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Abstract

Moving objects tracking is an important problem in many applications such as video-surveillance. Monitoring systems can be
improved using vision-based techniques able to extract and classify objects in the scene. However, problems arise due to unexpected
shadows because shadow detection is critical for accurate objects detection in video stream, since shadow points are often misclassified
as object points causing errors in localization, segmentation, measurements, tracking and classification of moving objects. The paper
presents a new approach for removing shadows from moving objects, starting from a frame-difference method using a grey-level textured
adaptive background. The shadow detection scheme uses photometric properties and the notion of shadow as semi-transparent region
which retains a reduced-contrast representation of the underlying surface pattern and texture. We analyze the problem of representing
texture information in terms of redundant systems of functions for texture identification. The method for discriminating shadows from
moving objects is based on a Pursuit scheme using an over-complete dictionary. The basic idea is to use the simple but powerful Match-
ing Pursuit algorithm (MP) for representing texture as linear combination of elements of a big set of functions. Particularly, MP selects
the best little set of atoms of 2D Gabor dictionary for features selection representative of properties of the texture in the image. Exper-
imental results validate the algorithm�s performance.
� 2005 Elsevier B.V. All rights reserved.
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1. Introduction

The capability of extracting moving objects from a video
sequence is a fundamental and crucial problem of many
vision systems that include human detection/tracking and
video-surveillance environment. The focus of image pro-
cessing task does not address the good detection of single
object details but is more oriented to a robust shape detec-
tion of moving objects present in the scene, so shadows
suppression helps to achieve these goals. Typically the
common approach for discriminating moving objects from
the background scene is background subtraction. The
existing algorithms use a reference image and the results
are relatively good and, often, these approaches run real-
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time. However, many of them are susceptible by illumina-
tion changes such as shadows. These situations cause the
consequent processes (tracking, recognition, etc.) to fail.
The accuracy and efficiency of the detection are very crucial
to those tasks.

Normally shadows are generated as result of bright
point-like illumination sources. Shadows can cause objects
merging, objects shape distortion, and even objects losses
(due to the shadow cast over another object). Shadows
may either be attached to detected objects, or discon-
nected from them. In the first case, shadow distorts the
objects shape, making the use of subsequent shape recog-
nition methods less reliable. In the second case, shadow
may be classified as a totally erroneous object in the
scene: the disambiguation of the shadow regions would
substantially benefit the objects classification. The difficul-
ties associated with shadows detection arise since shadows
and objects share two important visual features: motion

mailto:alessandro.leone@imm.cnr.it
mailto:cosimo. distante@imm.cnr.it
mailto:cosimo. distante@imm.cnr.it


346 A. Leone et al. / Pattern Recognition Letters 27 (2006) 345–355
model and detecteability. In particular, since the most
common techniques for foreground objects detection in
dynamic scene are inter-frame difference or background
suppression, all the moving points of objects and shadows
are detected at the same time. Moreover, shadow points
are usually adjacent to object points and with the most
commonly used segmentation techniques shadows and
objects are merged in a single blob. These aspects cause
important drawbacks: the former is that the objects shape
is falsified by shadows and all the measured geometrical
properties are affected by an error that varies during the
day and when the luminance changes. Therefore, this af-
fects both the classification and the assessment of moving
objects position, normally given by the shape centroid.
For this reason, shadows identification is critical for still
images and for image sequences, becoming an active re-
search area so far. A simple, reliable and accurate method
is needed in monitoring systems.

In this paper, a new approach is proposed for detecting
and eliminating shadows from an adaptive background
scene using over-complete dictionaries theory, the greedy
Matching Pursuit algorithm and photometric properties.
First, through background subtraction, the regions of
moving objects are extracted from the background: all de-
tected moving regions may contain several objects and
shadows. In order to remove shadows, in this paper a tex-
ture analysis approach, based on sparse representation
concept using 2D Gabor over-complete dictionary, joined
to a photometric gain scheme, is presented.

2. Related works

Shadows are due to occlusion of light source by an
object in the scene. In literature, many works have been
published on shadows detection topic: however, there is
not a generally accepted method to detect shadows in
image sequences. As concluded in (Prati et al., 2003) differ-
ent approaches able to detect shadows should be taken
according to different kind of scene. In fact, many methods
need ad-hoc studies making the methods confined to a par-
ticular environment: a common problem is to define the
most appropriate thresholds and constraints and how to
embed them in the shadow detection algorithm. In this sec-
tion we propose the best consolidate works in literature for
shadow detection.

In (Rosin and Ellis, 1995; Attolico et al., 2002), a
segmentation procedure recovers shadow regions with
photometric gain less than unity and roughly constant.
Improvements are obtained by thresholding the ratio
between the boundary shared with the background and
the total boundary length. Experiments have been accom-
plished by using only few human figures in outdoor envi-
ronment. 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 (Finlayson et al.,
2002) authors derive an invariant RGB shadow-free image
on the assumptions that illumination varies slowly, small
gradients in each frame are due to illumination, whereas
large gradients depend on reflectance changes. Those edges
in input images that do not appear in the invariant image
are marked as shadow edge, so that the approach delivers
a shadow-free image by thresholding the gradients.

