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Abstract  
The ball detection in soccer images is one of the 
applications of the most general problem of object 
recognition, where the approach mainly used is based on 
classifying the pattern images after a suitable pre-
processing. In this paper we have compared two different 
pre-processing techniques: the initial vectorial 
representation of the image has been projected both on 
the Haar basis and on the basis extracted from the 
Independent Component Analysis (ICA). The 
coefficients of the new representation in the ICA and 
Wavelet subspaces are supplied as input to a neural 
classifier.  ICA and Wavelet representations have been 
chosen since they are well suited to increase the inter 
class differences and decrease the intra class ones.  The 
experimental results on real soccer images show that the 
classification performances applying  the ICA and 
Wavelet pre-processing techniques are quite the same 
and  that combining ICA and Wavelet the percentage of 
pattern recognition can be further increased. 
 
Keywords: Wavelet Decomposition, Independent 
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1. Introduction 
A large variety of fast and different algorithms for object 
detection and recognition has been studied during the last 
decade by the computer vision community. Object 
recognition and classification systems must be fast and 
stable in order to be applied in real time applications and 
to afford problems such as cluttered background, rotation, 
partial occlusion, scale variation and lighting change. 
In this paper we are interested to recognize the ball in 
image sequences taken during soccer matches. Like the 
great part of similar applications, the problem can be 
divided into two distinct steps: firstly, a feature extraction 
procedure tries to select the correct features to represent 
as well as possible the object to recognize. Then, a 
specific classifier is trained and tested in order to perform 
the classification of the objects starting from the features 
previously selected. 

The main characteristics of the particular applicative 
context led us to conclude that a statistical approach 
based on the Independent Component Analysis and 
Wavelet decomposition can be applied to perform the 
feature extraction for the ball recognition problem. 
The ICA of multidimensional vector is a linear transform 
that minimizes the statistical dependence between its 
components. This representation in terms of 
independence has been proven useful to a number of 
applications such as data analysis and compression, blind 
source separation, blind deconvolution and denoising 
[1,2,16,18]. In the last years many researches have tried 
to demonstrate the possibility to apply the ICA in feature 
extraction. In particular ICA has been successfully 
applied by Bell[18] for the study of natural scenes, in [19] 
for face recognition and for general object recognition 
and classification in [20]. These works demonstrate that 
ICA is well suited for feature extraction since the 
coefficients maintain the most important information of 
the original representation. Wavelet are a mathematical 
tool to decompose hierarchically a function. They allow a 
function to be described in terms of a coarse overall 
shape, with details that range from broad to narrow. A 
number of works have been presented in literature that 
use the wavelet representation to achieve object detection 
[11,15, 23, 14, 22, 23]. 
In this paper a Back propagation neural network has been 
used to classify the feature vector extracted by 
Independent Component Analysis and Wavelet 
Transform. The main aim of this work is to compare the 
classification performances obtained using the ICA and 
Wavelet preprocessing to extract the features and then to 
evaluate the increase of performance obtained combining 
together the above techniques. A number of experiments 
have been carried out on real image sequences taken 
during a soccer match. The results have been evaluated 
also considering the computational load that each 
technique involves and the real benefits gained on the 
final performances. 
The rest of the paper is organized as follows: Section 2 
presents an overview of the related works; Section 3 
introduces the Independent Component Analysis and the 
Multiresolution Wavelet Decomposition; Section 4 
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describes the system architecture and the experimental 
setup; Section 5 shows the classification  results and 
finally in Section 6 conclusions are presented. 
 
