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ABSTRACT

In this paper, we present a first approach to build an au-
tomatic system for broadcast news speaker-based seg-
mentation. Based on aChop-and-Recluster method,
this system is developed in the framework of the
THISL project. A metric-based segmentation is used
for the Chop procedure and different distances have
been investigated. TheRecluster procedure relies on a
bottom-up clustering of segments obtained beforehand
and represented by non-parametricmodels. Various hi-
erarchical clustering schemes have been tested. Some
experiments on BBC broadcast news recordings show
that the system can detect real speaker changes with
high accuracy (mean error� 0.7s) and fair false alarm
rate (mean false alarm rate� 5.5% ). TheRecluster
procedure can produce homogeneous clusters but it is
not already robust enough to tackle too complex clas-
sification tasks.

1. INTRODUCTION

THISL (THematic Indexing of Spoken Language)� is
an ESPRIT Long Term Research project that is inves-
tigating the development of a news-on-demand system
using speech recognition, natural language processing
and text retrieval. The main goal is to build a sys-
tem for a BBC newsroom application : broadcast news
recordings are daily recognized and transcriptions are
indexed for later information retrieval [1, 2]. Accord-
ing to the requirements of the BBC, the main indus-
trial advisor of the project, the retrieval engine should
be able to return the identity of the speakers within the
sections which correspond to any query submitted to
the system. Thus, the input audio stream that is recog-
nized should be also segmented according to speaker
identity.

Automatic segmentation of an audio stream is fre-
quently introduced as an efficient method to improve
performances of adaptative speech recognizers. The
problem of acoustic segmentation has been often ad-
dressed for a few years [7, 8, 11, 5, 6, 9] : it con-
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Figure 1: Chop-and-Recluster algorithm for speaker
tracking in audio material.

sists in clustering audio segments into homogeneous
clusters according to speaker identity, backgroundcon-
ditions (e.g., clean speech or noisy speech) or chan-
nel conditions (e.g., microphone speech or telephone
speech). In the framework of the THISL project, we
are primarily concerned by identifying each speaker
individually every time he/she speaks within a pro-
gram. Speaker tracking can broadly be defined as
segmenting and labelling a spoken audio stream asso-
ciated with an unknown number of unknown speak-
ers into homogeneous regions according to speaker
identity. In practice, “speaker” means a speaker
with constant background and channel conditions, be-
cause acoustic changes do not necessarily correspond
to speaker changes. If acoustic changes in broad-
cast news programmes (e.g., change from microphone
speech to telephone speech, change from clean speech
to noisy speech) may be clues of speaker changes, they
can also be very confusing for a segmentation algo-
rithm based on acoustic features. On the other hand,
it is hard to discriminate between two speakers if their
acoustic features are too similar.

Various schemes have already been proposed to
perform automatic segmentation of an audio stream ac-
cording to speaker identity. These algorithms are gen-
erally based on aChop or splitting procedure followed
by aRecluster or merging procedure. There are many
approaches to detect acoustic speaker changes, as re-
ported in [6] :
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Decoder-based splitting. The segments boundaries
are set according to information provided by
a recognizer which decodes the spoken audio
stream at first (e.g., possible speaker changes are
at every silence locations).

Model-based splitting. If speaker models are trained
beforehand for every speaker, the audio stream
can be parsed in terms of these models. Speaker
changes are identified as model decision
changes.

Metric-based splitting. The speaker changes are
found at maxima of a distance signal measured
between two contiguous windows shifted along
the speech signal.

The first method is really unadapted to our problem,
while the second is unpratical since no speaker mod-
els are available a priori. Thus, we decided to imple-
ment the third one. An acoustic distance is computed
for every pair of windows along the speech signal. The
peaks are detected thanks to a two thresholds criterion
: one threshold for minimum peak value and another to
avoid too close changes.

