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Abstract. Speaker change detection is important for automatic segmentation of
multispeaker speech data into homogeneous segments with each segment con-
taining the data of one speaker only. Existing approaches for speaker change
detection are based on the dissimilarity of the distributions of the data before
and after a speaker change point. In this paper, we propose a classification based
technique for speaker change detection. Patterns extracted from the data around
the speaker change points are used as positive examples. Patterns extracted from
the data between the speaker change points are used as negative examples. The
positive and negative examples are used in training a support vector machine
for speaker change detection. The trained SVM is used to scan the continuous
speech signal of multispeaker data and hypothesize the points of speaker change.
We consider two methods for extraction of fixed length patterns that are given as
input to the support vector machine. In the first method, the spectral feature vec-
tors of a fixed number of frames are concatenated to derive a pattern vector. In the
second method, the sequence of feature vector frames is considered as a trajec-
tory, and the outerproduct matrix of the trajectory matrix is vectorized to derive
a pattern vector. The performance of the proposed approach for speaker change
detection and the two methods for pattern extraction is studied on the extended
data of the NIST 2003 speaker recognition evaluation database.

1 Introduction

The task of speaker change detection involves determining the points at which there
is a speaker turn in the multispeaker speech data as in audio recordings of conver-
sations, broadcast news and movies. Speaker change detection is the first step in the
speaker based segmentation of multispeaker speech data into homogeneous segments
such that each segment has the data of one speaker only. Speaker segmentation is impor-
tant for tasks such as audio indexing [1], speaker tracking [2] and speaker adaptation in
automatic transcription of conversational speech. Speaker change detection should be
done without the knowledge of the number of speakers and the identity of speakers [3].
Therefore, a speaker change detection system should be speaker independent.

The existing approaches for speaker change detection are based on the dissimilarity
in the distributions of data before and after the points of speaker change. Dissimilarity
measurement is commonly based on comparison of the parametric statistic model of the
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distributions such as Mahalanobis distance, weighted Euclidean distance [4], Bayesian
information criteria [1]. In these approaches for speaker change detection, the dissim-
ilarity is measured for the data between two adjacent windows of fixed length. The
points at which the dissimilarity is above a threshold are hypothesized as the speaker
change points. We propose an approach in which a classification model is trained to
detect the speaker change points. The proposed approach does not use any threshold.

In section 2, we present the classification based approach for speaker change de-
tection. In section 3, we describe the speaker change detection system using support
vector machines. In section 4, we present the experimental studies on speaker change
detection using the proposed approach.

2 Classification based approach for speaker change detection

Speaker change can be considered as an event in the multispeaker speech data. We de-
velop a classification model for the detection of speaker change events in continuous
speech. A speaker change event is characterized by the end of speaking by the cur-
rent speaker and the start of speaking by a different speaker. Therefore the speech data
around a speaker change point includes the data of two speakers. The pattern extracted
from the speech data around a speaker change point is considered as a positive example.
The speech data between two consecutive speaker change points include the data of one
speaker only. Therefore the patterns extracted from the speech data between two con-
secutive speaker change points are considered as negative examples. The positive and
negative examples can be used to train a classification model for detection of speaker
change points.

The main issue in the classification based approach for speaker change detection is
the duration of the speech signal to be considered for pattern extraction. Let � ���,�� and
���� be the ��� ����, ��� and ������� speaker change points in a multispeaker conver-
sation. The duration of the ��� speaker turn is given by �� � ���� � ��. The information
necessary for identifying �� as a speaker change point is present in the speech data be-
tween ���� and ���� as this segment contains the data of two speakers. As the speaker
turn durations vary, it is difficult to determine a suitable length of the window of the
speech signal to be processed for detection of speaker turns with different durations. A
short window may not have enough data to capture the speaker change information of
long speaker turns. A very long window may include the data of more than one speaker
turn, and therefore may not be suitable for detection of short speaker turns. We study the
effect of window size on the performance of the classification based approach to speaker
change detection. The window of a chosen size includes a number of short-time analy-
sis frames extracted from the speech signal in the window. Therefore the dimension of
the pattern vector derived for a window by concatenating the feature vectors of frames
in the window is very high, typically in the range of 150-800. We consider the support
vector machine (SVM) model for binary classification of large dimensional pattern vec-
tors extracted from the windows of the speech signal in multispeaker speech data. For
training the model, the positive examples are obtained by processing the fixed length
window around the manually marked speaker change points. The negative examples
are obtained by processing the fixed length windows of the signal between the manu-



ally marked speaker change points. The sliding window method is used for detection of
speaker change points using the trained SVM. In the sliding window method, a window
of fixed length is processed to obtain a test pattern. Then the window is slided by a
frame. The test patterns obtained using the sliding window method are classified using
the trained SVM to give the speaker change hypotheses.

