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Abstract. In this paper, we propose a new top-down and knowledge-
based approach to perform human tracking in video sequences. First,
introduction of knowledge allows to anticipate most of common problems
encountered by tracking methods. Second, we define a top-down approach
rather than a classical bottom-up approach to encode the knowledge. The
more global point of view of the scene provided by our top-down app-
roach also allows to keep some consistency among the set of trajecto-
ries extracted from the video sequence. A preliminary experimentation
has been conducted over some challenging sequences of the PETS 2009
dataset. The obtained results confirm that our approach can still achieve
promising performance even with a consistent reduction in the amount of
information taken into account during the tracking process. In order to
show the relevance of considering knowledge to address tracking problem,
we strongly reduce the amount of information provided to our approach.
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1 Introduction

Given a video sequence, tracking problem consists in identifying the set of trajec-
tories associated to each object present in the scene. In order to perform this task,
different approaches have been proposed. A first family of methods [1,11] aims
to detect objects in the scene by identifying models associated to the objects to
track. The efficiency of this kind of approach depends directly on the definition
of the model and its robustness to noisy situations. However, methods using this
approach generally suffer from a high computational time. Another important
family of tracking methods [5,8] consists in tracking objects according to a first
detection step, which computes a low level abstraction of the scene. This data
is then used as input data by the tracking algorithm. Most of approaches are
based on a single view of the scene. In order to get a more reliable information,
the information coming from multiple cameras could be combined.

The low level detection phase consists in identifying pixels composing the
objects to track in the video sequence. This identification is generally made by
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computing the difference between the pixels of a given frame and a background
model updated according to the previous acquired frames. Given the mask asso-
ciated to these foreground pixels, the low level detection step consists then in
identifying blobs, each blob being defined as a set of connected foreground pix-
els in a single frame of the sequence. The set of blobs associated to each frame
corresponds to a low level abstraction of the sequence and this information is
generally used as input data by tracking algorithms.

Since detection phase is computed on an imperfect video acquisition, it may
suffer from some problems [12] and produce an incorrect set of blobs. First, false
positive blob detection is generally due to two different causes : spurious blobs
(Figure 1) are caused by foreground elements moving and ghost blobs (blob
162 in Figure 2(b)) are due to some latency when updating the background
model. Second, some blobs can be missed or discarded by some heuristics defined
and hard-coded within the low-level algorithm (Figure 2(a)). These errors alter
the information provided to the algorithms. Moreover, avoiding such errors and
considering a perfect low level detection step is impossible. Therefore, these
different problems may be considered as inherent to tracking algorithms and
must be taken into account by tracking algorithms to improve their robustness.

Some others issues are directly dependent on the approach used by tracking
algorithms and can occur even using a hypothetical perfect detection step. On
the one hand, the so-called split problem happens when a single person or object
to track is split into multiple distinct blobs. This phenomenon can occur for

Fig. 1. Spurious blobs: many blobs correspond to parts of the ribbon which are moving
due to the wind.

(a) (b)

Fig. 2. Ghost and missing blobs
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example when a person enters the scene or passes behind a foreground element
(Figure 3(c)). Considering such cases, tracking algorithms must be able to merge
the set of blobs and consider this set as a single object to track, instead of
associating each blob to distinct objects, and thus distinct tracks.

On the other hand, an opposite problem of the first one, called merge prob-
lem, occurs when a single blob corresponds to a group composed of more than
one single object to track. In order to keep tracks of each object in a same group,
tracking algorithms must be able to identify this blob as a composition of dif-
ferent persons. In existing tracking algorithms, it may happen that too many
(Figure 4(a)) or not enough (Figure 4(b) and 4(c)) people are associated to a
same group.

In order to handle such issues, many methods [6–8,13] propose to use some
heuristics. For instance, [9] uses an automaton which allows to handle some
situations where problems occur. This automaton is designed to manage the
uncertainty of the detection phase and to handle occlusions anywhere in the
scene. However, despite the good results obtained by this approach, the extension
of this automaton to resolve other problems may be a very hard task since
it requires an expert to redefine the automaton and update the set of states
together with their relationships. This may lead to a quite complex automaton.

In order to overcome such limitations, we propose in this paper a knowledge-
based approach following a top-down model to deal with these problems in a
more general way. Indeed, using such an approach instead of a hard-coded model,
our knowledge approach may handle dynamically different situations occurring
in the scene by taking advantage on the introduction of an expert system. Fur-
thermore, conversely to complex expert systems, the definition of the knowledge
does not require an expert. This is a very important and not negligible fea-
ture, since it allow the proposed approach to be used in real applications where
unexperienced human operators can configure them.

