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Abstract
Speaker tracking is the process of following who says

something in an audio stream. In the case the audio
stream is a recording of broadcast news, speaker iden-
tity can be an important meta-data for building digital li-
braries. Moreover, the segmentation and classification of
the audio stream in terms of acoustic contents, bandwidth
and speaker gender allow to filter out portions of the sig-
nal which do not contain speech and to improve transcrip-
tion accuracy through the use of condition-dependent
acoustic models and adaptation techniques.

In this paper, the problem of automatic speaker track-
ing in a corpus of Italian broadcast news is investigated.
A 81.9% frame classification accuracy is achieved on a
1h:15m test set, in terms of 37 named speakers and one
label for the world model.

1. Introduction

Speaker tracking is the process of following who says
something in an audio stream. It has many applications
ranging from identifying speakers specifically, to pooling
data from the same speaker to increase the performance
of speaker-adaptive recognition systems. Tracking can
broadly be divided into two problems: (i) locating the
points of speaker change (segmentation); (ii) identifying
the speaker in each segment (labelling/classification).

In the case the audio stream is a broadcast news,
speaker identity can be an important meta-data for build-
ing digital libraries. Moreover, the segmentation and
classification of the audio stream in terms of acous-
tic contents, bandwidth and speaker gender allow to
isolate and filter out portions of the signal which do
not contain speech, e.g. jingles and signature tunes,
and to improve transcription accuracy through the use
of condition-dependent acoustic models and adaptation
techniques. Such a preprocessing stage is employed in a
lot of recently presented systems for broadcast news tran-
scription [1, 2, 3, 4].

Speaker tracking in broadcast news is a difficult task
due to the following reasons: (i) the number of differ-
ent speakers can be large; (ii) the chance of encounter-
ing a new speaker with respect to previous recordings is
very high; (iii) most of speech data comes from speak-

ers whose identity is not much interesting for the digital
archive, such as anchor men, interviewers and reporters,
while important speakers to be identified, such as politi-
cians, typically speak for short time intervals.

In this paper, the problem of automatically identi-
fying speakers in the Italian Broadcast News Corpus
(IBNC) is investigated. First, the IBNC database is pre-
sented and statistics of interest for the speaker tracking
problem are reported. Then, widespread techniques for
segmenting and classifying the audio stream are briefly
introduced and experimentally evaluated on the specific
data. The work is to be considered as a preliminary study
to assess the complexity of the speaker tracking problem
in broadcast news recordings.

2. The IBNC Corpus

ITC-irst has recently collected, under a contract with
ELRA/ELDA, a speech corpus of radio broadcast news in
the Italian language [5]. The corpus, called IBNC (Ital-
ian Broadcast News Corpus), consists of 150 recordings,
for a total of about 30 hours, covering radio news of sev-
eral years. Data were provided by RAI, the major na-
tional broadcaster. The corpus presents variations of top-
ics, speakers, channel band (i.e. studio versus telephone),
speaking mode (i.e. spontaneous versus planned), etc. It
has been manually transcribed, segmented and labelled.
Speaker gender and, when possible, identity are also an-
notated.

By naming speakers with labels that also take into ac-
count the acoustic conditions, the total number of speaker
labels is 1072, which cover 94% of the audio data avail-
able. The average number of named speakers in each pro-
gram is 13.5, with a maximum of 50: this shows that the
number of different speakers occurring in a recording can
be high.

The chance of encountering a new speaker with re-
spect to previous recordings can be inferred from Fig-
ure 1, where it is shown that the number of new speakers
occurring in a program remains constant even after tens
of hours of recordings.

However, most of speech data is uttered by few speak-
ers. Figure 2 shows that less than 9% of speakers (all of
them are reporters) uttered half of the speech data in the
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Figure 1: Number of named speakers as a function of the
number of news programs.
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Figure 2: Coverage (%) of speech data from named
speakers as a function of the number of speakers, ordered
in terms of the quantity of speech material available for
each of them.

corpus.
For speaker tracking evaluation, six radio news pro-

grams (about 75 minutes of audio signal) were selected
as a representative sample of the whole corpus. The rest
of the IBNC was used for training purposes.