In another method for extraction of patterns to train a classification model for speaker
change detection, we consider the sequence of frames in a speech segment as a trajec-
tory in the multidimensional space of feature vectors of frames [5]. Let � be the di-
mension of the feature vectors and � be the number of frames for a given segment.
The trajectory matrix for the segment consists of the � frames, � ����� ������, as its
columns. The trajectory matrix of �-by-� trajectory matrix,�, is given as :

� � ������������� (1)

For speech segments of different durations, the value of � will be different. The outer-
product matrix, �, of a trajectory matrix� is given by:

� � ��
� (2)

The outerproduct matrix � is an �-by-� matrix. It is noted that the dimension of the
outerproduct matrix is independent of the number of frames in the trajectory. The out-
erproduct matrix is vectorized to obtain a fixed dimension pattern that can be used
as input to a support vector machine. The outerproduct based method for extraction of
fixed dimension patterns is used to obtain the positive and negative examples of speaker
change points. Let ����, �� and ���� be the �� � ����, ��� and �� � ���� speaker change
points. Let�� be the trajectory for the segment before the � �� speaker change point, i.e.,
the segment between ���� and ��. Let �� be the trajectory for the segment after the � ��

speaker change point, i.e., the segment between � � and ����. The outerproduct matrices
�� and �� are computed for the trajectory matrices �� and �� respectively. The two
outerproduct matrices are vectorized and concatenated to derive a fixed dimension pat-
tern vector that represents the data between � ��� and ����, and therefore represents the
��� speaker change point. This method is used to obtain positive examples of speaker
change points. Each positive example includes the representation of complete data of
two speakers around the speaker change point. For deriving the negative examples that
contain the data of one speaker only, the speech segment from � � to ���� is split into two
subsegments. An outerproduct matrix is computed for the trajectory matrix of each seg-
ment. The two outerproduct matrices are vectorized and concatenated to derive a fixed
dimension pattern vector. Thus the complete data of one speaker between two consecu-
tive speaker change points is represented in the pattern vector of a negative example. A
support vector machine is trained with the patterns extracted using the outerproduct ma-
trix method. This method can be used for classification of manually marked segments
in the test data. However, it cannot be used for on-line detection of speaker change
points. In Section 4, we compare the classification performance of the SVM trained
with the pattern extracted using a fixed length window and the SVM trained with the
patterns extracted using the outerproduct matrix method. In the next section, we de-
scribe the speaker change detection system using the support vector machine trained
with the fixed length window based patterns.



3 Speaker change detection system

The input to the speaker change detection system is a continuous speech signal of mul-
tispeaker speech data as in audio recording of a conversation or broadcast news. The
multispeaker speech data typically consist of many silence regions due to the pauses
while speaking. It is necessary to remove the pauses from the speech signal so that the
fixed length windows around the speaker change points include the data of two speak-
ers. We train a support vector machine for detection of silence region in the continuous
speech signal. The manually marked silence regions are processed to extract the posi-
tive examples of silence. The manually marked speech regions are processed to extract
negative examples of silence. A pattern vector is obtained by concatenating three frames
in a silence region or in a speech region. The sliding window method with a window
width of three frames is used to detect the silence regions in the continuous speech
signal using the SVM trained with the positive and negative examples of silence [6].

The continuous speech signal after the detection and removal of silence regions is
given as input to the speaker change detection SVM. For a chosen length of window
of 	 frames, the sliding window method is used to derive the test patterns. The test
patterns with the positive output of the SVM are hypothesized as the speaker change
points. As the chosen window length is not suitable for different durations of speaker
turns several hypotheses may be spurious. We consider two methods for reducing the
number of false alarms. In the first method, a threshold of five frames is used on the
duration of speaker turns. When there are multiple hypotheses in a window of five
frames, the hypothesis with the maximum output of SVM is retained and the other
hypotheses are removed. Thus the SVM output is smoothed to eliminate the redundant
hypotheses with very short speaker turn durations. For further reduction of the number
of false alarms, we evaluate the performance of the speaker change detection SVM on
a validation data set. The false hypotheses for the negative examples in the validation
data set are identified. These false hypotheses are used as the negative examples in
training an SVM for reducing the number of false alarms. The positive examples used
in training the speaker change detection SVM are also used as the positive examples
for the false alarm reduction SVM. The false alarm reduction SVM is helpful in further
discrimination of correct hypotheses and false hypotheses given by the speaker change
detection SVM. The block diagram of the proposed speaker change detection system is
given in Figure 1.

