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Abstract

The paper proposes a novel change-detection algorithm
for automated videosurveillance applications. The algo-
rithm is based on the idea of incorporating into the back-
ground model a set of simple low-level features capable of
capturing effectively “structural” (i.e. robust with respect
to illumination variations) information. Thanks to this ap-
proach, and unlike most conventional change-detection al-
gorithms, the proposed algorithm is capable of handling
correctly still and slow objects as well as of working prop-
erly throughout very long time spans. Moreover, the algo-
rithm can naturally interact with the higher-level process-
ing modules found in advanced video-based surveillance
systems in order to allow for flexible and intelligent back-
ground maintenance.

1 Introduction

Automated videosurveillance systems analyse the in-
coming video stream in order to detect anomalous or dan-
gerous situations and then trigger automatically an adequate
counteraction, such as for example sending an alarm to an
operator and/or recording the incoming images. Typically,
these systems deploy one or more static cameras. Most sys-
tems currently available in the videosurveillance market do
not try to achieve a high degree of scene understanding but
restrict the analysis of the incoming images to the detec-
tion of relevant colour or gray-scale changes with respect to
a reference image. However, an impressive amount of on-
going research aims at the development of advanced video-
surveillance systems, that should be able to trigger a coun-
teraction on the basis of the comprehension of the nature
and behaviours of the objects appearing in the scene. Typi-
cally, the latter systems include as the very first image anal-
ysis step a change-detection algorithm aimed at segmenting
out the interesting regions from a static background. Then,
higher level processing modules, such as tracking, classifi-

cation and interpretation modules, process the output yield
by the change detection algorithm in order to attain the re-
quired degree of scene understanding.

Most change-detection algorithms rely on the principle
of background subtraction: a background model, consist-
ing of a representation of the observed scene without mov-
ing objects, is compared against the current image in or-
der to mark as foreground those pixels that exhibit a sig-
nificant difference with respect to the corresponding back-
ground pixels. The main difficulty associated with change-
detection is not the background subtraction step, but instead
the maintenance of a background model that follows cor-
rectly the changes of the reference scene. These changes
can be grouped into two major classes:

Illumination changes: sun-light intensity and inclination
vary slowly, continuously and regularly during the day, thus
varying the illumination conditions of outdoor scenes (and
in many circumstances, also of indoor scenes) and causing
slow image changes. Sudden image changes occur when the
illumination intensity varies much more rapidly, for exam-
ple, when a cloud appears in a sunny day or, in an indoor
environment, when lights are switched.

Changes due to objects: these changes occur when an
object is introduced into or removed from the reference
scene. If a foreground object stops a decision should be
taken on whether and when it is more appropriate to con-
sider the object as part of the reference scene and conse-
quently include its appearance into the background model.
Similarly, if a background object starts moving, its absence
in the previously occupied image region is detected by the
subtraction step as a bogus blob (usually known as ghost).
In this case, the elimination of the ghost is typically desir-
able and can be achieved by updating the background in the
image region previously occupied by the object.

In this paper we address the change detection problem in
the case of a static camera and propose a novel algorithm
based on the synergic combination of colour and structural
(i.e. robust with respect to illumination variations) informa-
tion.
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2 Related work

Among the change detection algorithms relying on the
background subtraction principle, the statistical approach
is by far the most widely adopted one [10, 5, 4, 8, 3, 6].
With this approach some features are selected to represent
the background pixels (e.g. RGB components, hue, lumi-
nance) and modelled by a probability distribution. A pixel
of the current image is then classified as foreground if the
observed features are not coherent with the associated prob-
ability distribution. In statistical algorithms background
maintenance consists typically in updating the parameters
of the probability distributions based on the last observed
images.