In (Bevilacqua, 2003) a multi-gradient analysis is ap-
plied to the division image between a smoothed image
and reference background. A binary edge matching is per-
formed on each blob�s boundary and allows to discard re-
gions which are too far from the boundary (or too small).
The approach shows good experimental results only when
attached shadows have been presented.

Brightness/chromacity distortion model is evaluated in
(Horprasert et al., 1999; Kaewtrakulpong and Bowden,
2001) where a pixel is classified as shaded background or
shadow if it has similar chromaticity but lower brightness
than the same 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 corre-
sponding background luminance improve shadow detec-
tion in (Cucchiara et al., 2001, 2003). The major problem
with this approach is the empirical choice of several thres-
hold values, forcing the system to tune up parameters every
time the context changes.

In (Jiang and Ward, 1992) 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 latest integrates these
features, confirming the consistency along the light direc-
tions. The major problem is the estimation of the source
light position. Cavallaro et al. (2004) use color invariants,
spatio-temporal constraints and photometric invariant fea-
tures without knowledge of objects. The selective use of
photometric invariants improves the performance in the
shadows removing approach.

In (Stauder et al., 1999) authors detect penumbra and
shadows using a two adjacent frame difference approach.
A linear luminance edge model is applied in order to de-
tect likely shadow boundaries. A Sobel operator is mea-
sured perpendicularly to the borders and the result are
thresholded using the gradient outcome and the edge
model. Moreover, the ratio between subsequent images
is thresholded on the local variance. Results show re-
stricted indoor environments and only one moving per-
son. The algorithm should be adjusted to work into
outdoor scenes as well. In (Hsieh et al., 2003) a Gaussian
shadow modeling is proposed. The method uses the
vertical edge information for the segmentation and a
histogram-based approach for isolating pedestrian. A
moment-based method is performed to obtain the rough
shadow boundaries, so that shadow regions can be refined
using a Gaussian shadow model, choosing parameters as
orientation, mean intensity and center position of the
shadow.

A physics-based shadow detection approach is proposed
in (Nadimi and Bhanu, 2002), making no assumptions
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about geometry of the scene but requiring a static back-
ground. This method performs a segmentation based on
blue-ratio and spatio-temporal albedo test, using a dichro-
matic reflection model. Researchers assume exclusively the
presence of people in the scene, whereas shadow regions
are only illuminated by the sky. Performances are affected
by background color saturation. Additionally, Onoguchi
(1998) uses two cameras to eliminate the shadows of pedes-
trians-like moving objects based on object height informa-
tion. Moreover, Bobick et al. (2000) proposed a disparity
model, which is invariant to arbitrarily rapid changes in
illumination, for removing occlusion shadows. However,
in order to overcome rapid changes in illumination, at least
three cameras are required.

3. Shadows elimination using frame theory

and matching pursuit method

Moving object detection and tracking is an important
topic for analyzing and understanding the contents of a
sequence of images in different video-surveillance appli-
cations. The first step of a monitoring system is the
generation of a correct model of background in order to
extract moving objects from the video stream. In this ap-
proach, each moving region is segmented out using the
classical background subtraction technique. So far, each
detected region may contain several objects and their
shadows.

3.1. Adaptive background generation

In order to simplify the problem of shadow modeling,
we assume that the video sequence is captured by a static
camera; the moving regions can be segmented out involv-
ing the simple background subtraction method which is
popular in many monitoring applications. There are situ-
ations for which it is not possible to identify a static back-
ground as 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 the robust adaptive
background proposed in (Collins et al., 2000). A preli-
minary background model B0(x,y) is initialized by the
first frame I0(x,y). A binary mask Mn(x,y) is produced
by thresholding the difference between two consecutive
frames:

Mnðx; yÞ ¼
0 if jInðx; yÞ � In�1ðx; yÞj < 1

1 otherwise

�
ð1Þ

Mn(x,y) shows regions with changes in illumination or
generated by moving objects; Mn(x,y) is not adopted to
segmented moving regions, but it is necessary for the
generation of the background model. An adaptive scheme
makes possible a constant updating of background as
linear combination of previous background and frame.
For the (n + 1)th frame, the background updating is
defined as
Bnþ1ðx; yÞ ¼
a � Bnðx; yÞ þ ð1� aÞ � Inðx; yÞ if Mnðx; yÞ ¼ 0

Bnðx; yÞ otherwise

�
ð2Þ

where a 2 (0,1) is a time constant that defines background
adaptation speed and determines the sensibility of the
update to the variations. The speed coefficient a serves as
parameter that controls the rate of the adaptation of the
background to the current frame. Fig. 1 shows different
adaptive background frames by varying the a parameter.
Impurities in the background model are due to information
of previous frames in the estimation process.