The test set contains speech of 72 speakers; 63 of
them have known identity. Among the 63 named speak-
ers, only 37 utter more than 20 seconds of speech in the
training material: these are the speakers who we aim at
automatically tracking. For speakers who spoke in var-
ious acoustic conditions, e.g. with and without back-
ground music, a specific model for each condition has
been trained. In Table 1, some statistics regarding these
speakers in the training and test sets are reported.

The rest of the test data (about 33 minutes) is either
speech uttered by speakers not modelled or non-speech.
In order to cover it, a set of generic audio classes are
needed; they have been modelled by using data selected
from the training material not used for speaker modelling,

Table 1: Available data for the 37 test speakers.

seconds available for each speaker training test

minimum 21.7 <1
average 400.4 68.0
maximum 2700.1 339.7

total 14815.6 2517.2

for a total of 545 minutes. Table 2 contains details on data
of the main of these classes. (The narrow-band classes in-
clude both telephone and noisy speech.)

The generic classes, considered as a whole, represent
the model of the world outside the known speakers.

Table 2: Training/test sets statistics on generic classes.

class training test
(seconds)

wideband female 3682.2 78.0
wideband male 11298.9 598.9
narrow-band female 1571.0 199.4
narrow-band male 11801.1 910.9
music + female speech 702.3 64.7
music + male speech 1158.6 100.7
music 1426.9 27.1
other (silence, noise...) 1076.1 27.6

total 32717.0 2007.4

3. Speaker Tracking Methods

3.1. Acoustic Parameters

Multivariate observations derive from a short time spec-
tral analysis, performed over 20 ms Hamming windows
at a rate of 10 ms. For every window, 12 Mel scaled Cep-
stral coefficients, the log-energy and their first and second
order time derivatives are evaluated.

3.2. Acoustic Modelling

Gaussians mixture models [6] are employed to model
each test speaker and each generic audio class referred in
Section 2. Emission probability densities consist of mix-
tures of multi-variate Gaussian components having diag-
onal covariance matrices. Different numbers of compo-
nents were considered, i.e. 16, 32, 64 and 128, in order
to evaluate the impact of more refined modelling on clas-
sification performance.

3.3. Acoustic Segmentation

Segmenting an audio stream means to detect the time in-
dexes corresponding to changes in the nature of audio, in



order to isolate segments that are homogeneous in terms
of bandwidth and speaker.

Our technique bases segmentation on a statistical
model selection criterion, by applying the Bayesian In-
formation Criterion (BIC) [7, 8, 9, 10]. According to the
BIC, the decision of hypothesizing or not a change in a
particular time index can be based on a threshold �, that
determines the sensitivity of the method, i.e. the lower
� is, the higher the number of hypothesized changes will
be.

3.4. Acoustic Classification

Once the acoustic segmentation stage outputs a sequence
of acoustically homogeneous segments, each of them has
to be assigned to one of the known speakers or to one
generic class.

Three different classification techniques have been
tested; they are briefly introduced in the following.

3.4.1. The ML technique

If the automatic segmentation is assumed to be reliable,
each segment can be classified with the class giving the
maximum likelihood. From here on, we refer to this tech-
nique with ML. The use of priors on classes, that would
make the classification Bayesian, did not favorably im-
pact on performance. Hence, equally distributed priors
were assumed.

3.4.2. The loop technique

If we consider that the automatic segmentation can fail,
as in fact it happens, we can classify not the whole seg-
ments, but single observations, in order to introduce seg-
ment boundaries not detected by BIC. Possibly, BIC can
also insert spurious changes, but since we can tune the
segmentation algorithm in such a way that deletions re-
sult more frequent than insertions, in this work we fo-
cused on the problem of boundary deletions.
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Figure 3: Network for the Viterbi-based classification al-
gorithm.