Unlike statistical approaches, in [9] a Wiener filter is
used at each pixel to obtain a prediction of the new intensity
value on the basis of the last intensity samples. If the ob-
served value differs significantly from the predicted one, the
pixel is classified as foreground. In [1] a similar strategy is
used, but the prediction is achieved by means of a Kalman
filter. In the latter two algorithms background updating is
implicit since the output of the filters is strictly dependent
upon the measures taken from the last images.

Similarly to our approach, in [7, 2, 6, 5] the im-
age gradient is used to capture structural information for
illumination-insensitive change detection. In [2] the back-
ground subtraction step relies on colour edges only, while in
[7, 5] gradient and colour information is combined at pixel
level to identify foreground points.

The method proposed in [6] is the most similar to our
approach since the combination of colour and gradient in-
formation is performed at region level. A statistical grey-
level gradient background model is maintained. Then, the
edge points of the current image where the gradient differs
from the background gradient are highlighted. An adaptive
background subtraction step, that models the pixel colour
as a mixture of Gaussians, produces connected components
that are validated computing, on their boundaries, the per-
centage of pixels highlighted in the previous gradient-based
subtraction step: only the components showing high per-
centages are finally classified as foreground. The objective
of this strategy is to remove spurious regions caused by il-
lumination changes and ghosts.

Conversely, our approach does not rely on a statistical
background and colour gradient information is extracted at
a lower resolution. The latter choice yield improved robust-
ness to illumination changes and renders the algorithms as
fast as to meet the real-time requirements of many applica-
tions. Moreover we propose a novel background updating
scheme that explicitly exploits illumination-insensitivity
and enables interaction with higher-level processing mod-
ules for intelligent maintenance.

3 The proposed approach

In the above mentioned algorithms a foreground object
is immediately and gradually included into the background
as soon as it stops moving so that, after a certain time inter-
val, it will be perceived as background. Similarly, a ghost
will be absorbed into the background according to the same
dynamics. It is worth pointing out that, though not always
explicitly highlighted by the authors, this common strategy
allows the change-detection algorithm to recover from per-
sistent false positive errors. These errors are due to back-
ground estimation errors, which are generated when illu-
mination changes are not compensated adequately, as well
as to ghosts. This capability is of fundamental importance
for proper long-term functioning of the change-detection al-
gorithm. However, this common strategy relies on a user-
selectable time constant that determines the time needed for
a pixel repetitively classified as foreground to become part
of the background. If the time constant is fast false posi-
tives are absorbed very quickly into the background model
but slowly moving objects may corrupt some region of the
background, generating erroneous blobs. Conversely, if the
time constant is slow, slowly moving objects are correctly
detected but recovering from false positive errors takes a
long time. It is clear from these considerations that the
choice of the time constant implies a critical trade-off that
often does not satisfy adequately all the different applica-
tion requirements.

Ideally, if the background model were based on fea-
tures invariant to illumination changes, the trade-off prob-
lem would be removed. In fact, in such a case, the back-
ground model should be updated only to accommodate the
changes due to objects. Even though it seems impossible
to find low-level features invariant to every kind of illumi-
nation changes, it is possible to devise low-level features
resulting quite robust with respect to many illumination
changes occurring in practise. If we take into account real
features instead of ideal ones, we can observe that the more
the adopted features will be robust the better the real algo-
rithm will approximate the ideal behaviour (i.e. updating
of the background model only to accommodate the changes
due to objects).