3.2. Background subtraction

We assume In(x,y) and Bn(x,y) the grey-value frame and
the corresponding adaptive background model. A new bin-
ary mask Dn(x,y) is performed to segmented out moving
objects of interest in the scene. The output of the back-
ground subtraction method is defined as follows:

Dnðx; yÞ ¼
0 if Snðx; yÞ 6 Th

1 otherwise

�
ð3Þ

where Sn(x,y) = jIn(x,y) � Bn(x,y)j and Th is an arbitrary
threshold. The simple difference method is not appropriate
for applications where the illumination may quickly fluc-
tuate. For this reason we use the automatic threshold
proposed in (Rosin and Ellis, 1995). In particular, we
analyze the difference image Sn(x,y) to calculate the follow-
ing parameters:

MED ¼ median½Snðx; yÞ�; 8ðx; yÞ 2 In ð4Þ
MAD ¼ median½Snðx; yÞ �MED�; 8ðx; yÞ 2 In ð5Þ
Assuming that less than half an image is in motion, the
MED parameter should correspond to typical noise values,
and a suitable threshold that we will use is

Th ¼ MEDþ 3 � 1:4826 �MAD ð6Þ
with 1.4826 the normalization factor for a Gaussian distri-
bution. Fig. 2 shows the binarized results of the back-
ground subtraction method, using the proposed strategy.
The segmented regions can be overestimated since the
background model encapsulates pixels of old frames.

The previous background subtraction algorithm pre-
sents a drawback: each foreground object is extracted with
its own shadow. The major problem is how to distinguish
between shadows and object points. We can consider shad-
ows and the effect they have on the pixels in the scene as a
semi-transparent regions in which the reflectance under-
goes a local attenuation. Our goal is to identify parts of
the moving regions with a structure substantially un-
changed with respect to the corresponding background.
The idea is that shadow contain same textural information
in the current image and the corresponding background. A
coarse procedure evaluates the textural similarity between
patches of current image and background. This procedure
is derived from a new texture representation in terms of



Fig. 1. Examples of background models by varying the a parameter.

Fig. 2. Results of the background subtraction process with the automatic
threshold.
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elements of a little 2D Gabor dictionary extracted by using
a greedy pursuit algorithm. For all regions classified as ob-
jects a refining approach eliminates the persistent remain-
ing shadows, by using the photometric properties exhibit
for the particular pixel in the current frame and the corre-
sponding in the reference background model. Only if the
photometric gain is in an appropriate range, the pixel can
be classified as shadow.
3.3. Frame theory in a finite dimensional space

A valid method to represent textural information uses a
countable set of simple linearly dependent functions (Laine
and Fan, 1996), since orthonormal representations are
restrictive and rigid. This section presents definition and
properties of a collection of functions in the finite dimen-
sional space Rn, called frame (Duffin and Schaeffer, 1952;
Mallat, 1999), that we can use as representation operator.

A dictionary is a family of vectors (atoms) fujg
‘
j¼1 inRn,

where ‘ is its cardinality. fujg
‘
j¼1 constitutes a frame (or

over-complete dictionary) if two positive constants A and
B do exists (A > 0 and B < 1) and, given an arbitrary
f 2 Rn, the following relation is satisfied.

Ajjf jj2 6
X‘
j¼1

ðhf ;ujiÞ
2
6 Bjjf jj2 ð7Þ

F is the ‘ · n matrix having the frame elements as rows.
F : Rn ! R‘ is the frame operator and c 2 R‘ the vector
obtained by applying F to a vector (signal) f 2 Rn, that
is c = Ff, or equally:



Table 1
Properties of three 2D Gabor dictionaries

Dimension of the atom Number of atoms kmin kmax

4 · 4 512 4.68 179.13
8 · 8 2048 3.02 307.61
16 · 16 8192 1.92 563.54
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cj ¼ ðFf Þj ¼ hf ;uji for j ¼ 1; 2; . . . ; ‘ ð8Þ

The analysis operator F associates the features vector c1,
c2, . . . , c‘ with a signal f, by projecting f onto the dic-
tionary. In this case, the adjoint operator F* coincides
with the transpose of F (F* = FT), so that the operator
F T : R‘ ! Rn is a n · ‘ matrix. For any f 2 Rn and
c 2 R‘ the following equation is valid:

hF Tc; f i ¼ hc; Ff i ð9Þ
FT associates the vector v 2 Rn with the vector c 2 R‘ as
linear combination of frame elements {uj} at coefficients
c1, c2, . . . , c‘. Using the definition of adjoint operator, it
follows that:

Ahf ; f i 6 hF TFf ; f i 6 Bhf ; f i ð10Þ
where the matrix FTF is symmetric. Since the constant A is
positive, FTF is positive definite, the invertible. We can
compute the vectors of the dual frame f~ujg by using the
formula:

~uj ¼ ðF TF Þ�1uj for j ¼ 1; 2; . . . ; ‘ ð11Þ

The signal f can be recovered by using the following
relation:

f ¼
X‘
j¼1

cj~uj ¼
X‘
j¼1

cjðF TF Þ�1uj ¼ F yc ð12Þ

where F� = (FTF)�1FT is the pseudo-inverse of F. The syn-
thesis operator F� reconstructs the signal f as superposition
of the atoms of the dual dictionary f~ujg weighted with
coefficients c1, c2, . . . , c‘. At this point, it is still to be
defined when a family of vectors constitutes a frame and
how to compute the frame bounds A and B. From the
definitions of adjoint operator and scalar product in Rn,
it follows that:

Af Tf 6 f TF TFf 6 Bf Tf ð13Þ
and if f 5 0:

A 6
f TF TFf
f Tf

6 B ð14Þ

The central term of the inequality is the Rayleigh�s quotient
R(f) of the matrix FTF. In (Strang, 1998) author demon-
strates that, if kmin and kmax are respectively the minimum
and maximum eigenvalue of FTF, then kmin 6 R(f) 6 kmax

and the eigenvalues of FTF lie in [A,B]. So we have a prac-
tical recipe for establishing if a set of vectors is a frame: if
kmin > 0 the system fujg

‘
j¼1 is a frame and kmin and kmax are

the frame bounds.

