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___________________________________________________________________________ 

ABSTRACT 

Speaker recognition is the process of automatically recognizing who is speaking on 

the basis of individual information included in speech waves. Speaker recognition is basically 

divided into two-classification: speaker verification and speaker identification .It is the 

method of automatically identify who is speaking on the basis of individual information 

integrated in speech waves. The speaker identification is the process of determining which 

registered speaker provides a given speech. On the other hand, speaker verification is the 

process of rejecting or accepting the identity claim of a speaker.Speaker identificatiton has 

mainly two phases.Feature extraction and Feature matching.For feature extraction,MFCC 

method is used for generating the acoustic vectors.For feature matching,SVM of different 

kernals under various noise level is observed. 

Keywords:Speakerrecognition,speakeridentification,speakerverification,MFCC,SVM,kernals. 

___________________________________________________________________________ 

1.INTRODUCTION 

Speaker recognition has been seen an appealing research field for the last decades 

which still yields a number of unsolved problems. Speaker recognition has two types of 

processes. Speaker verification and speaker identification. In speaker verification, the task is 

to use a speech sample to test whether a person who claims to have produced the speech has 

in fact done so. Speaker identification, the task is to use a speech sample to select the identity 

of the person that produced the speech from among a population of speakers.  

This technique makes it possible to use the speakers’voice to verify their identity and 

control access to services such as voice dialing, banking by telephone, telephone shopping, 

database access services, information services, voice mail, security control for confidential 

information areas, and remote access to computers. Speaker recognition  can be characterized 

as text-dependent or text-independent methods. In text dependent method, the speaker  has to 

say key words or sentences having the same text for both training and recognition trials. 

Whereas, the text independent meaning that the system can identify the speaker regardless of 
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what is being said.This project is a text-dependent speaker identification system in which 

SVM classifier is used with different kernals under various noise levels and also analyzed the 

performance. 

2. SPEAKER IDENTIFICATION  

Speaker identification, the task is to use a speech sample to select the identity of the 

person that produced the speech from among a population of speakers.The figure 2.1 shows  

that the input speech will pass through two major stages in order get the speaker identity, they 

are: 

1- Feature extraction. 

2- Classification and Feature matching. 

                         

 

Figure:2.1 block diagram of speaker identification 

 
2.1.SPEECH FEATURE EXTRACTION  

The purpose of this module is to convert the speech waveform to some type of 

parametric representation (at a considerably lower information rate) for further analysis and 

processing.The speech signal is a slowly timed varying signal (it is called quasi-

stationary).When examined over a sufficiently short period of time (between 5 and 100 

msec), its characteristics are fairly stationary.  However, over long periods of time (on the 

order of 1/5 seconds or more) the signal characteristic change to reflect the different speech 

sounds being spoken.  Therefore, short-time spectral analysis is the most common way to 

characterize the speech signal.Here using the Mel Frequency Cepstral 

Coefficients(MFCC)technique to extract features from the speech signal and compare the 

unknown speaker with the exist speaker in the database. Figure 2.1 shows the complete 

pipeline of Mel Frequency Cepstral Coefficients. 



International Journal of Emerging Trends in Engineering and Development            Issue 3, Vol.1 (January 2013)                                                                                                    

Available online on http://www.rspublication.com/ijeted/ijeted_index.htm                                  ISSN 2249-6149 

 Page 599 
 

 
Figure:2.1 pipeline of mel frequency ceseptral coefficient 

 

2.1.1FRAMING AND BLOCKING 

When the speech signal is examined over a short period of time such as 5 to 100 

milliseconds, the signal is reasonably stationery, and therefore this signals are examine in 

short time segment, short time segments is referred to as a spectral analysis. This means that 

the signal is blocked into 20-30 milliseconds of each frame. And to avoid the loss of any 

information due to windowing adjacent frame is overlap with each other by 30 percent to 50 

percent. The figure 2.2 shows the framing and blocking.As soon as the signal has been 

framed, each frame is multiplied with the window function w(n) with length N. The function 

below we are using is called hamming window functionWhere N = Length of the frame. 

w(n)=0.54-0.46 cos  
2𝜋𝑛

𝑁−1
  ,0,≤ n ≤ N-1 ………………..(1) 

 

 

 

 
 

Figure.2.2: features extraction concept 

2.1.2 CEPSTRUM 

In this project we are using Mel Frequency Cepstral CoefficientMelfrequency 

Cepstral Coefficients are coefficients that represent audio based on perception. These 

coefficients allow better processing of data. In the Mel Frequency Cepstral Coefficients the 
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calculation of the Mel Cepstrum is same as the real Cepstrum except the Mel Cepstrum’s 

frequency scale is warped to keep up a correspondence to the Mel scale.  

In the final step, the log mel spectrum has to be converted back to time. The result is called 

the mel frequency cepstrum coefficients (MFCCs). The cepstral representation of the speech 

spectrum provides a good representation of the local spectral properties of the signal for the 

given frame analysis. Because the mel spectrum coefficients are real numbers(and so are their 

logarithms), they may be converted to the time domain using the Discrete Cosine Transform 

(DCT).  

2.2 FEATURE MATCHING 

 Once you have produced the feature vectors, the next task is classification, that is to  

build a unique  model for each speaker in the database. The speech produced by the speaker 

whose identity is to be recognized, will be compared with all speaker’s models in the 

database. Then, the speaker identity will be determined according to a specific algorithm. 

Furthermore, if there exists some set of patterns that the individual classes of which are 

already known, then one has a problem in supervised pattern recognition.  

The feature matching techniques used in 

speakerrecognitionincludeDynamicTimeWarping(DTW),HiddenMarkovModeling(HMM),Ar

tificialNeuralNetwork(ANN),SVM(supportvector machine) and Vector Quantization (VQ). 

