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Abstract—Content characterization of sport videos is a subject
of great interest to researchers working on the analysis of multi-
media documents. In this paper, we propose a semantic indexing
algorithm which uses both audio and visual information for salient
event detection in soccer. The video signal is processed first by ex-
tracting low-level visual descriptors directly from an MPEG-2 bit
stream. It is assumed that any instance of an event of interest typ-
ically affects two consecutive shots and is characterized by a dif-
ferent temporal evolution of the visual descriptors in the two shots.
This motivates the introduction of a controlled Markov chain to
describe such evolution during an event of interest, with the con-
trol input modeling the occurrence of a shot transition. After ade-
quately training different controlled Markov chain models, a list of
video segments can be extracted to represent a specific event of in-
terest using the maximum likelihood criterion. To reduce the pres-
ence of false alarms, low-level audio descriptors are processed to
order the candidate video segments in the list so that those associ-
ated to the event of interest are likely to be found in the very first
positions. We focus in particular on goal detection, which repre-
sents a key event in a soccer game, using camera motion informa-
tion as a visual cue and the “loudness” as an audio descriptor. The
experimental results show the effectiveness of the proposed multi-
modal approach.

Index Terms—Controlled Markov chains, highlights detection,
multimodal analysis, semantic indexing, sport videos.

I. INTRODUCTION

THE efficient distribution of sport videos over various net-
works should contribute to the rapid adoption and wide-

spread usage of multimedia services, because sport videos ap-
peal to large audiences. The problem of designing effective au-
tomatic techniques for the semantic characterization of sport
video documents has therefore attracted the attention of many
researchers.

To face the problem of semantic characterization of a mul-
timedia document, a human being uses his/her cognitive skills,
while an automatic system can resort to a two-step procedure
[1] where, in the first step, some low-level descriptors are ex-
tracted in order to represent low-level information in a compact
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Fig. 1. Problem of multimedia content characterization: a two-step solution to
the design of an automatic system for semantic indexing.

way, and, in the second step, a decision-making algorithm is
used to extract a semantic index from the low-level descriptors
(see Fig. 1).

The use of many different audio, visual, and textual low-level
descriptors have been proposed in the literature to characterize
multimedia documents [2]–[4].

Compared to other videos such as news and movies, sport
videos have a well-defined content structure and domain rules.
The valuable semantics in a sport video generally occupy only
a small portion of the whole content; in addition, its value drops
significantly after a relatively short period of time [5].

A game of sport is often organized so as to define well-struc-
tured temporal references identifying specific components of
the game which can form a complete hierarchy. For example, in
American football, a game contains two halves, and each half
has two quarters. Within each quarter there are many plays, and
each play starts with the formation in which players line up on
two sides of the ball. A tennis game is divided into sets, each set
into games, and each game into serves. In TV broadcasting of
sport games, commercials or other special information are in-
serted between specific game segments [6]. In addition, in sport
videos there is a fixed number of cameras in the field that can
be selected to reproduce unique scenes according to the specific
video segment it represents. In tennis, when a serve starts, the
scene is usually switched to the court view. In baseball, each
pitch usually starts with a pitching view taken by the camera
behind the pitcher. These a priori pieces of information on the
presence of canonical scenes (the pitching scene in baseball or
the serve scene in tennis) could simplify the problem of de-
signing an automatic semantic indexing system. However, this is
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not the case for soccer videos. The video sequence of each play
in a soccer game typically contains multiple shots with similar
characteristics. Thus, simple clustering of shots according to the
field of view would not reveal high-level play transition rela-
tions. Due to these considerations, specific techniques have to
be developed for the analysis of this type of sport program at
least when considering visual information. An overview of the
corresponding literature is described in Section II.

Current approaches for audio-visual data segmentation and
classification are mostly focused on visual cues. However, audio
plays an important role in content parsing for various applica-
tions. Many different low-level audio features have in fact been
proposed and discussed in the literature for video content char-
acterization [2]–[4].