2. Related work 
There are mainly three kinds of approaches to solve the 
object recognition problem: template matching, statistical 
approaches and hierarchical approaches. 
The first approach is the simplest one. Matching is a 
generic operation in pattern recognition which is used to 
determine the similarity between two entities of the same 
type. In template matching the searched pattern is 
matched with stored templates which take into account 
all allowable poses (translation and rotation) and scale 
changes. Deformable template models[7] or rubber sheet 
deformations [8] can be used to match patterns when the 
deformations cannot be easily explained or modelled 
directly. This method has a number of disadvantages: it 
fails if the patterns are distorted due to the imaging 
process, view-point change, lighting changes or large 
intra-class variations among the patterns. 
In order to overcome these problems different approaches 
based on statistical representations of the objects have 
been used. Each pattern is represented in terms of 
features or measurements and it is considered as a point 
in a multidimensional space. The effectiveness of the 
representation space is determined evaluating the 
separation among patterns from different classes [25,11]. 
Finally, in many recognition problems involving complex 
patterns hierarchical approaches have been applied: a 
pattern is viewed as being composed of simple sub-
patterns which are themselves built from other simpler 
sub-pattern[9,10]. However, different methods to perform 
the features extraction in object recognition have also 
been used in literature. The most important are based on 
histogram equalization and parametric eigenspace 
decomposition [12,13,14,15].  
The previous approaches have been evaluated for the 
specific context of ball recognition in image sequences 
taken during football matches: the template matching 
approaches seem the less appropriate. In fact, the 
appearance of the target changes because of the shadow 
effect, the light variations and partial occlusions caused 
by the players or the goal-post. Since the ball is not a 
complex target also hierarchical approaches should be 
avoided. So we have chosen to focus our attention on a 
statistical approach based on the Independent Component 
Analysis and Wavelet decomposition. In the follow, 
firstly the theoretical background of the proposed 
features extraction methods will be explained, and then 
the classification results will be exposed, after the 
schematic representation of the whole system architecture. 
 
3. Mathematical background 
3.1.1 Independent Component Analysis theory 
A central problem in image and signal processing, as well 
as in neural network research and statistics, is finding a 
suitable representation or transformation of the observed 
data. 
Independent component analysis (ICA) is a statistical 
method for transforming an observed multidimensional 
random vector into components that are statistically 

independent from each other as much as possible. If we 
denote by T

mxxxx ),...,,( 21=  a zero mean m-dimensional 

random variable that can be observed, and by 
T

nssss ),...,,( 21=  its n-dimensional transformation, then 

the problem is to determine a constant weight matrix W 
so that the linear transformation of the observed variables  

xWs ⋅=                                  (1) 
produces transformed components that are statistically 
independent. This method is a special case of redundancy 
reduction. In other words we can consider the equation (1) 
as linear transformation of the data performed by the 
projection of the observed data on the rows of the matrix 
W (basis vectors). This interpretation is suitable for 
feature extraction and pattern recognition problems. 
It is important to observe that in this projection the basis 
vectors (i.e. the rows of W) are not fixed a priori but are 
estimated starting from the data. In some way  this 
approach seems more similar to Principal Component 
Analysis than to many other linear transformations like 
Fourier, Wavelet and Gabor where the basis vectors are 
independent from the data.  The difference with PCA is 
in the way of determining the coefficients of the matrix 
W. In PCA the covariance matrix (a second order statistic) 
and the coefficients are evaluated imposing that the 
resulting is  are not-correlated. In ICA higher order 

statistics are needed and the coefficients of matrix W are 
estimated (not calculated) imposing that the is  are 

independent (that is a requirement more strong that not-
correlated).  The main problem in ICA is the estimation 
of the weights W.  The method is based on contrast (or 
objective) functions that are calculated on the basis of 
some statistic properties of the data. The minimization or 
maximization of these functions and the relative adaptive 
change of the weights allow the final estimation of W. 
Several objective functions have been proposed for the 
estimation of the projection matrix W. Basically these 
functions are based on likelihood, entropy, mutual 
information or more frequently on the approximation of 
these [1,2,3,4]. 
In this paper, a contrast function based on minimization 
of mutual information and a robust scheme to perform 
the minimization of this function through successive 
estimations of projection pursuit directions have been 
used as proposed by Hyvarinen in [5]. 
To find one component we maximize the function 

GJ  

given by: 

{ } { } 2])()([)( vGExwGEwJ T
G −=                   (2) 

where w is a weight vector which satisfy the constrain 
{ } 1)( 2 =xwE T , G is a non quadratic function and v is a 

Gaussian variable with zero mean and unit variance. 
Several independent components can be estimated one by 
one.  This fixed-point algorithm and the underlying 
contrast functions have a number of desirable properties 
when compared with the other existing methods for ICA. 
There are two main advantages: the first is that the 
convergence is cubic (or at least quadratic) and not linear 
as with gradient descent methods; the second is that, 
contrary to gradient-based algorithms, no parameters 
have to be chosen. 
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3.1.2 Wavelet Theory 
The one-dimensional Wavelet Transform operator 

