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ABSTRACT 
The elimination of strong shadow in outdoor scenes contain-
ing human activity is addressed in the paper. The main con-
tribution of the introduced method is the integration of geo-
metrical information into the shadow detection process. This 
novel approach takes into account the collinearity of 
shadow and light direction and completed with a simple 
colour based pre-filtering. The final classification step is 
carried out via a Bayesian iteration scheme which is general 
enough to handle further characteristics of the problem: 
weak shadow and reflection. 

 

1. INTRODUCTION 

Moving object detection is a key issue in most computer 
vision applications especially for surveillance purposes. De-
pending on the scene settings the cast shadow usually gener-
ates problems while extracting moving objects (e.g. silhou-
ettes). The problem occurs often in outdoor scenes and in-
door configurations when the floor is a reflective surface. In 
most cases shadow can cause merging of objects, shape dis-
tortion and object losses. Thus, shadow detection is critical 
for accurate object detection, which is a relevant step of in-
formation extraction for further processing: tracking, event 
detection [1] or traffic monitoring [2]. Many approaches have 
been proposed in the literature that deal with shadow. A good 
survey can be found in [3][4]. Most of the publications are 
focused on the colour based shadow detection [2][3][5][8]. In 
order to remove shadow points, these methods have defined 
conditions in some proper colour space. 

Method, called SAKBOT, was introduced in [2]. It was 
developed for moving object detection and tracking. This 
complex algorithm contains both colour and motion informa-
tion. Additionally, the final foreground mask is improved 
with knowledge-based feedbacks. The method introduced in 
[6] utilizes some predefined object model present estimation 
about shadow pixels near to the detected objects. Summaris-
ing, the basic features that can be used to distinguish between 
shadow and object points are: colour, texture, motion. In 
spite of the notable amount of publications there is no ap-
proach which utilizes the general geometrical model of cast 

shadow and includes the geometrical characteristics into the 
classification process. Geometrical information is important 
in describing the creation of shadow. Like other characteris-
tics, the geometrical description is not a unique feature, so 
without other features it is not sufficient for accomplishing of 
classification purposes in all cases. 

This paper presents a new approach for motion mask 
classification allowing for the general geometrical model of a 
point like light source. Our goal is not to present an all-in-one 
algorithm for shadow detection, but the main idea is to clamp 
features into a probabilistic framework. During evaluation 
outdoor sequences will be used, which is impaired by strong 
shadow and showing pedestrians. 

2. PROPOSED METHOD 

The goal of shadow detection is to eliminate the shadow 
points from the extracted foreground mask. The foreground 
mask can be determined using several approaches. Our im-
plementation based on [7] which is a popular background 
modelling method for the extraction of foreground mask. 
The output mask is defined by: 
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where S denotes all pixels in the image (index i corresponds 
to one pixel). In the followings I determines the input image 
and B denotes the computed background image, respectively. 
Intensity changes cause changes in object pixels as well as in 
cast shadow pixels. 
Thus, the initial foreground-background mask M contains 
both object and shadow pixels as foreground. 

2.1 Basic Colour Filtering 
The usual method to distinguish between moving cast 

shadow and object points is the investigation of pixels in 
Hue-Saturation-Value (HSV) colour space [2][5]. This pre-
processing step is a simple filtering before higher level proc-
essing. In the paper we focus on strong shadow in outdoor 
environment, thus we have implemented only the condition 
related to Value (V): 
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Here C denotes a shadow mask with elements 
ic  equal “1” 

for shadow pixels and “0” otherwise, according to colour 
based conditions: α and β are bounds obtained from experi-
ments. 
In our experiments this colour based method works reliable 
only in case of weak shadow. If the shadow is strong, the 
ratio is around 0.4. Unfortunately, however the ratio changes 
to 0.9 near to the boundary of shadow. That is why shadow 
elimination is not possible by using only the colour informa-
tion. Figure 1 displays the histogram of the ratio inside the 
manually selected shadow mask. 
 

 
Figure 1 – Difficulty of colour based shadow detection in case of 

strong shadow: the shadow region has not a histogram with only one 
peak, and thresholds α and β are not the same for the whole image. 

 
Another problem is that the adaptive determination of the 
bounds α and β is still a challenging task. Thus, in our im-
plementation these values were adjusted to cover a relatively 
large region of the full range (α=0.4, β=0.8). Detection re-
sults are summarized in the following figure. 
 