3.4. 2D Gabor dictionaries

There has been an increasing interest in Gabor analysis
motivated by biological findings:in the visual cortex the
neuronal receptive fields have shapes approximated by
2D Gabor filters (Daugman, 1985). Gabor functions have
been successfully applied to many image analysis/represen-
tation applications (Lee, 1996; Pece and Petkov, 2000),
including texture analysis (Higgins et al., 1996; Tuceryan
and Jain, 1998; Jain and Karu, 1996; Clausi and Jerningan,
2000; Grigorescu et al., 2002; Bennamoun et al., 2002), pat-
tern recognition (Hsu and Huang, 2001; Jain et al., 1997)
and image retrieval (Zhang et al., 1990). An important
property of Gabor functions is the optimal joint localiza-
tion in the spatial/frequency domains, so Gabor functions
are ideal for accurate texture identification. Spatially, the
mother function of a 2D Gabor function can be presented
as a Gaussian modulated by an oriented complex sinusoi-
dal signal, so Gabor function has both real and imaginary
parts. Specifically, a 2D Gabor function g(x,y) can be writ-
ten as (Higgins et al., 1996):

gðx; yÞ ¼ 1

2prxry
exp � 1

2

~x2

r2
x

þ ~y2

r2
y

 !" #
exp½jðx0

xxþ x0
y yÞ�

ð15Þ
where

~x ¼ x cos hþ y sin h

~y ¼ �x sin hþ y cos h

�
ð16Þ

with rx and ry the standard deviation of the Gabor func-
tion, ðx0

x ;x
0
yÞ the angular frequencies and h the orientation

along which the Gaussian function is extended. In (Papou-
lis, 1984) author demonstrates that for each 2D Gabor
function (filter) having passing bandwidth of B octave,
the values of rx and ry can be expressed as

rx ¼
ð2B þ 1Þ

ffiffiffiffiffiffiffiffiffiffiffi
2 ln 2

p

ð2B � 1Þ2pF 0
ð17Þ

ry ¼
ffiffiffiffiffiffiffiffiffiffiffi
2 ln 2

p

2pF 0 tanðh=2Þ
ð18Þ

where

F 0 ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðf 0

x Þ
2 þ ðf 0

y Þ
2

q
ð19Þ

f 0
x ¼ x0

x

2p
ð20Þ

f 0
y ¼

x0
y

2p
ð21Þ

An over-complete dictionary is a time/frequency transla-
tion invariant Gabor dictionary: for each value of all
parameters g(x,y) is sampled in a dyadic grid and all the
translated versions are added as atoms of the dictionary.
The parameters of Gabor function must be carefully estab-
lished to capture textural information in a proper way.
Table 1 shows characteristic information of three different
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2D Gabor dictionaries that are obtained by varying the
dimension of the atoms. All the dictionaries are created
with 4 central frequencies, 8 angular resolutions and 1
octave.

3.5. The matching pursuit algorithm

Pursuit techniques have become popular in signal pro-
cessing community (Vandergheynst and Frossard, 2001;
Phillips, 1998; Chaveznava, 2001; Chaveznava et al.,
2000; De Vleeschouwer and Macq, 1999), principally
in order to search ‘‘economic representation’’ of functions.
Matching Pursuit (MP) is a greedy algorithm which pro-
gressively refines the approximation of a signal f using an
iterative procedure, optimizing the acquired energy at every
step (see Fig. 3 for details). The principal goal of this algo-
rithm is the representation of a function as weighted sum of
atoms of a dictionary (Mallat and Zhang, 1993; Bergeaud
and Mallat, 1995). Normally, MP selects atoms well
adapted to the global structures of the input signal, but
not local ones. The decomposition of f is performed by
the following greedy strategy.

Using the terminology adopted in Section 3.3, F is a dic-
tionary (a frame) having the set fujg

‘
j¼1 as atoms and ‘ the

cardinality of the over-complete dictionary. We denote
with u0 the residue of f at the first step, so that MP approx-
imates f by projecting onto a vector uj0

2 F :

f ¼ hf ;uj0
iuj0

þ u0 ð22Þ

The objective is to minimize the residual u0, by choosing
the atom uj0

that maximizes the absolute value of the inner
product in the previous Eq. (22):

jhf ;uj0
ij ¼ max

uj2F
jhf ;ujij ð23Þ

A widespread approach suggests the choice of the atom for
the general kth iteration according to the following relation:
Fig. 3. Pseudo-code of the Matching Pursuit algorithm.
jhuk;ujk
ij ¼ max

uj2F
jhuk;ujij ð24Þ

An update approach allows to compute the residual for the
next step, by using the projection of uk onto ujk