)()(: 22 RLRLF →  can be defined as follows: 
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Varying s, the frequencies on which the function ψ 
operates are changed, and varying t, the function ψ is 
moved on all the support of the function f. 
In this work a Discrete Wavelet Transform has been used 
supplying a hierarchical representation of the image. The 
DWT is implemented with the iterative application of 
two filters: a low pass filter LPF (approximation) and its 
complementary in frequency HPF (detail filter). The 
mono–dimensional decomposition scheme is depicted in 
figure (1.a). The 2D-DWT is implemented applying first 
on rows and then on columns the LP HP filtering scheme, 
followed by a decimator of factor 2. In this way the 
Wavelet Transform breaks the image into four sub-
sampled images (sub-images). This procedure can be 
iterated several times, to obtain a full depth wavelet 
decompositions, reapplying the same scheme only on the 
low pass sub-image at each step. In figure 1.b the sub-
image arrangement scheme of a 3-level Wavelet 
transform is shown. 
 

LPF

HPF

2 ↓ 1

2 ↓ 1

LPF

HPF

2 ↓ 1

2 ↓ 1

LPF

HPF 2 ↓ 1

2 ↓ 1

LL level 3 LH level 3

HL level 3 HH level 3

LH level 2

HL level 2 HH level 2

LH level 1

HL level 1 HH level 1

a

b

Figure 1. The decomposition of the image with a 3-level 
Wavelet Transform: a) 1–D decomposition scheme; b) sub–
image arrangement scheme. 
 
The capital letters in each sub-image represent the kind 
of filters that have been applied on the image of the 
previous level; the first letter is the filter that has been 
applied in the horizontal direction, while the second letter 
is the filter that has been applied in the vertical direction 
(H stands for an High Pass Filter L stands for a Low Pass 
Filter). The band LL is a coarser approximation of the 
original image. The band LH and HL record the changes 
of the image along horizontal and vertical directions. The 
band HH shows the high frequency components of the 
image.  Decompositions can be iterated on the LL sub-
bands. After applying a multilevel Wavelet 

Decomposition, an image is thus decomposed into sub-
bands of different frequency components. The 
coefficients of the wavelet transform enclose information 
about the texture and the shape of the object in the image. 
In this way it is possible to distinguish an object in the 
scene from other elements that could have in common 
one of the two aspects. For example, in the soccer game, 
the head or the back of a player could have the same 
shape and size of the ball but it can be distinguished 
considering the texture information. Therefore a proper 
analysis of the texture information allows the classifier to 
distinguish them from the ball examples. As said in the 
previous session the limit of Wavelet decomposition is 
the independence between basis and data training.  
In order to apply the wavelet decomposition it is 
necessary to choose the decomposition level and the kind 
of coefficients (details and/or approximations ) that are 
more relevant for the considered problem. 
Starting from the good results obtained in our previous 
works [6,15], in this paper the wavelet decomposition is 
performed with Haar family at level 4 and all the 
coefficients are supplied as input to neural classifier. It’s 
important to observe that Haar basis are very simple and 
easy to use and that the level 4 is, according to the 
window size,  the maximum level possible (see next 
session). 
 
4. System overview 
The image sequences are acquired during a soccer match 
by using an high frame rate (262 frames/second) camera 
in order to detect all the possible critical events in the 
scene.  The ball recognition system consists of two 
sequential steps: the first step uses a modified version of 
the directional Circle Hough Transform to detect the 
region (25x25 pixels) of the image that is the best 
candidate to contain the ball. In the second step, after a 
proper pre-processing, the selected region is provided to 
a neural classifier to confirm if the ball has been correctly 
detected or a false positive has been found. Some 
expedients like background subtraction and ball tracking 
have been considered in order to maintain the search of 
the ball only in limited areas of the image. A detailed 
description of the system can be found in [6]. In this 
work the images provided to the neural classifier have 
been preprocessed by using the ICA transform and 
Wavelet Transform (WT) (see fig. 2). 
 