(a) (b) (c)

Fig. 3. Occlusions problems

2 Top-Down Approach

Approaches presented in last section follow a bottom-up approach by first iden-
tifying low level features and combining them in order to obtain a higher level
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(a) (b) (c)

Fig. 4. Group problems

corresponding to objects to track. This bottom-up scheme is again reproduced to
identify tracks from the set of objects identified in the lower level. Using such an
approach, parts of each level are associated according to some heuristics defined
on the data available within frames such as the position, the shape, the density
of foreground pixels within blobs bounding boxes or pixel’s colors.

However, existing bottom-up approaches do not include an explicit and global
idea of what must be identified in the sequence, such as humans walking in the
scene. Moreover, adding such knowledge into a bottom-up approach may be
quite complicate since each low level part extracted from detection step can
only encode a local information. This lack of information may lead to tracking
errors generally encountered in classic algorithms using a bottom-up approach.
For instance, those errors related to the number of people in a group, or in
a more global way in the whole scene, may be avoided by considering that a
human can only appear in the scene in some limited areas and can not appear
suddenly in the middle of the scene. In the same way, split problems may be
anticipated by knowing that blobs are included or not within an area subject to
this phenomenon.

In addition, several studies [3,14] claim that human visual perception uses
high level knowledge about forms, structure, colors and directions, in order to
give a meaning to the low level information. Following Zhaoping [14], early vision
is subject to two bottlenecks of the visual pathway: the transmission capacity
of the optic nerve and the limited human attention. These two particularities
impose both a data compression (at the low level) and a data deletion (at an
upper level) in the visual process.

In this paper, we propose an approach inspired by the behavior of the human
brain [3,4,10,14]. Rather than considering a large amount of abstract data corre-
sponding to a sequence of pixels, we propose to limit the input data to bounding
boxes of blobs identified during the detection phase. Therefore, by using such a
limited information, we discard the information concerning shapes and colors of
blobs. Moreover, we also restrict the input data to 1 frame per second, instead
of the frame rate of 7 frames per second available in PETS 2009 dataset. By
imposing this constraint, we also reduce the temporal continuity between two
frames. Nonetheless, we claim that the combination of a low amount of data,
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which is more efficient to process, and some knowledge about (i) the task to be
performed and (ii) its environment rather than a high amount of pixels may be
sufficient to track trajectories of humans in a scene.

The knowledge associated to the input data may be included into our propo-
sition using a top-down approach. Adding knowledge may allow to keep the
scene consistent according to a set of constraints related to the tracking task.
For instance, using a global point of view of the scene, we can encode as a
knowledge piece that the number of humans in the scene is consistent according
to identified exits and entries of the persons during the video sequence. Such a
constraint can be satisfied using a high level model of the scene.

3 Knowledge Related to Tracking

Before defining precisely our top down approach, we briefly introduce some
knowledge which can be can be profitably used to resolve tracking problems.

3.1 Scene Knowledge

First, some knowledge about the environment of the scene can be useful to
understand and anticipate the behavior of human beings within a scene. This
knowledge must describe the configuration of the scene in order to get a better
interpretation of blobs detected during a video sequence. For example, if we
consider a static point of view, the knowledge related to the scene must describe
the different areas of the scene and associate them with their characteristics.
For instance, one of the main information corresponds to the distance of each
area from the camera. By encoding such information into our knowledge base,
each blob can then be associated to the real size of the represented object. This
can then be used to distinguish small objects, that we don’t want to track, from
objects having the size of a human or another object to track. Note that the
real size of the objects can be easily extracted by using any inverse perspective
mapping algorithm.

Second, it may be useful to encode special areas in the scene where unusual
events may occur. In our knowledge base, we introduce two kinds of areas. First,
we identify areas of the scene where people can enter into or exit from the scene.
These areas correspond to borders of the frame where a path exists, doors and
borders of buildings. Second, we also identify areas where people passes behind
background elements. Such areas may induce split problems during the detection
phase. Identifying this kind of areas allow to anticipate split problems and to
consider a set of blobs in this area as a single object to track. Note that, as
previously mentioned, this knowledge can be easily managed by unexperienced
human operator, so making this system especially suited for working in real
applications.
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3.2 Human Trajectories Knowledge

The second kind of knowledge introduced into our approach corresponds to
knowledge related to human behavior. Indeed, since we aim to track human
trajectories in a scene, we can make some assumptions about their particulari-
ties. These assumptions correspond then to pieces of knowledge to be included
into our model.

