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Abstract— A tutorial on design automatic speaker identification GMM techniques. Automatic Speaker identification the 
process in which the system decides who the person is, what group is a member of, or in the case of open-set case the person 
is unknown. Speech processing and basic components of automatic speaker recognition are shown. This paper gives an 
overview of major technological perspective and appreciation of the fundamental progress of speaker recognition and also 
gives overview technique developed in each stage of speaker recognition. This paper helps in Speaker identification and 
verification system based on Gaussian Mixture Model. 
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1. INTRODUCTION 
Speech is one of the most important medium by 
which communication can take place. With the 
invention and widespread use of mobiles, telephones, 
data storage devices etc. has provided a major help in 
setting up of speech communication and its 
analyzing. The term and the basic concept of speech 
identification were begun in the early 1960’s with 
exploration into voiceprint analysis which was 
somewhat similar to fingerprint concept. Nowadays, 
with further growth and advancement in the field of 
speech recognition, the humans who are physically 

challenged such as blind and deaf can easily 
communicate with the machines so in biological 
terms a voice that is being generated through trachea 
will be decoded by brain. 
In this paper we are going to study about speaker 
recognition and different parametric techniques. 
 
2. SYSTEM OPERATION   
The general approach of ASV consists of five steps: 
digital speech data acquisition, feature extraction, 
 

 

 
Fig. 1: Generic speaker verification system 

 
Pattern matching, making an accept/reject decision, 
and enrollment to generate speaker reference models.  
A block diagram of this procedure is shown in 
fig1.Feature extraction maps each interval of speech 
to a multidimensional feature space (A speech 
interval typically spans 10 to 30ms of the speech 
waveform and is referred to as a frame of speech). 
This sequence of feature vectors xi is then compared 
to speaker models by pattern matching. This results in 
match score zi for each vector or sequence of vectors. 
The match score measures the similarity of the 
computed input feature vectors to models of the 
claimed speaker or feature vector patterns for the 
claimed speaker. Last a decision is made to either 
accept or reject the claimant according to the match 
score or sequence of match scores. [1] 

This paper is based on independent speech 
recognition which can be achieved by the use of Mel 
frequency cepstrum coefficients which will process 
the input speech signal and further will recognize the 
speaker. This task can be performed by using 
MATLAB programming. This phenomenon is 
broadly classified into three categories in order to 
understand the concept of speech recognition. 

 Speaker Identification 
 Speaker verification 
 MFCC 

 
2.1 Speaker Identification 
The above figure explains, when the input signal i.e. 
the speech signal is provide the Speech Extraction 
process simply extracts all the necessary phenomena 
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such as pitch, frequency which will be needed at the 
end for the recognition of speaker. Further, the 
Speech Matching Block will simply match all the 
properties that are extracted before with the set of 
speech signal being stored. The speech recognition 

system consists of two separate phases. The first one 
is referred to the enrolment sessions or training phase 
while the second one is referred to as the operation 
sessions or testing phase.           

 
 

 
Fig. 2: Block Diagram of Speaker Identification 

 

 
Fig. 3: Block Diagram of Speaker Verification 

 
Similar to speaker identification process with a 
difference that here we have included a threshold 
block above the decision block as shown in the figure 
below. 
 
III. SPEAKER MODELING TECHNIQUE 
 
The objective of modeling is to generate models 
using speaker specific feature vectors. Such models 
will have enhanced speaker-specific information at 
reduced data rate. This is achieved by exploiting the 
working principles of modeling techniques. There are 
two types of models: stochastic models and template 
models. In stochastic models, the pattern matching is 
probabilistic and the results in a measure of 
likelihood of the observation for the given model. For 
template models, the pattern matching is 
deterministic. The observation is assumed to be an 
imperfect replica of the template and the alignment of 
the observed frames to template frame is carried out 

to minimize the distance. Further the template method 
can be dependent or independent of the time. 
 
3.1. Introduction to Gaussian Mixture Model 
Speaker Identification has been research topic for 
many years and various types of speaker models have 
been studied. Hidden Markov Models (HMM) have 
become the most popular tool for this task. The best 
results have been obtained by using Continuous 
HMM (CHMM) [2, 3]. Since temporal sequence 
modeling capability of the HMM is not essential for 
text-independent task, one state CHMM, also called 
Gaussian Mixture Model (GMM), is widely used for 
speaker modeling [ 4, 5, 6, 7]. 
 