Circle 
detection

Neural classifier

Ball recognition system

Ball

Other

1

0

I(t)

ICA 

WT

W(x,y)

 
Figure 2. The Ball recognition system. I(t) is the frame 
acquired at the time t. W(x,y) is the widow of size 25x25 
containing the ball candidate.  
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The training set consists of 872 examples of ball and 338 
examples of non-ball. Figure 3 shows some examples of  
the training set. In the upper line three different examples 
of ball are shown; in the lower line three examples of 
non-ball (shoulder and calf of goal-keeper) are shown. 
Observing the whole training set two considerations can 
be done: due to the self shadow effect and varying light 
conditions, the positive examples of the ball can be 
greatly different (although the upper area of the ball 
maintains the same appearance); on the same time the 
negative examples can have an high similarity with the 
upper area of the ball. For these reasons the recognition 
process can be very hard unless a proper feature 
extraction is applied.  
 

   

    
Figure 3. Upper line: three positive example of ball; 
lower line: three negative examples of non-ball (shoulder 
and calf of goal keeper) 
 
The set of positive examples has been used to calculate 
the ICA basis with the FAST ICA algorithm proposed by 
Hyvarinen [5]. The algorithm generates automatically 
625 ICA basis (in order to generate a square mixing 
matrix). All the training examples are projected on these 
basis and on the Haar Wavelet basis and the resulting 
coefficients are the features used to train the Back 
Propagation Neural Network. The tests have been done 
on a complex sequence of 821 frames. The complexity of 
the sequence derives from the presence of two players 
(the goal-keeper and the forward) in an action with 
multiple shots on goal. The table 1 resumes the ball 
situations in the test sequence. 
 

Table 1. Ball presence in the test sequence 
Target Number of images 
Ball 318 

Non-Ball 364 
Ball occluded 139 

This classification has been done as follows: the ball has 
been considered completely visible even if a small 
percentage of its surface is occluded (less than the 25%); 
it has been considered occluded if a percentage of its 
surface varying between the 25 and 50% is not visible for 
the presence of shadows, players or goal-post; Non-Ball 
cases include both images where the ball is absent and 
images where the ball is occluded for more than the 50% 
of its area. In the last cases also human recognition of the 
ball can be difficult due to the lack of information.  
The test images are projected on the same basis vectors 
generated during the training phase, and the coefficients 
are provided to the neural classifier. 
The Figure 4 shows three frames of the test sequence 
with the ball completely visible, the partially occluded 
ball and completely occluded ball.  

 
(a) 

 
(b) 

 
(c) 

 
Figure 4. Three frames of the test sequence (a) Ball 
completely visible (b) Ball partially occluded (c) Ball 
completely occluded 
 
5. Experimental Results  
In this work three experiments have been carried out. The 
first experiment is performed with ICA pre-processing, 
the second one with Haar Wavelet pre-processing and the 
third one is a combination of the previous ones. The main 
aim of these experiments is to determine the best feature 
selection technique in order to optimize the performance 
of the whole system (see section 4) for ball tracking and 
critical event detection in soccer game. 
In the first experiment the candidate image ball of size 
25x25 pixels extracted from the previous detection step 
are pre-processed with the ICA transform. Each image, in 
vectorial representation, is projected on the complete set 
of 625 basis generated by the FASTICA algorithm[5]. 
The basis are generated starting from the positive 
examples included in the training set. 
The total number of generated basis is equal to the 
number of elements in each vector image (25x25=625) in 
order to generate the square weight mixing matrix W of 
equation (1). 
The table 2 shows the results of this first experiment. The 
grey cells contain the correct classification data and the 
white cells contain the complementary data of wrong 
classifications.  
It should be observed that the mean percentage of correct 
classification in each table has been evaluated as follows: 
 
Mean Percentage= (A+B+C) / (Number of test Images) 
 
where A is the number of correct classifications of ball 
images, B is the number of correct classifications of 
occluded ball images and C is the number of correct 
classifications of non-ball images. 
 

Table 2. Classification with ICA pre-processing 
 Positive response 

of NN 
Negative response of 

NN 
Ball 311/318(97,78%) 7/318(2,22%) 
Non Ball 5/364(1,65%) 359/364(98,35%) 
Ball 
Occluded 

121/139(87,06%) 18/139(12,94%) 

