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Shadow detection for moving objects based on texture analysis
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Abstract

This paper presents a new approach for shadow detection of moving objects in visual surveillance environment, improving localization,
segmentation, tracking and classification of detected objects. An automatic segmentation procedure based on adaptive background difference
is performed in order to detect potential shadow points so that, for all moving pixels, the approach evaluates the compatibility of photometric
properties with shadow characteristics. The shadow detection approach is improved by evaluating the similarity between little textured
patches, since shadow regions present same textural characteristics in each frame and in the corresponding adaptive background model.
In this work we suggest a new approach to describe textural information in terms of redundant systems of functions. The algorithm is
designed to be unaffected by scene type, background type or light conditions. Experimental results validate the algorithm’s performance
on a benchmark suite of indoor and outdoor video sequences.
� 2006 Pattern Recognition Society. Published by Elsevier Ltd. All rights reserved.
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1. Introduction

The capability of extracting moving objects from a video
sequence is a crucial problem of many vision systems that
include detection/tracking of objects in video-surveillance
contexts. In particular, since the focus of image processing
task is not the accurate detection of single object details
but the robust shape detection of moving objects, shadows
suppression helps the segmentation of the scene. Normally,
shadows are generated as a result of bright-point-like illu-
mination sources producing objects merging, shapes distor-
tion and objects loss (the shadow casts over another object).
Shadows may be either attached or disconnected from de-
tected objects. In the first case, shadow distorts the objects
shape, so that any shape recognition method becomes un-
reliable (shadows and objects are merged in a single blob,
thus geometrical properties are affected). In the second case,
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shadow may be classified as a totally erroneous object in the
scene. Moreover, since in dynamic scenes the most common
schemes for objects segmentation are inter-frame difference
or background suppression, all the moving points of both
objects and shadows are detected at the same time: shadows
and objects share the same visual features of motion model
and detectability. For these reasons, a simple, reliable and
accurate method is required in shadows identification.

This paper presents a new texture-based approach to the
problem. In the next section we underline the shadow detec-
tion problem with some related works. Section 3 presents
the proposed shadow detection method whose main contri-
bution is the use of an automatic segmentation procedure
and the characterization of textured patches by using Gabor
filters. Section 4 presents results of the suggested approach.

2. Related works

Shadows detection is becoming an active research area;
many works have been published but there is not a gener-
ally accepted method. This section proposes the best con-
solidated works presented in literature.
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In Refs. [1,2] a segmentation procedure recovers shadow
regions with photometric gain smaller than unity and roughly
constant (except at the edges). In particular, authors suggest a
region growing algorithm that uses a growing criterion based
on a fixed attenuation of photometric gain over the shadow
region. Experiments have been accomplished in presence of
pedestrians in outdoor environments. In these cases, a priori
assumptions are made, so that the approach detects only
shadows occupying a large area with respect to the object. In
Ref. [3] authors derive an invariant RGB shadow-free image
on the assumptions that illumination varies slowly and small
gradients in each frame are due to illumination, whereas
large gradients depend on reflectance changes. Edges in the
input image that do not appear in the invariant image are
marked as shadow edges, so that a shadow-free image is
evaluated by thresholding the gradients.

In Ref. [4] a multi-gradient analysis is applied to the divi-
sion image between the smoothed image and the reference
background. Edge matching is performed on each blob’s
boundary and allows to discard regions which are too far
from the boundary (or too small). The approach shows good
results when attached shadows have been presented.

Brightness/chromaticity distortion model is evaluated
in Refs. [5,6] where a pixel is classified as shaded back-
ground or shadow if presents similar chromaticity but lower
brightness with respect to the corresponding background
pixel. The method may suffer from dynamic scene changes,
especially for reflection on highly specular surfaces. The
adoption of hue/saturation/value information and the ratio
between image and corresponding background luminance
improve shadow detection [7,8]. The empirical choice of
several threshold values deters the use of the scheme, forc-
ing the system to tune up parameters every time the context
changes. Moreover, color-based approaches [9] are not ex-
pected to work well on very dark sun cast shadows since
hue computation can become inaccurate.

In Ref. [10] authors extract penumbras and self/cast
shadows using a three-level approach. The first detects dark
regions, the second extracts vertexes and gradients in dark
regions and the last integrates these features confirming the
consistency along the light directions. The drawback is the
estimation of the source light position. In Ref. [9] a sim-
ilar approach uses information on the sun light direction,
where 3D transformation is used for shadow removal in
combination with the photometric gain.

