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Abstract

In this report, a text-independent speaker identification system is introduced. The well known  Mel Frequency Cepstral coefficients {MFCC’s} have been used for feature extraction and vector quantization technique is used to minimize the amount of data to be handled. The extracted speech features {MFCC’s} of a speaker is quantized to a number of centroids using the K-mean algorithm. And these centroids constitute the codebook of that speaker. MFCC’s are calculated in both training and testing phase. Speakers uttered different words, once in a training session and once in a testing session later. The speaker is identified according to the minimum quantization distance which is calculated between the centroids of each speaker in training phase and the MFCC’s of individual speaker in testing phase. The code is developed in Matlab environment and performs the identification satisfactorily.
Introduction
Speaker recognition has been an interesting research field for the last decades, which still yields a number of unsolved problems.
Speaker recognition is basically divided into speaker identification and speaker verification. Speaker identification is the process of determining which registered speaker provides the speech input, while verification is the task of automatically determining if a person really is the person he or she claims to be.  Speaker recognition is widely applicable in use of speaker’s voice to verify their identity and control access to services such as banking by telephone, database access services, voice dialing telephone shopping, information services, voice mail. Another important application of speaker recognition technology is for forensic purposes.

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 what is being said. 
The goal of our project is a real time text-independent speaker identification, which consists of comparing a speech signal from an unknown speaker to a database of known speakers. The system will operates in two modes: A training mode, a recognition mode. The training mode will allow the user to record voice and make a feature model of that voice. The recognition mode will use the information that the user has provided in the training mode and attempt to isolate and identify the speaker.
The Mel Frequency Cepstral Coefficients and the Vector Quantization algorithms are used to implement the project using the programming language Matlab.
Chapter One
Principles Of Speaker Recognition 

1. Speaker recognition

Speaker recognition is the process of automatically recognizing who is speaking by using the speaker-specific information included in speech waves to verify identities being claimed by people accessing systems; By checking the voice characteristics of utterance, this system makes it possible to authenticate their identity and control access to services. This will add extra level of security to any system [1].
Speaker recognition or voiceprint recognition is an application based on physiological and behavioral characteristics of the speaker’s voice. Speaker recognition takes care of  the unique features of speech are analyzed to identify the speaker, these 

unique features will be extracted and converted to digital symbols, and then these

symbols are stored as that person's character template. This template is stored in a

computer database. User authentication is processed inside the recognition system to identify matching or not. 

We must mention here that speaker recognition is different from speech recognition; where the mission is to recognize the speech ( what is being said), while in speaker recognition the mission is to recognize or identify the speaker using his voice.

1.1  Elementary Concepts and Terminologies :

The most common characterization of automatic speaker recognition is the division into two different tasks: speaker identification and speaker verification tasks, and  Text dependent and text independent tasks.

1. Identification and Verification Tasks :-

- Speaker Identification: Given a known set of speakers, the identities of the input voice can be told. The task of the system is to find out which of the training speakers made the test utterance. so, the out put of the system is the name of the training speaker , or possibly a rejection if the  utterance has been made by an un known person. on the other hand, identification is the task of determining an unknown speakers identity, we can say it is a 1:N match where the voice compared against N templates .
- Speaker Verification : The verification task, or 1:1 matching, consists of making a decision whether a given voice sample is produced by a claimed speaker. An identity claim (e.g., a PIN code) is given to the system, and the unknown speaker’s voice sample is compared against the claimed speaker’s voice template. If the similarity degree between the voice sample and the template exceeds a predefined decision threshold, the speaker is accepted, and otherwise rejected. (the expected result is a yes or no decision).  
The verification system answers the question :" Are you who you claim to be ?" 

Most applications in which a voice is used as the key to confirm the identity of a speaker are classified as speaker verification. 

*** The identification and verification tasks: identification task is generally considered more difficult. This is intuitive: when the number of registered speakers increases, the probability of an incorrect decision increases. The performance of the verification task is not, at least in theory, affected by the population size since only two speakers are compared.
Open and Closed-Set Identification  :- ( these terms refer to the set of trained speakers of the system )
Speaker identification task is further classified into open- and closed-set tasks.

If the target speaker is assumed to be one of the registered speakers, the recognition task is a "closed-set" problem. 

If there is a possibility that the target speaker is none of the registered speakers, the task is called an "open set " problem. 

 In general, the open-set problem is much more challenging. In the closed-set task, the system makes a forced decision simply by choosing the best matching speaker from the speaker database - no matter how poor this speaker matches. However, in the case of open-set identification, the system must have a predefined tolerance level so that the similarity degree between the unknown speaker and the best matching speaker is within this tolerance. In this way, the verification task can be seen as a special case of the open-set identification task, with only one speaker in the database (N = 1).

2. Text Dependent and Text Independent Tasks :-

According to the dependency of text, there are two kinds of input voice :-

Text-dependent (fixed password ):
The utterance presented to the recognizer is known beforehand. It is based on the assumption that the speaker is cooperative. This is the one that easier to implement, and with higher accuracy.
Text-independent ( non specified password ):

In this condition, the content of speech is unknown. In other words, no assumptions about the text being spoken is made. This is the one that harder to implement, but with higher flexibility.