:

ukþ1 ¼ uk � huk;ujk
iujk

ð25Þ

In other words, at kth step the algorithm selects the atom
ujk

that correlates best with the residual uk, adding ujk
to

the current approximation. For a generic kth step, the
approximation ~f of the original signal f can be expressed
by

~f ¼
Xk�1

n¼0

hun;ujn
iujn

þ uk ð26Þ

The residual uk represents the approximation error of f

after choosing k atoms. Normally, the atoms selected
by MP algorithm are not orthogonal, therefore the
approximation can be refined using an orthogonalization
process. In (Bergeaud and Mallat, 1995) author demon-
strates that the reconstruction error jjf � ~f jj converges
to zero in an exponential way, whereas the residual of
an orthogonal pursuit converges strongly to zero
(Fig. 4) in an amount of iterations smaller than the
dimension of the signal.

The algorithm ends when the residual is smaller than
a prefixed threshold or the number of iterations is equal
to the number of wished atoms. If we stop the algorithm
after few steps (high threshold), MP will provide a rough
approximation of f; the reconstruction error could be very
high, but the computational time is low. On the contrary,
when MP selects a greater number of atoms (low thres-
hold), it provides a better approximation of f, in high
computational time. In other words, a training process
constructs the sub-dictionary, where the best-adapted sig-
nals (atoms) are chosen from a big quantity of 2D Gabor
functions. Therefore, in the experimentation we ‘‘ask’’ to
MP scheme to find, in the 2D Gabor dictionary, a little
quantity of atoms: the process finishes when the wanted
atoms are selected (those that capture the highest texture
information of a little set of 4 · 4, 8 · 8 and 16 · 16 train-
ing patches) or when the coefficient values are zero. Note
that the complexity of this method is determined by the
off-line training process, which generates a wanted number
of basis atoms.
3.6. Gabor features and photometric gain

for shadow elimination

This section describes the procedure for features extrac-
tion for the shadows removing process. Features extraction
plays a crucial role in accomplishing reliable shadows
remove process. In this work, the crucial problem is to con-
struct an efficient low-level representation of texture, pro-
viding a good characterization of features which compose
it. Once the 2D Gabor dictionary has been built and the
sub-dictionary is selected using MP (using an off-line train-
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Fig. 4. Reconstruction error using 4 · 4 (a), 8 · 8 (b) and 16 · 16 (c) patches by varying the amount of selected 2D Gabor functions using MP scheme.

Fig. 5. Pseudo-code of Gabor features extraction algorithm for rough
shadows elimination.
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ing procedure), a textural comparison approach is used to
suppress roughly shadows. The following discussion for
shadows elimination is appropriate for single and multiple
shadow objects.

The previously estimated mask Dn(x,y) is used to begin
the process of computing the coefficients for texture repre-
sentation. For each pixel for which the binary mask
Dn(x,y) is equal to ‘‘1’’, two patches are identified in the
current frame In(x,y) and the adaptive background
Bn(x,y). These patches are opportunely normalized in
[0,1], so unexpected illumination changes between con-
sidered patch in In(x,y) and Bn(x,y) does not influence
texture-match process. Therefore, the texture of a parti-
cular patch is represented as an n-dimensional vector (c0,
c1, . . . , cn�1) (coefficient vector), where n is the amount of
atoms of the sub-dictionary F*, and the coefficient vector
is obtained by projecting the patch on F* (for the two
extracted and normalized patches, two n-dimensional co-
efficient vectors cI and cB are computed). For the given
patches, cI and cB are used to start the process for shadows
removing: In(x,y) is marked as shadow pixel if the two cor-
responding patches present same texture properties or,
equally, if cI and cB are ‘‘close’’ (in terms of Euclidean dis-
tance). As a conclusion of this step, Dn(x,y) presents ‘‘1’’
only for all pixels marked as object (not shadow pixels)
(Fig. 5 shows the pseudo-code for the coarse operation of
shadow elimination).
A problem is the identification of a similarity measure
and the suitable threshold for the shadow classification
process. It is a very hard problem to find out the value that
suggests when the features vectors extracted by two patches
are close enough, so the relative textures are similar and the
central pixel can be classified as shadow pixel. In literature
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researchers use different methods for features classification
based on heuristic estimation of threshold values. This
empirical findings introduces a strong constraint when
changing scene context. In our experiments we define the
value proportional to the length of all 2D Gabor atoms.

The proposed approach agrees to detect coarsely sha-
dow pixels and a refinement method is needed to better
remove remaining shadows. The scheme is improved by
evaluating the photometric gain (ratio between Bn(x,y)
and In(x,y)). A thresholding operation is performed on
the gain value using two prefixed thresholds (T1 = 0.6
and T2 = 1.4). The intensity values for shadows are well de-
fined in the range [T1,T2] as proven in (Rosin and Ellis,
1995). Fig. 6 shows the pseudo-code for the proposed
approach.
Fig. 6. Pseudo-code of algorithm for precise shadows elimination using
photometric gain.