  
 

  
 

Figure 2 – Results of colour based shadow detection: upper left-
input image, upper right-motion-detection mask, lower left-

foreground mask determined by using colour features [5] and lower 
right-“worse-case” shadow mask (α=0.4, β=0.8) used for input to 

classification method. (The binary masks are without morphological 
post-processing.) 

 

2.2 Geometrical Shadow Modelling 
For most outdoor situations, the direction of daylight 

shadows is controlled by the position of sun. Because the 
rays of sunlight are essentially parallel, they converge in an 
infinite vanishing point.  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 3 – Geometry of shadow: the three points; object (origi-

nal), shadow and vanishing point are collinear. Because in outdoor 
cases the distance of the light source from the object casting the 

shadow is near infinity, the knowledge of a common direction ( v ) 
is sufficient instead of position of vanishing point. 

 
Because of the far vanishing point the geometrical 

model may be simplified; the knowledge of a direction (2D 
vector) is enough for the estimation of shadow region. De-
tails about the geometry can be found in [9][10]. In our pre-
vious work we have described a method to compute the van-
ishing point in case of camera-mirror setting using motion 
statistics [10]. Shafer in [9] points out that an object and its 
cast shadow share a similar geometrical relationship to that 
found in the camera-mirror case. Thus, the determination of 
this direction is possible both automatically and manually. 

The importance of knowledge of the light vanishing 
point lies in the fact that it simply enables the integration of 
geometrical constraint into the shadow detection process. 
Obviously, the shadow point must lie on the line going 
through the original point with direction v .  

Note that, v  has unit length: 1v = . Unfortunately, 
this geometrical model is not enough for the exact determina-
tion of the corresponding shadow point, because it is a point-
to-line transformation instead of a point-to-point analogy. 
Accordingly, we will use this extra knowledge together with 
other features (colour, motion etc.) to achieve a better classi-
fication results. In the following section an iterative method 
based on Bayesian formula has been introduced to find the 
most probable shadow points and foreground mask. 
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2.3 Classification Process 
The aim of classification is to decide about every fore-

ground pixel in the initial foreground-background mask (M) 
whether it is a foreground pixel or a shadow pixel. This two-
classes problem is equivalent to find the probable class for an 
arbitrary pixel in the given scene setting (M and C). In the 
literature there are several different approaches to accomplish 
such classification tasks [11]. Nevertheless, in this section a 
simple Bayesian iteration will be introduced. We selected this 
probabilistic framework, because it is rather general and is 
suitable for further improvements. This method was used 
successfully for blind deconvolution in [13] and [12]. 
We define the unknown shadow mask as  

{ },iH h i S= ∈     (3) 
and foreground mask as 

{ },iF f i S= ∈     (4) 
Together with definition of the detected initial foreground-
background mask M (1), using Bayes conditional probability 
formula we can get the probability of observing H and F 
with given M in the following form (the formulas for F are 
similar): 
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Substituting this equation into the conditional probability 
formula, we get: 
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Based on this formula the following iteration scheme can be 
written [12]: 
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Where k is the iteration counter. We define the initial prob-
abilities as follows, 
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During the iteration steps the values of ( )iP f  and ( )iP h  
will change. These probabilities converge to stable values 
which describe the most probable shadow/foreground con-
figuration in a given motion mask. Hereby the classification 
step is a simple decision to the most probable class: 
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because, 

( ) ( ) 1   w h ere  1i i iP h P f i S m+ = ∀ ∈ =  (11) 
The key issue in the above introduced formula (7) is the de-
termination of the conditional probability term ( ( )j iP m h ). 

This term enables the completion of probability model with 
additional knowledge about the problem. First, in case of 
shadow the indices in the summarizations can be reduced. In 
the above-defined form the summations are performed over 
the whole image. According to the geometrical model these 
2D summations may be replaced with summations along a 
straight line (parameterised in 1D), direction of which is 
equal to v . This procedure is demonstrated in Figure 4. 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 4 – Simple geometrical constraint: including the collinearity 
to the conditional probabilities. The notations are introduced in the 
text. The indices j and k are related to the cyclical summarizations. 

