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ABSTRACT

A system separating objects moving within a slow
changing background is presented. The originality of
the approach resides in two related components. First,
the change detection robust to camera noise which does
not require any sophisticated parametric tuning as it is
based on a probabilistic method. Second, the change is
detected between a video frame representing a scene at
a given time, and reference that is updated continuously
to take into account slow variation in the background.
The system is particularly suitable for indoor and outdoor surveillance. Simulation results show that the proposed scheme performs rather well in extracting video
objects, with stability and good accuracy, while being
of a relatively reduced complexity.
1

INTRODUCTION

Advances in micro-processors, software design and networking have made it possible to rely on more sophisticated machines capable of performing more complex operations, based on richer information. As a consequence,
image understanding and computer vision is reaching a
certain maturity so as to be considered for applications
in every day life.
Emerging standards such as MPEG-4 and MPEG-7
have contributed to accelerate this trend. MPEG-4, as
an object-based coding algorithm, allows manipulation
of audiovisual objects in a compressed video, in a similar way one interacts with physical objects in the real
life. This brings enhanced functionalities and applications such as eÆcient very low bit rate video coding
where only the objects of interest are coded. Similarly, it
is possible to reconstruct a photo-realistic virtual scene
by taking objects from other real scenes and rendering them together in a manner similar to special visual e ects in the movie industry. Such applications are
obviously possible only when objects can be detected
and extracted from natural scenes, either manually, in a
semi-automatic way, or even in a fully automatic fashion. MPEG-7 the emerging standard for representation
of audiovisual information based on a content-based approach allows for simple to sophisticated description of

such content. This enables applications such as search
and ltering where information with a speci c content is
(or is not) of interest. Video surveillance is another typical application where content of a scene has to be examined to decide if any abnormal behaviour has occured.
Abnormal can vary from simple motion of certain object, to more sophisticated patterns in their behaviour.
Segmentation is one of the fundamental problems in
image processing. Although human beings and most animals perform this task in a relatively straightforward
manner, years of research and developments in machine
vision have not yet succeeded to match the same performance. The problem of segmentation is diÆcult not
only because of the complexity of mechanisms involved
in it, but also because it is ill posed and in this sense,
no unique solution exists to segment a scene. In most
situations, a priori knowledge on the nature of the problem (or its solution) is needed, often as a function of the
speci c application in which the segmentation tool is to
be used. A segmentation process leads to a partition of
an image or a video sequence into regions according to
a given criterion. Many of the above-mentioned applications aim at locating moving objects in the observed
scene, thus a change detector can naturally drive the
segmentation in a more eÆcient way. Change detection analysis provides a classi cation of the pixels in the
video sequence into one out of two classes: foreground
(moving objects) and background.
To this end, we combine a change detector with a
background updating technique. On one hand, the
change detector is designed to precisely detect object
contours and to be robust to camera noise. On the
other hand, the adaptive background scheme accounts
for slow environmental light changes. The combination
of the two (called the Video Object Kernel) allows to
automatically detect multiple moving objects in long
video sequences recorded by a monocular static camera.
The foreground objects identi ed by the Video Object
Kernel are then tracked along time. A successive step
tranforms the 2D tracked shapes in 3D shapes. The
description of the 3D shapes is nally given to the content understanding module which derives decisions on

the observed scene. The complete system is depicted in
Fig. 1.
The paper is organized as follows. Section 1 describes
the Video Object Kernel. Section 2 presents the results
of the extraction of foreground objects and their use
in the advanced video surveillance system. Finally, in
Sec. 5, we draw the conclusions.
2

THE VIDEO OBJECT KERNEL

The task of the Video Object Kernel is the identi cation of the areas in the video sequence corresponding
to moving objects. Motion cannot be directly measured
in video sequences. A related measure is the luminance
intensity function and its variations in time. For this
reason, a simple change detection technique consists in
subtracting two images. A threshold operation is then
applied on the di erence image. The threshold is xed
empirically, and all pixels presenting a value larger than
the threshold are considered as belonging to a moving
object. The threshold has to be tuned manually according to the scene characteristics [12]. This approach is
therefore not suitable for automatic applications. Various methods have been proposed in the literature to
automatically extract objects [3, 7, 8, 10]. A review of
these method can be found in [4].
The relationship between motion and temporal
changes is not unique. Temporal changes in two successive images occur not only in the area corresponding to
moving objects, but also in two additional areas referred
to as uncovered background and overlap of the same object [9]. The uncovered background area does not belong to a moving object, but it is detected as temporally
changed. The overlap of two successive instances of the
same object is hard to be detected as changed when the
object is not suÆciently textured. These problems are
less critical when the temporal changes are computed
between the current image and a reference frame that
represents the scene background [5, 6]. For this reason,
we have chosen to detect changes in the current image
with respect to a reference background. In addition, in
order to avoid the drawbacks of a xed reference frame,
we use an adaptive background reference frame.
2.1