Starting from these considerations, we have devised a
set of very simple, low-level features, described in section
4, that have proven to be very robust with respect to bright-
ness variations. By including these features into the back-
ground model we have obtained a novel change detection
algorithm, described in section 5, that approximates quite
satisfactorily the ideal behaviour outlined previously. To
conclude this section we wish to point out an additional
favourable feature of the proposed approach. We believe
that the insertion/removal operations needed to update the
background model according to the scene changes due to
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objects could be carried out much more flexibly and intelli-
gently by exploiting information concerning the nature and
interactions of the objects appearing in the scene as well as
context information. For example, if a car stops in a parking
lot, it is reasonable to absorb it very quickly into the back-
ground since it is highly probable that it will remain still for
a relatively long time. This choice will facilitate the detec-
tion of the driver as he gets off the parked car. On the other
hand, if a car stops in front of a traffic light it is preferable
not to include it rapidly into the background since, probably,
the car will start again quite soon. Our approach naturally
holds the potential to support such intelligent handling of
the background model simply because the model is updated
only to accommodate the scene changes due to objects.
Unfortunately, the type of information required to actually
carry out the intelligent handling of the background model
cannot be extracted by the change detection algorithm itself.
However, within an advanced videosurveillance framework,
this information could be feed-back to the change detection
module by the higher-level processing modules. Therefore,
our change-detection algorithm has been designed to sup-
port this kind of interaction: it can accept as input a binary
mask that controls the inclusion and removal of objects into
the background model. In absence of any feed-back from
higher-level processing modules, the algorithm updates au-
tonomously the background model in order to accommo-
date the scene changes due to objects.

4 Image Structure

As discussed in the previous section, our approach re-
lies on incorporating into the background model a set of
features very robust with respect to illumination changes.
To come-up with such desirable features we may observe
that if we compare two snapshots of a scene taken by a
static camera under different illumination conditions (e.g.
one in the morning, the other in the afternoon), we find that,
even though the colours locally can change significantly, the
overall “structure” of the image is usually perceived as un-
changed. For example, if in the first image we find a big
rectangular red region (e.g. a wall) on the left, then a thin
gray stripe in the center (e.g. a road) and an other big, ir-
regularly shaped, green area on the right (e.g. trees), this
will be the “structure” perceived in the second image too,
although the actual red, gray end green can look quite dif-
ferent. Obviously, to incorporate some kind of structural
information within the background model of a change de-
tection algorithm we should be able to capture this infor-
mation by means of low-level features. Moreover, since in
practical applications the change-detection algorithm must
often run at video-rate (or nearly video-rate), we would like
the structural description to be as simple as possible. We
could think out a way to capture structural information by

estimating the gradient components and then analysing the
edges, as e.g. in [7, 2, 6, 5]. In practice, however, the ex-
act position and intensity of edge points often varies too
much as a function of the illumination conditions. Yet, start-
ing from a similar “derivative” concept, we have devised a
simple transformation yielding a representation of the orig-
inal image, called structure, that turns out to be quite stable
with respect to changes of the illumination intensity (i.e. to
brightness variations). Given a w × h gray-level image, I,
the first step of the transformation consists in obtaining a
reduced-resolution image, R[I]. Let δ be a scale factor (in
our experiments δ=10), then R[I] is a w

δ × h
δ image defined

as:

R[I](x, y) =
1
δ2

δ−1∑
j=0

δ−1∑
k=0

I(δ × x + j, δ × y + k) (1)

Thus, R[I](x, y) represents the average gray-level com-
puted on a δ × δ square window of the original image hav-
ing the top-left corner at (δ × x, δ × y). The next step of
the transformation is to obtain two additional w

δ × h
δ images

defined as:

Dx[I][(x, y) = R[I](x + 1, y) − R[I](x, y) (2)

Dy[I](x, y) = R[I](x, y + 1) − R[I](x, y), (3)

