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1 Introduction

Video surveillance systems seek to automatically identify events of interest in
a variety of situations. Example applications include intrusion detection, activ-
ity monitoring, and pedestrian counting. The capability of extracting moving
objects from a video sequence is a fundamental and crucial problem of these
vision systems. For systems using static cameras, background subtraction is the
method typically used to segment moving regions in the image sequences, by
comparing each new frame to a model of the scene background, see, e.g., [6, 13].

1.1 Classi�cation of Existing Approaches

There are many di�erent approaches to solving the problem of tracking people
in a video surveillance system. These can be classi�ed into three main groups:
feature-based tracking, background subtraction, and optical ow techniques.
Feature based tracking can be further divided depending on the scale of the

features. These various approaches are discussed below. Note that this classi�-
cation is based on the methods used for detecting objects of interest. The other
component of a successful system is the methodology used for solving the cor-
respondence of features between frames. In almost all approaches, this is solved
using a method based on Kalman Filter tracking [1].

Large Scale Feature Based Tracking In this approach, a large scale feature
of an object is identi�ed and subsequently tracked. Typically, this is the bounding
silhouette of the object and this is tracked with using a snake-type tracker, e.g.,
[3]. In the context of tracking people, another useful feature is to detect faces by
skin-tone, etc. and track these features.
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Small Scale Feature Based Tracking In this approach, features such as edge
fragments or corners are identi�ed in the images and these are independently
tracked through the image sequence. Then these features have to be grouped
into clusters that correspond to independent moving objects. For example, in [2],
corner points are tracked in a road surveillance application and then grouped
together on the basis that all corners on a vehicle will have the same motion, and
that this motion will be signi�cantly di�erent from that of other vehicles over the
scene, even when travelling in the same highway lane. Such an approach would be
diÆcult to transfer to a pedestrian tracking application because people are highly
articulated objects, and hence individual components exhibit signi�cant relative
motion. But, moreover, given the smoother exterior of people, the extracted
corner points will not have stable surface generators, and they will tend to be
viewpoint sensitive.

The signi�cant problem in this approach is the clustering of the tracked
primitive features into groups that correspond to objects. One possible approach
is to use a perceptual grouping technique [15].

Optical Flow Based Techniques The basis of this approach is to estimate the
optical ow at all points of the image plane. Signi�cant points are then grouped
based on principles of motion coherence, etc. This approach is closely related to
the small scale feature based tracking approach.

Background Subtraction Background subtraction is a region-based approach
where the objective is to identify parts of the image plane that are signi�cantly
di�erent to the background, i.e., the scene as would appear if there were no fore-
ground objects in it. The signi�cant problem to be addressed in this approach is
that of estimating the background image, especially when the illumination levels
change. The method described in this paper falls into this category. Another
important aspect of the background subtraction approach is the de�nition of
what constitutes a signi�cant di�erence from the background. This is a thresh-
old selection problem [19].

1.2 Evaluation Criteria

When the above methods are applied to a video surveillance problem, there are
a number of key attributes and scenarios that must be handled. These are:

{ The choice of models for key components.

{ Initialization of the model parameters when the system is �rst started.
{ Distinguishing objects of interest from illumination artifacts such as shadows
and highlights.

{ Handling uncontrollable illumination level changes, such as occur in outdoor
scenes.

{ Adapting to changes in the scene, such as when a new chair is introduced
into a restaurant.

{ Detecting when something is wrong with the processing, and re-initialization
in response.
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The rest of this paper will concentrate on approaches based on background
subtraction. Firstly, existing methods will be reviewed with respect to the above
criteria. Then a new method will be described and its performance evaluated.

2 Review of Existing Methods

In a background subtraction based approach, the �eld of view can be divided
into three components:

background = the parts of the static scene that are still visible.
objects = things of interest to the application, e.g., pedestrians.
artifacts = image changes such as shadows and highlights.

The combination of the \objects" and the \artifacts", i.e., everything that is
not \background", is often called the foreground. In most existing methods,
only the background is explicitly modeled. The foreground is divided into object
and artifact on the basis of various image properties. However, [16] takes the
opposite approach of explicitly modelling the color distribution of each object
using a mixture of Gaussians and uses this to detect the objects. In [18,22], both
the background and the foreground are modelled as Gaussian distributions.

In this section, we discuss existing methods with respect to the choice of a
background model and how it is maintained in the face of illumination changes,
how the foreground is di�erentiated from the background, and what strate-
gies are used to correct classi�cation errors. Finally, the classi�cation of fore-
ground into objects and artifacts is discussed. The following notation will be
used throughout this section:

It = the incoming image at time t.

