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Abstract: In this paper we are dealing with segmentation of audio data in order to analyse football audio/video sequences.
Audio data is divided into short sequences (typically with duration of one or half a second) which will be classified into
several classes (speaker, crowd and referee whistle). Every sequence can then be further analysed depending on the class
it belongs to. In order to segment audio data, several methods are presented. First simple techniques are reviewed for
segmentation in two classes. From the limitations of these approaches, a method based on cepstral analysis is detailled.
Next we present two more complex methods dealing with 3 classes segmentation. The first one is based on hidden Markov
models whereas the second one is a combination of a C-Mean classifier and multidimensional hidden Markov models.

1. INTRODUCTION

Nowadays multimedia data represents a huge quantity of
information. So manual indexing of these data is not pos-
sible anymore and systems are needed to perform auto-
matic content-based multimedia indexing [1]. Most of
the time multimedia indexing results from analysis of im-
age sequences. Several authors have proposed to take
also into account audio information [2, 3].

We are concerned with football video sequences in-
dexing. Analysis of the audio track of a video sequence
can help to detect predefined events (as the modification
of the score). In order to perform audio analysis, we
have chosen to first classify audio segments into speaker,
crowd or referee whistle. Contrary to global segmenta-
tion as in [3], the segmentation is here performed on a
local basis (sequence duration is less than one second) as
in the work from Kermit and Eide [4]. Audio segments
are then analysed depending on the class they belong to.
In this paper we focus on the problem of segmentation of
audio data into several classes.

First we will present two simple techniques used for
2 classes segmentation. These are respectively based on
analysis of the frequency and of the amplitude of the au-
dio signal. We will then show the limitations of these sim-
ple approaches and present a method based on the cep-
stral analysis. In a second part we will deal with 3 classes
segmentation which can be achieved using more complex
approaches. We will present two methods, which are re-
spectively based on classical hidden Markov models and
on a new combination of a C-Mean classifier and multi-
dimensional hidden Markov models.

2. 2 CLASSES SEGMENTATION

As far as the signal that we want to recognize is con-
cerned, frequency or amplitude of the signal are discrim-
inating elements. In this section we will see how to use

them to extract whistle sound and crowd. We will also
show the limitations of this kind of approaches. Then a
more complex but higher quality method based on a cep-
stral analysis will be detailled.

2.1. Simple approaches

Before proposing a complex method for audio segmenta-
tion, we have to check and show the limitations of simple
approaches. We present here two methods for segmen-
tation of audio data in 2 classes. These methods are re-
spectively based on analysis of frequency and amplitude
of the audio signal to segment audio sequences into whis-
tle/non whistle and speaker/crowd.

In order to detect audio segments with referee whis-
tle, we start from the assumption the sound produced by a
whistle is composed of two or three frequencies belong-
ing to interval[3700, 4300] Hz. An example of a spec-
togram representing a segment with whistle is shown in
figure 1 (a). We can clearly see the horizontal lines rep-
resenting the frequencies of the whistle sound. The seg-
mentation into whistle sound / non whistle sound is per-
formed through three successive steps. The spectrogram
can be thresholded in order to keep only most significant
values. Then for each frequency the amplitude associ-
ated with the frequency in the spectogram is computed.
Only frequencies with an amplitude higher than a prede-
fined threshold are considered. Finally the audio segment
is classified into whistle sound if the number of resulting
lines is higher or equal to two. The main limitation of this
method comes from the fact that the whistle sound fre-
quencies can be a subset of the speaker voice frequencies.
It results in the misdetection of the speaker voice as the
referee whistle. Figure 1 (b) containing the spectogram
of a speaker audio segment illustrates this problem.

Besides audio segmentation into speaker/crowd can
be based on signal amplitude analysis. Audio signal con-
taining some segments classified into speaker and some
others into crowd is presented in figure 2. We can see av-
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Fig. 1. Spectograms of audio signals corresponding to
whistle referee (a) and speaker voice (b).

erage amplitude is not equal for both classes. So in a sin-
gle way, it is possible to segment audio data into speaker
and crowd depending on the average of signal amplitude.
If the average amplitude is higher than a fixed threshold
the audio segment is classified into speaker voice. Other-
wise it is classified into crowd noise. We consider prop-
erties of audio data are almost constant all along the se-
quence. So an adaptative threshold is not necessary and
a fixed threshold is used instead. A learning strategy is
used to determine this threshold. Results are presented in
table 1 where recall and precision are defined for a given
class as the ratio of correctly classified sequences by re-
spectively the total number of sequences belonging to this
class and the total number of sequences classified in this
class. We can conclude from these results the quality of
the method is not sufficient to segment correctly our au-
dio data into speaker or crowd.