In the specific case of sport programs, the focus has been
on excited/nonexcited commentary classification [7] and audio
event spotting (such as baseball hits or football touchdowns) [8],
[7]. The presence of specific characteristics of the audio corre-
sponding to hits or touchdowns can facilitate the detection of
highlights in baseball and football programs. In [7], the anal-
ysis of baseball programs was in fact carried out considering
only audio-track features. In this case, the audio track consists
of the presenter’s speech mixed with crowd noise, remote traffic
and music noises, and automatic gain control changing the audio
level. Features related to the energy and the information com-
plexity, phoneme level, and prosodic features were used to solve
different problems, such as detecting human speech endpoints
and building a temporal template for detecting baseball hits or
excited human speech. In [9], the segmentation in three classes
(speaker, crowd, and referee whistle) of the audio signal asso-
ciated to a football audio-video sequence was studied. Specif-
ically, a method using cepstral analysis and Hidden Markov
Models (HMMs) was proposed.

In [10] and [11], a multimodal approach was adopted where
audio is used jointly with video/text for content characteriza-
tion. In [10], an integrated digest system was proposed to de-
tect and classify highlights from baseball game videos in a TV
broadcast. The digest system gives complete indices of a base-
ball game which cover all status changes in a game. The result
is obtained by combining image, audio, and speech clues using
a maximum entropy method. In particular, a method for dis-
tinguishing silence, speech, music, hail, and mixture of music
and speech combining cepstral analysis and Gaussian mixture
models was proposed.

In [11], an algorithm for the extraction of highlights from TV
Formula 1 programs was presented. The extraction is carried out
considering a multimodal approach that uses audio, video, and
superimposed text annotation combined in a dynamic Bayesian
network.

In the case of soccer audio-visual sequences, the sound track
is composed mainly of foreground commentary coexisting with
background sounds. The background sounds include ambient
crowd noise, sparse happenings of excited segments of crowd
noise, and special events such as whistles or clapping. The audio
signal is therefore more complex to analyze than in other sport
programs, and this possibly justifies the fact that there are very
few significant examples where audio is used for content char-
acterization of soccer audio-visual sequences [12], [13].

In this paper, we present a semantic indexing algorithm for
soccer audio-visual sequences using jointly visual and audio in-
formation for semantic event detection. For this program cate-
gory, the semantic content can in fact be related to the occur-
rence of interesting events such as, for example, goals, shots to
goal, and free kicks. These events occur at the beginning or at
the end of the game actions. Therefore, a good semantic index
of a soccer video sequence could be the list of all game actions,
each one characterized by its beginning and ending event. Such
a summary could be very useful to satisfy various types of se-
mantic queries.

We shall report simulation experiments for the detection of
goals, which represent the key event in a soccer game. The as-
sociated algorithm which can be used to describe other salient
events in soccer consists of a two-step procedure, where the
video signal is processed first so as to produce a list of candidate
video segments, and the candidate segments are then ranked
based on the audio information. The algorithm could be ex-
tended, as well, to address the problem of detecting semantic
events in other sport programs, for which a two-stage transition
model of the visual cues is adequate.

The video processing step proposed here is inspired by [14]
and [15]. In these papers, the temporal evolution of low-level
motion descriptors is used to detect goals in a soccer program.
A deterministic automaton is introduced, whose transitions be-
tween nodes are determined by the evolution in time of the mo-
tion descriptors. The automaton may reach a goal node when-
ever an appropriate timed sequence of motion-based events oc-
curs.

The advantage of using only simple motion descriptors is that
the motion vector field is directly available in the MPEG com-
pressed bit stream, hence the algorithm is easy to implement.
However, the algorithm in [14] and [15] is accurate in terms of
the number of detected events, but presents a high number of
false positives. Roughly speaking, in order to capture all goal
events, the automaton timing requirements have to be chosen so
as to cover all goal instances, according to a “worst-case” ap-
proach, with the undesired side effect of capturing also other
no-goal situations. In addition, this is difficult to be robustly
transferred on a variety of test material.