Once segments are available, they are grouped into
clusters whose members are hopefully as similar as
possible. As described in [8], many clustering algo-
rithms may be implemented, varying from agglomera-
tive methods to divisive methods. Only results for ag-
glomerative methods are presented in this paper. One
major problem of all these clustering schemes is the
stop criterion. For the THISL problem, it is assumed
that the number of speakers is known for each broad-
cast news programme. Thus, the merging process is re-
peated until the number of groups is equal to the known
number of speakers. Then, the elements of such a par-
tition can be hand-labelled with the true name of the
speakers and this information could enrich the indexed
database.

This paper is organizedas follows : in section 2, we
describe the segmentation algorithm (i.e., theChop or
splitting procedure and theRecluster or merging pro-
cedure); in section 3, some results are given for ex-
periments performed to show the effectiveness of both
procedures for radio broadcast news bulletins provided
by BBC. A full integrated system is tested and perfor-
mances are discussed. In section 4, we compare our
system with previous works and propose some possible
improvements to our first approach in order to achieve
more efficiency and robustness.

2. PROPOSED ALGORITHM

The algorithm proposed in this paper rests on ametric-
based splitting technique, which was considered as the
easiest one to implement in our first approach to the
speaker tracking problem. After splitting, a hierar-
chical clustering, also calledbottom-up clustering is
used to merge similar segments into desired clusters.

As depicted in Figure 1, both procedures are based on
acoustic features, which are Mel-warped cepstral fea-
tures.

2.1. Splitting Procedure

First, the speech signal is expressed in terms of
acoustic feature vectors. As classically for metric-
based splitting method, the speaker changes are found
at maxima of an acoustic distance signal measured
between two neighboring windows which are shifted
along the speech signal. Consider the two collec-
tions of feature vectorsV l � fvlkgk�������K and
V r � fvrk�gk��������K� containing respectively the fea-
ture vectors from the left window and the right window
around the discrete time where the distance is mea-
sured. As previously proposed in [4], aK-means clus-
tering is first performed over each vector collection.
Members of each cluster are assumed to be drawn from
a multivariate Gaussian distribution :V l

i � N���li��
l
i�

andV r
j � N���rj ��

r
j � wherei andj are the cluster in-

dexes for each window. After estimating the mean col-
umn vector (��li, ��

r
j ) and the full covariance matrix (�l

i,
�rj ) for every cluster in both windows, the acoustic dis-
tance between the two collections of distributions is
computed as follows :
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wheredlrij , d
lr andd denote respectively a cluster dis-

tance between the Gaussian clusteri from the left win-
dow and the Gaussian clusterj from the right win-
dow, a cluster distance based on a single Gaussian
cluster for each window, and the mean of the previ-
ous defined distance over all pairs of windows. Ac-
tually, the so-called cluster distance is a distance be-
tween two n-dimensional Gaussian distributions. Sev-
eral cluster distances have been tested like in [3] : the
Kullback-Leibler (2) and the Bhattacharyya (3) dis-
tances if full covariance matrices are assumed, or the
Mahalanobis (4), the Euclidian (5) and the L2 (6) dis-
tances if diagonal matrices are assumed. The distance
d�� between two Gaussian distributionsN���������
andN��������� may be expressed as :
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A closed-form expression exists for the distance given
by (6) if Gaussian distributions are assumed. Namely,
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Once the acoustic distance (1) has been computed

for every pair of windows, it is processed to find rel-
evant maxima according to a two thresholds criterion.
The first threshold corresponds to the minimum value
for detecting a peak. The second threshold guarantees
a minimum delay between two consecutive changes
and allows to eliminate adjacent changes that are too
close : only peaks corresponding to the highest val-
ues are kept while all other peaks within the threshold
around these maxima are discarded.

To justify the use ofK-means clustering over each
window before estimating the acoustic distance, one
may suggest that the clustering will increase the dis-
criminant power of the distance. For example (Fig-
ure 2), we observe that the existing peaks are strength-
ened if the method withK-means clustering is used.
Moreover, some peaks at no-change locations are
less disturbing for the peak detector. Unfortunately,
clustering the feature vectors before computing the
acoustic distance is very time-consuming. This com-
putational burden depends on the number of clusters
which should be chosen judiciously. In order to fas-
ten this clustering, the centroids of the current analysis
window are initialized with the centroids of the previ-
ous analysis window. Working like this, we hope that
strong adaptation (i.e., CPU-consuming adaptation) of
the centroids is needed only when there is a significant
acoustic change.