Fig. 7. Main steps involved in th
The previous steps may corrupt the shape of the seg-
mented blob, so a new step is needed to balance effects of
the shadow removing process. The following phase is used
to clean up anomalies in the extracted blob, by using mor-
phological dilation/erosion operations. These remove any
small holes in the blob and smoothes out any interlacing
anomalies. In this work the target blob is dilated using a
3 · 3 matrix, whereas the erosion process uses a 2 · 2
matrix. Fig. 7 shows the whole process for the shadow
elimination.
4. Experimental results

This section presents the results of the proposed algo-
rithm. The approach gave satisfactory results in shadows
suppression and performs well on various image sequences.
The experimental setup is composed of a Pulnix TM-6710
Progressive Scan camera, used in a typical outdoor urban
scene. The data was collected on different environmental
conditions (sunny, cloudy, etc.) in a fixed scene camera
position, so the background can be considered as static,
even though not completely stationary due to waving tree
phenomena and illumination changes. The frame rate
is 10 fps and the resolution of 8-bit grey-levels original
images is 648 · 484 pixels. An Intel Pentium IV 2.8 GHz
CPU is used.

Experimental results may be dependent from how the
subtraction background process is performed: it is interest-
ing to note that even if the automatic thresholding process
e shadow removing process.



Fig. 8. (a) Shows a frame of the sequence whereas (b) the corresponding adaptive background. In (c) is shown the binary mask D(x,y) for the subtraction
background process when the automatic threshold is defined badly (equal to 1) and when it is defined correctly (d). (e) and (f) Show the free-shadow blob
corresponding to images (c) and (d) when a 4 · 4 Gabor sub-dictionary is used.

Table 2
Parameters used in the shadow removing approach

Parameter Value

Speed parameter for background update (a) 0.6
Threshold for background subtraction process Automatic
Threshold for Gabor features extraction Number of atoms of

the dictionary/100
Lower bound for photometric gain (T1) 0.6
Upper bound for photometric gain (T2) 1.4
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fails (e.g. the step selects a lower threshold value), the fol-
lowing process for shadow elimination through textural
analysis is able to perform correctly its own task: as a limit
case, even if the automatic thresholding is badly selected
and takes unity value, shadows are recovered correctly
(see Fig. 8) but the computational time increases, since
the loop for rough shadow removing is performed on a big-
ger number of iterations, since the binary mask Dn(x,y)
contains a lot of ‘‘1’’. It should be remarked the evident
presence of shadows in the binary mask of the subtraction
background step, when a correct automatic threshold is
performed too: this influences the correct segmentation,
so the unwanted selected area may cause misclassification
of the object. Moreover, it should be noted that the use
of an adaptive background approach (instead of a static
background) is needful for each situations of illumination
changes, so the background update with current frames is
able to compensate such anomalies in light alteration.

In order to improve the background subtraction pro-
cess, in Eq. (2) we used a = 0.6 as update parameter, so
we can almost equally weigh the contribution of both the
previous background frame and the current frame, even
though, this value involves a greater computational pay-
load (a lower value for the c parameter means a lower
background update time, but the success of the back-
ground subtraction process is poor). Table 2 shows the
considered parameters and thresholds of the approach.
We compared experimental results obtained using three
previously generated 2D Gabor dictionaries, using different
size of patches involved in the textural features extraction
process, initially using 16 atoms previously selected by
MP scheme (the textural information for each patch is rep-
resented as a 16-element vector): the reconstruction error
for a generic patch is almost null both for 2D 4 · 4 and
8 · 8 Gabor dictionaries, whereas the reconstruction error
is smaller than 20% for a 16 · 16 Gabor dictionary, so it
is possible to capture well enough textural information of
little patches. Fig. 9 shows the effects of this study.

We note that experimental results change by varying the
size of the 2D patches, in terms of accuracy for the shadow
elimination process. The size of the patch may cause an
erosion process of the edge of the object in the scene; large
sizes of the patch emphasizes this phenomenon. Therefore,
it is easy to prove that the best results are obtained for 4 · 4
patch (there is accuracy for the detection of the blob of the
moving object and the computational workload is low).
However, similar effects are obtained although small
patches are able to capture a lower amount of textural
information than a bigger patch. We want to point out
that, even if larger atoms are used, experimental results
are acceptable since the dilation/erosion compensate the er-
rors introduced by the 2D Gabor texture analysis. The pro-
posed approach provides good outcomes from processing
time point of view, too: in fact, for each frame the full com-
putation requires only a few hundred milliseconds on the
used hardware. We want to investigate how the amount
of extracted Gabor features affects the shadow elimination
process. We have performed the whole approach by vary-
ing only the amount of atoms for each generated Gabor
sub-dictionary. In Fig. 10 are shown the results obtained
using the 4 · 4 Gabor sub-dictionary, after the shadow



Fig. 9. (a) Shows the result of the shadow elimination process using a 4 · 4 Gabor sub-dictionary. (b) Shows the case of a 8 · 8 patch and (c) the case of
16 · 16 atom. The silhouette of the blob is corrupted when the dimension of the patch is increased (using dictionaries which atoms are small, the shadow is
perfectly recovered and the corresponding blob is correctly determinate).