Adaptive background

A reliable reference frame is fondamental for the identi cation of moving areas through change detection. A
frame captured when no objects are present in the scene
is used when short sequences are analysed. However,
such a frame is not always available. In addition, a xed
background image is not suitable for long sequences. In
this case, changes in the enviromental illumination lead
to misdetections.
For these reasons, we use an adaptive background
scheme. The scheme allows to begin the detection of
moving object from any time instant in the sequence,
even if foreground objects are present. In this case a

short set-up time is necessary to create the reference
image.
In the Video Object Kernel, the computation of the
adaptive background frame is an iterative process that
refreshes, at an instant n+1, the background obtained
from n previous frames of the sequence with the incoming n+1 frame. The background updating method uses
a blending formula that weights pixels of the incoming
frame, according to their chances to belong to the background. This is achieved by computing an error map.
The error map takes into account both changes with respect to the previously computed background and with
respect to the previous frame. A detailed description of
this adaptive process is given in [11]. The block diagram
describing the background updating module is depicted
in Fig. 2.
This adaptive refreshment of the background brings
two main advantages. First, it allows the change detection algorithm to rely on an e ective reference frame
even if a frame without foreground objects is not available. Second, it increases signi cantly the robustness to
slow changes in the environmental and illumination conditions (e.g. clouds occluding the sun light or sunsets).
For long sequences, indeed, when considering the rst
frame as reference, changes in daylight are detected as
structural changes.
From a computational point of view, it is important
to note that all the frames of the video sequence do not
need to be used in this process. The refreshment rate is
independent from the video frame rate and it can be set
according to the application and the available hardware.
2.2

Change detector

The reference background frame computed and updated
as described in the previous section is given as input to
the change detector. The second input is the current
frame of the sequence under analysis. The goal is the
detection of moving objects. Since moving objects generate changes in the image intensity, motion detection is
related to temporal change detection. However, besides
the perturbation in the temporal changes introduced by
a moving object, camera noise also heavily in uences
the results of the segmentation. In fact, a large number of pixels that do not correspond to a change in the
real world appear as changed in the sequence due to the
noise introduced by the acquisition process. To discount
the e ect of noise, simple change detection techniques
perform a threshold operation on the di erence image.
The threshold is xed empirically. All pixels presenting a di erence larger than the threshold are considered
as belonging to a moving object. This approach performs well only on sequences where moving objects are
highly contrasted. However, thresholds have to be tuned
manually according to the sequence properties. In addition, thresholds need an update along the sequence
itself. These major drawbacks limit this approach for a
fully automatic application.
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Figure 1: Block diagram of the MODEST video surveillance system. The foreground objects extracted by the Video
Object Kernel are rst tracked and then transformed in 3D shapes. Finally, a content understanding module derives
decisions from the 3D description.
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Figure 2: Block diagram of the iterative background adaptation. A background frame is generated by integrating
information from the previous frame of the sequence and the already computed background.
To overcome these problems and to obtain a more exible procedure, we adopt a method that models the noise
statistics. The method is based on a statistical decision
rule. According to this model proposed by Aach [1], it is
possible to assess what is the probability that the value
at a given position in the image di erence is due to noise
instead of other causes. This procedure is based on the
hypothesis that the additive noise a ecting each image
of the sequence respects a Gaussian distribution. It is
also assumed that there is no correlation between the
noise a ecting successive frames of the sequence. These
hypotheses are suÆciently realistic and extensively used
in literature. The results of the change detector is a classi cation of the image pixels into two groups: changed,
and not changed. The classi cation is performed according to a signi cance test, after windowing the difference image. The dimension of the window can be
chosen according to the application. The method and
the parameter selection strategy are described in details
in [4]. It is worth to notice that the only parameter
whose value needs to be de ned is a signi cance level.
This is a stable parameter that is not dependent on the
sequence, but on the error rate that it is tolerate for the
application. This method does not require therefore any
manual threshold tuning and does not severely increase
the computational load compared to simple threshold
techniques. An implementation of the method on a Pentium II, 300MHz processor, performs close to real time
(6 frames per second, CIF format).
Since the change detector does not necessarely provide close contours, a hole lling procedure is added at
the end of the scheme (Fig. 3). The results of the Video
Object Kernel are then passed to the tracking module.
The 2D object shapes are then translated into 3D, and
their description is nally used by the content under-