Although most of the existing speaker identification 
systems based on GMM address various problem, 
they have one thing in common. The Reference 
speaker model scores (likelihoods) are calculated 
over the whole test utterance and then compared in 
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order to find the best scores. An exception is the 
system, studied by Gish and Schmidt [7]. Where the 
speaker scores are computed over relatively short 
time intervals (segments). In this system each speaker 
is represented by multiple GMM’s trained on data 
from different sessions. And only the best model 
score for each speaker over a given segment is taken 
into account. The scores are further normalized in 
order to obtain meaningful comparison between 
segments. 
   
Our likelihood normalization approach makes use of 
new speaker identification system structure; which is 
different from the study in two main points [7]. First, 
in our system each speaker is represented by only one 
GMM. Second, the speaker scores are computed at 
each frame instead of short time intervals. In other 
words, in our identification system the test utterance 
is processed by the entire reference speaker models in 
parallel in frame by frame manner. Having the 
likelihoods from the entire models, given particular 
test frame. Allows these likelihoods to be normalized 
at the frame level. Generally, the likelihoods can be 
processed using not only normalization, but any 
appropriate technique, which transforms them into 
new scores. Transformed (normalized) likelihoods 
can further be accumulated over all the test frames to 
form a final score for each speaker model. The 
unknown speaker is identified as the speaker, whose 
model gives the best score. 
 
IV. GAUSSIAN MIXTURE MODEL 
 
A Gaussian mixture density is a weighted sum of M 
component densities and is given by the form [4]: 
 
푝(푥|휆) = ∑ 	푐 푏 (푥)                         (1) 
 
Where 푥 is a d-dimensional random vector, bi(푥), 
i=1…..M is the component density and ci, i=1….,M, 
is the mixture weight. Each component density is a d-
variate Gaussian of the form: 
 
푏 (푥) = exp{ − (푥 − 휇 	) ∑ −1 (푥 − 휇 )}      (2) 
 
With the mean vector µi and covariance matrix 횺i. 
The mixture weights satisfy the constraint that: 
∑ 푐 	                                                 (3) 
 
The complete Gaussian mixture density is 
parameterized by the mean vectors, covariance 
matrices and mixture weights from all component 
densities. These parameters are collectively 
represented by the notation: 
휆 = 푐 ,	휇 ,훴       i=1, 2…M                   (4) 
 
In our speaker identification system, each speaker is 
represented by such GMM and is referred to by 
his/her model λ. GMM parameters are estimated 

using the standard Expectation Maximization (EM) 
algorithm. 
For the sequence of T test vectors X=푥1, 푥2….푥t. the 
GMM Log-likelihood ratio can be written as: 
푃(푋|휆) = ∑ log 푝(푥 |휆)                     (5) 
 
In the standard identification approach after applying 
the Bayes rule, the unknown speaker is identified 
from a set of N speakers as: 
 푖 = 푎푟푔max 푝(푋| 휆 )                           (6) 
 
While training a GMM, following Practical aspect 
should be considered: 
 
4.1 Initialization 
It is known that in the estimation of the model 
parameters we can encounter a local maximum. We 
there need to choose the initial conditions with care. 
Usually a set of VQ codebook vectors are used as the 
initial values for the model means. 
 
4.2 Model Order 
It is important to choose a model order, M, that can 
sufficiently represent a speaker model while keeping 
the model size as small as possible for computational 
efficiency. There is no theoretical method to choose 
the order beforehand. It is left to the implementer to 
determine the optimum size for both performance and 
speed. Frequently encountered model orders are 
between 16 and 32 Gaussian components. It was also 
found that the increasing order beyond 32 can result 
in performance loss [4]. 
 
4.3 Variance Limiting 
Due to limited training data it can happen that the 
variance of some Gaussian components can become 
very small. This can cause numerical problems when 
the model is used. To prevent this, the variance is 
limited to a small positive floor value. If the variance 
is below a predefined limit	휎 , the variance is set to 
be	휎 . 
 