In order to reduce the number of false positives, the tem-
poral evolution of the low-level visual descriptors was mod-
eled by a controlled Markov chain in [16], on which this work
is partly based. Controlled Markov chain models include stan-
dard Markov chains as a subclass, the added feature being the
presence of a control input affecting the transition probabilities
of the Markov chain. In our specific context, the use of con-
trolled Markov chains allows to describe the temporal evolution
of the motion descriptors through transition probabilities with
different characteristics in different shots, with the control input
modeling the occurrence of a shot-cut.

The key idea when adopting a controlled Markov chain model
for goal detection is that a goal event typically affects a pair
of shots (the shot where the goal actually takes place, and the
subsequent one with peculiar crowd and players reaction), and
these two shots have different characteristics.

Differently from [16], we suggest to add information con-
tained in the audio signal to complement the information con-
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tained in the video signal. In particular, we adopt as an audio
descriptor the increase of the audio signal loudness between two
shots: the higher the increase, the more likely is the occurrence
of a goal in the associated shot pair.

The reason for choosing such a simple audio descriptor is
twofold: simplicity of implementation of the resulting goal de-
tection algorithm and intrinsic difficulty in analyzing the sound
track of a soccer program.

The rest of the paper is organized as follows. An overview
of the contributions on semantic indexing of soccer programs
in the literature is given in Section II. The goal detection algo-
rithm is presented in Section III, by describing first the adopted
low-level descriptors (Section III-A) and then the video pro-
cessing and audio processing stages (Sections III-B and III-C).
Experimental results showing the effectiveness of the proposed
approach are reported in Section IV. Finally, concluding remarks
are drawn in Section V.

II. OVERVIEW OF THE CONTRIBUTIONS ON THE ANALYSIS OF

SOCCER PROGRAMS

Specific techniques have been developed in the literature for
the analysis of soccer programs based on visual features, starting
from shot classification [17] and scene reconstruction [18], to
address—though only more recently—the problems of segmen-
tation and structure analysis [19], [20] and of extraction of high-
lights and summaries [21], [14], [16], [15], [12], [22], [23].

In [19], the authors proposed an algorithm for structure anal-
ysis and play-break segmentation of sport videos, which, differ-
ently from the shot-based analysis methods proposed in other
papers, relies on the domain-specific temporal structure of the
frame sequence for high-level content characterization. Frame-
based domain-specific features are classified through unsuper-
vised learning into different categories, each one identified by a
label. The resulting temporal segmentation of the so-obtained
mid-level label sequence is used to determine the high-level
structure of the video. Fusion among multiple label sequences
based on different features can be used to achieve higher perfor-
mance. In the case of soccer game videos, each sample frame
is classified into three categories of views labeled as “global,”
“zoom-in,” and “close-up,” by using the “dominant color ratio”
feature representing the grass area fraction. Heuristic rules are
then used to process the obtained mid-level labels sequence so
as to identify the play or break status of the game. The temporal
segmentation of the video sequence in play/break segments can
then be used to detect high-level structures.

The work in [19] was further refined in [20], where the au-
thors proposed a probabilistic algorithm for determining the
play/break segmentation of a soccer video based on the do-
main-specific frame features “dominant color ratio” and “mo-
tion intensity.” The play and break conditions are modeled by
a set of HMMs with observations given by the “dominant color
ratio” and “motion intensity” features. At each time , a sliding
sequence of observations is considered, and its maximum like-
lihood over each of the HMMs is evaluated. Dynamic program-
ming is used to decide if the game is in a break or a play con-
dition at any time during the whole duration of the program,

based on the two sequences of maximum-likelihood values and
the correlation in time of the break and play conditions.

The automatic extraction of highlights and summaries of
soccer videos have been analyzed in a few contributions [21],
[14], [16], [15], [12], [22], [23].

