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Abstract

In this paper we present a technique for detecting goals
during a football match by using images acquired by
a single camera placed externally to the field. The
method does not require the modification neither of
the ball nor of the goalmouth. Due to the attitude of
the camera with respect to football ground, the sys-
tem can be thought of as an electronic linesman which
helps the referee in establishing the occurrence of a goal
during a football match. The occurrence of the event
is established detecting the ball and comparing its po-
sition with respect to the location of the goalpost in
image. The ball detection technique relies on a super-
vised learning scheme called Support Vector Machines
for classification. The examples used for training are
appropriately filtered version of views of the object to
be detected, previously stored in form of image pat-
terns. We have extensively tested the technique on
real images in which the ball is both fully visible and
partially occluded. The performance of the proposed
detection scheme are measured in terms of detection
rate, false positive rate and precision in the ball local-
ization in image.

1 Introduction

In this paper we focus on the problem of detecting the
occurrence of a goal during a football match, by us-
ing methods and devices which does not require the
modification neither of the ball nor of the goalmouth.
Automatic goal detection in football is an open prob-
lem which is getting particular attention from referee
associations, sport press and supporters. In fact, there
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are not rare situations in which a goal occurres®, but
the referee and his collaboratores (linesmen) are not
able to detecting the goal and, more important, do not
award any point to neither teams correctly. Such sit-
uations occur for example when, after a shooting, the
ball touches the internal side of the crossbar, bounces
off the field having crossed completely the goal line and
goes back, without touching the net. One of the most
significative evidences of this event, named ghost goal,
occurred during the World Cup final match on 1966
between England and West Germany. In that case, an
english player struck a shot towards the German goal
and the ball cannoned down from the crossbar, hit the
ground and bounced back out into the play. English
players claimed a goal, that the ball had passed com-
pletely over the line, but the referee, after consultation
with his linesman, did not awarded the point to the
England.

Optical sensors, like standard TV cameras, seem to
be appropriate for approaching the problem at hand
for several reasons. First of all they satisfy the main
constraint of the problem, because their exploitation
does not require modifications of neither the ball nor
the goalmouth. They can be placed externally and
also very far from the field and, if equipped with ap-
propriate zoom lens, they provide images of the goal-
mouth area usefull for solving the goal detection prob-
lem. Moreover, they permit to have a direct evidence of
the occurrence of a goal because the perceived images
can be recorded on an analog or digital support for a
successive analysis, for example by an external referee.

Reid and Zisserman [1] proposed an uncalibrated
binocular vision system for solving the problem of goal
detection in football. Their method exploits two images
of the field acquired simultaneously from two different
viewpoints. In both images both the goal area and the

LA goal occurres in football when the ball completely crosses
the goal line.



Figure 1: View of the goalmouth perceived by our elec-
tronic linesman placed closed to the corner flag.

goalmouth are visible. The computation of the vertical
vanishing point in both images and of the homogra-
phy between the two images induced by the field are
used for measuring the projection of the ball onto the
ground plane. The distance of this point with respect
to the goal line is used for establishing if a goal occurs.
A strong limitation is that their method is not able to
compute the three-dimensional coordinates of the ball,
and so it cannot be used as an automatic goal detector.
In fact, the algorithm computes only the projection of
the ball on the ground plane, and it is not able to dis-
tinguish if the ball crosses the goal line below or above
the crossbar. Finally, an open problem in their paper is
the detection and localization of the ball in both images
for triangulating.

