
 

 

 

Abstract—A conventional speaker identification system involves 

two steps: training and testing. In training, major systems rely on the 

use of a Mel-Frequency Cepstral Coefficients (MFCC) combined 

with Gaussian Mixtures Models (GMMs). In testing, likelihood 

computations are carried out between an unknown speaker’s MFCC 

vectors and the registered GMMs. However, this step acts generally 

as a bottleneck especially with large size speaker database 

handicapping the system to give real time decisions. In this paper, an 

unsupervised clustering of speakers’ characteristics (means, 

covariances) taken from the GMM speakers’ models is proposed in 

order to reduce the time consuming of the testing phase while not 

degrading the accuracy of the identification system. Experimental 

results using 120 speakers from the TIMIT database, achieved 

reductions in the error rate up to 51% and the speed-up by a factor of 

4:1.  
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I. INTRODUCTION 

PEAKER identification is presumably one of the most 
biometric modality used for automatic person recognition 
[1], this is mainly due to the easiest of acquisition, 

processing and storing the vocal signal. Speaker identification 
is defined as the process of finding the best match for an 
unknown voice from a speaker’s database [2]. Speaker 
identification systems have two main modules: training and 
testing and could be text-dependent or text-independent. In 
text-dependent speaker identification, the speakers enrolled in 
the system have to utter during the testing phase the same 
sentences or words as done in the training phase, whereas in 
text-independent speaker identification system, no such 
constraints are imposed. Thereby, the latter seems to be more 
appropriate for practical applications and is considered herein. 

Many techniques have been used for modeling the speakers’ 
voices. Vector quantization (VQ), hidden Markov models 
(HMM) and neural networks (NN) were the first explored 
methods in the field [3]-[5]; however the study by Reynolds 
and Rose [6] has convinced the research community on 
speaker identification for the effectiveness of the use of 
Gaussian mixture models (GMM) to represent speakers in any 
feature space. The linear combination of the Gaussian 
functions is capable of representing a large class of sample 
distributions [7]. 
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Despite the success of various researches in speaker 
identification [8], the speaker identification process has a 
major drawback in the testing phase. Thus, for recognizing an 
unknown person’s voice, the input speech signal is matched 
against all the speakers’ models present in the database. 
Whenever, the speakers’ models are of a higher order GMMs 
(which is generally the case) and the database contains a large 
number of speakers, the system acts as a bottleneck and no 
identification decision could be made in a real time 
application. Recently, many researchers attacked the problem 
of large population speaker identification in order to reduce 
the time consuming for practical applications [9], [10]. In [9] 
hierarchical speaker identification (HSI) was proposed that 
uses feature vectors from the whole set of speakers and 
models the superset of vectors by a GMM speaker cluster. 
Using a 40-speaker corpus, HSI requires only 30% of the 
calculation time incurring an accuracy loss of less than 1%. 
Apsingekar and De Leon [10] proposed a speaker model 
clustering using a k-means algorithm to find out clusters of 
speakers. Experimental results showed no loss in accuracy 
when at least 20% of clusters are searched. Other methods 
were also explored in [11]-[13] and gave promising results. 

In this paper, an unsupervised clustering of speakers’ 
models is proposed in both order to reduce the time 
complexity of the test identification phase and to keep the 
accuracy close to the conventional method. The method 
proposed differs from those published in the literature from 
two regards. First, no sophisticated algorithm is implemented 
in the clustering stage. Second only a random clustering in the 
speaker’s model space is applied with an optimization 
procedure using several validation tests to ensure reliable 
clusters. Once the procedure is terminated, the speakers’ 
clusters formed by the GMM models are used in two test steps 
identification. 

The remainder of this paper is organized as follows. Section 
II briefly reviews basics for building a conventional speaker 
identification system using the GMM method. Section III 
deals with the proposed method. Experimental results are 
discussed in section IV, while section V concludes the paper. 