In order to classify each observation, a Viterbi decod-
ing can be performed on a search space defined by the
simple loop-based network of Figure 3. Once the clas-
sifier has labelled the current observation with a certain
class, it will remain in that class or instantiate another
class with probabilities defined by the factor�. The lower
the � is, the more penalized the instantiation of a new

class will result, i.e. the lower the number of new changes
introduced by this stage will be. From here on, we refer
to this technique with the term loop.

3.4.3. The hierarchy technique

A hierarchical combination of the two above techniques
has also been tested. Since, on the average, there is much
more training data for generic audio classes than for spe-
cific speakers, it appears convenient to split the classifi-
cation into two stages. In the first stage, each segment
is classified into one of the generic audio classes through
the loop technique, that also allows recovering bound-
aries not detected by the BIC. The second stage is then
performed only on segments assumed to contain speech
data; the ML classifier is employed to identify the speaker
on a search space restricted to speakers that belong to the
class hypothesized during the first stage. The rejection is
allowed, since the generic model of that class is added to
the restricted search space, too. From here on, this tech-
nique will be referred to as hierarchy.

4. Experiments

4.1. Evaluation Metrics

According to [1, 2], the classification performance is
evaluated by computing the frame classification accuracy
(FCA), that is the percentage of frames classified in the
correct class out of the total number of frames.

Since this work focuses on the speaker tracking prob-
lem, the classes taken into account for evaluation are the
37 named speakers plus one class representing the rest
of the world. This means that misclassifications inter-
generic classes are not considered.

For the best result obtained, details are given in terms
of miss and false alarm probability too, both for each
speaker and on the average.

4.2. Results and Comments

As a reference, we first run the automatic classification
on the manually segmented test set. In this way, errors
that can occur in the detection of audio changes are not
considered. In Table 3, performance of the ML classifier
are reported.

It is worth noticing that the use of more Gaussian
components for acoustic modelling does not necessarily
ensure better results. It seems that mixtures with more
than 32 Gaussians are not well trained on average, given
the training set employed in this work.

Figure 4 shows four plots, one for each number of
Gaussian components employed in acoustic modelling.
Each plot includes three curves, corresponding to perfor-
mance of the three tested classifiers: ML, loop and hi-
erarchy. The�s of the two latter techniques were set to
the values that give the best performance. The curves are
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Figure 4: Results of experiments.

Table 3: Performance of the ML technique in the classifi-
cation of manual segments.

technique #Gaussians
16 32 64 128

ML 79.0 79.8 78.2 78.2

functions of the BIC threshold�; the set of � values tested
ensures a large variability in BIC outputs, ranging from
a lot of insertions of spurious boundaries (� = 0) to the
hypothesizing of only very reliable changes (� � 800).

Looking at the experimental results, the following
main observations can be done:
� The best performance are obtained by employing 32
Gaussians. The ML classifier gives 78.8% FCA as its best
result; that is, the degradation of performance due to the
automatic segmentation can be kept lower than 1.3% rel-
ative.
� The curves that have a protuberance for a certain in-
terval of � values, show that an optimal working point
exists, where segmentator and classifier integrate their re-
spective work in an effective way. However, it has to be
noted that such protuberances are less evident, or do not
exist at all, for hierarchy curves; typically, hierar-
chy curves have a monotone increase that ends when a
sort of saturation is reached. In particular, this happens
for the hierarchy-32 Gaussians plot, that includes the

best performance of these experiments (81.9% FCA).
� The hierarchy classifier performs significantly bet-
ter than the other tested techniques, and its best perfor-
mance are kept for a large range of � BIC values, mak-
ing not critical the integration of BIC segmentation in the
speaker recognition system.
� The best performance obtained by using the hierar-
chy technique (81.9% FCA) is even better than the FCA
given by the ML classifier on manual segments. This is
due to the fact that manual segments misclassified by the
ML classifier may be split in shorter segments by the hi-
erarchy processing, and it is sufficient that some of
them are correctly classified to explain the result.

Finally, Table 4 shows details of the best experiment
(81.9% FCA) for each speaker and for the world model
that groups together all the generic classes. In this case,
also miss and false alarm probabilities are given.