In this paper we describe a method that, as the one pro-
posed by Reid and Zisserman in [1], does not provide
a general and fully automatic solution to the problem
of goal detection in football. Our attempt was to de-
sign a method well suited to the detection of a particu-
lar event potentially occurring during a football match,
namely a ghost goal. A deeper analysis of the problem
at hand, and in particular of the ghost goal detection
problem, shows that the best attitude for a linesman
for detecting the complete overcoming of the ball of
the goal line during a ghost goal is close to the cor-
ner flag. In fact, for detecting the goal from this view
point, the linesman has to simply establish if the ball
is to the left (right) with respect to the goalpost (see
figure 1). Then, in general, a monocular observer hav-
ing its optical axes lying on the goalmouth plane with
a viewing direction oriented towards the goal line can
detect the occurrence of a goast goal simply evaluating
the relative position between the ball and the goalpost
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in the perceived image. So the main problem that an
electronic linesman has to solve for establishing the oc-
currence of a ghost goal is ball detection in images. The
plan of the paper is as follow. In the next section we
present a general framework for object detection in im-
ages and possible approaches for its solution. In section
3 we briefly discuss the main properties of Support Vec-
tor Machines (SVM) for classification, the supervised
learning scheme used in this paper for detecting balls
in images. In section 4 we discuss the steps performed
for training an SVM and show performances of the ball
detector applied on real images in terms of detection
rate, false positive rate and precision in the localization
of the ball in images. Conclusions follow.

2 Object detection in image

Under this perspective the problem of detecting goal
can be reduced to the problem of detecting the ball in
images of the goalmouth taken from a suitable view-
point. This is a particular instance of a more gen-
eral problem that is the one of detecting three dimen-
sional objects by using the image projected by the ob-
ject on the sensing plane of a standard camera. This
problem, widely recognized as challenging by the com-
puter vision and, more recently, by the neural network
communities, has been previously approached by using
standard vision algorithms. Region growing, edge de-
tection, snakes, texture analysis are the most common
used techniques for facing with the problem of detect-
ing the most relevant visual information from the im-
age at the aim of establishing whether a given object is
present in the perceived image. A huge amount of pos-
sible pattern variations in the image, that are difficult
to parametrize analytically, makes the problem of au-
tomatic object detection untractable if we base the de-
tection mechanism on the aforementioned techniques.
As an example, think to the problem of detecting hu-
man faces from an image [2]. The attitude of the face,
the color of the skin, the expression, the presence or ab-
sence of common structural features like moustache or
glasses, the shadows caused by particular light source
distributions are common sources of pattern variations
which make clear the difficulty of the problem at hand.

Recently, the problem of detecting objects has been ad-
dressed by a new and appealing perspective [3] in which
the criteria for establishing whether or not a given im-
age pattern is the instance of an object is based on
views of the object, previously stored in form of im-
age patterns. Under this new perspective, the problem
of object detection can be regarded as a learning from
examples problem in which the examples are particu-



lar views of the object we are interested to detect, and
then many of the supervised learning schemes can be
usefully applied for solving the problem at hand. More
specifically, object detection can be seen as a classifica-
tion problem, because our ultimate goal is to determine
a separating surface, optimal under certain conditions,
which is able to separate object views from image pat-
terns that are not instances of the object. It is well
known that the general problem of learning from ex-
amples, and in particular classification, can be inter-
preted as the problem of approximating a multivariate
function from sparse data [4], where the data are in
the form of (input, output) pairs, obtained by random
sampling the unknown function in the presence of noise.
This problem is clearly ill-posed, since it has an infinite
number of solutions and, in order to choose one partic-
ular solution, we need to have some a priori knowledge
of the function that has to be reconstructed (see [5] and
the references therein). In [4, 5] the authors approach
the problem of multivariate function approximation by
using regularization theory and the a priori knowledge
of the function takes the form of a smoothness func-
tional. More recently, Vapnik [6] has introduced a new
learning scheme, well founded in the framework of the
statistical learning theory, called Support Vector Ma-
chines (SVM) for approaching classification and regres-
sion problems. The basic idea of the Vapnik’s theory
is closely related to regularization [7]: for a finite set
of training examples, the search for the best model or
approximating function has to be constrained by an
appropriately small hypothesis space, that is the set
of functions the machine implements. If the space is
too large, functions can be found which fit exactly the
data, but they will have a poor generalization capa-
bilities on new data. Vapnik’s theory formalizes these
concepts and shows that the solution is found minimiz-
ing both the error on the training set (empirical risk)
and the complexity of the hypothesis space, expressed
in terms of VC-dimension. In this sense, as we show
in the next section, the function found by SVM is a
tradeoff between closeness to the data and complexity
of the solution.

