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ABSTRACT 

 A tutorial on design automatic speaker identification. 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 choosing comparative different techniques for speaker recognition. 
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I. INTRODUCTION 

 

Speaker verification encompasses verification and identification. Automatic speaker verification (ASV) is the 

use of machine to verify a person’s claimed identity of his voice. In Automatic Speaker identification (ASI) 

there is no priori identity claim, and the system decides who the person is, what group the person is a member 

of, or (in open set case) that person is unknown. We consider the problem of text-independent speaker 

verification. That is given a test utterance, a claim of identity, and the corresponding model, determine if the 

claim is true or false. The standard approach to this problem is model the speaker using Gaussian mixture 

model. [1, 2, 3, 4, 5] 

 

II. SYSTEM OPERATION   

 

The general approach of ASV consists of five steps: digital speech data acquisition, feature extraction, 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. [6] 
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Fig.1. Generic speaker verification system 

 

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 

 

                           

Fig.2. Block Diagram of 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 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. 
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2.2 Speaker Verification 

The general block diagram of speaker Verification is shown in fig.3. The working of this block is 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. 

 

 

 

     

      

 

 

 

Fig.3. Block Diagram of Speaker Verification 

 

III. SPEAKER RECOGNITION TECHNIQUES 

 

One might wonder what information is needed to classify between genders or to classify the speech of multiple 

speakers. In fact, speech contains a great deal of information that allow the listener to determine both gender and 

speaker identity. In addition, speech can reveal much about the emotional state and age of the speaker. For 

example lie detector system. 

 

3.1 Pitch 

Pitch is the most distinctive difference between male and female speakers. A person’s pitch originates in the 

vocal cords/folds, and the rate at which the vocal folds vibrate is the frequency of the pitch. So, when the vocal 

folds oscillate at 300 times per second, they are said to be producing a pitch of 300 Hz. when the air passing 

through the vocal folds vibrate at the frequency of the pitch, harmonics are also created. The harmonics occur at 

the integer multiples of the pitch and decrease in amplitude at a rate of 12dB per octave-the measure between 

each harmonic. 

The reason pitch differs between sexes in the size, mass and tension of the laryngeal tract which includes the 

vocal folds and the glottis (the space between and behind the vocal folds). Just before the puberty, the 

fundamental frequency, or pitch of the human voice is 250 Hz, and the vocal fold length is about 10.4mm. After 

puberty the human body grows to its full adult size, changing the dimensions of the larynx area. The vocal fold 

length in males increases to about 15-25mm while female’s vocal fold length increases to about 13-15mm. 

These increase in the size correlate to decreased frequencies coming from the vocal folds. In males, the average 

pitch falls between 60 and 120 Hz and the range of a female’s pitch is found between 120 and 200Hz.Females 

have a higher pitch than the males because the size of their larynx is smaller. However, these are not only 

differences between male and female speech patterns. 

 

 

Input Speech Feature 
Extraction 

Similarity Decision 

Threshold 

Speaker ID Reference 
Model (Speech) 

Verification Result 
(Accept/Reject 



 

400 | P a g e  

3.2 Formant Frequencies 

The term formant refers to peaks in the harmonic spectrum of a sound. When sound is emitted from the human 

mouth, it passes through two different systems before it takes its final form the first system is the pitch 

generator, and the next system modulates the pitch harmonics created by the first system. Scientists call first 

system the laryngeal track and the second system the supralaryngeal/ vocal tract. The supralaryngeal tract 

consists of the structures such as the oral cavity, nasal cavity, velum, epiglottis, tongue, etc. When air flows 

through the laryngeal tract, the air vibrates at the pitch frequency formed by the laryngeal tract as mentioned 

above. Then the air flows through the supralaryngeal tract, which begins to reverberate at particular frequencies 

determined by the diameter and the length of the cavities in supralaryngeal tract. These reverberations are called 

“resonances” or “formant frequencies”. In speech, resonances are called formants. So, those harmonics of the 

pitch that are closest to the formants frequencies of vocal tract will be amplified while the others are attenuated. 