Fig. 10. (a) Shows the result of the shadow elimination process using the 4 · 4 Gabor sub-dictionary with 16 atoms. (b) Shows the case when only eight
atoms are used, whereas (c) the case using four atoms. The silhouette of the blob is always recovered, even though best results are obtained with a great
amount of atoms.
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removing process is executed using only 16, 8 and 4 atoms
(16, 8 and 4 features to represent the texture properties) in
the MP scheme.

The results does not change when we use a greater
amount of atoms, since only a few former features describe
the higher quantity of texture information. It is suitable to
use low amount of atoms in order to spend less computa-
tional power, so the proposed technique may be merged
in a real-time system for video monitoring surveillance.
Note that in each situations, shadows are eliminated cor-
rectly and the blob of the moving object is recovered. This
allows for a more robust further step of observed object
recognition.

5. Conclusions

This paper presents a new method to eliminate shadows
in indoor and outdoor environments. We proved that sha-
dow detection and suppression improve object segmenta-
tion, that is a critical task in monitoring environment.
The contribution of this work consists in the coarse fea-
tures extraction process able to identify shadow regions
from moving object regions. The proposed scheme uses
an adaptive background subtraction approach and an
automatic threshold evaluation in order to segment out
moving objects, even if the illumination conditions change
during acquisitions. We proved that the representation of
textural information in terms of little set of 2D Gabor func-
tions and the greedy Pursuit scheme provide good and
robust results in shadows elimination: the Matching Pur-
suit algorithm is an important tool for features extraction,
providing a sparse representation of a textured patch,
involving a few amount of kernel functions. The approach
uses photometric properties in order to refine the shadow
detection process. Experimental results have shown that
the shadows elimination method can remove completely
different shadows.

In conclusion, this work demonstrates that proposed ap-
proach is robust, powerful and simple for shadows remov-
ing. The computational load of the method is low, so the
approach can be merged in a full video-surveillance sys-
tem. Future works will be addressed on the recognition
of shadow-free moving objects and their behavior will be
analyzed.

Acknowledgement

This work is supported in part by FIRB-MIUR:
‘‘Microtechnologies for virtual immersive telepresence’’.

References

Attolico, G., Spagnolo, P., Branca, A., Distante, A., 2002. Fast
background modeling and shadow removing for outdoor surveillance.
In: Proc. Third IASTED Internat. Conf. VIIP Malaga, Spain,
September, pp. 668–671.

Bennamoun, M., Bodnarova, A., Latham, S., 2002. Optimal Gabor
filters for textile flaw detection. Pattern Recognition 35 (12), 2973–
2991.

Bergeaud, F., Mallat, S., 1995. Matching pursuit of images. In: Proc.
IEEE Internat. Conf. on Image Process, Washington, DC, USA,
October, vol. 1, pp. 53–56.



A. Leone et al. / Pattern Recognition Letters 27 (2006) 345–355 355
Bevilacqua, A., 2003. Effective shadow detection in traffic monitoring
applications. J WSCG 11 (1), 57–64.

Bobick, A., Ivanov, Y., Liu, J., 2000. Fast lighting independent
background subtraction. Internat. J. Comput. Vision 37 (2), 199–207.

Cavallaro, A., Salvador, E., Ebrahimi, T., 2004. Detecting shadows in
image sequences. In: Proc. First European Conf. on Visual Media
Production, London UK, March, pp. 15–16.

Chaveznava, R.M., 2001. Microscopy image coding using dictionaries. In:
Proc. of IX Spanish Symposium on Pattern Recognition and Image
Analysis Castellona, ES, May, pp. 299–304.

Chaveznava, R.M., Garcia-Ugalde, F., Psenicka, B., 2000. A comparison
of image coding with matching pursuit and high resolution pursuit
techniques. Internat. J. Image Process. Comm. 6 (1–2), 57–64.

Clausi, D.A., Jerningan, M.E., 2000. Designing Gabor filters for optimal
texture separability. Pattern Recognition 33 (11), 1835–1849.

Collins, R., Lipton, A., Kanade, T., Fuyiyoshi, H., Duggins, D., Tsin, Y.,
Tolliver, D., Enomoto, N., Hasegawa, O., 2000. A system for video
surveillance and monitoring. Tech. Report CMU-RI-TR-00-12,
Robotics Institute, Carnegie Mellon University, May.

Cucchiara, R., Grana, C., Piccardi, M., Prati, A., Sirotti, S., 2001.
Improving shadow suppression in moving object detection with HSV
color information. In: Proc. Fourth International IEEE Conference on
Intelligent Transportation Systems Oaklan, CA, USA, August, pp.
334–339.

Cucchiara, R., Grana, C., Piccardi, M., Prati, A., 2003. Detecting moving
objects, ghosts and shadows in video streams. IEEE Trans. PAMI 25
(10), 1337–1342.

Daugman, J.G., 1985. Uncertainty relation for resolution in space, spatial
frequency and orientation optimized by two-dimensional visual
cortical filters. J. Opt. Soc. Amer. A 2, 1160–1169.

De Vleeschouwer, C., Macq, B., 1999. Subband dictionaries for low-cost
matching pursuits of video residues. IEEE Trans. Circ. Syst. Video
Technol. 9 (7), 984–993.

