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Abstract

An algorithm for unsupervised speaker classification using Kohonen SOM
is presented. The system employs 6x10 SOM networks for each speaker and
for non-speech segments. The algorithm was evaluated using high quality as
well as telephone quality conversations between two speakers. Correct
classification of more than 90% was demonstrated. High quality conversation
between three speakers yielded 80% correct classification. The high quality
speech required the use of 12" order cepstral coefficients vector. In telephone
quality speech, additional 12 features of the difference of the cepstrum were
required.

INTRODUCTION

Speaker recognition (identification and verification) is being used in many
commercial, military and forensic applications. Usually the problem is defined as
supervised classification, where a-priori knowledge on the speakers is available so
that pre-training can be performed [1-4]. In many applications, however, no such
a-priori knowledge is available. Unsupervised methods must be used.

Solutions to various aspects of the problem have been suggested in the
literature. The application of hierarchical NN was described in [5], and HMM
based systems in [6-9]. Other methods based on EM algorithm for Gaussian
mixture estimation [10], and various VQ methods [11-13], were also employed .

In general, given a multi-speaker conversation, the algorithm has to estimate
the number of speakers, to segment the speech signal and to assign each segment
to its speaker. The problem has been also termed “speech segmentation” [10-11].
In our current application the number of speakers, R, is assumed to be known.
Generally, during a conversation, it may happen that one speaker interferes with
another. We assume that the speech signal does not contain such interference,
namely simultaneous speech does not occur. All segments with simultaneous
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speech are currently manually eliminated from the data prior to performance
evaluation, (during the training process all the data was used).

We suggest here an unsupervised classification system that first makes a
preliminary segmentation into speech/non-speech segments, using only “energy”
threshold. The system then automatically trains R+1 Kohonen SOM [14]: R for the
speakers and one for non-speech segments. Initial conditions are set, and then all
neural networks (NN) compete among themselves until a balance is achieved.

There were four reasons why Kohonens” SOM was chosen. First, an
unsupervised learning algorithm was required because of the problem definition.
Second, due to short segments, multiple centroids are required to describe each
speaker. Third, when we use SOM’s, every SOM defines a different speaker model
(or non-speech model). If we use one large network, it would be impossible, to
indicate which centroids (or neurons) belongs to the same model. For this reason
other unsupervised networks such as ART2 [15], or the network architecture
proposed by Nissani [16], cannot be used. Fourth, every SOM is a trained code
book (CB), this means that it can be used as CBs for discrete HMM that can later
be used for (supervised) speaker recognition.

SYSTEM’S ARCHITECTURE

The general block diagram of the system is shown in figure 1.
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Fig. 1: General description of the unsupervised speaker classification system.
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The speech analysis was based on overlapping 15 milliseconds analysis frames,
with 5 millisecond frame rate. Each frame was represented by a features vector
which included the 12™ order cepstral coefficients, estimated from the 12" order
LPC. In the telephone data, the features vector was augmented by the 12™ order
first difference cepstral coefficients [1]. In addition the mean absolute value of an
accumulated 50 millisecond frame was also calculated, for speech/non-speech
evaluation.

Rough segmentation of speech and non-speech data was performed by
thresholding the absolute value feature. The threshold level was set at three
percent of the maximum, for high quality speech and one percent for telephone
data. The levels were determined experimentally. The fact that higher level was
required for high quality speech seems illogical. It is probably due to the fact that
in the high quality data the variance of the speech amplitude is much lower than
that of the telephone speech. The use of more sophisticated speech detection
algorithms should explored hear.

The initial conditions to the system were determined as follows: all segments,
classified by the rough speech/non-speech classifier as non-speech, were used to
train the non-speech network. Segments roughly classified as speech segments
were randomly and equally divided and used to train the R speaker models.

Each one of the models (including the non-speech model) was a Kohonen 6x10
SOM. Each SOM was trained by the Kohonen algorithm [14]. The inputs to the
SOM were the cepstrum, or cepstrum and difference cepstral coefficients. The
outputs of the SOM were Euclidean distances between input vector and network’s
weight vectors. In each iteration, at the end of the training process, regrouping
process was employed. The grouping process was performed with a segments of
100 frames (0.5 second).

The algorithm is based on clustering the data in such a way that a total error
criterion, during regrouping, is minimized.

Let dg’)’}‘)(r), be the Euclidean distance between the n-th-vector of the k-th

segment (v, ;) and the closest centroid in the r-th model, during iteration m:

45 () =dls, )= b, =<2 b, =) ()

In the m-th iteration, the total distance between the k-th segment and the r-th
model, ng)(r), is given in (2).

DI =Y d() )

The k-th segment, S, , is assigned to the model j (SOM ;) yielding minimum

total error:

j=argmin{D{"(r)}= S, e SOM, 3)
r=0,..,R
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Hence an iteration of the process is defined by:

1. Retrain the models with the new clusters, achieved by the previous
iteration.

2. Regroup the data using (3).

3. Check for termination: If termination criterion is met, exit, if not return to

step 1.
It has been proved that this algorithm converges [17].

At the end of this iterative procedure, the system provides R+1 models, for the
R speakers and for non-speech data. The data is segmented and labeled as
required.

The termination criterion used here was based on the regrouping. Termination
was declared when two consecutive iterations showed no change in the clusters. It
is of course possible to use a less restrictive criterion which will require that two
consecutive iterations will exhibit a change of no more than a given predetermined
level. The use of such a criterion will reduce computation time at the expense of
accuracy.

CLASSIFICATION ERROR EVALUATION

The algorithm is based on the classification of 0.5 second segments. Each
segment may be assigned to one model (speaker or not-speech model) or, in
transient segments, due to the finite resolution, may be common to two models or
more. The definition of the classification error is clear in the non-transient
segments. In case of transient segments, the correct assignment may be to either
one of the correct models. Obviously, it makes sense to define classification error
that takes in account a segment split between models. A linear piecewise
classification error weight is used here.

Figure 2 shows 10 seconds (200 frames per second) of manually classified
speech and the error weighting. The dashed lines show an example where a
segment includes speech from both the first and the second speakers.

The error weighting has been defined as follows:

1. From the manual segmentation of the speech, all transient times, namely the

switching times between speakers were found and denoted: {n, Sy, }

2.In the neighborhood of every transient time a local error weighting
function, was defined as:

n—n,
L2
1 R otherwise

L <L
2

w, (n) = 4)

where L is the segment’s duration (L=500msec. in our case).

3. Sum all the local weighting functions and subtract (M —1):
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M

glr) =2 w, (n)- (M -1) )
m=1

4. The general weighting function will be:

wln)= {g(”)  gln)>0 (6)

; otherwise



