2.2. Merging Procedure

Once an audio track has been chopped into speaker-
constant segments, a hierarchical clustering is per-
formed over the segmentsS � fs�� s�� � � � � sLgwhich
are described by their acoustic features. At each step of
this agglomerative clustering, the two nearest clusters
are merged and aP -clusters partition ofS is obtained :
P � fc�� c�� � � � � cP g. It starts withP � L andcl �
sl��l, and terminates withP � � andc� � �Ll��sl.
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Figure 2: (a) Acoustic signal, (b) acoustic distance
with 1-cluster windows and (c) acoustic distance with
3-clusters windows. In both case, a Bhattacharyya
cluster distance is used and window length, window
overlap and window shift are set respectively to 2.5s, 1s
and 50ms. There are 3 real speaker changes, the first
one corresponds to a change from microphone speech
to telephone speech.

Remind that the number of speakersN in each pro-
gramme is assumed to be known. Thus, the clustering
is stopped once aN -clusters partition of the segments
is reached (i.e., forP � N ). One may hope that each
cluster ideally contains segments from one and only
one speaker. To apply such a clustering, it is necessary
to define an agglomerative scheme and a distance be-
tween two segments. First, each segmentsl is replaced
by a non-parametric model (i.e., a codebook)ml es-
timated once again byK-means clustering of the fea-
ture vectors associated to this segment. The segment
codebook is initialized with one centroid, the mean fea-
ture vector for the current segment. This first centroid
is split into two new centroids andK-means clustering
is performed. After convergence, the centroids are bi-
nary split and theK-means is applied once again. The
process continues until the desired number of centroids
is reached and the clustering has converged. The dis-
tance between the two segmentssl� andsl� , given by
their codebooksml� � fml�

wgw�������Wl�
andml� �

fml�
wgw�������Wl�

is defined as follows (based on [4]) :
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with �l�i � minj o

l�
i o

l�
j dij and�l�j � mini o
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i dij

wheredij , o�i ando�j denote respectively the Euclid-
ian distance between centroidml�

i from codebookml�

and centroidml�
j from codebookml� , number of fea-

ture vectors from segmentsl� assigned to centroidml�
i ,

and number of feature vectors from segmentsl� for
centroidml�

j .
Once codebooks have been trained for every seg-

ment, the distance (8) is measured between every two
segments and a distance matrix is build. Various ag-
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Figure 3: Various distances between groups used in
neighborhood clustering schemes.

glomerative schemes [10] have been tested (see Fig-
ure 3):

Single linkage The distance between two clusters is
defined as the distance between their two closest
members (Figure 3.(a)).

Complete linkage The distance between two clusters
is defined as the distance between their two far-
thest members (Figure 3.(b)).

Average linkage between groups The distance be-
tween two clusters is defined as the average of
the distances between all pairs of members, one
segment taken in each cluster (Figure 3.(c)).

Average linkage within groups The distance be-
tween two clusters is defined as the average of
the distances between all pairs in the cluster
which would result from combining the two
clusters (Figure 3.(d)).

3. EXPERIMENTAL RESULTS

3.1. Evaluation data

The speaker-based segmentation algorithm proposed
in the previous section is tested with broadcast news
programmes provided by BBC. These programmes are
completely transcribed and hand-segmented according
to speaker identity, background conditions and chan-
nel conditions changes. This evaluation data consists
of radio news bulletins, about 30 minutes long each.
There are about 65 (min = 57, max = 77) speaker
changes along each programme. The mean number of
speakers per programme is about 34 (min = 29, max
= 39). As shown in Figure 4, the true segment length
seems to be distributed according to an unimodal distri-
bution with a mode around 20s. It is also interesting to
mention that the segments are not allocated uniformly
among the different speakers in a programme : there is
generally one main news reader who speaks alternately
with the rest of the speakers. For example, 20 segments

0 10 20 30 40 50 60 70 80 90 100
0

2

4

6

8

10

12

14

16

18

20

 segment length [s]

 f
re

qu
en

cy
 [

%
]

Figure 4:Observed distribution of the segment length
(mean length � = 27.4s and standard deviation � =
17.3s).

were pronounced by the main news reader while the 30
other speakers shared the 41 remaining segments of a
61 segments programme (i.e., only 1 or 2 segments for
every speaker except for the main news reader).