Cavallaro et al. [11] use color invariants, spatio-temporal
constraints and photometric invariant features without
knowledge of objects. The selective use of photometric
invariants improves the performance in the shadows remov-
ing approach. In Ref. [12] authors detect penumbra and
shadows using a two adjacent frame difference approach.
A linear luminance edge model is applied to detect shadow
boundaries. A Sobel operator is measured perpendicularly
to the borders and the result are thresholded using the
gradient outcome and the edge model. Moreover, the ratio
between adjacent frames is thresholded on the local vari-

ance. Results show restricted indoor environments and only
one moving person. The algorithm should be adjusted to
work on outdoor scenes as well.

In Ref. [13] a Gaussian shadow modeling is proposed. The
method uses the vertical edges information for the segmenta-
tion and a histogram-based approach to discriminate pedes-
trians. A moment-based method is performed to obtain the
rough shadow boundaries, so that shadow regions can be re-
fined using a Gaussian shadow model, choosing appropriate
parameters (orientation, mean intensity and center position
of the shadow). A physics-based shadow detection approach
is proposed in Ref. [14], making no assumptions about ge-
ometry of the scene but requiring a static background. This
method performs a segmentation based on blue-ratio and
spatio-temporal albedo test, using a dichromatic reflection
model. Researchers assume the presence of people in the
scene, whereas shadow regions are only illuminated by the
sky. Performances are affected by background color satura-
tion.

As concluded in Ref. [15], many methods need ad hoc
studies according to different kind of scenes and their use is
restricted to specific environments. Moreover, the two most
relevant problems are the tuning of the shadow identification
system (the definition of the most appropriate thresholds
or constraints) and the characterization of features used for
shadow detection.

3. Shadows detection algorithm

In order to detect shadows and moving objects, the first
part of this section presents a robust and automatic segmen-
tation approach based on the adaptive background subtrac-
tion scheme. The following discussion is appropriate both
for single and multiple shadows/objects in the scene. The
methodology for shadow detection is based on the observa-
tion that shadows are half-transparent regions which retain
the representation of the underlying background surface pat-
tern. We are interested in labeling shadows as regions with a
substantially unchanged structure with respect to the corre-
sponding reference frame. The proposed approach is based
on the assumption that shadow regions contain same textural
information, both in the current and in the background im-
ages. Starting from these considerations, a preliminary pro-
cedure will be described in order to evaluate the photometric
information for all pixels marked as foreground. This pro-
cess allows to know how darker the segmented regions are
with respect to the background model: the pixels that could
be marked as shadow will be searched into the set of those
pixels with intensity values smaller than the background
model. For all potential shadow pixels defined above, a new
method of features extraction characterizes texture of their
neighborhood. Texture analysis is performed by projecting
the neighborhood of pixels onto a set of Gabor functions,
extracted by applying a generalized scheme of the matching
pursuit (MP) strategy. The Euclidean distance between the
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Fig. 1. Examples of background models in different illumination conditions and environments (benchmark video-sequences). In a transient period the
background model presents several impurities due to a poor information in the background update model (columns (a) and (b)). After few frames, the
background becomes stationary (columns (c) and (d)) improving the segmentation process.

extracted features is evaluated, so that a thresholding strategy
allows to identify shadow pixels with good approximation.

3.1. Adaptive background generation

We assume that the video sequence is captured by a sta-
tionary camera: the moving regions can be segmented out
involving a simple technique of subtracting each frame from
an estimated background and thresholding the result to gen-

erate the objects of interest. There are situations for which
it is not possible to identify a static reference frame, or the
background model needs to be adapted to changes in lighting
conditions (when the scene illumination locally varies over
time). For the previous reasons, we adopt a robust adaptive
background [16].