Bt = the background estimate at time t.

The coordinates associated with a pixel are not shown in the equations unless
necessary.

2.1 Background Models

The simplest and most common model for the background is to use a point
estimate of the color at each pixel location, e.g., [12]. This point estimate is
usually taken to be the mean of a Gaussian distribution. In some systems, e.g.,
[17], the variance of the intensity is also modelled.

To cope with variation in the illumination, the background estimate has to
be continually updated. In [12], this is updated using

Bt+1 = �It + (1� �)Bt (1)

where � is kept small to prevent arti�cial \tails" forming behind moving objects.
In [5], the background is maintained as the temporal median of the lastN frames,
with typical values of N ranging from 50 to 200. The updating of the background
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estimate is often restricted to pixels which have been classi�ed as background.
In [9{11], three parameters are estimated at each pixel: M, N, and D, which
represent the minimum, maximum, and largest interframe absolute di�erence
observable in the background scene.

Such simple background estimates fail to cope with scenes which contain
regularly changing intensities at a pixel, such as occurs with ashing lights and
swaying branches. Several more complex background models have been devel-
oped to handle such scenarios. In [7, 20, 14], each pixel is separately modeled by
a mixture of K Gaussians

P (It) =

KX
i=1

!i;t � �(It;�i;t; �i;t) (2)

where K = 4 in [14] and K = 3 : : :5 in [20]. In [7, 20], it is assumed that
�i;t = �2

i;t
� I. The background is updated, before the foreground is detected, as

follows:

1. If It matches component i, i.e., It is within � standard deviations of �i;t
(where � is 2 in [7] and 2.5 in [14, 20]), then the ith component is updated
as follows:

!i;t = !i;t�1 (3)

�i;t = (1� �) � �i;t�1 + �It (4)

�2
i;t

= (1� �) � �2
i;t�1 + �(It � �i;t)

T (It � �i;t) (5)

where � = � � Pr(Itj�i;t�1; �i;t�1).
2. Components which the incoming image doesn't match are updated by

!i;t = (1� �)!i;t�1 (6)

�i;t = �i;t�1 (7)

�2
i;t

= �2
i;t�1 (8)

3. If It does not match any component, then the least likely component (the
one with smallest !i;t) is replaced with a new one which has �i;t = It, �i;t

large, and !i;t low.

The weights then have to be renormalized.
In [4], three background models are simultaneously kept, a primary, a sec-

ondary, and an old background. They are updated as follows:

1. The primary background is updated as

Bt+1 = �It + (1� �)Bt (9)

where the pixel is not marked as foreground, and is updated as

Bt+1 = �It + (1� �)Bt (10)

where the pixel is marked as foreground. In the above, � was selected
from within the range [0:0000610351 : : :0:25], with the default value � =
0:0078125, and � = 0:25 � �.



5

2. The secondary background is updated as

Bt+1 = �It + (1� �)Bt (11)

at pixels where the incoming image is not signi�cantly di�erent from the
current value of the secondary background, where � is as for the primary
background. At pixels where there is a signi�cant di�erence, the secondary
background is updated by

Bt+1 = It (12)

What constitutes a signi�cant di�erence is not de�ned. It is also noted that
there were problems with this background estimator.

3. The old background is a copy of the incoming image from 9000 to 18000
frames ago. It is not updated.

They claim that adding more than one secondary background actually reduces
the sensitivity of the system because there is a greater range of values that a
pixel can take on without being marked as foreground.

In [21], two background estimates are used which are based on a linear pre-
dictive model:

Bt = �

pX
k=1

akIt�k and B̂t = �

pX
k=1

akBt�k (13)

where the coeÆcients ak are reestimated after each frame is received so as to
minimize the prediction error. The second estimator B̂t is introduced because
the primary estimate Bt can become corrupted if a part of the foreground covers
a pixel for a signi�cant period of time. As well as the above, an estimate of the
prediction error variance is also maintained:

E(e2
t
) = E(I2

t
) +

pX
k=1

akE(ItIt�k) : (14)