Quality rates presented in tables included in this paper
were obtained by comparing results using the described
segmentation methods and a ground truth which has been
obtained by manual scoring of audio data by several users.
Only audio segments for which a consensus between all
users has been obtained are considered. Finally, audio se-
quences were belonging to different broadcast relative to
several football games.

The two simple previous approaches presented here
do not allow to correctly segment audio data into 2 dif-
ferent classes. In order to classify sequences into speaker
or crowd, it is possible to use more complex features as
cepstral analysis. This will be decribed in next section.

signal

label

Fig. 2. Audio signal containing segments corresponding
either to speaker (grey label) either to crowd (black label).

Class Recall Precision
Crowd 77 % 50 %
Speaker 62 % 84 %

Table 1. Results of 2 classes segmentation based on anal-
ysis of the signal amplitude.

2.2. Cepstral analysis

Cepstrum is a tool widely used in speech analysis and
recognition. It is defined as a combination of three suc-
cessive steps: Fourier transform, logarithm, and inverse
Fourier transform. It allows to determine the speech fun-
damental frequency and to separate excitation signal and
pure speech signal. A cepstrogram is a 3-D graphical
representation of the audio signal based on the cepstrum
computation. Figures 3 and 4 show respectively 2-D pro-
jections from cepstrograms of audio segments produced
by crowd and speaker.

Fig. 3. 2-D projection from the cepstrogram of an audio
signal corresponding to crowd.

From these figures we can understand the crowd is
represented by a sinusoidal curve contrary to the speaker
voice. The proposed segmentation method is based on
this fact. First, curve frequency and phase are estimated.
Then we compute an euclidean distance between theori-
cal sinusoidal curve and observed signal. If the distance



Fig. 4. 2-D projection from the cepstrogram of an audio
signal corresponding to speaker voice.

obtained is below a threshold, audio segment is classified
into crowd. Otherwise it is classified into speaker voice.
As in the method based on amplitude analysis, threshold
can be given from a supervised learning procedure. Re-
sults of this method are shown in table 2.

Class Recall Precision
Crowd 72 % 96 %
Speaker 98 % 86 %

Table 2. Results of 2 classes segmentation based on cep-
stral analysis.

We can see the quality of this method is higher than
the simple approach based on amplitude analysis. How-
ever the quality rate has to be further increased, which
can be done by combining several methods. This will be
presented in the next section where we deal with 3 classes
segmentation.

3. 3 CLASSES SEGMENTATION

In the previous section several methods for segmentation
of audio data in two classes were presented. It has been
shown that quality of these methods was not good enough
to be used alone. So in this section we deal with more
complex methods dedicated to segmentation of audio se-
quences in 3 classes. The first method is based on hid-
den Markov models whereas the second one is an original
combination of a C-Mean classifier and multidimensional
hidden Markov models.

3.1. Hidden Markov models

Hidden Markov models (HMM) are one of the most used
tools in speech analysis and processing. A good introduc-
tion to these models can be found in [5]. We present here
a method based on this classical tool applied to segmen-
tation of audio data into three classes which are referee
whistle, crowd, and speaker voice.

The segmentation method proposed here is based on
ergodic HMM. Learning and recognition are respectively
performed using the well-known Baum-Welch [6] and

Forward algorithms. We define three HMM, one for each
class: referee whistle, crowd, and speaker voice. Each
segment will be classified into the class with the highest
score.