A preliminary background model B0(x, y) is initialized
by the first frame of the sequence I0(x, y) (the generic
frame In(x, y) is an 8 bpp gray-levels image and each pixel



A. Leone, C. Distante / Pattern Recognition 40 (2007) 1222–1233 1225

assumes value in the intensity range [0, 255]). A binary mask
Mn(x, y) is defined by thresholding the difference between
three consecutive frames:

Mn+1(x, y) =
{0 if |In+1(x, y) − In(x, y)| < 1 or

|In+1(x, y) − In−1(x, y)| < 1,

1 otherwise.
(1)

Mn(x, y) shows regions with changes in illumination or
generated by moving objects. Note that it is not adopted
to segment out moving regions, but it is necessary for the
generation of the background model. Adaptive background
makes possible a constant updating of background as a linear
combination of previous background and frame. The back-
ground update model for the (n + 1)th frame is defined as
the running average:

Bn+1(x, y) =
{� · Bn(x, y) if Mn(x, y) = 0,

+(1 − �) · In(x, y)

Bn(x, y) otherwise,
(2)

where � ∈ 0, 1 is a time constant that controls the rate of the
adaptation of the background to the current frame and de-
termines the sensibility of the update to the variations. The
higher the illumination changes (or the presence of moving
objects) between the frames, the lower value (close to zero)
of the speed coefficient is selected, so that the background
model is mostly influenced by the current image. We sug-
gest a new relation in order to define the best value for �,
according to the following equation:

� = 1 −
∑

Mn(x, y)

area of In

, (3)

where the ratio in the above equation denotes the per-
centage of pixels changed in the current frame In with
respect to the previous two frames. The use of the pro-
posed value for � presents an important advantage: the
whole process for the estimation of the background
model is completely automatic and it is able to adapt
to all possible illumination or moving conditions. Fig. 1
shows different adaptive background frames by using the
benchmark video-sequence (“HighwayI”, “HighwayII”,
“Intelligent room”, “Laboratory”, “Campus” available at
http://cvrr.ucsd.edu/aton/shadow). Impurities in the back-
ground model are due to information of previous frames in
the estimation process.

3.2. Background subtraction

The most used approach to detect objects in a video se-
quence is background subtraction; the results are relatively
good and real-time. There are situations for which a poor im-
plementation of the scheme (for example, a bad or arbitrary
definition of threshold value) causes an erroneous/coarse
segmentation, so that consequent processes of tracking and
recognition often fail. An automatic approach preserves from
such inconvenience.

We assume In(x, y) and Bn(x, y) the gray-valued frame
and the corresponding adaptive background model. A new
binary mask Dn(x, y) is performed to segment out objects
of interest (foreground detection) and it contains “1”s for
each pixel marked as foreground. Dn(x, y) is evaluated as
follows:

Dn(x, y) =
{

0 if Sn(x, y)�Th,

1 otherwise,
(4)

where Th is a “predefined” threshold and

Sn(x, y) = |In(x, y) − Bn(x, y)|. (5)

The simple difference method is not appropriate for ap-
plications where the illumination fluctuates. For this reason
we use the automatic threshold proposed in Ref. [1]. In par-
ticular, we analyze the left term of Eq. (5) to calculate the
following parameters:

MED = median[Sn(x, y)] ∀(x, y) ∈ In, (6)

MAD = median[Sn(x, y) − MED] ∀(x, y) ∈ In. (7)

Assuming that less than half an image is in motion, the
median parameter MED should correspond to typical noise
value, so a suitable threshold that we will use in Eq. (4) is

Th = MED + 3 × 1.4826 × MAD (8)

with 1.4826 the normalization factor for a Gaussian distri-
bution. Fig. 2 shows the effect of the background subtrac-
tion method, using the automatic threshold and the adaptive
background model on the benchmark video-sequences. The
segmented regions may be overestimated since the back-
ground model encapsulates changed pixels of old frames
(presence of “ghost” effects).

3.3. Photometric properties for potential shadow point
detection

The previous background subtraction algorithm presents
a drawback: each foreground object is extracted with its own
shadow. A problem is how to distinguish between shadows
and object points. We can consider shadows and the effect
they have on the pixels in the scene as a semi-transparent re-
gions in which the reflectance undergoes a local attenuation.
Under the constraint that the imaging sensor is stationary, it
is feasible to disclose potential shadow regions by analyz-
ing the photometric properties of each motion pixel. A quick
procedure performs a variant of the photometric gain [17],
defined as

�n(x, y) = In(x, y)

Bn(x, y)
. (9)

In our approach, for all foreground pixels with intensity
value lower than the corresponding pixel in the background,

http://cvrr.ucsd.edu/aton/shadow
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Fig. 2. Columns (a) and (c) show different frames of the benchmark video-sequences. In the columns (b) and (d) the corresponding effects of the
automatic segmentation process are presented, by using the background subtraction scheme: the shape of each moving object is corrupted by the presence
of the shadows and “ghosts”. Ghosts are due to an overestimation process of the segmented regions.

the adapted version of the photometric gain is defined by

�NEW
n (x, y)=

⎧⎨
⎩

1− �n(x,y)
Bn(x,y)−In(x,y)

if Dn(x, y)=1 ∧ In(x, y)

< Bn(x, y),
0 otherwise.