with all the elements of the last column of Dx[I] and last
row of Dy[I] set to zero. Dx[I], Dy[I] are simply the hori-
zontal and vertical derivatives of the reduced-resolution im-
age R[I], and the pair Dx[I], Dy[I] forms the structure
of the original gray-level image I . Roughly, the averages
computation followed by a reduced-resolution differentia-
tion resembles a bandpass filtering operation. It is worth
pointing out that only the first step of the transformation
works on a full resolution image, while successive oper-
ations require processing and storing significantly smaller
images (i.e. reduced by a factor δ2). To discuss the sta-
bility of the proposed representation we model an illumina-
tion change as a global, linear transformation of the inten-
sities: k1I + k2. It can be verified very easily that, under
this assumption, the resulting structure change is given by
(k1−1)Dx[I](x, y), (k1−1)Dy[I](x, y). Hence, where the
original image is uniform the corresponding structure ele-
ments will be small and thus substantially unaffected by the
illumination change. On the other hand, the structure sensi-
tivity to the illumination change gets higher at larger struc-
ture elements, that correspond to windows of the original
image located near or across intensity edges. Although this
analysis derives from a simplified assumption, it provides
a correct indication of the behaviour of the proposed repre-
sentation under typical, real illumination changes, such as
brightness changes. Moreover, as it will be shown later, we
have found that in real video sequences the structure vari-
ations produced by illumination changes are usually much
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Figure 1. Structure difference between two
images.

smaller than those caused by true “structural” changes of
the scene (i.e. those due to object activities). Consequently,
even though the proposed representation is not fully unaf-
fected by illumination changes, it exhibits a strong ability
to discriminate between structural changes and illumination
changes. To obtain a structural representation in the case
of colour images we simply apply the described transfor-
mation to each of the three RGB channels. In this manner
we obtain six w

δ × h
δ images that form the structure of the

colour image I: Dx,r[I], Dx,g[I], Dx,b[I], Dy,r[I], Dy,g[I],
Dy,b[I] (the second subscript identifies the colour channel).
A simple way to compare the structures of two images, Iα

and Iβ , is to compute a delta-structure image, ∆S[Iα, Iβ ],
where each element, ∆S[Iα, Iβ ](x, y), is defined as:

max
ch ∈ {r, g, b}

d ∈ {x, y}

{∣∣Dd,ch[Iα](x, y) − Dd,ch[Iβ ](x, y)
∣∣} (4)

The top row of Figure 1 shows two images taken by a
static camera at two different times and with two very dif-
ferent settings of the frame-grabber parameter that controls
image brightness. The left image of the bottom row shows
the delta-structure image (scaled-up to the original size) as-
sociated with the two images of the top row. As the ele-
ments of the delta-structure image gets larger the colours
vary from blue to yellow (from dark to light if the paper is
printed in gray-scale). Let’s consider background regions
first: we can notice how the structure differences caused by
the brightness change are very small in uniform areas and
stronger where the image is richer of spatial variations (e.g.
the portion of the background containing the parked cars).
This is consistent with the previous theoretical considera-
tions. Furthermore, we can notice that the structure differ-
ences due to the different foreground (the left image con-
tain two persons in foreground while the right image do not
contain foreground objects) are much stronger than those
caused by the brightness change within background regions.

Hence, a thresholding operation on the delta-structure im-
age (right image of the bottom row) allows for discriminat-
ing between the true scene changes and the structure varia-
tions caused by the brightness change.

Of course, the detection capability of the proposed struc-
tural representation is exalted for high-contrast objects,
such as the dark people silhouetted against the brighter
background in Figure 1. Objects with low contrast bound-
aries will yield less compelling edge information, particu-
larly after greatly reducing the image resolution. However,
it must be pointed out that in these cases structure differ-
ences between object and background in the internal part
of the object’s silhouette can still be detected. Then, as de-
scribed in detail in the next section, by combining structure
and pixel-level information a single structure element de-
tected as different can be enough to detect the whole ob-
ject’s silhouette. For example in the last snapshot of Fig-
ure 2, we can see on the left a car with smooth boundaries
and colour quite similar to the background. Nonetheless, as
shown on the right, a few internal structure differences are
enough to validate the two blobs detected at pixel level.