Even if a multiple sessions processing is possible,
each programme is processed separately. Both proce-
dures are based on 24-dimensional Mel-warped fea-
ture vectors computed from raw speech. These cep-
stral vectors are extracted every 10ms on 30ms analysis
windows.

3.2. Splitting Procedure

Different values for window length, window overlap
and window shift were tested. Some proposed to use
short windows with no overlap [5] in order to max-
imize discrimination, while others used longer win-
dows with overlap [11]. We observed that increasing
these parameters has a global smoothing effect on the
signal distance, softening the peaks. Finally, window
length, window overlap and window shift are respec-
tively set to 5s, 1s and 50ms, as a trade-off between
speed and accuracy. As already mentioned, the peak
detection algorithm along the distance signal is based
on two thresholds which are not set automatically and
depend on the distance definition. These two thresh-
olds are hand-tuned but stay constant for every pro-
gramme.

Performances of theChop procedure are expressed
in terms ofDetection Rate (percentage of true changes
successfully detected),False Alarm Rate (percentage
of changes erroneously detected) andMean Detection
Error (mean error between estimated and true changes
times) as a function ofTolerance defined as the maxi-
mum time interval accepted between detected and true
changes.

As shown in Figure 5, the splitting algorithm
can detect speaker changes with reasonable accuracy,
whatever the cluster distance is. The number of peaks
admitted as real speaker changes depends on the max-
imum acceptable delay (i.e.,tolerance). Clearly, the
mean detection error stays low even if you increase the
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Figure 5:Mean Detection Error versus Tolerance for
various cluster distances used in the Chop procedure.

Cluster distance DET rate [%] FA rate [%]
KL 93.4 4.9

BHA 96.6 6.1
MAH 93.5 5.3
EUC 94.2 5.4
L2 95.8 5.9

Table 1: Comparison of detection rates (DET) and
false alarm rates (FA) for various cluster distances
used in the splitting procedure (Tolerance = 1s).

tolerance. This means that not many new changes are
added for higher tolerance and they just can be seen as
outliers. However, the major drawback of this method
is the false alarm rate (see Table 1) : the thresholds of
the peaks detection algorithm have to be small enough
not to miss too much real changes. Consequently, the
peaks detector is triggered off too often.

3.3. Merging Procedure

The merging procedure has been performed with true
segments for each programme separately. The non-
parametric representations for every segmentsl are
Wl-clusters codebooks. The codebook sizeWl must
be chosen as a trade-off between computational bur-
den and suitable segment representation (i.e., minimal
admissible distortion should be guaranteed).Wl is set
to 20 in our experiments. If a cluster label is assigned
to the most represented speaker within this cluster, its
purity may be defined as the ratio between the number
of segments from this speaker to the total count of the
cluster. We observe that our clustering algorithm can
produce clusters with high purity. All agglomerative
schemes seem to work equivalently (see Figure 6). No-
tice that most part of the 50%-purity clusters are group-
ing two segments from two different speakers, who
generally spoken only one time, and are erroneously
merged too early during the clustering procedure. Be-
yond these results, Table 2 shows classification rates.
These results take into account one more constraint :
there can be only one cluster for each speaker in the fi-
nal partition (i.e., the cluster label is not necessary as-
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Figure 6: Cluster purities for 4 merging schemes :
(a) single linkage, (b) complete linkage, (c) average
linkage between groups, (d) average linkage within
groups.

Merging scheme Classification rate [%]
Single linkage 69.2

Complete linkage 69.7
Average between groups 72.3
Average within groups 73.1

Table 2:Comparison of classification rates for 4 merg-
ing schemes.

signed to the most represented speaker). It is also ob-
served that the most often misclassified segments are
the shortest ones, maybe because their codebooks are
not a sufficiently good representation of their speakers.