 
To allow this feature, a modified formula of (7) can be writ-
ten: 
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where the function ( ).r  returns an image point, which is 
computed from an initial position (i) and a step counter (j) 
along the line: 
( ),r j i i jv= +     (13) 

Based on this notation the expression of conditional probabil-
ity may be rewritten using two step-counters along the line: 
( ) ( ) ( )( ), ,, ,  ,i r p i r l id p l P m h p l N= ∈   (14) 

For determination of this value, a simple formula is given: 
( ) ( ) ( ) ( ) ( )( )( ), , , ,, 1i r p i r p i r l i r l id p l c m m P f= −  (15) 

This expression validates only the minimal conditions; mo-
tion must be present in both points and the shadow point 
must be in the colour mask (value of ( ),r p ic  is defined by (2)

). The last component relates to the foreground mask, so, the 
probability that a given point belongs to shadow is equivalent 
to the probability that the point is not a foreground point. 
This extension makes connection between F and H during 
the iterations. 
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Since, the iteration formula contains the sum of these values 
(and because it is a 2D probabilistic distribution function), 
the normalization is necessary before use: 

( )
,

, 1i
p l

d p l =∑      (16) 

Till now, we used indices along the line without any upper 
and lower bounds. There is no need to compute the sums 
along the full line, because we can define the probable ut-
most distance between the original point and its correspond-
ing shadow point. This distance is symbolized by parameter 
γ . Thus the ranges of the indices are 

...
0 ...
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γ γ
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=
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The values of ( ).id  form a 2D pdf function. Its layout is 
visualized in matrix form in figure 5. 
 
 
 
 
 
 
 
 
 
 
 
Figure 5 – Layout of matrix ( ).id . The filled region indicates the 

probable non-zero elements. This zone-structure is because the 
place of shadow is always relative to the original point. 

 
After substituting (14) into (12) we get the final formula of 
the iteration step: 
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The formulas for the foreground probabilities ( ( )iP f ) can 
be derived in the same way. 

3. ALGORITHM EVALUATIONS 

In the following, we present some samples of outdoor se-
quence. The first row contains the relevant part of input im-
ages. The second row displays the detected motion mask, 
see (1). The further rows demonstrate the foreground and 
shadow probabilities during the iteration steps. 

 
 
 
 
 
 
 
 
 
 
 

Sample frame #1 Sample frame #2 

  
Input: I 

  
Motion mask: M 

  
Shadow probabilities P(H) after the 5th iteration 

  
Foreground probabilities P(F) after the 5th iteration 

  
Final foreground mask F̂  (see (10)) 

 
Figure 6 – Experimental results on strong shadow. The final fore-

ground mask is the output of the classifier, for details see text. 
 

In our experiments the method converges within 5 iterations. 

4. FUTURE WORK 

The described method is general but in the current state it 
contains only information for strong shadow removal. In 
summary, the following main future research directions can 
be formulated: 
1. Estimation of light direction: for real-life applications it 

is necessary to track the changes of vanishing point dur-
ing the day. The most comfortable way is to use the 
known relations from astronomy; the knowledge of loca-
tion and current time is utilizable for the determination 
of polar angle. Furthermore, for the transformation of 
the direction onto the camera plane the camera parame-
ters (camera matrix, P) are also required. 

2. Extended colour based pre-filtering: the basic colour 
model is feasible to detect weak shadow [15] where the 
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fluctuation of value is small enough. Nevertheless, one 
of our goals is the detection of reflection in indoor vid-
eos. The applied colour based approach is not well 
adapted for the modelling of colour mixture in such 
environment. For this purpose the geometrical model is 
a good basis, because the reflection is generated from 
both the background and object textures [14]. 
Furthermore, the position of vanishing point in the case 
of reflection is nearly stable. 

3. Determination of corresponding object-shadow point 
pairs: useful information for the more precise classifica-
tion is the computation of a distance map which contains 
estimations about the distances between original (object) 
points and their shadow points. This computation needs 
the extension of the iteration formula, similar to [12]. In 
[12] the authors used the same formula to determine the 
localized point spread function (PSF). This distance map 
is applicable not only to expand the classification, but 
for 3D information extraction about the objects. 

5. DISCUSSION 

The paper introduced a new approach for cast shadow 
detection in outdoor video sequences. We have presented an 
iterative Bayesian framework to determine the shadow and 
foreground masks taking into account both colour and geo-
metrical information. The geometrical model of cast shadow 
is reduced to a simple direction (toward light vanishing 
point), which assists to implement an efficient localized vari-
ant of the iteration scheme. We also have named the main 
research directions to achieve a general shadow elimination 
method.  
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