(10)

In the previous equation (10), �NEW
n (x, y) assumes val-

ues close to “1” each time the foreground pixel is darker than
the corresponding background pixel and coherently with

high probability that the pixel could be marked as shadow.
On the contrary, �NEW

n (x, y) is close to “0” if the pixel
belongs to the background (or it can be assimilated to), or
its intensity value is poorly compatible with the definition
of shadow (higher with respect to the background). For the
previous considerations, the term �NEW

n (x, y) can be un-
derstood as probability that a pixel is shadow. The proposed
strategy is useful to restrict heavily the analysis of textu-
ral properties to all pixels for which �NEW

n (x, y) is high,
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Fig. 3. The column (d) shows the probability mask �NEW
n (x, y), referred to the moving objects in scene (column (a)). In the columns (b) and (c) the

adaptive background model and the segmented regions are showed. Only the darker points in the probability mask �NEW
n (x, y) can be considered as

potential shadow pixels.

making the shadow detection algorithm faster. Furthermore,
the use of photometric properties makes the whole shadow
detection process more reliable, since possible drawbacks
in the segmentation process would be irrelevant (presence
of “ghosts” in the binary mask Dn(x, y) due to background
model update or a not suitable value for the threshold in the
background subtraction). Fig. 3 shows the results of poten-

tial shadow points selection using photometric information.
The first two columns show the frame and the correspond-
ing reference model. The last column shows the probability
masks �NEW

n (x, y) for the segmented scene in the third col-
umn. Note that the most probable shadow regions are pre-
sented in black, whereas regions with low probability to be
observed as shadows are shown in white.



1228 A. Leone, C. Distante / Pattern Recognition 40 (2007) 1222–1233

Fig. 4. Pseudo-code for the Gabor atoms selection algorithm.

Fig. 5. Pseudo-code for evaluating the parameter Ci
�j

at ith iteration of the algorithm in Fig. 4.

3.4. Gabor features extraction for shadow detection

The next activity investigates textural information of little
patches centered in all potential shadow pixels. The aim
of this part of the section is to describe a new method of
textural features extraction: the problem is to construct an
efficient low-level representation of texture of little square
regions, providing good characterization of those structures
that compose it.

The proposed method uses MP decomposition coefficients
[18,19], evaluated by using a 2D Gabor dictionary (as pro-
posed in Ref. [20], Gabor functions provide optimal joint lo-
calization in the spatial/frequency domains). Simplicity and
high rate in the extraction of Gabor features deter the use of
typical texture measures as moments, energy, entropy, co-
occurrence matrix, that are computationally expensive. Fur-
thermore, the variant of the MP scheme proposed in Ref.
[19] characterizes texture in a computationally low-power
way, since texture decomposition is performed as a simple
inner-product operation.

Table 1
Properties of three 2D Gabor dictionaries

Dimension of the atom Number of atoms �min �max

4 × 4 512 4.68 179.13
8 × 8 2048 3.02 307.61
16 × 16 8192 1.92 563.54

An off-line training process is needed to define just one
Gabor sub-dictionary, able to describe correctly texture of
any neighborhood of pixels of prefixed dimensions. The idea
is to identify “the” dictionary that spans properly the whole
space of the possible neighborhood of pixels.

The variant of the greedy MP algorithm works by select-
ing a little amount of basis elements belonging to a big set
of Gabor functions (the dictionary F ={�j }�j=1). Assuming
ith the current step of the algorithm, aim of the scheme is
to minimize each residual Rifp for each training patch in
input to the algorithm (∀p ∈ [1, . . . , m] and m the amount
of training patches f1, f2, . . . , fm). In order to define the
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Fig. 6. Mean reconstruction errors using training process of the MP scheme onto three different dimensions of the neighborhood of pixels.
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Fig. 7. The four columns show the results of the shadow detection process (shadows are marked as white) by varying the amount of features used to
describe textural information of different neighborhoods of pixels (4 × 4 in the first row, 8 × 8 in the second and 16 × 16 in the last row). The best
results are obtained when little patches are used (4 × 4), even if a restricted amount of features (only two) is extracted: (a) two features; (b) four features;
(c) eight features; and (d) 16 features.