standing module. These modules are described in the
following section.
3

THE Modest SURVEILLANCE SYSTEM

The segmentation and background adaptation techniques implemented in the Video Object Kernel are
integrated within the MODEST surveillance platform.
Their cooperation provided satisfactory results at a reasonable computational cost. More details about the
MODEST system can be found in [2]. The architecture of this system is described on Fig. 4. The sensors used are digital cameras overlooking the surveilled
scene. Although several cameras are used, their eld of
view do not overlap and the traÆc is thus analysed at a
number of sparse areas. This is typical to commonly installed video surveillance systems and allows the MODEST platform to be installed without excessive hardware
investments. In order to further cut investments and enhance performance, the MODEST Video Object Kernel
isq designed to be placed close to the camera, leaving
the scene descriptors as sole output on an IP network.
This contrasts with current system that often require
optical bre to convey multiple video streams.
Besides the lower data rate at the segmention output,
a rst higher-level semantic information is available: the
idea of object, de ned at this level as an area of connected and segmented image pixels.
Once masks of objects are generated, they are used
by a 3D reconstructor. This reconstractor computes
position, sizes, orientation and speed of the objects as
metric values. The images of objects have thus been
further reduced to a small number of values of a higher
semantic level, gaining substantial signi cation for the
content understanding platform and for the nal user.
The geometric representation of objects is then packed
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Figure 3: Block diagram of the change detector. The changes detected in the di erence between a current frame and
the background frame are then postprocessed to obtain masks of objects without holes.
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Figure 4: The architecture of the Modest surveillance system.
with other descriptors (such as color) and sent to the
content understanding platform. This platform is the
only part of the MODEST system to be dependent on
the application. The platform is composed by a set of
application-speci c agents. By processing the 3D information, the agents derive statistics, analyse the behavior of the objects, and track them through the di erent
camera sites. The data is then displayed to the user via
an appropriate interface. An example is given in the
next section.
4

RESULTS

The results of the Video Object Kernel are presented
in this section. Since the module is addressed to both
indoor and outdoor surveillance, sequences with very
di erent characteristics have been considered. The sequences selected to present the results are the following.
Hall Monitor, a typical example of indoor surveillance
scene, from the MPEG-4 data set. Group, an indoor
sequences characterized by many interactions and occlusions between the objects. The sequence belongs to
the test set of the European IST project art.live. Finally,
Highway, a typical traÆc surveillance sequence from the
MPEG-7 data set, is considered. The sequences contain
both small and large foreground objects. The spatial
resolution of the test sequences is 288  352 pixels (CIF
format) and the temporal resolution is 30 images per
second for Hall Monitor and 25 images per second for
Group and Highway.

The same set of parameters has been used for all the
sequences. The background refresh rate has been selected as half the original sequence frame rate.
Figure 5 presents the input and the output of the
Video Object Kernel for the three sequences considered
in this section. The results show a correct extraction of
the foreground for both small and large objects. In addition the contours of the extracted objects are correctly
de ned and they are stable over time.
It is important to stress that all the sequences have
been processed without changing the parameters of the
Video Object Kernel. The obtained results demonstrate
that the performance of the proposed method does not
vary if the scene content changes. However, the results
shown in this section di er from the ones of an ideal
object extractor for two aspects. The rst aspect is the
low-pass lter e ect introduced by the windowing in the
change detector. The extracted contours are slightly
larger then the real ones. This error is acceptable for
surveillance applications. It could be corrected by a
postprocessing module, if another application requires
contours exactly tting the objects. The second deviation from an ideal extraction is the presence of shadows
in the change detection mask. Shadows are in fact detected as moving objects since they possess the same
characteristics. The 2D to 3D conversion module in the
MODEST system takes care of this problem and provides a correct description of the 3D shapes. An example of 3D shapes and object tracking is given in Fig. 6.

Figure 5: Original frames ( rst row:Hall Monitor, third row:Group, fth row:Highway), and corresponding results
(second, fourth, and sixth row) of the Video Object Kernel. The extraction of the video objects corresponding to the
above original frame is visualized by superposing the resulting change detection mask over the original sequence. The
complete sequences are available at http://ltswww.ep .ch/andrea/vok.html .
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CONCLUSIONS

We presented here a novel scheme for extraction of video
objects in a scene generated from a single camera without any speci c calibration. The scheme makes use of a
statistical change detection where the only parameter to
set is related to a probability of detection of a moving objects (structural change) versus that of the noise of the
camera. Making use of a varying reference image, which
approximates scenes background, further enhances this
change detection. The update of the reference allows
for a better adaptation of the scheme to slowly changing backgrounds, such as outdoor scenes where changes
in illumination occur.
Experimental results on long sequences show that the
proposed method provides stable results in terms of detection of moving objects and accuracy of their contours.
This method is a component technology to be placed
in a larger framework (e.g. object-based indexing and
retrieval), and has been successfully applied within an
advanced video surveillance system (European project
ACTS304 Modest). In this application, the information extracted from the moving objects (such as motion,
shape, colour) are provided to a content understanding
module which is responsible for interpreting the monitored scene.
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