In [22], a method that tries to detect a large set of semantic
events which may happen in a soccer game is presented. This
method uses the information of the position of the players and
the ball during the game as input and therefore needs a quite
complex and accurate tracking system.

In [23], the authors proposed a framework for the analysis
and summarization of soccer videos using kinematic and object-
based features. The proposed framework includes some novel
low-level soccer video processing algorithms, such as dominant
color region detection, shot boundary detection, and shot clas-
sification, as well as some higher level algorithms for goal de-
tection, referee detection, and penalty-box detection. In partic-
ular, the authors introduced new dominant color region and shot
boundary detection algorithms that are robust to variations in
the dominant color, to take into account the fact that the grass
color may vary from stadium to stadium, and depends on the
time of the day within any given stadium. The algorithm pro-
posed for goal detection is based solely on kinematic features
resulting from common rules adopted after goal events by the
producers to provide a better visual experience for TV audi-
ences. Distinguishing jersey color of the referee is used for ref-
eree detection. Penalty-box detection is based on the three-par-
allel-line rule that uniquely specifies penalty box area in a soccer
field. Accordingly, three types of summaries can be produced,
where a list of the slow-motion segments in a game, the goals in
a game, and the slow-motion segments classified according to
object features. The first two types of summaries are based on
kinematic features only for computational efficiency, while the
summaries of the last type require higher level semantic charac-
terization.

The problem of highlights extraction in soccer video was
considered also in [21], [14], [16], and [15]. In these papers,
the correlation between low-level visual descriptors and the se-
mantic events in a soccer game was studied. In particular, in
[21], it was shown that individual low-level descriptors are not
sufficient to obtain satisfactory results if they are used indi-
vidually. In [14] and [15], the authors proposed an algorithm
based on a finite-state machine, where the sequencing in time of
the low-level visual descriptors is exploited to detect semantic
events. This algorithm gives good results in terms of accuracy
in the detection of the relevant events, but the number of false
detections remains still quite large.

III. PROPOSED MULTIMODAL ANALYSIS METHOD FOR GOAL

DETECTION

In the proposed algorithm for goal detection, audio and visual
information are processed according to the following two steps:

Step 1) Low-level visual descriptors associated with motion
information and camera panoramic/zoom views are
directly extracted from the MPEG bit stream. The
goal event is supposed to take place over a shot
pair, i.e., two consecutive sets of P-frames separated
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Fig. 2. Evolution of the visual descriptors in a shot pair where no interesting event occurs (above) and a goal event occurs (below). LM: “Lack of motion”; FP:
“Fast pan”; and FZ: “zoom”; OTHER: types of motion.

by a shot-cut. During the two shots when a goal
takes place, the temporal evolution of the extracted
low-level visual descriptors is modeled by a con-
trolled Markov chain (CMC) with the shot-cut rep-
resenting the control input affecting the CMC transi-
tion probabilities. If no goal occurs in a shot pair, the
temporal evolution of the descriptors is governed by
various CMCs that can model either relevant events
(e.g., corner kicks or free kicks) or situations where
no particular event takes place. The shot pairs of
the soccer sequence where a goal is likely to take
place can thus be identified on a maximum-likeli-
hood (ML) criterion;

Step 2) The low-level audio descriptor “loudness” of the
audio signal associated with shot pairs extracted in
step 1) is evaluated. The candidate shot pairs are or-
dered in a list based on the difference between the
intensity of the loudness signal in the second shot
and that in the first shot: the larger the difference,
the higher the position of the shot pair in the list. In
this way, the segments associated with a goal should
appear in the first positions of the ordered list.

Note that the proposed algorithm is shot-pair-based. In our
implementation, we use a method for shot-cut detection that re-
lies on the low-level visual descriptor mentioned at step 1) and
was introduced in [14].

We next describe the adopted low-level descriptors and then
detail steps 1) and 2) briefly outlined above.