sub-dictionary able to span different classes of textures, the
m patches are randomly generated so that pixels in a generic
patch assume different gray-level values and each patch is
different from any other. At the ith iteration, the choice of the
appropriate Gabor atom �ji

∈ F is a function of all residual
images Rifp and coefficients c

p
k = 〈Rkfp, �jk

〉 from previ-
ous iterations (i.e. ∀k < i), derived from all residual images.
In particular, the Gabor atom �ji

is selected according to
the following optimization equation:

�ji
= arg min Ci

�j
(Rif1, . . . , R

ifm, �i−1) ∀�j ∈ F ,(11)

where �i−1 is the set of coefficients generated through the
previous (i−1)th iteration for all the training patches (�−1=
∅ and �i−1 =⋃

l (c
l
0, . . . , c

l
i−1) with l ∈ [1, . . . , m] and (i −

1)�0) and Ci
�j

measures how well the coefficient vectors
cluster when the ith basis function is �ji

. On the other hand,
Ci

�j
is a measure of scatter (or variance) of the coefficient

vectors about the cluster. If the dispersion is small then �ji

is the best candidate to represent all residual images Rifp.
Fig. 4 illustrates the pseudo-code for the Gabor functions
selection using MP strategy, whereas Fig. 5 describes the
algorithm to evaluate the parameter C�j

.

The above scheme defines a set of n Gabor functions (the
sub-dictionary F ∗) that can be used to describe texture of all
m training patches in a correct way. Table 1 shows charac-
teristic information of three different 2D Gabor dictionaries
that are obtained by varying the dimension of the atoms. All
the dictionaries are created with four central frequencies,
eight angular resolutions and one octave.

Fig. 6 shows the average reconstruction error of the train-
ing patches by varying the amount of selected Gabor func-
tions by MP scheme: the algorithm has been performed using
a large amount of randomly generated gray-levels patches
(m is equal to 100) and three different dimensions of the
patches (4 × 4, 8 × 8 and 16 × 16), in order to evaluate the
method of shadow detection by varying the dimension of
the neighborhoods.

Moreover, the detected sub-dictionaries allow to recon-
struct any patch, even those unseen in the training process, in
a correct manner. The texture of a particular patch centered
at location (x, y) in the nth frame of the sequence is repre-
sented by an h-dimensional coefficient vector cn,h(x, y) =
[cn,1, cn,2, . . . , cn,h] with h the amount of atoms of the sub-
dictionary F ∗ we want to use. The feature vector is gener-
ated by projecting (an inner-product operation) the patch on
the first h elements of the sub-dictionary.
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Fig. 8. Several results of the shadow detection process are shown on different environments and changeable illumination conditions. The proposed
approach provides good capabilities of detection of shadows in all experimental situations. A little amount of features are used to describe in a good
way textural information of 4 × 4 neighborhoods of pixels: (a) two features; (b) four features; (c) eight features; and (d) 16 features.

Once the 2D Gabor sub-dictionary F ∗ has been built, the
MP coefficients are evaluated starting from the photomet-
ric information. For each pixel having high probability to
be marked as shadow (all for which �NEW

n (x, y) greater
than 0), two patches are identified both in the current frame
and in the corresponding position of the background model.
Each patch is normalized in [0,1], since the textural char-
acteristic of the patch is independent and unaffected by the
real intensity value of each pixel. Note that we are interested

in the global structure of texture in the patch, rather than in
the local information of each element of the region. In or-
der to identify shadows exactly, a thresholding-based strat-
egy compares texture properties of neighborhood pixels in
the current frame and in the reference background model. A
pixel can be classified as shadow if the corresponding two
patches present similar texture, or, equally, the two coeffi-
cients vectors are close. With these assumptions, it is possi-
ble to define the following shadow points mask SP n(x, y),
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according to the terminology introduced in Ref. [8]:

SP n(x, y) =

⎧⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎩

1 if ‖cI
n,h(x, y) − cB

n,h(x, y)‖
=

√∑h
k=1(c

I
n,k − cB

n,k)
2 < �∧

�NEW
n (x, y) > �,

0 otherwise,

(12)

where cI
n,h(x, y) and cB

n,h(x, y) are h-dimensional coeffi-
cient vectors related to two normalized patches having pre-
fixed size, respectively, extracted in the image and in the
background model and centered at location (x, y) for the
nth frame. Actually the choice of the parameters � and � is
done empirically. In particular � has value 0.5, or, equally,
the foreground pixel presents same probability to be marked
as shadow or object point (this is the situation that presents
maximum uncertainty in order to label the pixel as shadow).
The value of � is set to 0.15.