.The figure 5.1 shows the block diagram of feature matching for the speaker identification. 

 

 

figure 2.3:speaker identification 

2.2.1SUPPORT VECTOR MACHINE 

The basic SVM takes a set of input data and predicts, for each given input, which of 

two possible classes forms the output, making it a non-probabilistic binary linear classifier. 

Given a set of training examples, each marked as belonging to one of two categories, an SVM 

training algorithm builds a model that assigns new examples into one category or the other. 

More formally, a support vector machine constructs a hyperplane or set of hyperplanes in a 

high- or infinite-dimensional space, which can be used for classification, regression, or other 

http://en.wikipedia.org/wiki/Probabilistic_logic
http://en.wikipedia.org/wiki/Binary_classifier
http://en.wikipedia.org/wiki/Linear_classifier
http://en.wikipedia.org/wiki/Hyperplane
http://en.wikipedia.org/wiki/High-dimensional_space
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tasks. The figure 2.4 shows the classification of samples from two classes.Intuitively, a good 

separation is achieved by the hyperplane that has the largest distance to the nearest training 

data point of any class (so-called functional margin), since in general the larger the margin 

the lower the generalization error of the classifier. Samples on the margin are called the 

support vectors. 

 

Figure:2.4Maximum-margin hyperplane and margins for an SVM trained with samples from 

two classes. 

2.2.1.1.NONLINEAR CLASSIFICATION 

In this algorithm , every dot product is replaced by a nonlinear kernel function. This 

allows the algorithm to fit the maximum-margin hyperplane in a transformed feature space. 

The transformation may be nonlinear and the transformed space high dimensional; thus 

though the classifier is a hyperplane in the high-dimensional feature space, it may be 

nonlinear in the original input space. 

These methods(for mapping to higher space), referred to as Kernel Methods (KMs), 

are applied by an inner product of a nonlinear mapping function ϕ(x) that exports the data 

from an input space X to a high dimensional feature space Z. This new space is commonly 

known as Hilbert space. The Kernel functions are statistically seen as covariance. They must 

be symmetric functions and positive defined. One can use any operation of transformation as 

a Kernel if it obey the Cover Theorem  about separability of patterns. Furthermore, this 

transformation must be able to express it as a scalar product of vectors in the output space 

(K(xi,  xj)) = ϕ(xi). ϕ(xj) ). 

http://en.wikipedia.org/wiki/Generalization_error
http://en.wikipedia.org/wiki/Dot_product
http://en.wikipedia.org/wiki/Kernel_(integral_operator)
http://en.wikipedia.org/wiki/Feature_space
http://en.wikipedia.org/wiki/File:Svm_max_sep_hyperplane_with_margin.png
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The Mercer's condition  is used to prove it. Any Kernel that obey those conditions can 

beused in the training by substitute all the xi.xj for K(xi,  xj). 

Some kernels which are commonly used are 

1) Polynomial kernel: 

K(xa,xb) = (xa.xb + 1)
p
 

Where p is a tunable parameter, which varies from 1 to 10. 

2) Gaussian RBF kernel: 

K(xa,xb) = exp −
 𝑥𝑎− 𝑥𝑏 2

2𝜎2   

where 𝜎  is a tunable parameter. Using this kernel results in classifier  

f(x) = sign   𝛼𝑖𝑖 𝑦𝑖  exp  −
 𝑥− 𝑥𝑖 

2

2𝜎2  +  𝑏  

which is the radial basis function, with the support vectors as centres. So, here SVM was used 

to find the number of centers to form the RBF network with the highest expected 

generalization performance. 

In many applications, the data is not linearly separable and it is not possible to obtain 

proper classification results using a linear SVM. In these cases the definition of a suitable 

mapping function ϕ: R
n
       R

n+
 (where n

+ 
> n) to transform the input data to a high 

dimensional feature space where the data is linearly separable is needed. Afterwards, a linear 

SVM is applied in this new space to find the separating hyperplane. 

3.SIMULATION AND IMPLEMENTATION RESULTS 

Here,I consider 2 different speakers saying 4 different words. The samples are saved in 

Matlab work folder .Total 8 of the samples were taken.We have two folders, TRAIN and 

TEST.Train folder contains 2 speech samples ie,S1_01.WAV and S2_01.Wav. Here,S1 and 

S2 are the two different speakers.Test folder contains 8 files, named: p1_01.WAV, 

p1_02.WAV, …, p1_04.WAV (samples from the speaker1) and p2_01.WAV, p2_02.WAV, 

…, p2_04.WAV( samples from the speaker 2); each is labeled after the ID of the speaker.  

These files were recorded in Microsoft WAV format. The  task is to train a voice model for 

each speaker S1 ,S2 using the corresponding sound file in the TRAIN folder. After this 

training step, the system would have knowledge of the voice characteristic of each (known) 

speaker. Next, in the testing phase, the system will be able to identify the (assumed unknown) 

speakers of each sound file in the TEST folder.Here, only one SVM is used to classify the 

two speakers. The SVM function in the Matlab is svmstuct .Noise is added to the mfcc 

coefficients.and for this particular recognition,SVM of different kernals are used to measure 

the performance under various noise levels ie from -40 db to 40 db. 
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4.CONCLUSION  
 The results obtained in this project using MFCC,and the classifier SVM is applaudable.Here 

I use MFCCs because they follow the human ear’s response to the sound signals.  Under 

various SNR levels,I could check the accuracy of the classifier SVM,having different kernals. 

Speech may vary over a period of 2-3 years. So the training sessions have to be repeated so as 

to update the speaker specific  database. 

Finally I conclude that although the project has certain limitations, its performance and 

efficiency have outshined these limitations at large. 
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