II. REVIEW OF SPEAKER IDENTIFICATION USING GMMS 

A conventional system for closed-set text-independent 
speaker identification comprises two main components: 
Training and testing. Training aims at building for each 
speaker’s voice a GMM model. Speaker’s voices are first 
transformed into some convenient spectral features such as 
LPC, LPCC or MFCC to describe speech waveforms. In this 
work, we used the mel-frequency cepstral coefficients 
(MFCC) [14], which are the widely employed in speech and 
speaker recognition systems. For each second of the speech 
signal, 100 feature vectors are extracted. One feature vector is 
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formed by twelve MFCC, the logarithm of the energy 
calculated in the temporal domain and their first derivatives 
yielding to a feature vector of twenty-six coefficients. A 
Gaussian mixture model (GMM) is built using a set of feature 
vectors for each speaker. A speaker to be identified is 
represented by a single GMM. The GMM is a popular 
technique for the modeling problem in speaker identification 
[8]. In the GMM formulation the distribution of the 
parameterized speech waveform is modeled as a weighted 
summation of Gaussian densities. The maximum likelihood 
estimation algorithm is used for training the model [6]. The 
obtained GMM with order M for each speaker denoted by 
λs=(wi, μi, Σi), i=1..M, is characterized by M mixture weights 
wi, M vector means μi and M covariance matrices Σi. In the 
testing phase each speech test sample is classified as 
belonging to the speaker model whose GMM gives the highest 
probability. 

III. PROPOSED METHOD 

The method proposed is based on clustering the speakers 

into a number of groups and to use these clusters or groups of 

speakers in the testing phase. By clustering the speakers it 

means clustering or dividing the speakers into clusters 

(groups) on the basis of some characteristics taken from the 

GMM models of those speakers. Therefore, these 

characteristics could be vector means, covariance matrices or a 

combination of them. Like any speaker identification system, 

the proposed method depicted in Figures 1 and 2 has two 

modules: Training and testing. 

A. Training 

Given the GMM models of all speakers, a speaker model 

characteristic (means, covariances) is chosen and pooled for 

all the S speakers. A random clustering is then applied on the 

whole set of speakers’ characteristics getting N clusters. A 

validation test consisting of calculating Euclidean distances 

between a speaker feature vectors and the N clusters giving an 

estimation of the distorsion error of the clustering procedure. 

The calculation is performed for all the S speakers and for all 

the N groups (clusters). The procedure is repeated ten times, 

the N clusters of speakers for which the total distorsion error is 

minimal are saved. It is worth noting that the random 

clustering begins by clustering speakers identities prior to 

speakers characteristics, at the end of the training procedure 

both clusters are saved.  

 
Fig1. Bloc diagram of the training phase in the proposed method 

 
Fig 2 Testing phase in the proposed method 

B. Testing 

The testing phase is accomplished in two steps. Firstly the 

speaker’s voice to be identified is transformed onto the 

spectral representation as done in training. The spectral 

vectors obtained are matched against all the N groups of 

speakers’ characteristics using the Euclidean distance 

calculation to assign the unknown voice to the nearest group 

by taking the minimum distance over the entire computed 

distances. In the second step, a standard speaker identification 

evaluation is executed inside only the group to which the 

unknown voice was assigned. Since each of the N groups 

contains a small portion of speakers, it might be expected a 

reduction in the evaluation time compared to the conventional 

(standard) approach, in which evaluation is carried out on the 

whole set of speakers present in the database.      

IV. EXPERIMENTATION 

A. Database 

The database used in this study is the well known TIMIT. 

TIMIT corpus [15] was first designed to provide speech data 

for the acquisition of acoustic phonetic knowledge for speech 

recognition systems. TIMIT contains a total of 6300 sentences 

spoken by 630 speakers (438 male, 192 female). It includes 

train and test sections. Speech signals in TIMIT are recorded 

in a quiet environment with the bandwidth of 0-8 kHz and 

sampled at 16 kHz. To conduct text-independent speaker 

identification experiments, a dataset comprising 120 speakers 

were chosen. For each speaker, 7 sentences were selected for 

training and 3 for testing.   

B. Experimental Results 

To evaluate the proposed method for real time speaker 

identification we have to build a conventional (standard) 

speaker identification system. This conventional system will 

be viewed as the baseline system with which the proposed 

clustering method is compared. Throughout this paper, the 

baseline system refers to the conventional speaker 
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identification system. The implementation of the baseline 

system follows methods and algorithms explained in more 

details in [6]. Table 1 gives the performance of the baseline 

speaker identification system in terms of the identification 

error rate (IER) which is a complementary measure of the 

accuracy, the performance is also evaluated with the time 

spent in the testing phase. The model order M of the GMM 

was set to 64, training used 10s of speech per speaker while 

testing was estimated within the range of 0.5s to 2s by an 

increment of 0.5s. 