Both text-dependent and independent methods have one serious weakness. These systems can be easily beaten because anyone who plays back the recorded voice of a registered speaker saying the key words or sentences can be accepted as the registered speaker. To cope with this problem, there are methods in which a small set of words, such as digits, are used as key words and each user is prompted to utter a given sequence of key words that is randomly chosen every time the system is used. Yet even this method is not completely reliable, since it can be deceived with advanced electronic recording equipment that can reproduce key words in a requested order. 

Therefore, to counter this problem, a text-prompted speaker recognition method has recently been proposed.
In text-dependent speaker verification, the pass phrase presented to the system is either the same always, or alternatively, it can be different for every verification session. In the latter case, the system selects randomly a pass phrase from its database and the user is prompted to utter this phrase. In principle, the pass phrase can be stored as a whole word/utterance template, but a more flexible way is to form it online by concatenating different words (or other units such as diphones). This task is called text-prompted speaker verification. The advantage of text prompting is that a possible intruder cannot know beforehand what the phrase will be, and playback of pre-recorded speech becomes difficult. Furthermore, the system can be made the user to utter the pass phrase within a short time interval, which makes the intruder harder to use a device or software that synthesizes the customer’s voice. 

This project will carry the title " text-independent speaker identification system". 

1.2 Applications Of  Speaker Identification
There are about three areas where speaker identification techniques can be of use. These are : authentication, surveillance and forensic speaker recognition.
 a-Speaker Recognition for Authentication 
Speaker recognition for authentication allows the users to identify themselves using nothing but their voices. This can be much more convenient than traditional means of authentication which require to carry a key with you or remember a PIN. There are a few distinct concepts of using the human voice for authentication, i.e. there are different kinds of speaker recognition systems for authentication purposes.
Banking application is an example: over the phone which is handled by an automatic dialog system, it may be necessary to provide account information of the caller. The speech recognition part of the system first recognizes the number that has been specified. The same speech signal is then used by the speaker authentication part of the system to check if the biometric template of the account holder matches the voice characteristics.
b-Speaker Recognition for Surveillance 
Security agencies have several means of collecting information. One of these is electronic eavesdropping of telephone and radio conversations. As this results in high quantities of data, filter mechanisms must be applied in order to find the relevant information.
c- Forensic Speaker Recognition
Proving the identity of a recorded voice can help to convict a criminal or discharge an innocent in court. Although this task is probably not performed by a completely automatic speaker recognition system, signal processing techniques can be of use in this field nevertheless.

1.3 System Overview
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Figure 1.1 : Schematic diagram of the closed-set speaker identification system.
Referring to the diagram above, you can see that the input speech will pass through two major stages in order to get the speaker identity, they are:
1- Feature extraction.

2- Classification and Feature matching.
Chapter Two
Feature Extraction

2. Feature Extraction
feature extraction is a special form of dimensionality reduction, and here in our project we need to do dimensionality reduction for the input speech ; we will do that by extracting a specific features from the speech, these features carry the characteristics of the speech which are different from one speaker to another, so these features will play the major role in our project , as our mission is to identify the speaker and make a decision that highly depends on how much we were successful in extracting a useful information  from the speech in a way enables our system to differentiate between speakers  and identify them according to their features…

 So let us focus a little at these features and see :  what are they represent, what the specific characteristics they should carry , what the algorithms that we can use to extract them.

What are they represent ?

***What do you want to extract from the input speech ??

· Feature vectors.. 

***what these feature vectors represent ??

· Formants which carry the identity of the speech.

*** What are the formants ??

To identify these formants here a brief discussion to the speech production in the human body is given:

The three main cavities of the speech production system are nasal, oral, and pharyngeal forming the main acoustic filter, The form and shape of the vocal and nasal tracts change continuously with time, creating an acoustic filter with time-varying frequency response. As air from the lungs travels through the tracts, the frequency spectrum is shaped by the frequency selectivity of these tracts. The resonance frequencies of the vocal tract tube are called formant frequencies or simply formants. which depend on the shape and dimensions of the vocal tract. The speed by which the cords open and close is unique for each individual and define the feature and personality of the particular voice [2].
So ;
- we want to extract  these formants (the amplitudes of the speech wave form )
 and a smooth curve connecting them (the envelope of the speech waveform)[2].
the following figure shows the formants and the envelope connected them.
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Figure 2.1 :The envelop connecting the formants.
What are the specific characteristics they should carry?
· Easily measurable.

· Vary much as possible among the speakers, but be consistent within each speaker.

· Not change over time or be affected by the speaker's health.

· Not be affected by background noise nor depend on the specific transmission medium.

· Not be modifiable by concious effort of the speaker or at least, be unlikely to affected by attempts to disguise the voice.

· Occur naturally and frequently in speech.

What are the algorithms that we can use to extract them? 

