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Foreground detection algorithms have sometimes relied on rather ad hoc procedures, even when proba-
bilistic mixture models are defined. Moreover, the fact that the input features have different variances
and that they are not independent from each other is often neglected, which hampers performance. Here
we aim to obtain a background model which is not tied to any particular choice of features, and that
accounts for the variability and the dependences among features. It is based on the stochastic approxima-
tion framework. A possible set of features is presented, and their suitability for this problem is assessed.
Finally, the proposed procedure is compared with several state-of-the-art alternatives, with satisfactory
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1. Introduction

The proliferation of video vigilance systems has given rise to an
ever increasing need of preprocessing, analyzing, indexing and
searching over huge quantities of video data. These tasks cannot
be efficiently carried out by humans, since the volume of data to
be processed is too large for their capabilities. Hence, activity anal-
ysis intelligent systems are an emergent research field with multi-
ple applications, both in the private and public sectors [36].

Under a modular view of computer vision systems, the separa-
tion of moving objects from the background is one of the earliest
stages. This is an essential part of any surveillance system, since
its performance deeply influences the higher level stages which
carry out the object detection. Consequently, much effort has been
devoted to this complex problem, which includes challenges such
as dynamic backgrounds, shadows, objects which integrate into
the background, sudden illumination changes, color similarity
(camouflage) and many others [4].

Most approaches are based on building a model of the back-
ground which is based on some statistics obtained from the previ-
ous video frames. We might classify most of them into four classes:
median based, kernel density estimation based, subspace based,
and probabilistic mixture based [15]. The first class computes the
median of the pixel values over the last frames in order to obtain
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a robust estimation of the background image. These approaches
exhibit a good resilience against noise and artifacts [8], but they
are also computationally expensive if the frame window is large,
a problem which can be alleviated by fast methods to approximate
the median [29,33]. The second kind of approaches estimates the
probability density function (pdf) of the pixel values, but it does
not assume any particular probability distribution for them, i.e.
non parametric methods are used. Gaussian kernels are commonly
chosen for this purpose [9,14]; the fundamental parameters to be
tuned in this case are the number of kernels and their bandwidth.
There is also a need to reduce the inherent computational load of
kernel density estimation, which can be done by dropping irrele-
vant features. Subspace based methods try to find a subspace of
the space of all possible images where the background of the scene
lies, so that departures from that subspace can be detected as fore-
ground objects [31,46,44,42]. Finally, the fourth group of methods
assumes that the pixel values follow certain probability distribu-
tion, usually a mixture of Gaussians, and then it tries to estimate
its parameters; this means that they are parametric methods. They
tend to have less memory and time requirements than non para-
metric ones, since the number of parameters is relatively small.
This is one of the causes of their popularity [45,40,51,17], along
with the possibility to introduce specific mechanisms to tackle
the above mentioned challenges [4].

Even though there is a large number of background subtraction
algorithms based on probabilistic mixtures, a majority of them
stick to a set of simplifications which can reduce their perfor-
mance. On one hand, most proposals use the RGB pixel values as
inputs [34]. On the other hand, some well established and fre-
quently used background modeling algorithms use the same vari-
ance for all the input variables [17,41,51], although there is no
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fundamental reason not to use the full covariance matrix. In other
words, the use of full covariances is an option which exists in the-
ory but is very rarely implemented in practice. A spherical covari-
ance matrix might not be the optimal choice because the variance
of the input variables can be different, which means that those
models do not adapt to the specific dispersion of each variable.
For example, the variabilities of median filtered features are
expected to be much lower than those of non median filtered fea-
tures. Also, features based on edge information (high pass filters)
tend to vary more than features based on low pass filters. More-
over, the above mentioned models do not consider the covariances
among the variables, so they treat them as if they were indepen-
dent, which is not the case. For example, the red, green and blue
color components of a pixel will typically grow or diminish
together as the lighting increases or decreases, respectively. This
means that RGB color components are strongly correlated. Another
example is edge features in the horizontal and vertical directions,
since textured objects will have high values of the features in both
directions, while homogeneous objects will have low values of the
features in both directions.

Our aim here is to develop a method which overcomes the lim-
itations we have just outlined, along with a set of relevant features
that yields adequate results. Our proposal defines a probabilistic
model which handles any number of pixel features. It also accounts
for the correlations among the features, so that a more realistic
model is obtained.

The structure of this paper is as follows. First of all, a review of
previous work about probabilistic background models and feature
selection is done in Section 2. Then the proposed probabilistic mix-
ture model and the corresponding learning algorithm are consid-
ered in Section 3. The set of pixel features that we have chosen
are defined and studied in Section 4. Section 5 is devoted to the
experimental results, with comparisons with state-of-the-art
approaches. Finally, Sections 6 and 7 deal with the discussion of
the most relevant characteristics of our proposal and the conclu-
sions, respectively.