Mean Percentage of correct 
classification 

96,34% 

 
Since the goal of the whole system described in session 
“system overview” is to develop a ball recognition 
system for detecting critical events, to estimate the 
effectiveness of the system the most important parameter 
is the percentage of the correct classification of Non-Ball. 
During a soccer match it would be really unpleasant to 
have false alarms of goal detected whenever a pattern 
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similar to ball (such as the shoulder or the shorts of a 
player) accidentally is found behind the door-post. 
The second experiment is based on Wavelet pre-
processing. Each candidate ball image is project onto the 
Haar basis. The projection is performed with the FAST 
WAVELET ALGORITHM proposed by Mallat[24]. The 
decomposition is stopped at level 4 and all the 
coefficients are then supplied as input to the neural 
classifier. The number of wavelet coefficients is 625 that 
is 1 coefficient of approximation at level 4, 8 coefficients 
of detail at level 4, 27 (=9*3) coefficients of detail at 
level 3, 108 (=36*3) coefficients of detail at level 2 and 
481 (=156*3) coefficients of detail at level 1. Table 3 
resumes the results. 
 
Table 3. Classification with Haar Wavelet pre-processing 
 
 Positive response of 

NN 
Negative response 

of NN 
Ball 313/318(98,42%) 5/318(1,58%) 

Non Ball 3/364(0,83%) 361/364(99,17%) 
Ball 

Occluded 
128/139(92,08%) 11/139(7,92%) 

Mean Percentage of correct 
classification 

97,68% 

 
Tables 2 and 3 show that with Haar Wavelet pre-
processing the system works better than ICA pre-
processing. Wavelet pre-processing increases both the 
classification percentage of ball, non-ball and ball 
occluded with respect ICA pre-processing. The global 
classification performance increase from 96,34 to 97,68 
but the most important result is that the classification 
performance of non-ball decreases from 1,65% to 0.83 
and, as said before, this is very agreeable. It’s important 
to remember that the number of features supplied as input 
to classifier is 625, the same number of the experiment 1. 
It’s possible to conclude that the multiresolution based on 
Haar basis decomposition allows better characterizations 
of the pattern than ICA basis representation. From the 
analysis of the non correct classifications in experiments 
1 and 2, it’s possible to observe that the classifier makes 
different mistakes on different test examples. Starting 
from this consideration, the experiment 3 combines ICA 
and Wavelet representations in order to further increase  
the classification performances. The pre-processing is 
performed both with ICA and Wavelet; the features 
extracted are thus 625(ICA)+625(Wavelet) =1250 and 
are supplied all together as in input to classifier. Table 4 
shows the results of the last experiment. 

Table 4. Classification with Haar Wavelet and ICA pre-
processing 

 Positive response of 
NN 

Negative response 
of NN 

Ball 314/318(98,74%) 4/318(1,26%) 
Non Ball 5/364(1,37%) 359/364(98,63%) 

Ball Occluded 132/139(94,96%) 7/139(5,04%) 
Mean Percentage of correct 

classification 
98,05% 

 

The combination effectively  increases the performances 
of correct classifications of ball and occluded-ball but, 
unfortunately, decreases the classification performances 
of non-ball (the most important parameter). Moreover, 
since the ICA and Wavelet preprocessing  require long 
computational time and a double dimension of the input 
space to the neural network (1250), we can conclude that 
there isn't for the considered application domain  an 
effective benefit to combine them.  At this point, the 
choice between ICA and Wavelet preprocessing can be 
done considering the best trade off between two different 
factors: the performance and the real time constraint. The 
Wavelet preprocessing produces higher performance than 
the ICA, but on the other side it requires longer 
computational time since they involve many 
bidimensional convolutions. If some specialized 
hardware is available, the best choice is certainly the 
Wavelet preprocessing. 
 
6. Conclusion 
In this paper we have dealt with the problem of ball 
recognition in soccer images in order to detect critical 
events such as goal or off-side. Different pre-processing 
procedures based on ICA and Haar Wavelet have been 
used in order to compare the classification performances.  
In the pre-processing step, the test images have been 
projected on the ICA and Wavelet basis vectors in order 
to generate the coefficients provided  to the classifier. 
Different experiments have been carried out. The results 
show that the Haar Wavelet is the best way to pre-process 
the data because the classifier reveals higher 
classification performance. On the contrary, ICA reveals 
good general performance but, with respect to the Haar 
wavelet preprocessing, the classification performance 
decreases. 
Finally we have proved that the combination of ICA and 
Wavelet pre-processing even if improves the  correct 
classifications for ball and occluded ball cases, does not 
provide an effective benefit since the input space to the 
classifier becomes double, and requires longer time for 
computation. 
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