3 Support Vector Machines for classification

In this section we review the basic concepts of SVM
for two classes classification problems [6] for the gen-
eral case of not linearly separable classes with lin-
ear and not linear surfaces. We are given a train-
ing set S = {(xi,yi)};_, of size £ where x; € R"
and y; € {-1,1}, for 1 = 1,2,...,4. In other words
we assume that the examples in S belong to either of
two classes. In the general hypothesis of not linearly
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separable classes, the optimal separating hyperplane
w* -x 4+ b* = 0 found by SVM is solution of the follow-
ing quadratic programming (QP) problem with linear
constraints:

Problem 1
min iw-w+C Zle &
w’ b’§
subject to yi(w-x;+b)+&>1 i=1,2,...,¢

£€>0

where C is a positive number and the non negative
slack variable &; (one for each point in S) measures the
amount of misclassification of the point x; with respect
to the optimal separating hyperplane. In fact £ = 0 if
the point x; is correctly classified. Some considerations
are in order. As we have shown, the slack variables
assume positive values for misclassified points, while
they vanish for correctly classified ones. So, the term
Zle &; in the objective function of the problem (1) is
a quantity proportional to the number of misclassified
points of the training set. Notice that other quantities
can be used for measuring the amount of misclassified
points, such as Zle &?. However, the optimal sepa-
rating hyperplane obtained by using Zle & as a mis-
classification measure is more robust from a statistical
point of view, because the solution is less sensitive to
the presence of outliers in the training set.

The objective function of the problem (1) expresses two
properties of the solution in the general case of linearly
non separable classes. In fact, minimizing the first term
is equivalent to maximizing the distance between the
optimal separating hyperplane and the closest points in
S. Moreover, minimizing the second term is equivalent
to minimizing the number of misclassified points. The
constant C, which can be regarded as a regularization
parameter, controls these two terms during the train-
ing process. In fact, for small values of C, the optimal
separating hyperplane tends to maximize the distance
of the closest point of S. For large values of C, the
optimal separating hyperplane tends to minimize the
non correctly points of S. For intermediate values of
C, the solution of the problem (1) is a tradeoff between
maximum margin and minimum number of misclassi-
fied points.

The QP problem with linear constraints (1) can be
solved by using the standard technique of Lagrange
multipliers. At this aim, we introduce £ non nega-
tive slack variables ); relative to the constraints y;(w -
x; +b) + & > 1, and £ non negative slack variables u;



relative to the constraints & > 0. If we denote with
A = (A1, A2, ..., A¢) and with g = (p1, 2, ..., i) the 2¢
Lagrange multipliers relative to the constraints of the
problem (1), then solving (1) is equivalent to determin-
ing the saddle point of the Lagrangian function:

1 N N N
L= Eww—l—CZ&—Z by [yi(w-xi—i—b)—l—fi—l]—z ,u,ifi
=1 =1 =1
(1)

where L = L(w, b, €, X, pt). So the optimal w* is:

£
=) Mk (2)
i=1

where the optimum \* is solution of the dual problem
of the problem (1):

Problem 2

£
m;x —IX-DA+ 3, A

subject to ZZ 1Y =0
0<N<C i=1,2..14

where D is a matrix of size £ x £, with D;; = y;y;%x; - %x;
per 4,7 = 1,2,...,£. Moreover the optimal b* can be
computed by using the Kuhn-Tucker conditions:

(C—AEr =0 i=1,2,..,¢ (3)

A [yi(w

where £ are the values of £ at the saddle point. In
fact, from the Kuhn-Tucker condition (4) we have that:

exi+ )+ E —1=0 i=1,2,...,¢4 (4)

=y —wrx; Vid'0< A< C

The points x; with A} > 0 are called support vectors.
The classification of a new data x involves the evalua-
tion of the decision function:

= sign (Z Alyi(x

where the solution is expressed evaluating the dot prod-
uct between the data and some elements (support vec-
tors) of the training set S.