However, brightness variations are only a subset of all
the possible image variations introduced by illumination
changes. For example, during the day, the variation of the
light inclination modifies slowly the position of the shad-
ows cast by static object. These kind of variations cause a
slow, regular movement of the edges associated with shad-
ows and thus clearly affect the proposed structural represen-
tation. Similar consideration apply for some sudden illumi-
nation changes: when a cloud appears in a sunny day static
shadows can completely disappear, thus changing signifi-
cantly image structure. However it seems impossible for
a low-level representation to possess the ability to distin-
guish between these of kind of illumination changes and
the true structure changes due to objects. Therefore, there
exists the possibility that our method treats as changes due
to objects some structure modifications caused by illumina-
tion changes. Even so, our approach has shown good global
performances. In fact these kind of variations are relatively
occasional and generally produce local changes that affect
only a limited area of the background. Moreover, as it will
be shown later, slow structural variations, such as those due
to the movement of the shadows cast by static objects, are
filtered away by the overall change-detection process.

5 The overall Algorithm

A change detection process based solely on structure
would detect changes with a very low resolution, yielding
inaccurate blobs such as those shown in the bottom-right
image of Figure 1. This is due to the scaling operation that
reduces both structure dimensions by a factor δ with respect
to the original image. Indeed, structure owes a great deal of
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its robustness to the scaling operation. To overcome this
problem we adopt a background model made out of two
separate parts: the first is the structure of the scene with-
out moving objects while the second is simply a colour im-
age of the reference scene. The first part of the model will
be referred to as background structure, and its components
indicated as BDx,r ,BDx,g, BDx,b, BDy,r, BDy,g and
BDy,b; the second part of the model will be referred to as
background image, and its components indicated as Br ,Bg ,
Bb. Considering the properties of structure discussed in sec-
tion 4, the background structure results largely unaffected
by illumination changes, so that its variations can be as-
cribed to objects activities. The background image provides
the algorithm with the capability of detecting changes at the
highest possible resolution (i.e. the same resolution as the
original image). This enables the algorithm to yield blobs
following accurately the true objects silhouettes. Given the
described background model, at each new frame the detec-
tion process operates at both the structure and image level;
then, the information provided by the two detection oper-
ations is combined adequately to obtain the final output.
Since structure variations can be largely ascribed to objects,
the updating process of the background structure is focused
on handling this type of changes, with a simple mechanism
allowing a feedback from a higher-level processing module
to control the process. On the other hand, since the back-
ground image is affected by all scene changes (illumination
changes as well as changes due to objects) it needs to be
updated continuously. Before starting the detection process,
our algorithm activates a simple “bootstrap” process aimed
at estimating the initial data to be included into the back-
ground model.

Initialization of the Background Model. This step con-
sists mainly in estimating the initial background structure
and lasts a user-selectable time period (we typically set it
to 40 seconds). During this period, image structure is com-
puted and stored at constant intervals (we typically take a
new structure every second). A motion estimation opera-
tion is also performed so as not to include into the initial
background structure the information associated with mov-
ing objects. When all the samples have been collected, the
background structure is initialised by taking for each ele-
ment of the six background structure components the value
observed most frequently. Once the background structure
is initialised, the background image is initialised by sim-
ply copying the current colour image into Br ,Bg, Bb. In
fact, as it will be shown later, even though the current im-
age contains moving objects, the correct background image
will be established automatically after a short delay thanks
to the information contained in the background structure.
Structure-Level Detection. We compare the structure of the
current frame, I , with the background structure by building
up two delta-structure images associated respectively with

the x and y directions:

∆Sx[I](x,y)= max
ch∈{r,g,b}

{∣∣BDx,ch(x,y)−Dx,ch[I](x,y)
∣∣} (5)

∆Sy[I](x,y)= max
ch∈{r,g,b}

{∣∣BDy,ch(x,y)−Dy,ch[I](x,y)
∣∣} (6)

Then, choosing a suitable threshold value, ts, and recall-
ing equation (2), we can observe that if ∆Sx[I] > ts at
structure element (x, y), then a foreground object occupies
(or a background object leaves) the image region associated
with structure element (x, y) or (x + 1, y), or both. Sim-
ilarly, recalling equation (3), if ∆Sy[I] > ts at structure
element (x, y), the structure change could be located at ele-
ment (x, y) or (x + 1, y), or both. Therefore, we define the
w
δ × h