4. Experimental results

This section presents the results of the whole process of
automatic segmentation and shadow detection that has been
tested in different and changeable illumination conditions
(sunny, cloudy, etc.) and various environments (indoor,
outdoor, urban traffic, people, etc.). The soundness of the
proposed approach is tested in terms of qualitative inves-
tigations of the obtained results; the adoption of metrics
(benchmark parameters) proposed in Ref. [15] is not suit-
able in real conditions, since the a priori labeling of each
pixel of each frame becomes an hard work.

Since there is no information about the best dimensions
of the neighborhoods of pixels, tests have been performed in
this direction. Fig. 7 shows the effects of the shadow detec-
tion approach when a frame of the “HighwayI” benchmark
video-sequence is selected. The study is performed on differ-
ent dimensions of the patch (4×4, 8×8 and 16×16), whose
textural information is described in terms of few atoms of 2D
Gabor sub-dictionaries of suitable dimensions (see Table 1
for details about properties of the generated dictionaries and
the previous section about the training process for the gener-
ation of the 2D Gabor sub-dictionaries). In these conditions,
texture of any neighborhood of pixels can be characterized
by a little amount of features (2, 4, 8 and 16 features in our
experiments). Once the dimensions of the patches have been
prefixed, the features are obtained by projecting each nor-
malized patch onto the corresponding few former atoms (the
first 2, 4, 8 and 16) of the sub-dictionary, as described in the
previous section. In the proposed results shadow pixels are
marked as white.

The analysis of the experimental results suggests the use
of little patches: best performances are reached in terms of
detection of shadows using 4 × 4 neighborhoods. Again,
Fig. 7 shows that it is able to represent any 4 × 4 patches
with a good approximation (reconstruction error lower than
15%), even if only two atoms/features are used, whereas

the representation with few atoms is very poor using bigger
patches (8×8 and 16×16). In the first case (4×4), shadows
are almost completely detected, even though thin mistakes
are presented near the boundary of the shadows.

These situations are due to the textural information that
is substantially different in the patches extracted in the cur-
rent image and the corresponding background. Note that a
similar effect is mostly emphasized as dimensions of the
neighborhoods grow in size or by changing the threshold in
Eq. (12). We can explain this effect as inability of the pro-
cess of shadow detection to correctly characterize texture
using few features. Experimental results change by varying
the dimension of the 2D patch, both in terms of accuracy
in the shadow detection process and computational time. In
Fig. 8, several results of the shadow detection approach are
presented when textural information are captured in 4 × 4
patches, by varying the amount of selected features.

Even if the proposed sequences consider different envi-
ronments, light conditions and object classes, the shadows
are detected in a good way, improving the segmentation
process. The results does not change when we use a great
number of features to characterize texture, since only the
few former coefficients capture the higher quantity of tex-
ture information. Therefore, it is suitable to use low amount
of features in order to spend less computational power. The
proposed approach provides good outcomes also in terms of
processing time: the full computation requires only a few
hundred milliseconds for each frame on the used hardware
(Intel Pentium IV, 512 MB). For these reasons, the proposed
scheme for shadow detection may be merged in a real-time
system for video monitoring surveillance.

5. Conclusions

The innovative contribution of this paper is the adoption of
a completely automatic segmentation procedure that works
successfully in both indoor and outdoor environments. Dy-
namical illumination changes do not affect the segmentation
process and manual calibration or adjustment of interested
parameters are not required. The paper suggests a new ap-
proach to shadow detection based on the comparison of tex-
ture descriptors and of photometric properties. A variant of
the MP scheme has been proposed in order to define a com-
pact representation of texture based on the coefficients of a
Gabor functions decomposition. Experimental results prove
that the proposed approach is robust, powerful and simple.
The method is computationally low-power, so it could be
merged in wide integrated vision systems. Future works will
be addressed on the recognition of shadow-free moving ob-
jects and their behaviors will be analyzed.
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