Trajectories are defined as a set of successive positions in space along time.
Due to the limited moving speed of human beings, each two successive positions
must be close enough according to the gap of time between them, i.e. the distance
traversed by an human walking cannot exceed an upper bound according to an
a priori walking or running maximum speed. These constraints must take into
account some knowledge related to the context of the video sequence such as
frame rate and real size of computed blobs.

Another particularity of human trajectories is that they can not appear or
disappear suddenly and anywhere, but only in some areas identified as entry or
exit areas, as discussed in the previous section. Given these assumptions, we can
encode them into our model by respectively restricting begins and ends of tracks
to entry and exit areas. Another important particularity of human trajectories
is that they can merge to form a group. From this observation, we can induce
different scenarios. First, if a human has entered into a group, either this human
will leave this group in next frames or the group gets out the scene and so the
trajectory. These observations can be easily extended to cases where a group
already formed enters the scene. Given this simple description of an human
trajectory, we can infer others assumptions which directly come from the first
ones. For instance, we know that a same trajectory can not pass by the same
human in a given frame. Such assumptions rely to keep a consistent number of
humans populating a scene at a given frame according to number of humans and
the number of entries and exits within previous frames.

3.3 From Knowledge to Model

Given the different pieces of high level knowledge discussed in the two previous
sections, we now define a model both encoding and implementing this knowledge.
This model is defined as a rule-based expert system where the set of rules encodes
the knowledge defined in the previous section. This set of rules ensures that
each set of trajectories extracted from the scene respects the set of assumptions
defined in previous sections.

Our top-down model, shown in Figure 5, is designed as follows: a first high-
level layer ensures that the set of tracks are compatible with each other: following
assumptions stated in Section 3.2, it is impossible that two trajectories pass by
a same human in a given frame. Therefore, we consider that two tracks are
compatible and may belong to a same set of tracks if they do not share a same
human blob in a given frame. The second layer, at the track level, ensures that
each track taken separately is valid, i.e. each track starts in an entry area and
finishes in an exit area. Note that we consider exceptions for the first and last
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frames of a sequence. Then, each track is composed by a succession of alternate
sub-tracks corresponding either to a group or a human track. The connection
between these sub-tracks is handled by two events, namely the entry and exit
events. Going down into our model, we define a sub-track as a set of successive
blobs, each pair of successive blobs corresponding to two blobs in two successive
frames such as the distance in spatial space between the first and the second
one is small enough to correspond to a walk of a human. Distinction between
human and group sub-tracks is done using the real size of blobs, computed
according to the knowledge related to the scene (Section 3.1). Finally, the lowest
layer corresponds to a generalization of blobs. This generalization consists in
considering the possibility that a set of initials blobs, i.e. blobs detected by
detection algorithm (Section 1), can be considered as a same and unique blob.
In order to handle split problems, we restrict this generalization of blobs to the
set of blobs which are in the scene areas identified as occlusion areas, i.e. areas
including a foreground element which may induce split problems. By doing so,
we use the scene knowledge to anticipate occlusions and resolve the main cause
of split problems.

Therefore, in order to implement our knowledge into a set of rules, we defined
a top-down approach to identify tracks within a video sequence. By considering
a first high level layer, we can ensure that all the identified tracks are coherent,

Fig. 5. Modelization of a scene to identify trajectories
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thus avoiding wrong predictions about the number of humans identified in the
scene or more particularly the number of persons in a given group. In addition,
this assumption of the coherence of the scene can also be used to re-interpret
the low-level truth. For instance, it may happen that a blob has an incorrect size
due to camouflage or other problems during detection phase. By considering a
global scene point of view, we can state that the first interpretation of the blob
is not coherent with the set of identified tracks. Therefore, this interpretation
must be modified to fulfill the defined rules. Second, the knowledge introduced
into our model allows to resolve split problems by a priori identifying some areas
of the scene where this phenomenon generally occurs. Note that the definition
of knowledge requires a configuration step which must be done accordingly to
each scene. However, such configuration does not require an expert but can be
performed by any human operator since the encoded knowledge remains very
simple. In addition, the model itself is generic enough to be adapted to any
human trajectories tracking task.