Observation data consist of a set of features success-
fully explored in [7]. For each audio segment with a du-
ration of 1 second, we compute 11 features: non-silence
ratio (NSR), volume standard deviation (VSTD), stan-
dard deviation of zero crossing rate (ZSTD), volume dy-
namic range (VDR), standard deviation of pitch period
(PSTD), smooth pitch ratio (SPR), non-pitch ratio (NPR),
frequency centroid (FC), frequency bandwidth (FB), 4 Hz
modulation energy (4ME), and energy ratio of subband
1-3 (ESRB1-3). When dealing with several features in
audio processing, it is necessary to determine which fea-
tures provide the greatest contribution to the recognition
performance and to select these features [8]. So we per-
formed a Principal Component Analysis on these 11 fea-
tures. As a result no feature was rejected because of its
lack of contribution.

In order to analyse 1 second long audio segments, we
divide them into frames containing 1024 samples. Two
successive frames will be shifted of 512 samples. Table 3
shows results of 3 classes segmentation. Quality rates are
better than with simple approaches reviewed in previous
section.

Class Recall Precision
Whistle 88 % 88 %
Crowd 61 % 87 %
Speaker 77 % 90 %

Table 3. Results of 3 classes segmentation based on hid-
den Markov models.

In order to improve the classification quality, we pro-
pose to use multidimensional hidden Markov models in-
stead of standard HMM and to combine them with a C-
Mean classifier. The method which also includes a cep-
stral analysis will be described in next section.

3.2. Combination of a C-Mean classifier with multi-
dimensional hidden Markov models

In order to solve problems where observation data is mul-
tidimensional, it is possible to use an extension of HMM
called multidimensional hidden Markov models (noted
M-HMM) [9]. This model is particularly adapted to the
segmentation of audio data using several features. The
method proposed here consists of two successive steps
based on a C-Mean classifier and on multidimensional
hidden Markov models.

The C-Mean method is used here to classify every
audio segment into several classes so that the variation
within the classes is less important. The classification is
based on 5 features (NSR, SPR, NPR, VDR, 4ME) re-
lated to an audio segment. Then within every class and
for each of the 3 possible states (whistle, crowd, speaker)
a M-HMM is built. The observation data for the M-HMM
is composed of 7 features for every frame : VSTD, ZSTD,



PSTD, FC, FB, ERSB, and a feature representing the cep-
strum. Diagram of the proposed approach is given in fig-
ure 5.

Fig. 5. Diagram of the proposed approach combining a
C-Mean classifier and multidimensional HMM.

The use of a C-Mean classifier in the M-HMM cre-
ation process allows to increase the quality of the M-
HMM built. Tests have been performed to determine the
optimal number of classes in the C-Mean classifier. Clas-
sification in 3 classes gives the best results. So here we
need3×3 = 9 M-HMM contrary to the previous method
where only 3 HMM where necessary.

Every audio segment involved in the learning process
will be classified using the C-Mean algorithm. Depend-
ing on the result of this classification and on the nature of
the audio segment (whistle, crowd or speaker), it will be
used in learning process for the appropriate M-HMM.

In order to analyse an audio segment we first classify
it using the C-Mean algorithm. Then we process the For-
ward algorithm on the 3 M-HMM corresponding to the
selected class. We finally label the audio segment into
the class whistle, crowd or speaker for which the Forward
algorithm gives the highest probability. Results given in
table 4 show the accuracy of this method.

Class Recall Precision
Whistle 95 % 86 %
Crowd 75 % 86 %
Speaker 95 % 90 %

Table 4. Results of 3 classes segmentation based on
combination of a C-Mean classifier and multidimensional
hidden Markov models.

4. CONCLUSION

In this paper we have been dealing with segmentation of
audio sequences characterized by a short duration (typi-
cally between 0.5 and 1 second). From the limitations of
several simple approaches reviewed in a first part, some
more complex methods were presented. The first one is
based on hidden Markov model whereas the second one
is a combination of a C-Mean classifier and multidimen-
sional hidden Markov models involving a feature linked
with cepstral analysis. Some tests have been performed
to show that the method based on an original combina-

tion of the C-Mean classifier and multidimensional hid-
den Markov models outperforms the other methods.

Future work includes tests on other audio features (as
those reviewed in [10]) in order to increase the recogni-
tion rates. An implementation of the last algorithm on a
multiprocessor workstation is also considered to obtain a
real time process. Finally the proposed method will be
integrated in a football event recognition system and be
used as a preprocessing step for audio data analysis.
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