Notice that the difficulty of the classification task
grows as the number of segments and the number
of speakers increase. For example, a less complex
4-speakers/6-segments (i.e., 24 segments) problem is
generally solved perfectly, producing 4 pure clusters.

3.4. Complete Procedure

Finally, the full algorithm is applied to the BBC record-
ings : themerging procedure is directly fed by the seg-
ment boundaries extracted by thesplitting procedure.
The recordings are still processed separately. The
Bhattacharyya (3) cluster distance is used to chop the
audio streams and theaverage linkage within groups
scheme is chosen for reclustering the segments. Such
algorithms are generally used to enhance the perfor-
mances of unsupervised adaptation for speech recog-
nition [7, 11, 6, 9]. Hence, performances are given
in terms of error rates reduction. Since we are only
concerned by the speaker-based segmentation prob-
lem, we do not produce such results. We just observe
that the final segmentation is always worse than the one
obtained with only true speaker changes. Because of
the extra false changes, the number of segments is in-
creased leading to a more complex task. As there are
more shorter segments and the boundaries are not well
defined (i.e., feature vectors from multiple speakers in
the same segment), the codebooksare less discriminant



and the clustering process is more confused.

4. DISCUSSION

Siegler et al. [11] proposed a segmentation algo-
rithm based on a Kullback-Leibler metric as acoustic
distance. Using also a threshold method to detect
acoustic changes, they reported a 64.0% detection rate
on the DARPA’96 HUB4 evaluation test set. Beigi
et al. [5] used a similar splitting method but with a
more discriminant distance and obtained a 70.0% de-
tection rate with the DARPA’95 HUB4 data. Chenet
al. [6] applied a maximum likelihood method base on a
Bayesian information criterion to perform either split-
ting and clustering. For the DARPA’97 HUB4 data,
their algorithm detected 91.5% of the true changes with
a 2s tolerance and only a 4.1% false alarm rate. Tested
on the DARPA’96 HUB4 data (824 segments for 28
speakers), their cluster algorithm produced automati-
cally 31 clusters with high purity (� 92.0%). In all
these works, only cepstral features were used.

Comparing to these previous results, our algorithm
seems to work reasonably well. However some im-
provements are necessary. For example, thesplitting
procedure should be made more efficient and accurate.
The thresholds of the peak detector should be data-
driven and tuned automatically. Moreover, themerg-
ing procedure is not robust enough and unadapted to
complex tasks. This last problem may be addressed
by using better speaker models to represent the seg-
ments or more advanced clustering schemes. Up to
now, the full process is very time consuming because
of the computationally expensiveK-means clustering
which is performed in both procedures. Decreasing
window size and increasing window shift in thesplit-
ting procedure, and decreasing the number of centroids
in the segment codebooks in themerging procedure,
are not the solution. Thus, it suggests once again that
better (i.e., more speaker discriminant) acoustic repre-
sentations should be used for the analysis windows and
the segments.

5. CONCLUSION

This paper presented a speaker-based segmentation of
broadcast news recordings, which is developed in the
framework of the THISL project. This speaker track-
ing system is based onChop-and-Recluster algorithm.
The splitting procedure rests on ametric-based tech-
nique detecting speaker changes as maxima of a dis-
tance signal measured between two windows shifted
along the audio stream. Once theChop procedure
has been done, the extracted segments areReclustered
using an agglomerative clustering method based on
neighborhood schemes. To do so, each audio segment
is represented by a non-parametric model (i.e., a code-
book trained with the feature vectors belonging to the
segment). Many different acoustic distances for the

splitting procedure were tested and various hierarchi-
cal clustering schemes were applied for themerging
procedure. Even with a good detection rate (� 95.0%)
of the true speaker changes, a fair accuracy (� 0.7s)
on boundaries and a reasonable false alarm rate (�
5.5%), the full procedure lacks robustness to produce
only high purity groups and high classification rate for
the typical task (65 segments / 35 speakers for each
broadcast news recording).
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