TABLE I 
PERFORMANCE OF THE BASELINE SPEAKER IDENTIFICATION SYSTEM 

 

In order to assess the proposed unsupervised clustering 

method, we need to choose the number of groups or clusters 

N. to obtain an equal number of speakers in each cluster with 

the fact that the dataset used contains 120 speakers, N is 

chosen according to the following values: 2, 3, 4, 5, 6, 8, 10, 

12, 15, 20, 24, 30, 40, 60. Thus, the proposed method is 

evaluated on each of the N values. The speakers’ 

characteristics are those of the GMM speakers’ models; 

remind that a GMM speaker model is represented by its M 

vector means and M diagonal covariance matrices. For the 

experiments in this study vector means and a concatenation of 

vector means and covariance matrices are considered as 

speakers characteristics in the proposed clustering scheme. 

Preliminary results using covariances alone gave poorer 

performances. The implementation results of the proposed 

method are shown in Figures 3-5. 

 
Fig 3 Identification Error Rate (IER) in (%) as a function of the N 

clusters with vector means used in the speakers’ characteristics. 

 

 
Fig 4 . Identification Error Rate (IER) in (%) as a function of the N 

clusters with a concatenation of vector means and covariance 

matrices used in the speakers’ characteristics. 

 

 
Fig 5 Time Consuming (ms) in the testing phase as a function of N 

for the proposed method 

 

It can be seen from Figures 3 and 4 that IERs when using 

2s of speech in testing are lower than those for smaller testing 

duration times, except for the value N equals 6 in Fig. 3. It is 

also observed that the performance of the proposed method 

outperforms the baseline system in both terms of IER and time 

spent during the testing phase especially with N equals 60. So, 

in the subsequent comparisons, we will focus only on the 

performance of the system proposed with N equals 60 clusters 

and the testing time is of 2s of speech. With the means taken 

as the speakers characteristics the proposed method achieves 

an IER of 11.6% and a duration time in the testing phase of 

31.7ms, using the means and covariances in a concatenated 

feature vector as the speakers’ characteristics, the IER attained 

is of 10% and the time consuming is of 66.1 ms; these results 

are to be compared to the baseline identification error rate of 

20.8% and testing time spans over 394.7 ms. Table 2 gives 

indications of relative reduction in IER and testing duration of 

the proposed clustering method and the baseline system. 
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TABLE II 

 COMPARISONS OF SIGNIFICANT RESULTS BETWEEN THE BASELINE AND THE 

PROPOSED METHOD 

 
Testing Time 

Time in 

Testing 

Phase (ms) 

0.5s 1s 1.5s 2s ----- 

IER (%) Baseline 43.0 26.9 23.3 20.8 394.7 

IER (%) Proposed (means, N=60) 36.6 19.7 14.2 11.6 31.7 

Relative Reduction 

(%) 
14.9 26.8 39.0 44.2 91.9 

IER (%) Proposed 

(means+cov, N=60) 
35.8 19.1 13.6 10.0 66.1 

Relative Reduction (%) 16.7 29.0 41.6 51.9 83.2 

V.  CONCLUSION 

A Standard speaker identification system has two main 

phases: training and testing. The former usually uses Gaussian 

mixture models (GMMs) to derive a convenient model of the 

transformed speech for each speaker. Mel-Frequency Cepstral 

Coefficients (MFCC) generally represent the transformed 

space of speech waveforms. The latter is done by scoring a 

test utterance against all speakers’ models and taking the one 

which has the highest a posteriori probability. However, for 

large speaker identification population, the time consuming 

may handicap the system to give a real time decision. In this 

paper, we have proposed a clustering method based on 

speakers characteristics taken from their GMM models. The 

experiments carried out on subset of 120 speakers from the 

TIMIT database, showed that we are able not only to reduce 

the time consuming during the test phase, but also reducing 

the identification error rate compared to the baseline system.  
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