 

3.3 Relation to Human Speech 

In human speech, the formants change based on the position of the tongue, jaw, velum and other structures of 

the vocal tract. This is how humans articulate. The relationship between all of the possible formants has to do 

with what vowel is being voiced. There are two principles at play here: (1) each formant has corresponding 

bandwidth, and (2) each formant falls in a known spectral interval of the bandwidth. Because the structure of 

each human’s vocal tract is unique, the formants for each vowel will be unique. However, as principle (2) 

suggests, the formants for individual vowels will be similar among all humans because they must be 

recognizable as a particular sound such as /ae/or/i/. 

 

3.4 The Variable Filter Model 

Since each human’s vocal tract creates different formants for each vowel, we can perceive the vocal tract as a 

variable filter. The input to the filter is the pitch and its harmonics coming from the vocal folds, while the output 

of the filter (perceived sound from the mouth) is the gain of harmonics falling in the formant frequencies. The 

goal of extracting the formant frequencies from the speech signal is estimating this variable filter’s transfer 

function because one human filter will be distinct from others. Which is a better feature of speech: pitch or 

formants? Since we want system that is robust, we must compare the features based on whether or not they are 

robust enough to comply with the following desirable feature characteristics: 

1. Cannot be mimicked or consciously controlled by the speaker 

2. Unaffected by the health problems of the speaker 

3. Independent of the speaking environment 

4. Distinguishable from noise cause by the recording process 

Pitch is good for distinguishing between genders because female pitch is generally higher than male pitch. 

However, it is easily mimicked (consciously controlled by the speaker) which can throw the system off by 

giving a false pitch reading. Another problem with using pitch as a feature is that it can be affected by the health 

conditions and emotional state of the speaker, there by resulting in an inaccurate pitch reading. On the upside, 

pitch can be extracted in presence of electrical noise. Since such noise is high frequency while pitch information 

is low frequency, we can apply a low pass filter to suppress the noise, leaving the pitch intact. 
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Like pitch, formants can help distinguish between the genders because female formants occur at high 

frequencies than males. For example, the average first and second formants for the vowel /u/ in a woman fall at 

370Hz and 950 Hz respectively while man’s falls at 300Hz and 870Hz. The production of nasal sounds, which 

occur when the nasal cavity is used in articulation, yields a distinctive formant structure among the individuals. 

Therefore, formants are more resistant to mimicry than pitch. Overall, formants are best for individual speaker 

and speech recognition. Used together, pitch and formants can give good indication of who is speaking if the 

speaker is healthy and speaking normally.  

 

IV. MEL-FREQUENCY CEPSTRUM COEFFICIENTS PROCESSOR (MFCC): 

 

MFCC is a type of Algorithm I.e. basically used to define relationship between human ear’s critical bandwidth 

with the Frequency [7].This Method is basically used for analyzing and extraction of pitch vectors. The general 

diagrammatic representation of the block diagram of MFCC is shown in fig.4. It consists of frame blocking, 

windowing the FFT of which is calculated resulting in spectrum of frequency, then the spectrum is further 

converted by Mel frequency wrapping and finally the Mel cepsturm is obtained. 

 

 

Fig.4. Block Diagram of the MFCC processor 

Filters spaced linearly at low frequencies and logarithmically at high frequencies have been used to capture the 

phonetically important characteristics of the speech. This is expressed in the Mel frequency scale, which is linear 

frequency spacing below 1000 Hz and a logarithmically spacing above 1000 Hz. The process is explained as 

follows. Block Diagram of the structure of MFCC processor is given in figure 4. The speech input is typically 

recorded at a sampling rate above 10000Hz. This sampling frequency was chosen to minimize the effects of 

aliasing in the Analog to digital conversion [8]. These sampled signals can capture all the Frequencies up to 5 

KHz, which cover the most energy of sounds that are generated by humans. As been discussed the main purpose 

of the MFCC processor is to mimic the behavior of the human ears. In addition, rather than the speech 

waveforms themselves, MFCC’s are shown to be less susceptible to mentioned variations. 