A. Low-Level Descriptors

In this section, we describe the low-level descriptors used
in the proposed automatic semantic indexing system and the
method adopted for their evaluation.

1) Visual Descriptors: We consider the visual descriptors
“Lack of motion,” “Fast pan,” and “Fast zoom,” which were
originally proposed in [14]. These descriptors summarize the
information on: 1) lack of motion and 2) camera operations
(panoramic and zoom views) contained in the video sequence,
which are actually relevant to semantic indexing of soccer
videos. Lack of motion usually occurs at the beginning or at
the end of game actions, when no interesting action is taking
place. Fast panoramic views occur instead in the case of shots
toward the goal-keeper or fast ball exchanges between distant
players. Finally, fast zoom views are used when interesting
situations are likely to occur according to the perception of the
camera operator.

Each descriptor represents a binary variable taking values in
the set and is evaluated on each P-frame, based on the
motion vector field which is directly available from the MPEG
bit stream.

In Fig. 2, we report an example of the evolution of the visual
descriptors associated with two shots when no interesting event
occurs (top of Fig. 2) and when a goal occurs (bottom of Fig. 2).
We shall see in the sequel how the evolution in time of the visual
descriptors is easily captured through a different probabilistic
model in both situations.
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The descriptor “Lack of motion” is evaluated by thresholding
the mean value of the motion vectors module as follows:

(1)

where and are the horizontal and vertical dimensions (in
macro-blocks) of the P-frame, is the number of intra-coded
macro-blocks, and and are the horizontal and
vertical components of the motion vector at position . The
“Lack of motion” descriptor is set to 0 when exceeds a given
threshold. The selected threshold value is 4.

Camera motion parameters, represented by horizontal “pan”
and “zoom” factors, are evaluated using a least-mean squares
method applied to the P-frame motion field [24]. The value
of the descriptor “Fast pan” (“Fast zoom”) is then obtained
by thresholding the pan factor (zoom factor). In this case, the
descriptors are set to 1 when the threshold is exceeded. The
threshold value is set equal to 20 for the “Fast pan” descriptor
and to 0.002 for the “Fast zoom” descriptor.

2) Shot-Cut: The problem of shot-cut detection for video
segmentation has been given a lot of attention in literature. The
reader is referred to [25] for an overview. In our implementation,
shot-cuts are detected using the low-level visual descriptors ex-
tracted from the MPEG bit stream [14].

Specifically, to detect if there is a shot-cut between two con-
secutive P-frames, say P-frame and P-frame , we use the
difference between the mean value of the motion vectors mod-
ules associated with the two P-frames [26] as follows:

where and are computed according to (1) in ref-
erence to P-frames and , respectively. This parameter is
likely to exhibit a high value in the presence of a shot-cut, which
leads to an abrupt change in the motion field between the two
considered P-frames.

The information provided by is suitably combined
with the number of intra-coded macro-blocks of the P-frame

, as follows:

where is a weighting factor. When the parameter is
greater than a predefined threshold, we assume that a shot-cut
has occurred [14]. The parameter is set to 20 and the threshold
to 700.

3) Audio Descriptor: We refer to the “clip” as elementary
unit for the audio signal processing. A “clip” is a set of consecu-
tive audio samples corresponding to a 1.5-s time interval, during
which the audio signal can be considered quasi-stationary [3].
Each clip is composed of a certain number of partially overlap-
ping “audio-frames,” the exact number depending on the sam-
pling frequency. In our experiments where the sampling fre-
quency is 44.1 kHz, a clip is composed of 128 audio-frames,
each frame containing 1024 consecutive audio samples with 512
samples in common with the previous frame [3].

The “loudness” of frame is given by

where is the set of audio
samples of frame . By estimating the mean value of the frame
loudness over each clip, we obtain a low-level descriptor of the
audio signal which we call “clip loudness.”

