environment and to the application.

IV. TRACKING PROCESS

The tracking of moving regions is performed in a
prediction-matching-update loop. At time ¢, the tracking
module predicts the next location of targets tracked at time
t-1 and tries to match these predictions with the moving
regions detected at time ¢. Once the correspondences of
targets are established, the tracking module updates their
tracks.

A. Prediction of the target location

In the literature probabilistic methods (e.g. Kalman fil-
ters or conditional probabilities) are generally used to com-
pute the motion of rigid objects and to predict their new
locations [14], [3], [4]. However we think that these meth-
ods do not perfectly suit to the tracking of humans because
they require accurate models of motion and noise and be-
cause they do not allow radical motion changes. For exam-
ple in [10], the author needs to combine 15 filters to model
all the movements of a man while driving a car, like turning
the wheel. In our approach we compute the predicted loca-
tion of a target thanks to its trajectory. To allow changes
we suppose that the motion of a target is piecewise linear
and we represent its trajectory by a polygonal approxima-
tion. We compute short segments of line for the trajectory
to consider that the speed of the target is constant on seg-
ments. So the trajectory gathers an approximation of all
past locations of the target. The new location of a target is
computed during the matching process between the target
and a moving region detected in the current frame. The
location at time t of every generic point of the target is esti-
mated by extending the target trajectory with the generic
point location at time t-1. To extend the trajectory we
compute the motion vector using just the last segment if
the trajectory is reliable or using more segments if it is not
the case. Then, every estimated location is matched with



the location of the corresponding generic point of the mov-
ing region. The target generic point with the best match
is chosen to compute the location of the target center at
time ¢ thanks to the target height and width average val-
ues. Thus trajectories allow us to predict the location of
targets.

B. Ambiguity matrix

The matching process compares the predicted location of
targets with the location of newly detected moving regions
through the use of an ambiguity matrix, also called the
association matrix. In this matrix the columns represent
the targets and the rows represent the moving regions. The
matrix elements measure the distance between targets and
moving regions which is defined as followed :

if intersection(moving regifon, target) # 0
- _ sur face intersection
then distance = 1 - sur face umion
Euclidean distance
mazimal size

(moving region, target)

else distance = 1 + (moving region, target)

This definition does not correspond to a regular distance
(the triangular inequality is not satisfied), but it allows us
to balance the distance between moving regions and tar-
gets through their size. So the ambiguity matrix gives the
number of moving regions that are closed to the predicted
location of each target. A moving region is said to be closed
to an other region if their distance is below a certain thresh-
old and the difference between the size of the two regions
does not exceed another threshold. We choose large thresh-
olds so that the tracking algorithm do not depend on the
image sequence. According to this number we define four
states for a target:

« Visible : if the target corresponds to one moving re-
gion and the moving region has no other correspon-
dence.

¢ Lost : if the target does not correspond to any moving
region.

¢ Occluded : if the target does not correspond to any
moving region and if the contextual information of the
target indicates the possibility of a static occlusion.

¢ Ambiguous : if the target corresponds to several
moving regions or if the target corresponds to one mov-
ing region having other correspondences.

Thanks to the ambiguity matrix the correspondences are
globally computed. The remaining task of the matching
process is to solve the correspondences of the ambiguous
targets.

C. Solving ambiguous correspondence

The way the tracking algorithm solves the ambiguous
correspondences between targets and moving regions de-
termines the robustness of tracking algorithms. To solve
the ambiguous correspondences we define compound tar-
gets. We call a compound target a target that models
an ambiguity. It allows us to globally track a set of tem-
porary targets while maintaining and freezing a set of am-
biguous targets. Temporary targets represent the newly

detected moving regions which are associated to the am-
biguous correspondence, whereas ambiguous targets rep-
resent the history of the tracking before the ambiguity has
been met. The goal of the tracking algorithm is to asso-
ciate the ambiguous targets with the temporary ones as
soon as more accurate information is available. Meanwhile
the compound target is used to freeze the associations. Ac-
cording to the type of ambiguity we define three types of
target, illustrated on figure 2:

o Split : if one ambiguous target corresponds to several
newly detected moving regions, temporary targets are
initialized for each moving region and a target of type
split is created. The split target gathers the temporary
targets and the ambiguous target.

o« Merge : if several ambiguous targets correspond to
one newly detected moving region, a temporary target
is initialized with the moving region and a target of
type merge is created. The merge target gathers the
temporary target and the ambiguous targets.

o Mixed : if several ambiguous targets correspond to
several newly detected moving regions, temporary tar-
gets are initialized for each moving region and a target
of type mixed is created. The mixed target gathers the
temporary targets and the ambiguous targets.

The tracking algorithm is able to solve the ambiguity
when a temporary target of the compound target moves
away from the other temporary targets. In this case the
tracking algorithm tries to find the ambiguous target that
corresponds to the temporary target moving away. There
are two mechanisms to find the ambiguous target according
to the arrangement of ambiguous targets in the compound
target. The first mechanism is used when ambiguous tar-
gets verify the rigidity condition. If ambiguous targets have
the same parallel motion, then these targets are supposed
to keep their spatial ordering inside the compound target.
So the temporary target moving away is associated with
the ambiguous target with the same ordering number. The
second mechanism is used when ambiguous targets have
distinct motions. In this case a local matrix of ambiguity
is used to compute the correspondences between ambigu-
ous and temporary targets. If these arrangements are not
verified, the moving away temporary target is not associ-
ated to any ambiguous target. With these mechanisms an
ambiguous target can be retrieved and the corresponding
ambiguous correspondence can be solved without approxi-
mation.