 

4.1 Frame Blocking 

In this step the continuous speech signal is blocked into frames of n samples, with adjacent frames being 

separated by M (M<N). The first frame consists of the first N samples. The second frame begins after the first 

frame, and overlaps by N-M samples. Similarly, the third frame begins 2M samples after the first frame (or M 

samples after the second frame) and overlaps it by N-2M samples. This process continues until all the speech is 

accounted for within one or more frames. Typically values for N and m are N=256(which is equivalent to ~ 

30msec windowing and facilitate the fast radix-2 FFT) and M=100. 
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4.2 Windowing 

The next step in the processing is to window each individual frame so as to minimize the signal discontinuities 

at the beginning and end of each frame. The concept here is to minimize the spectral distortion by using the 

window to taper the signal to zero at the beginning and end of each frame. If we define the window as w(n), 0 ≤  

n  ≤  N-1, where N is the number of samples in each frame, then the result of windowing is the signal. 

       

Typically the Hamming window is used, which has the form   

 

4.3 Fast Fourier Transform (Fft) 

The next processing step is the Fast Fourier Transform, which converts each frame of N samples from the time 

domain to the frequency domain. 

The FFT is a fast algorithm to implement the Discrete Fourier Transform (DFT) which is defined on the set of N 

samples {xn}, as follows: 

 

Note that we use j here to denote the imaginary unit, that is . In general xn’s are complex numbers. The 

resulting sequence  is interpreted as follow: the zero frequency corresponds to n = 0, positive frequencies 0 

< f <Fs / 2 correspond to values 1≤ n ≤ N/2-1, while negative frequencies –Fs /2 < f < 0 correspond to N/2 + 1 ≤ 

n ≤ N-1. Here, Fs denote the sampling frequency. 

The result obtained after the step is often referred to as spectrum or periodogram. 

 

V. FEATURE MATCHING FOR SPEAKER RECOGNITION 

 

 Speaker recognition for speech is further classified to pattern Recognition. The goal of pattern Recognition is to 

extract features from the Speech signal of individual Speaker; it can also be referred as Feature matching this is 

exactly during the training session, we label each input speech with the ID of the speaker (S1 to S8). These 

Patterns comprise the training set and are used to derive the algorithm. The remaining patterns are used to test 

the classification algorithm; these patterns are collectively referred to as the test set. 

 

5.1 Classifications 

Given a sequence of feature vectors representing the given test utterance, it is the job of classifier to find out 

which speaker has produced the utterance. In order to carry out the task, the acoustic models are constructed for 

each of the speaker from its training data. In the classification stage, the sequence of feature vectors representing 

the test utterance is compared with each acoustic model to produce a similarity measure that relates the test 
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utterance with each speaker. Using this measure, the speaker identification system recognizes the identity of the 

speaker. Various types of classifiers have been used for speaker identification. These can be grouped into either 

template or stochastic based classifiers. Template model based classifiers are considered to be the simplest of all 

the classifiers. In the following section GMM is used in modeling and matching. 

 Template matching  

 Dynamic time warping 

 Artificial Neural Network(ANN) 

 Vector Quantization(VQ) 

 Hidden Markov model(HMM) 

 Support Vector Machines(SVM) 

 Gaussian Mixture Model (GMM) 

 

5.2 Gaussian Mixture Modeling 

The GMM can be considered as an extension of the VQ (Vector Quantization) model, in which the clusters are 

overlapping. That is, a feature vector is not assigned to the nearest cluster as in vector quantization, but it has a 

nonzero probability of the originating from each cluster. A GMM is composed of a finite mixture of multivariate 

Gaussian components. There are two reasons for using a GMM to model speakers. First, the individual Gaussian 

components represent some broad acoustic classes that can overlap. Secondly, a Gaussian mixture density is 

shown to provide a smooth approximation of underlying long term sample distribution of observation obtained 

from utterance by a given speaker. Therefore, the GMM approximates arbitrarily-shaped density functions [12]. 

Thus it is able to approximate the distribution to the acoustic classes representing broad phonetic events 

occurring in the speech production (e.g. during the production of vowels, nasals, fricatives etc.) and often 

outperforms other algorithms on the problem of speaker identification [9, 10, 11] 

 

VI. CONCLUSION AND FUTURE WORK 

 

We have revived speaker recognition for classroom attendance using GMM as GMM outperforms other 

algorithm on the problem of speaker identification even though the speaker-dependent data is small, 

probabilistic framework and training methods scalable to large data sets. Future work on this method includes 

applying Noise models. 
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