) + b*) (5)

3.1 Extension to non linear separating surfaces
The extension of the theory to the general case of non
linear separating surfaces is done by mapping the input
vectors x in a higher dimensional space, called feature
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space, and looking for the optimal separating hyper-
plane in this new space. Let ¢(x) be the image of the
point x in the feature space, with:

&(x) = (a141(x), a2¢2(x), ..., andpn(x), ...)

where {a,}32, are real numbers and {¢,}52 ; are real
functions. In the feature space induced by the mapping
¢, the optimal separating hyperplane found by SVM
has the form:

£
x) = sign (Z A yid(xi) - p(x) + b*) o

where the inner product of vectors in the feature space

$(x) - d(y) = ) ardn(x)$n(y)

Let K a function of two variables x and y of the input
space which estimates the inner product of their corre-
sponding images, ¢(x) and ¢(y), in the feature space,
that 1s:
K(x,y) = ¢(x) - o(y)

Then, the optimal separating hyperplane in the feature
space (6) can be written as a non linear separating
surface in the input space:

= sign (Z Ay K(xi,x) + b*) (7

represented as a linear combination of kernel functions
centered on the support vectors only. The Mercer’s the-
orem [6] establishes general conditions for a kernel func-
tion K to estimate inner products in Hilbert spaces. In
fact, suppose K a continuos symmetric function, kernel
of the positive definite integral operator:

(T f)(x /K %, ¥)£(y)dy

Then K admits an expansion of the form:

Y) = Z >‘n¢n(x)¢n(Y)

where ¢, are the mutually orthogonal eigen-functions
and A, the corresponding eigen-values of the integral
operator Tk, that is they are solution of the following
integral equation:

/K x,y)6(y)dy = Ap(x)

It is important to point out that the mutually orthog-
onal functions ¢, (features) span a Hilbert space in
which the optimal classifiers lives. In other words, spec-
ifying the kernel function K used in SVM is equivalent
to specify the set of all possible classifier that the ma-
chine implements, or the complexity of the function
space in which the final classifier lives.
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Figure 2: Image patterns of football.

4 Experimental results

In this section we describe the steps performed for col-
lecting data, training an SVM and estimating the per-
formances of the obtained classifier. We used a stan-
dard TV camera with a zoom lens having a focal lenght
of f = 7T5mm. At the aim of reducing motion blurring
effects, a shutting time of 1/10000sec was used. The
camera was placed externally to the football ground,
the height of its optical center was 1.5m roughly and
its optical axis was manually aligned whith the goal
line. The distance of the camera with respect to the
center of the two goalposts was 48m. The figure (1)
shows a tipical image acquired by the camera in this
attitude.

One of the main advantages associated with the chosen
camera attitude is that the football size projected on
the camera plane is almost constant moving the foot-
ball inside the area being monitored for detecting goal.
In fact, for 3D points belonging to this area, the im-
age formation process can be described, from a geo-
metric point of view, by using orthographic projection,
instead of perspective projection. This in mainly due
to the distance between the camera and the goalmouth,
to the adopted camera focal lenght and to the fact that
the area we are interested to monitoring is close to the
optical axis of the camera. It is well known that, un-
der othographic projection, the size of the objects per-
ceived by a camera is invariant with respect to the dis-
tance between the sensing plane and the object. In our
context, this means that the football size projected on
the camera plane does not change moving the football
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Figure 3: ROC curves on the whole test set. The upper
curve is relative to fully visible balls. The lower
curve was computed considering also occlusion
cases.

inside the area being monitored for goal detection. In
fact, we have experimentally verified that the perceived
football size varies of 1pzl roughly moving the football
from one goalpost to the other and close to the goal
line. This implies that, due to the chosen camera at-
titude and the adopted focal lenght, any algorithm for
dectecting football in the area close to the goalmouth
does not need to manage scale variations of the object
in the image.