The weighted mean of miss probability rates of
named speakers is 26.1%; it is worth noticing that most of
the missing speech of named speakers is in fact classified
into generic classes, and not into wrong speakers, since
the false alarm probability of the world model (24.8%) is
almost double of that of named speakers (12.8%).

Such errors would involve the introduction of wrong
meta-data into the digital library, but the construction of
the library may not be affected by them. In fact, the
preprocessing described in this work is typically used in
order to isolate the portions of speech inside the audio
stream, to select the specialized acoustic models to be



Table 4: Details of the best experiment (hierarchy, 32
Gauss., �BIC = 600; � = �200) in terms of miss and
false alarm (FA) probabilities.

class/speaker F/M test/training miss FA
size (s) probability (%)

world model class – 33.5m 545.3m 8.2 24.8

P. M. M 50.3 71.6 0.0 0.6
N. Z. F 84.1 57.3 0.0 0.8
C. A. M 42.9 299.7 0.0 1.9
F. S. M 55.6 173.1 0.1 0.7
C. C. M 63.0 130.1 0.4 0.0
F. C. M 71.3 262.7 0.4 0.0
R. P. M 104.8 710.2 0.4 0.0
S. M. F 67.8 231.0 0.4 0.8
F. F. M 38.4 201.9 0.7 1.6
B. R. M 20.7 173.9 0.9 106.1
V. A. M 12.1 27.7 1.2 0.9
P. A. F 100.8 610.1 1.2 2.7
R. V. M 58.8 146.5 1.4 0.0
R. G. M 52.2 1076.2 1.6 9.7
N. A. F 44.3 85.6 2.0 3.9
L. N. F 194.3 306.1 2.1 0.3
V. M. F 94.2 2103.6 2.4 4.4
G. G. M 15.5 750.8 3.1 318.1
F. C. M 45.8 62.7 3.2 0.5
M. V. B. F 339.7 680.6 4.2 10.8
P. M. M 27.1 76.0 5.8 2.3
T. L. F 161.7 2700.1 21.4 24.3
P. L. M 243.6 1581.3 27.2 0.2
M. L. F 6.8 516.6 72.6 107.3
A. C. M 2.6 24.5 100.0 0.0
B. P. M 47.4 47.0 100.0 0.0
D. G. F 124.9 153.9 100.0 0.0
E. L. L. M 51.3 24.3 100.0 0.0
E. R. M 66.1 94.9 100.0 0.0
F. B. M 7.3 50.5 100.0 0.0
F. B. M 86.2 21.7 100.0 0.0
F. R. C. F 0.4 265.8 100.0 0.0
N. B. M 43.3 41.3 100.0 0.0
O. L. S. M 17.7 238.6 100.0 0.0
V. C. M 31.4 97.5 100.0 0.0
P. A. M 42.8 465.1 100.0 155.0
G. D. C. M 0.01 255.1 100.0 10

6

total sizes/weighted means 42.0m 246.9m 26.1 12.8

employed during the speech decoding, and to pool data
for adaptation purposes. In such a case, important met-
rics for assessing the quality of the preprocessing are the
quantity of speech lost, that of non-speech supplied to
the recognizer, and gender and bandwidth error rates. In
our best experiment, the following values have been com-
puted:

speech lost 1.0%
non-speech decoded 0.2% (wrt speech)

12.8% (wrt non-speech)
gender error rate 2.4%
bandwidth error rate 4.5%

comparable to those reported in the literature.

5. Conclusions

In this paper, experiments of speaker tracking in an Italian
corpus of broadcast news have been presented. Employed
techniques are well known for segmenting and classify-
ing an audio stream, and results have to be considered as
preliminary, with the goal of assessing the difficulty of
the identification of speakers in broadcast news record-
ings. In fact, in this framework the problem of speaker
tracking is characterized by the high number of speakers
and the small quantity of speech data available for speak-
ers of some interest for digital archives. Future work will
be focused on such peculiar aspects of the problem.
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