V. SPEAKER IDENTIFICATION SYSTEM 
 
Fig.1 shows the structure of the new speaker 
identification system. The first step is, as usually, the 
transformation of speech samples into a feature 
vector sequence X=푥1, 푥2 ….푥t. Then, each vector 푥t 
is fed to all reference speaker models in parallel, 
which is the main difference between this system and 
the standard one. The ith speaker dependent GMM 
produces the likelihood pi (푥t), i =1, 2…N and all 
these likelihoods are passed in the so called likelihood 
processing block, where they are transformed 
(normalized) and accumulated for t=1, 2….T to form 
the new scores Sci(X).  
These scores are compared in the decision logic block 
and the best one is determined. The unknown speaker 
is classified as the speaker, whose model has given 
the best score. 
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Fig.4: Block Diagram of the new Speaker Identification system 

 
For the speaker verification, the likelihood 
normalization technique has to be proved to improve 
significantly system performance [5, 8, 9,]. The 
general approach is to apply a likelihood ratio test 
[10] to an input utterance X= x1, x2…xT using the 
claimed speaker model λc: 
 
푙(푋) = ( | )

( | )                                            (7) 
 
Applying Bayes rule and assuming equal prior 
probabilities, the likelihood ratio in the log domain 
becomes: 
훬(푋) = log 푝(푋|휆 )− log 푝((푋|휆 ̅)            (8) 
 
Where 휆 ̅ is a model representing all other possible 
speaker’s. The likelihood 푝(푋|휆 ) is directly 
computed From Eq. (5) assuming that the speaker 
model is of GMM type: 
log 푝(푋|휆 ) = ∑ log 푝(푋|휆 )               (9) 
 
The likelihood 푝(푋|휆 ̅) is usually approximated using 
a collection of background speaker models. With the 
set of B background speaker models. 
{ λ1…… λB}, the background speaker’s log-
likelihood is computed as: 
log 푝(푋|휆 ̅) = log{ ∑ 푝(푋|휆 )}         (10) 
 
The likelihood normalization provided by the 
background speakers is important for the speaker 
verification task, because it helps to minimize the text 
dependent variations in the test utterance. The 
speaker identification task, based on the utterance 
scores, does not need the normalization, because 
decisions are made using the likelihood from a single 
utterance requiring no inter-utterance likelihood 
comparisons [5]. 
 
But the situation for the speaker identification task 
becomes different when likelihood normalization is 
applied on the single vector likelihood	푝(푥 |휆), or at 
the frame level. In this case, the likelihood 
normalization is done using: 

푝 (푥 |휆 ) = ( | )

∑ ( | )
                (11) 

In contrast to the speaker verification task, in speaker 
identification, there is no need of comparison of the 
normalized likelihoods with threshold. Instead, they 
are accumulated over all vectors xt, t=1, 2 ….T for 
each speaker model I to produce the new scores: 
푆푐 (푋|휆 ) = ∑ log 푝 	( | )      (12) 
 
The speaker to be chosen, in this case, will simply 
depend on which speaker has the highest 
score		푆 ( | ). 
 
As in the speaker verification task, here also arises 
the problem of choosing the proper background 
speaker set. In the closed set speaker identification, 
the background speaker should be selected from the 
available set of N speakers. Given the speaker model 
I, the following background speaker set seem to be 
reasonable: 
 All Others – the background speaker set 

consists of all speakers, except the speaker i. 
 All others from the same gender- the 

background speaker set consists of all speakers 
having the same gender as speaker i, except the 
speaker i. 

 Top M Speakers- since the likelihoods from all 
speaker models for the current vector xt are 
available, it is possible to determine the speaker 
model which has the M maximum likelihoods 
and the background speaker set in this case 
consists of these M speakers, excluding speaker 
i. 

 Cohort Speakers- the background speaker set 
consists of K acoustically most close speakers i. 
The cohort speakers are determined on the 
training data in advance and this procedure is 
described [8]. 

 
CONCLUSIONS AND FUTURE WORK 
 
We have proposed a new structure of the speaker 
identification system, which allows the likelihood 
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normalization method to be utilized. The future work 
on this model includes applying Noise Models.  
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