4 Studies on speaker change detection

For our experiments on speaker change detection, we use the extended data of NIST
2003 speaker recognition evaluation database. The extended data consists of two-speaker
conversations, each of about five minute duration. A total dataset of 9 conversations is
used in our studies. This dataset includes 3 conversations for each of male-male, male-
female and female-female speaker conversations. The speaker change points in all the 9
conversations are manually marked. The total dataset is divided into a training dataset,
a validation dataset and a test dataset. Each of these datasets include one male-male,
one male-female and one female-female conversation.



Fig. 1. Block diagram of speaker change detection system

The speech data is processed using a frame size of 20ms. Each frame is represented
by a 39 dimensional feature vector consisting of 12 cepstral coefficients, energy, the first
order derivatives and the second order derivatives. The speech data of the conversations
in the training dataset is processed to obtain positive and negative examples for training
the speaker change detection SVM. The speech data of conversations in the validation
dataset is used for obtaining the negative examples to train the false alarm reduction
SVM. The speech data of the conversations in the test dataset is used for evaluating the
performance of the speaker change detection system. The test dataset includes a total
of about 16000 frames and 282 speaker change points. The Gaussian kernel is used for
building the SVMs.

The speech data of a conversation is given as the input to the speaker change de-
tection system. The sliding window method is used to obtain the hypotheses from the
speaker change detection SVM. The output of the SVM is smoothed to eliminate the
short duration speaker turns. The hypotheses after removal of short speaker turns are
processed by the false alarm reduction SVM to give the speaker change detection points.
The speaker change detection performance is measured as the missed detection rate
(MDR) and the false alarm rate (FAR). The missed detection rate is defined as the ratio
of the number of speaker change points missed (M) and the number of actual speaker
change points (A);
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The false alarm rate is defined as follows:

�
� �
�

� �

� ��� (4)

where F is the number of false hypotheses and T is the number of test patterns.
The MDR and FAR are determined at different stages of the speaker change detec-

tion system. The performance for different window lengths is given in Table 1. It is seen
that the window length of 20 frames (i.e., 400msec duration) gives the lowest missed
detection rate of 3.19%, i.e., 9 speaker change points are not detected. The number of
false alarms is 5571, leading to a false alarm rate of 32.76%. The smoothing of SVM
output is helpful in reducing the false alarm rate significantly to 8.26%. The false alarm
reduction SVM is helpful in further reduction of the false alarm rate to 6.78%. It may
be noted that as the false alarm rate is reduced, there is an increase in the missed de-
tection rate. However, in a given conversation the number of speaker change points is
significantly less than the total number of test patterns (frames). The number of missed
detections has increased from 9 to 33, whereas the number of false alarms has reduced
from 5571 to 1092. The results show the effectiveness of the methods for false alarm
reduction.

Table 1. Performance of the speaker change detection system at various stages

Window size After speaker change After smoothing After false alarm
(Frames) hypothesization reduction

MDR FAR MDR FAR MDR FAR
5 4.96 15.45 9.22 5.94 15.25 5.19
10 9.57 14.09 13.12 5.63 20.21 4.18
15 10.64 20.35 13.83 6.79 16.31 5.49
20 3.19 32.76 8.51 8.26 11.70 6.78

Finally we compare the classification performance of the different methods of pat-
tern extraction. The outerproduct matrix based method that uses the complete data
around a speaker change gives a missed detection rate of 11.51%. The fixed length
window of 20 frames gives approximately the same MDR of 11.7%.

5 Summary and Conclusions

In this paper, we have proposed a classification based approach for speaker change de-
tection in multispeaker speech data. We have considered different methods for extrac-
tion of fixed dimension patterns representing the positive and negative examples used



to train a support vector machine for speaker change detection. We have also proposed
two methods for reducing the large number of false alarms. The effectiveness of the
proposed methods is demonstrated on the NIST 2003 speaker recognition evaluation
data.
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