The evolution of the clip loudness follows the evolution in
time of the amplitude of the audio signal. Therefore, it consti-
tutes a fundamental parameter for audio signal characterization.
This is especially true in our context where the final objective of
audio analysis is goal detection, since the occurrence of a goal
causes the commentator to increase the loudness of his/her voice
and the roar in the crowd.

Fig. 3 represents a typical plot of the clip loudness behavior
in a shot pair associated respectively to a goal and to a generic
no-goal situation. Note that the clip loudness exhibits a peculiar
behavior corresponding to two consecutive shots containing a
goal event. It takes significantly higher values in the second of
the two shots, whereas this is generally not the case for no-goal
shot pairs.

B. Video Processing Step

As mentioned earlier, it is assumed that a goal event takes
place over two shots. The evolution of the low-level visual de-
scriptors during these two shots is governed by a discrete time
CMC, with the shot-cut playing the role of control input, and the
discrete time reference given by the sequence of P-frames com-
posing the shot pair. In those shot pairs when no goal occurs, the
visual descriptors evolve according to a different discrete time
CMC.

We next describe a general discrete time CMC model [27],
and then apply it to our context.

The components of a CMC model are the state and input vari-
ables, the initial state probability distribution, and the controlled
transition probability function. Here, we consider homogeneous
models with state and input variables taking values in finite sets.

Denote by the random variable representing the state of
the CMC at time . At each , the
state takes its value in a discrete state set . At time ,
the initial state is described in terms of its probability dis-
tribution, say , over the space set . The evolution of
from time to time is governed by a transition proba-
bility. This probability is affected by an input signal, denoted by

, taking value in a discrete input set , which in general is
a random variable. The probability of transition is only a func-
tion of the input applied at time . By this and given the
Markovianity of the model, we mean that is a random
variable conditionally independent of all other random variables
at times smaller or equal to , given and . Here we as-
sume a stationary transition probability, i.e.,

, where is the
controlled transition probability function.



IE
EE

Pr
oo

f

6 IEEE TRANSACTIONS ON CIRCUITS AND SYSTEMS FOR VIDEO TECHNOLOGY, VOL. 14, NO. 5, MAY 2004

Fig. 3. Typical plots of the clip loudness in a shot pair associated (a) with a goal and (b) a generic no-goal situation. The dashed lines correspond to the second
shot.

If the input space has cardinality one, say , then
the CMC reduces to a standard homogeneous Markov chain
with transition probabilities .

In our context, represents the P-frame number in the or-
dered P-frames sequence of a shot pair, and the input is intro-
duced to model the occurrence of a shot-cut event. The control

set is then defined as with the understanding that if
a shot-cut event happens at P-frame , then , otherwise

.
We suppose that the occurrence of a shot-cut event causes

the system to change dynamics. In order to model this fact, we
describe the state of the system as a two-component state, i.e.,
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Fig. 4. Schematic representation of the adopted CMC model.

, where
is the operative mode of the system and is the state of the
P-frame observed at time . In particular, can take values
in the set , whose elements
‘LM’, ‘FP’, ‘FZ’, ‘FPZ’, and ‘Other’ are defined through the
following procedure, based on the visual descriptors introduced
in Section III-A1.

Fix a time instant and consider the corresponding
P-frame. The state variable is said to take the value ‘LM’
if the descriptor “Lack of motion” is equal to 1. If that is not the
case, then, can take one of the other four values. Specifi-
cally, is equal to ‘FP’ if the value of the descriptor “Fast
pan” is 1 and that of the descriptor “Fast zoom” is 0. In the op-
posite case, i.e., when “Fast pan” is equal to 0 and “Fast zoom”
is equal to 1, then, takes the value ‘FZ’. In the case when
both the “Fast pan” and “Fast zoom” descriptors are equal to 1,

assumes the value “FPZ.” In all the other cases, is said
to take the value “Other.”