2. Related work

As outlined above, the design of a realistic mixture model for
foreground detection can be decomposed into two decisions: the
choice of the probability model for each mixture component and
the selection of the number and kind of input features. Next a
review of previous literature on these two topics is carried out,
with indications of possible enhancements.

Most methods rely on the assumption that all the variables have
the same variance, and that all of them are independent. This
translates to Gaussian mixture components with spherical covari-
ance matrices, i.e. matrices of the form 21, where ¢? is the com-
mon variance and I is the identity matrix. It has long been
known that the assumption of a spherical covariance matrix does
not conform to real scenes. In [12] it is found that the estimation
of the mean vector is reliable, but the covariance matrix does not
conform to a spherical model. The distribution of values for a back-
ground pixel in the standard RGB space conforms to a cylinder
rather than a sphere, which renders the spherical model unrealistic
[19,5]. The cylindrical model is proposed to overcome this prob-
lem. Under this model the major axis of the cylinder extends to
the black point, and the position along this axis corresponds to
luminance. The distance of a point to the major axis determines
the radius of the cylinder, which is called the color distortion.
The cylindrical model has the disadvantage that it is not associated
to any probability density, since it only defines a distance measure
of how close a color is to the model. Hence it is not possible to
assign a probability that a pixel belongs to the background, and

consequently the amount of learning of the background model of
a pixel cannot be adapted to the likelihood that the observed color
corresponds to the background, which affects the learning process
negatively. On the other hand, a Gaussian with a full covariance
matrix can model an elongated shape with any position, thickness
and orientation, and it produces the probability that a pixel
belongs to the background, so it is a viable alternative to fit the
data.

A commonly used alternative is to use several spherical
Gaussians for the background [40,49,6], rather than one [45].
Comparative studies show that more than one spherical Gaussi-
ans perform better than a single spherical Gaussian [11]. Never-
theless, a mixture of spherical Gaussians can only give a rough
approximation of an elongated cluster of data unless the num-
ber of Gaussians grows considerably, because the points which
are midway between the mean vectors of two successive Gauss-
ian components have a lower probability density than those clo-
ser to a mean vector. Again, a Gaussian with a full covariance
matrix does not have this problem, since the probability density
is smooth through the elongated cluster. This is confirmed by
the study in [3], which points out that a single Gaussian with
a full covariance matrix outperforms a model with multiple
spherical Gaussians in some situations. It is reported that this
is because the covariances are able to adapt to background
instabilities.

Last but not the least Gaussian mixture components cannot
model the foreground adequately unless a large amount of them
is used. This is because incoming foreground objects can have
any aspect, so any mixture component used to model the fore-
ground should have a substantially flat profile, i.e. no prominent
modes. However, most algorithms neglect this fact and assign a
small number of spherical Gaussians to the foreground [18,6]. This
leads to very large variances in the foreground Gaussians as they
try to adapt to heterogeneous foreground input samples. Moreover,
a large part of the probability mass of these Gaussians could be out
of the support of the real input distribution, since the Gaussians
must adapt to the input samples which lie near the borders of
the support. That is, they are modeling regions where no inputs
can exist. Of course this is also true for the Gaussians assigned to
the background, but in this case the effect is not so serious because
the background samples are expected to be more concentrated, so
that the spread of the Gaussians is smaller and little probability
mass is out of the support of the real input. On the other hand,
the assignment of a Gaussian to the background or the foreground
is a difficult problem on its own. This situation calls for an uninfor-
mative prior for the foreground, i.e. a single flat mixture compo-
nent such as a uniform distribution [35,13], which is the
approach that we advocate here.

The second fundamental decision to be made when a fore-
ground detection algorithm is developed deals with the set of input
features. The most straightforward option is to use the raw RGB
information from the camera, and it is chosen by many proposals.
It has the advantage of its speed and ease of implementation, but it
is widely acknowledged that it suffers from limitations due to illu-
mination changes, among other artifacts. Separation of luminance
and chrominance can help to reduce these undesirable effects, as
done in [45], where the YUV color space is employed. The Y chan-
nel conveys the luminance information, while U and V channels
carry chrominance. A further development is to remove the lumi-
nance information completely, which is commonly done by divid-
ing the RGB values by their sum to yield the normalized RGB set of
features [38,28,2,9]. This attains certain resilience to illumination
changes, but the differing optical characteristics of objects imply
that normalized RGB data are still subject to variation when lights
are switched on or off. A way to remove the dependence from color
and lighting is to use texture features [48,16], although they are
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