2.2 Foreground Detection

The method used for detecting foreground pixels is highly dependent on the
background model. But, in almost all cases, pixels are classi�ed as foreground
if the observed intensity in the new image is substantially di�erent from the
background model, e.g.,

jIt �Btj > � (15)

where � is a \prede�ned" threshold, or a factor dependent on the variance es-
timate also maintained within the background model. In systems that maintain
multiple models for the background, then a pixel must be substantially di�erent
from all background values to be classi�ed as foreground. In [4], an adaptive
thresholding with hysteresis scheme is used.
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In the mixture of Gaussians approach, the foreground is detected as follows.
All components in the mixture are sorted into the order of decreasing !i;t=k�i;tk.
So higher importance gets placed on components with the most evidence and
lowest variance, which are assumed to be the background. Then let

B = argmin
b

 P
b

i=1
!i;tP

K

i=1
!i;t

> T

!
(16)

for some threshold T . Then components 1; : : : ; B are assumed to be background.
So if It does not match one of these components, the pixel is marked as fore-
ground.

In [21], which uses two predictions for the background value, a pixel is marked
as foreground if the observed value in the new image di�ers from both estimates
by more than a threshold � = 4

p
E(e2

t
), where E(e2

t
) is calculated in (14).

2.3 Error Recovery Strategies

The section above on background models describes how the various methods are

designed to handle gradual changes in illumination levels. Sudden changes in
illumination must be detected and the model parameters changed in response.
In [21], the strategy used is to measure the proportion of the image that is
classi�ed as foreground and if this is more than 70%, then the current model
parameters are abandoned and a re-initialization phase is invoked. In [12], if a
pixel is marked as foreground for most of the last couple of frames (the values of
`most' and `couple' are not given), then the background is updated as Bt+1 = It.
This correction is designed to compensate for sudden illumination changes and
the appearance of static new objects.

Another common problem are regular changes in illumination level, such
as that from moving foliage. Multiple model schemes such as the mixture of
Gaussians explicitly handle such problems. However, they present a problem
for single model schemes. In [12], to compensate for these problems, a pixel is
masked out from inclusion in the foreground if it changes state from foreground
to background frequently.

2.4 Foreground Classi�cation

The purpose of foreground classi�cation is to distinguish objects of interest such
as pedestrians from illumination artifacts such as shadows and highlights. This
is usually accomplished by evaluating the color distribution within a foreground
region [13]:

A shadow region has similar hue and saturation to the background but a lower
intensity (see Fig. 2.4.

A highlight region has similar hue and saturation to the background but a
higher intensity.

and, consequently, an object region has a di�erent hue and saturation to the
background.
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Fig. 1. Value distribution in the Blue channel of a region of the background: left -

with shadow, right - without. This shows a typical situation: shadow means reduced
intensity and reduced `dynamics'.

3 An Approach Incorporating Foreground Classi�cation

The section before has indicated that there are many background subtraction
methods. Most of them are only concerned about detecting pixels where the
background is no longer visible, without attempting to understand what is `cov-

ering' such pixels. Because background subtraction is based on observed intensi-
ties, such techniques normally misclassify illumination artifacts such as shadows
and highlights. If these are considered as objects of interest in a surveillance
application, then this results in three types of errors:

{ False alarm due to a visible shadow but not an object (that generated it).
{ Shadows increase the apparent size of an object, perhaps resulting in a false
labelling as multiple objects.

{ Missing separation of objects because a shadow bridges the visible area be-
tween them.

In this section, a method is described which addresses these problems. In the
following section its performance is evaluated.

3.1 The Background Model

The background observed at each pixel is modelled by a multidimensional Gaus-
sian distribution in RGB space. This requires estimates of the mean and standard
deviation. The estimates of these parameters are updated with each new frame,
but only at pixels that have been classi�ed as background. The updating is done
with the following linear �lter:

� = (1� �)� + �Ii

�2 = (1 � �)�2 + �(Ii� �)2

Here, � is the prede�ned learning rate.
Initially the distributions of the background are not known. We initialize all

unknown variables in the following way:

Mean value = the pixel's RGB value of the �rst frame.
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Standard deviation = a high value (the actual value will be obtained during
updating).

Brightness distortion = a high value (the actual value will be obtained during
updating).

3.2 Pixel Classi�cation

Each pixel in a new image is classi�ed as one of background, object, shadow,
or highlight. Pixels are classi�ed as background if the observed color value is
within the ellipsoid of probability concentration (the region of minimumvolume,
centered around the background mean, that contains 99% of the probabilitymass
for the Gaussian distribution).