Also, we impose a certain structure on the controlled transi-
tion probability function. Specifically, the controlled transition
probability function is supposed to satisfy the following condi-
tion:

(2)

which says that a shot-cut event forces the CMC to change oper-
ating mode, whereas if no shot-cut event occurs, then the CMC
remains in the same mode.

The evolution within a single mode, say , is character-
ized by the set of probabilities

(3)

We can then associate with each mode a fictitious
Markov chain with state space governed by the tran-
sition probability function , where

. Here, we suppose
that each Markov chain admits a stationary probability distri-
bution and denote by the one associated with mode .

When a shot-cut event occurs, then the operating mode of
the system changes. As for the state component , we suppose
that it is reinitialized as a random variable with a certain fixed
distribution. Specifically, we assume that

(4)

As a consequence of (2) and (4), the transition probability func-
tion is completely characterized by the sets of transition proba-
bilities , defined in (3).

As for the initial state probability distribution, we assume that
at time , when we start observing the system evolution, the
system is in mode and in stationary conditions, i.e.,
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Fig. 5. Block diagram of the video processing step.

. In this case, the initial state probability distri-
bution is completely characterized by the set of transition prob-
abilities defined in (3) with .

A schematic representation of the introduced model is given
in Fig. 4. In this figure, the symbol “ ” is used for “distributed
according to.”

As a consequence of the discussion above, the goal event is
associated with a CMC model characterized by the two sets of
probability distributions and over the state space , gov-
erning the evolution of the component of the state within
mode and , respectively.

The no-goal event is associated with further CMC models,
each one characterized by the sets and , trying to capture
different no-goal situations where either relevant events such as
corner kicks or free kicks occur or no relevant event takes place.
\medskip On the basis of these set of CMC models, one can
analyze all pairs of shots in a soccer game video sequence and
generate a list of shot-pair candidates for goal detection.

The procedure consists of a few steps. First, the sequence of
low-level visual descriptors is extracted from the video signal
and the shot-cuts are evaluated. Then, each shot pair is analyzed
by determining: 1) the sequence of values assumed by the state
variable (based on the visual descriptors); 2) the sequence of
values assumed by the state variable and the input (based
on the detected shot-cut in the shot pair under consideration);
and 3) the likelihood of the extracted sequences according to
the goal and the no-goal models. If the goal model maximizes
the likelihood function, then a goal is likely to be found in the
examined shot pair, which is then added to the list of candidate
shot pairs for goal detection.

A block diagram of the video processing step is represented
in Fig. 5.

We now make precise how the likelihood function is com-
puted for a CMC model.

Consider a shot pair and suppose that it is composed of
P-frames. Let and be the sequences
of values taken by the state variable and the input, respectively.
Then, it is easily seen that the value of the likelihood function
can be expressed as follows:

where is the controlled transition probability function and
is the initial state probability distribution. As for the terms

, they
depend on the “control policy,” which is the (possibly prob-
abilistic) rule adopted to decide which control input to apply
based on the information on the past values of the state and con-
trol variables. Here we suppose that the adopted control policy
is the same for all the CMC models. Under this assumption, the
model corresponding to the maximum of the likelihood function
is not affected by the specific form taken by the control policy.

C. Audio Processing Step

The audio processing step takes as input the candidate shot
pairs for goal detection identified by the video processing algo-
rithm and, based on the audio descriptor, produces an ordered
list of the shot pairs so that a goal will appear in the first po-
sitions. As discussed in the introduction, the audio track of a
soccer program is difficult to analyze because of the complex set
of audio sources which are combined. For this reason, a simple
criterion is used for ranking the candidate shot pairs, which re-
lies on the observation that, typically, the occurrence of a goal
causes the audio signal to increase its loudness. Specifically, for
any candidate shot pair, the average value of the low-level audio
descriptor “clip loudness” (cf. Section III-A3) on each shot is
computed. The larger is the increase of such average clip loud-
ness between the two shots forming a candidate pair, the higher
is the position of that shot pair in the list.