When the compound target modeling an ambiguity is
facing a second ambiguity, the tracking algorithm has to
solve the first ambiguity to avoid an combinatorial explo-
sion. So a second compound target has to be built to model
the second ambiguity and the ambiguous targets of the first
compound target have to be transformed into ambiguous
targets of the second compound target. This transforma-
tion consists in retrieving the missing locations of the am-
biguous targets during the time interval between the occur-
rence of the two ambiguities. Then we propose to approx-
imate the missing locations by using the locations of the
first compound target. The accuracy of the approximation
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Fig. 2. The three types of compound target.

depends on the type of the first compound target. With
the split type there is no approximation because the split
target contains only one ambiguous target. The merge type
gives a better approximation than the mixed type, because
with a merge type ambiguous targets are usually closer to
each others. Therefore all ambiguities are solved with more
and less approximation.

The method of the compound targets can be related to
the Multiple Hypothesis Tracking method [2] and to the
beam search method [4]. Unlike the MHT the compound
target method does not keep all the past information on
the correspondences but combines and approximates them.
The compound target method differs also from the beam
search method in that the compound target method does
not track incoherent targets. It solves ambiguities as late
as possible. Thus the compound target method needs to
maintain less information on past that the two other meth-
ods but approximates the computation of correspondences.
The comparative results depend on the frequency of the sit-
uations where the compound target method has to make
approximations.

D. Update of non ambiguous correspondence

The update of a non ambiguous target depends on its
state. If the target is visible, its trajectory is extended
with the location of the associate moving region. If the
target has been lost for a short time or if it is occluded, we
suspend its track and we try to retrieve its correspondence
in next frames. If the target has been lost for a time long
enough and if the context indicates that the target is in
an exit zone, then the track is considered as finished and
the target is discarded. If the target has been lost for a
time long enough and if it has no particular contextual
information, then the target is supposed to be definitively
lost and it is discarded. When all targets are updated, new
targets are initialized with the moving regions that have no
correspondence with a known target.

When all correspondences have been taken care, the tar-
gets are processed by the scenario recognition module to
try to analyze whether or not targets correspond to real
objects. Using a priori knowledge on real objects a belief
coefficient is established for each target in the framework
of fuzzy sets [15]. Then, in a feedback stage the tracking
module eliminates all targets with a belief coefficient not
high enough. This feedback stage provides an additional
information to discard the targets that correspond to de-
tection errors like reflections. The method of the belief

coefficient can be related to the method of the support of
existence [4] which differs on the nature of the additional
information. The support of existence relies on tracking
features (e.g. the target life time) whereas the belief co-
efficient relies on the behavior analysis of targets. As this
coefficient is computed by the scenario recognition module,
it is not described in this paper.

V. EXAMPLE OF TRACKING

Fig. 3.

This figure shows two persons being tracked. On frames a
and d they are tracked as individual, whereas on the other frames
they are tracked as a group. The figure shows also the trajectory
of the group and of each person.

In the framework of a video-surveillance application we
have developed a system implementing in C+-+ language
the tracking algorithm described in this paper. To validate
our system we use image sequences taken in the frame-



work of the European Esprit PASSWORDS project. The
scenes depicted by the sequences are related to supermar-
ket, metro or car park areas. The sequences contain be-
tween 200 and 1200 frames. For a color image frame at
512x512 resolution the average time of the global process-
ing is 2.5 seconds on a Sun Sparc station SS-10, whereas the
average time of the tracking process alone is around 0.2 sec-
onds. The success of the tracking algorithm depends on the
quality of video sequences. With little noise the tracking al-
gorithm is able to correctly track real objects. For example
figure 3 shows two persons (numbered 22 and 23) walking
together splitting (framea) and merging (frameb) along
their way. Despite the shadows that add noise (framec)
the two persons are still tracked (framed). Frame e shows
that thanks to compound targets the tracks of the group
and of each person are not lost. However on framef the
target (numbered 22) is mislabeled because a third person
is going out from cars (this person was not detected on
framee) and simultaneously is merging with the two first
persons.

VI. CONCLUSION

This paper presents a tracking method that gathers sev-

eral characteristics:

o The method is based on the tracking of the appear-
ance of scene objects instead of their real structure.
This approach allows us to handle several cases of par-
tial static occlusion. In particular, it helps in tracking
scene objects even if they are partially detected.

o The method uses elementary dynamic models of tar-
gets that need no a priori knowledge on scene objects.
Because these models are elementary we can take into
account any kind of target, whatever are its correspon-
dences with scene objects.

o The method allows us to solve several cases of ambigu-
ous correspondences. Thanks to compound targets we
are able to freeze the association and the tracking of
ambiguous targets until more accurate information is
available.

o The method systematically uses two other types of
information : contextual information and information
computed by the scenario recognition module. For ex-
ample this information allows us to handle total occlu-
sion and to discard targets that correspond to noise.

In the scientific community researchers usually empha-

size one of these characteristics when developing tracking
methods. For example in [12], the authors use accurate dy-
namic models of targets to compute their correspondence,
but they do not handle ambiguous correspondences. Our
approach consists in combining all these characteristics in
order to obtain a more reliable algorithm to develop real
applications : to handle real conditions of image acquisition
and to handle various types of video sequences. Thus this
proposed tracking method allows us to identify scene ob-
jects and to analyze their behavior on long temporal video
sequences.

We consider that the results of our tracking method are

satisfactory besides that in some noisy video sequences tar-

gets are still lost. There are many ways to improve the
different stages of the tracking algorithm depending on the
type of video sequences. Our future works will consist in
adapting the global tracking processing to these various
types. For example we plan to take advantage of specific
application conditions to enhance the processing.
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