4 Preliminary Results and Discussions

The model described in Section 3 has been implemented into a prototype using
PROLOG. In order to test the feasibility, possibilities and capabilities of our top-
down approach, we use the view 1 of PETS 2009 dataset. This dataset includes
different challenges such as split and merge problems and some background
variations which induces spurious blobs. In order to valid our hypothesis that
tracking can be performed using only few input data, we restrict our input data
to bounding box coordinates of each blob identified by the detection algorithm
defined in [2]. This algorithm maintains a background model, manage lighting
changes, perform a noise reduction and remove shadow and small blobs from
the set of blobs. The coordinates of each bounding box for each frame of the
sequence is translated into PROLOG axioms.

In this section, we present some preliminary achievements obtained by our
approach in order to demonstrate its validity. First, we show in Figure 6(a), a
isolated tracking result on 4 frames (frames 148 to 169) including a split problem.
In this compiled sequence of 4 frames, a person is walking from the right to the
left of the scene. Note that on the third frame, this person is split in two blobs
due to an occlusion of a sign present in the scene. This area is identified as an
occlusion area into our knowledge base. Considering this, three hypothesis can
be made: the track is following the upper part, the bottom part or the two split
parts of the body. Our model can discard the two wrong hypothesis thanks to two
rules. First, since this split occurs in an occlusion area identified thanks to the
sign, our model is able to consider the union of the two blobs as an unique blob.
Then, the two tracks corresponding to two merged blobs are discard because
they do not have the size of a human.

Second, we present in Figure 6(b) another isolated sequence (frames 15 to 64)
where two persons are walking side by side into a same group which splits and
then merges again. The two persons are followed by a third one. Four different
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(a) Occlusion management.

(b) Four different hypothesis of a same video sequence.

Fig. 6. Tracking results obtained on challenging situations.

hypothesis have been produced by our prototype on this sequence. Two choices
induce these four hypothesis. First, the two persons composing the group in the
sequence do not enter the scene together, but one by one. This fact induces a first
possibility when the group is splitting: either the person which has been entered
first goes on top of the second person (the blue track is on top of the green one)
or the first person goes above the second one (the green track is on top of the
blue one). The second choice is again induced by the two persons which compose
the group. Once they split, they walk side by side for two frames. Considering
input data and our knowledge, it’s possible that they crossed between the two
frames. Hence, two hypothesis are plausible: either they crossed each other or
they stayed side by side. The combination of these two hypothesis induces then
four different ones. Note also that despite the fact that we have identified three
tracks corresponding to the three humans in this scene, two of these tracks share
a same part corresponding to a group track. In order to distinguish which of
these hypothesis is the right one, we have to consider further information such
as the color.

The limited input data provided to our algorithm leads to numerous hypoth-
esis. The number of hypothesis exponentially increases as we process successive
frames, causing thus a high computational time after few processed frames. In
order to exclude invalid hypothesis, our approach must include further data
to discriminate some hypothesis and producing an unique set of tracks. For
instance, including the color into our approach may allow to discard wrong
hypothesis made during the analysis of our second sequence. However, such
information may be useless for simpler cases as the one described in the first
sequence. Therefore, considering an adaptive level of information by an hybrid
approach may be a good approach to tackle this issue. Considering an incremen-
tal processing of the sequence, i.e. frame by frame like in real case scenarios,
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more precise information may be requested only when more than one hypothesis
is proposed, until the expert system proposes an unique hypothesis, considered
as the tracking result. However, we can think about cases where no valid hypoth-
esis has been found. In such a case, the low level input data may be reconsidered
in order to redefine some interpretations and find a suitable hypothesis.

5 Conclusion and Future Directions

In this paper, we presented a new top-down approach which consider a com-
pletely new point of view to address human tracking problem. This approach
is defined as a top-down approach rather than a classical bottom-up approach.
Using a high level analysis of the scene, our algorithm is able to manage high
level assumptions on the whole scene, hence providing some consistency of the
set of identified tracks. This set of assumptions is encoded as a set of knowledge
introduced into our model as PROLOG rules. In order to show the importance of
knowledge, we drastically reduced the input data by reducing the frame rate and
discarding the shape and color information generally taken into account by the
state of the art approaches. Our claim is that the combination of a very reduced
information and knowledge is sufficient to track human trajectories. Indeed, the
encoded knowledge and the high level point of view of our approach allow to
handle the issues generally encountered by the classical bottom-up approaches.

Despite the lack of formatted and comparable results, we shown that our
prototype of an rule-based expert system is able to process complex sequences
involving well known split and merge problems. Furthermore, we insist that these
results have been obtained only using very few information. Further works will
be devoted to the implementation of a completely functional prototype using an
hybrid approach and able to process a sequence in real time.
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