δ binary image Smask containing the structure-level
detection results as:

Smask(x, y) =




1 , if
(
∆Sx[I](x, y) > ts

) ∨(
∆Sx[I](x − 1, y) > ts

) ∨(
∆Sy[I](x, y) > ts

) ∨(
∆Sy[I](x, y − 1) > ts

)
;

0 , otherwise.
(7)

where the second OR condition is ignored at x = 0, and the
fourth is ignored at y = 0. Our experiments have shown that
the best results are typically achieved using low ts values,
so as to maximize the sensitivity of the structure-level de-
tection process. In addition, our experiments have demon-
strated also that once the threshold ts has been set, it can
be used throughout system’s working time without the need
for any adaptation. Hence, in our current implementation ts
can be chosen by the user at run-time, by simply looking at
the output provided by the algorithm.

Image-Level Detection. In this case the detection step is
simpler and consists in computing the difference between
I and the background image. Hence, calling Ir, Ig, Ib the
colour channels of the current frame and tp a new threshold
value, we define the w × h binary image Imask containing
the image-level detection results as:

Imask(x,y) =




1 , if
(|Ir(x, y)−Br(x, y)|>tp

) ∨(|Ig(x, y)−Bg(x, y)|>tp
) ∨(|Ib(x, y)−Bb(x, y)|>tp
)

;
0 , otherwise.

(8)
Our experiments have shown that, similarly to ts, tp do not
require any adaptation to enable long-term functioning of
the system.

Combination of the Detection Results. Following struc-
ture and image level detection, the information contained in
Smask is used to decide whether or not each of the blobs de-
tected in Imask is valid. First some simple morphological
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operations, such as erosions and dilations, are executed on
Imask to clean-out very small blobs. Then the validation is
done by labelling the connected components of Imask and
erasing those not intersecting at least one structure-element
marked with 1 in Smask. The result of the combination step,
representing the final output of the overall change-detection
system, is a w × h binary image, Mask, that contains only
the blobs associated with objects changing the image struc-
ture.

Updating of the Background Structure. If at a certain
structure element the difference between the background
structure and the current image structure is persistently
above the threshold ts, the system estimates the value that
should be assigned to the element to absorb the change.
The estimation process consists in observing the temporal
behaviour of the above-threshold structure element until it
exhibits a stable value (i.e. a value approximately constant
for a time interval longer than the parameter τ ). Only when
this occurs, the stable value is considered as a reliable esti-
mate and may be used to update the background structure.
In fact, the updating to the estimated value must be enabled
explicitly by a feedback coming from a higher-level mod-
ule. The idea is that the higher-level module, analysing the
output provided by the change-detection algorithm, speci-
fies which objects are “not-interesting”, and thus can be in-
serted into the background structure so as not to be detected
in the successive frames, and which ones are “interesting”,
and thus should not be included into the background struc-
ture so as to be detected also in the next frames. To imple-
ment this feedback, the change-detection system can receive
a binary image FB, as large as Mask, in which the higher-
level module should redraw the blobs associated with “in-
teresting” objects. Then, the structure elements intersecting
at least one blob drawn in FB will not be updated, even
though a reliable estimated value might be available. Con-
versely, if a structure element exhibiting a persistent change
does not intersect any blob drawn in FB and a reliable esti-
mated value is available, the estimated value is copied into
the background structure. In absence of any feedback from
higher-level modules (i.e. the algorithm receives always an
empty FB image), the background structure updating turns
out to be dependant only on the parameter τ . In this case,
an above-threshold value approximately constant for a time
interval longer than τ will be copied into the background
structure. This means that, in absence of a feedback from a
higher-level module, the objects remaining motionless for a
time interval longer than τ will be included into the back-
ground structure and thus no longer detected.