The distinction between objects, shadows, and highlights among the pixels
not classi�ed as background is made using the brightness distortion [13]. This
detects shifts in the RGB space between a current pixel and the corresponding
background pixel. Let Ei represent the expected background pixel's RGB value,
Ii represents the current pixel's RGB value in the current frame, �i represents
its standard deviation, with

Ei = [Er(i); Eg(i); Eb(i)]; Ii = [Ir(i); Ig(i); Ib(i)]; and �i = [�r(i); �g(i); �b(i)] :

The brightness distortion is a scalar value that brings the observed color close
to the expected chromaticity line (line from origin to Ei). It is obtained by
minimizing

�(�i) = (Ii � �iEi)
2 ;

where �i represents the pixel's strength of brightness with respect to the ex-
pected value: �i is 1 if the brightness of the given pixel in the current image is
the same as in the reference image, and �i is less than 1 if it is darker, and greater
than 1 if it becomes brighter than the expected brightness. If the current pixel's
intensity is greater than the background intensity and the current pixel's bright-
ness distortion value is less than the corresponding background pixel's brightness
distortion value, this pixel will be marked as highlight. If the current pixel's in-
tensity is less than the background intensity and the current pixel's brightness
distortion value is less than the corresponding background pixel's brightness dis-
tortion value, this pixel will be marked as shadow. Otherwise the pixel is marked
as an object of interest. In the �gures below the produced output is marked as
follows: moving objects (people) in light green, and shadow or highlight in dark

red.

4 Our Results

The algorithm as discussed above has been tested for indoor lab scenes. Figure
2 illustrates the e�ects of di�erent lighting on a static scene (i.e. no moving
people). It shows how di�erent lighting a�ects our test area. Figure 3 shows
that the algorithm works accurately in a uniformly lighted scene: The moving
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Fig. 2. Di�erent background lighting: left - uniform lighting with all curtains closed ,

right - lighting coming just from window.

Fig. 3. Backgrond subtraction for uniform lighting: left - the original frame, right - the

result after background subtraction.

person is marked as light green, the shadow is marked as dark red successfully.
Figure 4 illustrates that the algorithm still works �ne after adding one extra
light. Figure 5 shows how the algorithm is able to cope with global illumination
changes after adding two extra lights. Figure 6 shows a di�erent lighting situa-

Fig. 4. Backgrond subtraction for uniform lighting plus one extra light: left - the orig-
inal frame, right - the result after background subtraction.



10

tion. The algorithm can not only detect moving people and shadows accuratly,

Fig. 5. Backgrond subtraction for uniform lighting plus two extra lights: left - the
original frame, right - the result after background subtraction.

Fig. 6. Backgrond subtraction for lighting coming from window plus one extra light:

left - the original frame, right - the result after background subtraction.

it also can cope with highlights. Figure 7 illustrates the highlight abilities after
adding an extra light. It still works fairly well and robust for moving people
sutraction and shadow detection. Figure 8 shows a result after initialization by
using static frames without moving people. We obtain good foreground subrac-
tion and shadow detection results in real-time. Figure 9 shows that after static
initialization, the background model can be updated adaptively. The algorithm
updates a new background model while frames with moving people are captured.
Figure 10 is to illustrate the robustness of background updating. Even when we
capture a very di�erent frame with moving people, this algorithm still can re�ne
the background model and we obtain good subtraction results.
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Fig. 7. Backgrond subtraction for lighting coming from window plus two extra lights:
left - the original frame, right - the result after background subtraction.

Fig. 8. Here, all frames before the current frame have been static (i.e. without moving
people): left - the current frame, right - the result after background subtraction.

Fig. 9. Here, starting with static frames (i.e. without moving people) we continue with

5 frames showing moving people until the current frame: left - the current frame, right

- the result after background subtraction.
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Fig. 10. Same situation as in �gure before, but di�erent people are walking in the

scene before the current frame is taken: left - the current frame, right - the result after
background subtraction.

5 Conclusion and Further work

This paper presents and discusses a background subtraction approach which
can detect moving people on a background while also allowing for shadows and
highlights. The background is adaptively updated. The approach has been tested
in RGB space. The method is eÆcient with respect to computation time and
storage. It only requires to store a background model and brightness distortion
values. This allows real-time video processing.

The method has a number of limitations that will be addressed in future work.
A static background without moving people is needed during the initialization
phase, otherwise it takes a substantial amount of time to reliably classify pixels
as foreground. Very dark parts of people are still classi�ed as either background,
or shadows. Another limitation is that shadows on very dark backgrounds or
several shadows added together will not be detected e�ectively. Bright highlights
are also a problem because of saturation in the camera sensor.
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