For collecting positive examples, we acquired 2004 im-
ages containing one textured, standard football each.
In the present context, positive examples are views of
the football, in form of images (see figure (2)). We
acquired the football in different attitudes and illumi-
nation conditions, and in different positions inside the
area being monitored, for example internally and exter-
nally to the goalmouth. Each example, with a size of
20 x 20pzl, was manually extracted. In all the positive
examples the football was totally visible. This means
that, in the current implementation, the problem of de-
tecting partially occluded footballs was not taken into
account.

The procedure adopted for collecting negative exam-
ples, i.e. image patterns which are not instances of
the exploited football, involved different steps. We
acquired many images of the stadium in which the
football was not present, framing peoples, advertising
posters and places containing potential false positive
patterns. Notice that each 20 x 20 sub-image of these
images is a negative example and, in principle, it should
be considered in the training process. Considering that
each image not containing the football produces about
100,000 negative examples, some appropriate methods



has to be used at the aim of reducing the exponential
growth of negative examples. In particular we need
to use some technique which is able not only to keep
low the number of negative examples used for training,
but also, and more important, to select image patterns
which are relevant for the problem at hand, i.e. for
detecting footballs in the present context. At this aim
(see [3, 8]), we collected 1230 negative examples, sam-
pling on a regular grid a negative examples’ image. A
training set composed of 3234 examples was used for
training an SVM for classification with a second degree
polinomial kernel K (x,y) = (1+x-y)? and a regular-
ization parameter of C = 200. We tested the obtained
classifier on a new image not containing instances of
the football and on this image, we found 3647 false
positive image patterns. The selected negative exam-
ples were added to the training set and the training
process was repated, by using a total of 6881 examples
and the same kernel function and regularization param-
eter used before. This procedure of search of negative
examples relevant for the problem at hand was iter-
ated several times, each time using different negative
example images. In particular, the 5 successive images
produced 277 negative image patterns and the last 37
images produced 2817 negative image patterns. The fi-
nal classifier was so obtained training an SVM on 9975
positive and negative examples by using the same ker-
nel function and regularization parameter. Notice that
the refinement process involved 43 false positive im-
ages for a total of over 4 millions of negative examples.
The number of required support vectors for represent-
ing the optimal classifier was 2237, including 165 and
976 positive and negative errors respectively.

All the examples were appropriately preprocessed be-
fore training. First, pixels close to the boundary of each
example window were removed in order to eliminate
parts belonging to the background. Then a histogram
equalization was applied to reduce variations in image
brightness and contrast. The resulting pixels were used
as input to the classifier.

For measuring the generalization capabilities of the
learning machine, that is the ability of the machine to
correctly classifying image patterns never seen before,
we tested the classifier on 900 images acquired under
different illumination conditions. Each test image was
exhaustively scanned and all the sub-images with size
20 x 20pzl were classified as instance of the football or
not. The figure (1) shows a tipical image used for test-
ing. For bettern understanding the performances of the
classifier, we analyzed all the test images checking for
the visibility of the football, before of the classification
process. We counted the images in which the football
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was visible, occluded and partially occluded, with oc-
clusion less than or greater than 50%. The ROC curves
in figure (3) show the performances of the classifier on
images with fully visible footballs (upper curve) and
on images with occluded footballs (lower curve). In
the first case we had a detection rate of 98.3% with a
false positive rate of 0.2%; in the second case, where
occluded footballs were considered too, we had a de-
tection rate of 76.2% with a false positive rate of 2.6%.

5 Conclusions

In this paper we focus on the problem of detecting 3D
objects by using the image they project on the sensing
plane of a camera. A particular istance of this general
problem is the detection of a ball in images at the aim
of detecting goals during a football match. The system
can be seen as an electronic linesman which helps the
referee to establish the occurrernce of a goal.
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