Updating of the Background Image. Indicating the back-
ground image before and after the updating as Bt and Bt+1

respectively, and considering the red channel, the updating

rule is given by:

Bt+1
r (x, y)=




Bt
r(x, y)+η, if

(
Mask(x, y)=0

) ∧(
Bt

r(x, y) < Ir(x,y)
)
;

Bt
r(x, y)−η, if

(
Mask(x, y)=0

) ∧(
Bt

r(x, y) > Ir(x,y)
)
;

Bt
r(x, y) , otherwise.

(9)
where η is a constant value. The same rule is used also for
the green and blue channels. With this strategy, the updating
of B does not need to be executed at each frame; for exam-
ple in our experiments we chose η = 3 and the updating
is done three times per second. If we increase the updating
frequency or η, we augment the ability of the background
image to follow sudden illumination changes. Occasionally,
the updating process may erroneously inserts some object
parts into the background (typically at objects’ boundaries).
However, these errors won’t produce false positive into the
final output thanks to the structure information enclosed in
Smask. In fact, generally, when Imask contains a false pos-
itive caused by an error into the background image, the cor-
responding structure-element into the background structure
turns out to be correct. Hence, no change will be detected
in Smask and the final combination step will filter-out the
false positive. This will lead also to a fast recovering of
the error in the background image. Eventually, we point
out that if an object is inserted into or removed from the
background structure, it will be automatically inserted into
or removed from the background image. Recalling the fi-
nal remarks of section 4, we explain here why slow struc-
tural variations misclassified as changes due to objects (e.g.
those due to the movement of the shadows cast by static
objects) are filtered away by the change detection process.
In these situations the structure changes might result above-
threshold, but generally the image changes are slow and af-
fects a few neighbouring pixels at a time. Thus, the image
changes are absorbed by the background image updating
process and consequently no blob is produced in the final
output. This implies also that a higher-level module won’t
observe any blob in the image area affected by the change
and hence won’t disable the background structure updating:
as a result, the change will be correctly absorbed into the
background structure.

6 Experimental Results

In this paper we report on the experiments aimed at
evaluating the change-detection algorithm itself, i.e. apart
from the particular higher-level module supplying the feed-
back information. Hence, in these experiments the feed-
back action was disabled, and τ was set to 100 seconds.
The video sequences used to evaluate the algorithm were
acquired with different cameras, in outdoor environments
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and under various weather conditions (clear sky, overcast,
changeable wea-ther...). To evaluate the robustness with
respect to long-term functioning, in all the experiments
the algorithm ran continuously from morning to evening,
with all the parameters set at initialisation time and left un-
changed. These experiments showed that our algorithm can
assure a good quality output all-day long, needing neither
re-initialisations nor parameter adjustments. Objects sil-
houettes are detected quite accurately, taking into account
that the current version of the algorithm do not include any
shadow-removal operation. The output is characterized by
a remarkably rare occurrence of false positives. Conse-
quently, the background updating scheme conceived to han-
dle the changes due to objects actually deals almost always
with these class of changes, turning out very rarely as in-
strumental to the recovering from persistent false positives
(recall section 3). This means that, in practise, the usual
trade-off problem pointed out in section 3 is nearly absent in
our algorithm. As for speed, our algorithm works at video
rate (25 fps) with 24 bit RGB, 320x240 pixels images on
a standard PC equipped with a 1GHz Pentium 4 CPU. In
the remainder of this section we will discuss in more detail
some experimental results that highlight the different, and
better, behaviour of our change-algorithm with respect to
the conventional algorithms affected by the trade-off prob-
lem. Figure 2 shows several frames of a sequence contain-
ing a car that reduces its speed, stops and successively goes
away. Since, the colour of the car is similar to the back-
ground colour this sequence is also affected by the cam-
ouflage problem. The time elapsed between the first two
snapshots is 4 seconds. The output yield by our algorithm,
on the right of the figure, shows that even though the car
moves very slowly, it doesn’t taint the background since its
blob is detected and no ghosts are generated. As can be
seen in the third snapshot, the car rests almost motionless
for 20 seconds and its blob is always correctly detected. Fi-
nally the car goes away and, as can be seen in the last snap-
shot, no ghost appears in the output even though during the
stop the illumination undergoes a slight change. This is due
to the robustness of the background structure with respect
to illumination changes. As discussed in section 3, with a
conventional algorithm and a fast time constant, the slow
car would taint the background, causing the disappearance
of the car’s blob and the appearance of ghosts. Conversely,
with a slow time constant, the car wouldn’t taint the back-
ground, but the area covered by the car wouldn’t be updated
during the illumination change, so that when the car moves
away false positives would be detected. Moreover, the slow
time constant would lead to a slow elimination of these false
positives.