Duffin, R.J., Schaeffer, A.C., 1952. A class of non harmonic Fourier series.
Trans. Amer. Math. Soc. 72 (1), 341–366.

Finlayson, G.D., Hordley, S.D., Drew, M.S., 2002. Removing shadows
from images. In: Proc. Seventh European Conf. on Comput Vision—
Part IV Copenaghen, Denmark, May, pp. 823–836.

Grigorescu, S.E., Petkov, N., Kruizinga, P., 2002. Comparison of texture
features based on Gabor filters. IEEE Trans. Image Process. 11 (10),
1160–1167.

Higgins, W., Weldon, T., Dunn, D., 1996. Efficient Gabor-filter design for
texture segmentation. Pattern Recognition 29 (12), 2005–2016.

Horprasert, T., Harwood, D., Davis, L., 1999. A statistical approach for
real-time robust background subtraction and shadow detection. In:
Proc. Seventh IEEE ICCV Frame-rate Workshop Corfu, GK,
September, pp. 1–19.

Hsieh, J.W., Hu, W.F., Chang, C.J., Chen, Y.S., 2003. Shadow elimina-
tion for effective moving object detection by Gaussian shadow
modeling. Image Vision Comput. 21 (6), 505–516.

Hsu, S.H., Huang, C.L., 2001. Road sign detection and recognition using
matching pursuit method. Image Vision Comput. 19 (3), 119–129.
Jain, A.K., Karu, K., 1996. Learning texture discrimination masks. IEEE
Trans. PAMI 18 (2), 195–205.

Jiang, C., Ward, M.O., 1992. Shadow identification. In: Proc. IEEE Conf.
on Comput Vision and Pattern Recognition Champaign, IL, June, pp.
606–612.

Jain, A.K., Ratha, N.K., Lakshmanan, S., 1997. Object detection using
Gabor filters. Pattern Recognition 30 (2), 295–309.

Kaewtrakulpong, P., Bowden, R., 2001. An improved adaptive back-
ground mixture model for real-time tracking with shadow detection.
In: Proc. Second European Workshop on Advanced Video Based
Surveillance Systems Kingston, UK, September, pp. 149–158.

Laine, A., Fan, J., 1996. Frame representations for texture segmentation.
IEEE Trans. Image Process. 5 (5), 771–780.

Lee, T.S., 1996. Image representation using d Gabor wavelets. IEEE
Trans. PAMI 18 (10), 959–971.

Mallat, S., 1999. A Wavelet Tour of Signal Processing, second ed.
Academic Press.

Mallat, S., Zhang, Z., 1993. Matching pursuit with time-frequency
dictionaries. IEEE Trans. Signal Process. 41 (12), 3397–3415.

Nadimi, S., Bhanu, B., 2002. Moving shadow detection using a physics-
based approach. In: Proc. Sixteen IEEE Internat. Conf. on Pattern
Recognition Quebec City, Canada, August, pp. 701–704.

Onoguchi, K., 1998. Shadow elimination method for moving object
detection. In: Proc. Fourteenth International Conference on Pattern
Recognition, pp. 583–587.

Papoulis, A., 1984. Signal Analysis. McGraw-Hill International Edition
Auckland.

Pece, A., Petkov, N., 2000. Fast atomic decomposition by the inhibition
method. In: Proc. 15th Int. Conf. on Pattern Recognition, ICPR 2000,
vol. 3. IEEE Press, p. 215.

Phillips, P.J., 1998. The design of matching pursuit filters. Comput. Neural
Networks 9 (1), 1–17.

Prati, A., Mikic, I., Trivedi, M., Cucchiara, R., 2003. Detecting moving
shadows: algorithm and evaluation. IEEE Trans. PAMI 25 (3), 918–
923.

Rosin, P.L., Ellis, T., 1995. Image difference threshold strategies and
shadow detection. In: Proc. Sixth British Machine Vision Conf.
Birmingham, UK, July, pp. 347–356.

Stauder, J., Mech, R., Ostermann, J., 1999. Detection of moving cast
shadows for object segmentation. IEEE Trans. Multimedia 1 (1), 65–
76.

Strang, G., 1998. Linear algebra and its applications. Harcourt Brace &
Company.

Tuceryan, M., Jain, A.K., 1998. Texture analysis. In: The Handbook of
Pattern Recognition and Computer Vision, second ed. World Scientific
Publisher Co., pp. 207–248.

Vandergheynst, P., Frossard, P., 2001. Efficient image representation by
anisotropic refinement in matching pursuit. In: Proc. IEEE Conference
ICASSP Salt Lake City, UT, May, vol. 3, pp. 1757–1760.

Zhang, D., Wong, A., Indrawan, M., Lu, G., 1990. Content-based image
retrieval using Gabor texture features. IEEE Trans. PAMI 12 (7), 629–
639.


	A shadow elimination approach in video-surveillance context
	Introduction
	Related works
	Shadows elimination using frame theory�and matching pursuit method
	Adaptive background generation
	Background subtraction
	Frame theory in a finite dimensional space
	2D Gabor dictionaries
	The matching pursuit algorithm
	Gabor features and photometric gain�for shadow elimination

	Experimental results
	Conclusions
	Acknowledgement
	References