A block diagram of the overall goal detection algorithm is
represented in Fig. 6. The block named “video processing step”
is detailed in Fig. 5.

IV. EXPERIMENTAL RESULTS

Experiments were run to test the algorithm for goal detection
described in Section III. We considered a few MPEG2 soccer
audio-visual sequences and divided them into two sets of se-
quences: one of about 10 h for estimating the CMC models
adopted in the video processing step of the algorithm (training
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Fig. 6. Block diagram of the goal detection algorithm.

TABLE I
PERFORMANCE OF THE PROPOSED MULTIMODAL ANALYSIS METHOD (LIV-LIP: LIVERPOOL-LIPSIA; SPA-SLO: SPAIN-SLOVENIA; SPA-PAR: SPAIN-PARAGUAY)

set), and the other of 4.5 h for evaluating the performance of the
algorithm (test set).

More specifically, all the shot pairs of the training sequences
were manually classified as goal and no-goal pairs, with the
no-goal pairs distinguished in different categories (e.g., corner
kick, free kick, or plain action). Then, the transition probability
sets and characterizing the different goal and no-goal
CMC models were estimated based on the sequence of values
taken by the state variable in the first shot and in the
second shot of the corresponding set of shot pairs.

The goal detection algorithm was then used on the test set
composed of the audio-visual sequences of the two plays of
three soccer games. The sequences contain 13 goals and more
than 2000 shot-cuts. The obtained results are summarized in
Table I.

Note that all of the shot pairs where a goal actually occurs
are within the first 23 positions in the ordered list, irrespective
of the considered sequence. This means that, if we take the first
23 shot pairs of the ordered lists, we are able to detect all of the
goals with a reduced number of false detections.

The use of the video information only would have lead to a
significantly higher number of false detections, as it can be seen
in Column 4 of Table I.

In Table II, we report the results obtained by ranking all shot
pairs on the sole basis of the audio clip loudness without first
using the video-based candidate selection procedure. Note that
the shot pairs where a goal occurs drops down significantly in
the ordered list, thus confirming the importance of modeling
with a CMC the information contained in the video signal and
using it jointly with the audio information.

TABLE II
PERFORMANCE OF THE ALGORITHM WHERE ALL SHOT PAIRS ARE ORDERED

BASED ON THE AUDIO SIGNAL (LIV-LIP: LIVERPOOL-LIPSIA; SPA-SLO:
SPAIN-SLOVENIA; SPA-PAR: SPAIN-PARAGUAY)

V. CONCLUSION

In this paper, we have presented a semantic indexing algo-
rithm which uses both audio and visual information for event
detection in soccer programs. We focused in particular on the
detection of goals, which represents the key event in a soccer
game. The proposed algorithm consists of a two-step procedure.
The video signal is processed first by extracting low-level vi-
sual descriptors from the MPEG compressed bit stream. The
temporal evolution of these descriptors during both a goal and
a no-goal event is supposed to be governed by a controlled
Markov chain. This allows to determine a list of those video
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segments where a goal is likely to be found, based on the ML
criterion. The audio information is then analyzed to rank the
video segments in the list. Specifically, we evaluate the “loud-
ness” associated with each video segment identified by the anal-
ysis carried out on the video signal. The intensity of the “loud-
ness” is then used to order the video segments. Consequently,
the segments associated to goals appear in the first positions of
the ordered list. Experiments show that the number of false de-
tections obtained by using the proposed multimodal approach
is significantly smaller than that obtained by using either the
audio or the visual information only. This confirms the intuition
that in soccer programs each signal (audio and video) carries
its peculiar information, which can be effectively exploited for
semantic indexing by adopting an appropriate multimodal ap-
proach. Current research focuses the attention on more sophis-
ticated properties of the audio signal, in order to further reduce
the number of false detections. Moreover, we are considering
the possibility to extend the proposed approach to other types
of sport video programs.
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