Figure 3 shows several frames of a sequence in which an
object remains motionless for a time interval longer than τ
(i.e.100 sec). In the first snapshot, the algorithm detects a

4 sec

20 sec

Figure 2. A sequence with a slow car.

passing motorcycle. The second snapshot has been taken
nearly after one minute. As can be seen, a passing cloud
caused a significant illumination change, but thanks to the
robustness of background structure, no false positives are
detected: the output contains a pedestrian and a car ap-
proaching to a parking-lot. The output associated with the
third snapshot shows the parked car. After nearly two min-
utes (fourth snapshot), the blob of the parked car is still
largely detected. The time elapsed between the fourth and
the fifth snapshot is only 4 seconds. Now the car, which
remained motionless for more than τ , is included in the
background structure and its blob is no longer detected.
We point out that, by exploiting the feedback action sup-
ported by the algorithm and using a lower τ , the parked
car could be removed instantaneously “upon- demand” of
a higher-level module. With a traditional algorithm, the
blob of the parked car could be detected persistently only
using a very slow time constant. Unfortunately, this would
cause also a very slow recovery from the potential errors
due to the various illumination changes present in the se-
quence. It is worth highlighting that the sequence contain a
sudden change, which, for a conventional algorithm, is hard
to compensate with a slow time constant. The last snapshot
has been taken after nearly an hour. As can been noticed,
the shadows cast by static objects have moved, changing
the background structure. Since these are slow variations,
as explained at the end of section 5, they are automatically
filtered-out by the system and no false positives affect the
output.
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7 Conclusion

Conventional change-detection algorithms exhibit a
somewhat subtle, beneficial interdependency between the
updating of the background model to include/remove ob-
jects and the recovering from persistent false positives. This
interdependency involves setting a parameter that deter-
mines the time needed for a still foreground pixel to be ab-
sorbed into the background. However, the choice of this
parameter implies a trade-off between the ability to handle
adequately still and slow objects and that of quickly recov-
ering from false positive errors, the latter being fundamental
to ensure proper long-term functioning of the algorithm.

Conversely, the novel change-detection algorithm pro-
posed in this paper is largely unaffected by the above de-
scribed trade-off and hence, as shown in the experimental
results, can handle properly still and slow objects without
any depletion of its ability to work correctly over very long
time spans (e.g. all-day long). This has been achieved by in-
corporating into the background model a set of simple low-
level features that captures effectively structural (i.e. robust
with respect illumination changes) information concerning
the observed scene. Since the background model contains a
basic core quite stable with respect to illumination changes,
it turns out that the background is updated mostly to in-
clude/remove objects and that the handling of these events
is very rarely instrumental to the recovering from persistent
false positives. Besides, since in principle our algorithm re-
lies on a background model that needs to be updated only
to handle “high-level” events, namely insertion/removal of
objects, it naturally holds the potential to interact smoothly
with higher-level processing module that, on the basis of
scene comprehension, may control the background mainte-
nance process flexibly and intelligently.
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