Several feature extraction algorithms are used to this task such as ; linear predictive coefficients (LPC), linear predictive cpestral coefficients (LPCC), mel frequency cpestral coefficients (MFCC) , and human factor cpestral coefficient (HFCC). [3] 
We used the (mfcc) algorithm to extract the features, we choose it for the following reasons :

1.one of the most important features, which is required among various kinds of speech applications.
2.shows high accuracy results for clean speech .
3 . they can be regarded as the "standard" features in speaker as well as speech recognition. However, experiments show that the parameterization of the MFC coefficients which is best for discriminating speakers is different from the one usually used for speech recognition applications.

4. The most common algorithm that used for speaker recognition system. 

2.1 Inside the MFCC algorithm 

This is the block diagram for the feature extraction  processes applying mfcc algorithm : 
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Figure 2.2 :  MFCC  Flow diagram
2.2 Preprocessing
To enhance the accuracy and efficiency of the extraction processes, speech signals are normally pre-processed before features are extracted. Speech signal pre-processing  covers digital filtering and speech signal detection. Filtering includes pre-emphasis filter and filtering out any surrounding noise using several algorithms of digital filtering.
Pre-emphasis filter :
In general, the digitized speech waveform has a high dynamic range and suffers from additive noise. In order to reduce this range, pre-emphasis is applied. This pre-emphasis is done by using a first-order FIR high-pass filter. 

In the time domain, with input x[n] and 0.9 ≤ a ≤ 1.0, the filter equation
y[n] = x[n]−a . x[n−1].
And the transfer function of the FIR filter in z-domain is:
H ( Z ) = 1 − α . z − 1 , 0.9 ≤ α ≤ 1.0
Where α is the pre-emphasis parameter.
The pre-emphasizer is implemented as a fixed coefficient filter or as an adaptive one, where the coefficient a is adjusted with time according to the auto-correlation values
of the speech. 

The aim of this stage is to boost the amount of energy in the high frequencies. The drop in energy across frequencies (which is called spectral tilt) is caused by the nature of the glottal pulse. Boosting the high frequency energy makes information from these higher formants available to the acoustic model. The pre-emphasis filter is applied on the input signal before windowing.

2.3 Framing and windowing
first we split the signal up into several frames such that we are analyzing each frame in the short time instead of analyzing the entire signal at once, at the range (10-30) ms the speech signal is for the most part stationary [4].

Also an overlapping is applied to frames. Here we will have something called the Hop Size. In most cases half of the frame size is used for the hop size. ( Look  at the figure (2.3) shown below, it represent what the frame and hop sizes are.) The reason for this is because on each individual frame, we will also be applying a hamming window which will get rid of some of the information at the beginning and end of each frame. Overlapping will then reincorporate this information back into our extracted features. 
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Figure 2.3: Framing and windowing.
Windowing 

It is necessary to work with short term or frames of the signal. This is to select a portion of the signal that can reasonably be assumed stationary. Windowing is performed to avoid unnatural discontinuities in the speech segment and distortion in the underlying spectrum [4][5]. The choice of the window is a trade off between several factors. In speaker recognition, the most commonly used window shape is the hamming window [6].

The multiplication of the speech wave by the window function has two effects :- 

1-It gradually attenuates the amplitude at both ends of extraction interval to prevent an abrupt change at the endpoints .                                                                                                 2-It produces the convolution for the Fourier transform of the window function and the speech spectrum .

Actually there are many types of windows such as : Rectangular window  ,  Hamming window ,  Hann window , Cosine window , Lanczos window , Bartlett window (zero valued end-points) , Triangular window (non-zero end-points) , Gauss windows …….

we used hamming window the most common one that being used in speaker recognition system.

The hamming window WH(n)  , defined as [6] :-
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The use for hamming windows is due to the fact that mfcc  will be used which involves the frequency domain(hamming windows will decrease the possibility of high frequency components in each frame due to such abrupt slicing of the signal).
2.4 Fast  Fourier Transform
To convert  the signal from time domain to frequency domain preparing to the next stage ( mel frequency  wrapping ). 

The basis of performing fourier transform is to convert the convolution of the glottal pulse and the vocal tract impulse response in the time domain into multiplication in the frequency domain [6][7].
Spectral analysis shows that different timbres in speech signals corresponds to different energy distribution over frequencies. Therefore we usually perform FFT to obtain the magnitude frequency response of each frame. 

When we perform FFT on a frame, we assume that the signal within a frame is periodic, and continuous when wrapping around. If this is not the case, we can still perform FFT but the in continuity at the frame's first and last points is likely to introduce undesirable effects in the frequency response. To deal with this problem, we have two strategies: 

· Multiply each frame by a Hamming window to increase its continuity at the first and last points. 

· Take a frame of a variable size such that it always contains an integer multiple number of the fundamental periods of the speech signal. 

The second strategy encounters difficulty in practice since the identification of the fundamental period is not a trivial problem. Moreover, unvoiced sounds do not have a fundamental period at all. Consequently, we usually adopt the first strategy to multiply the frame by a Hamming window before performing FFT (as mentioned before).

2.5 Mel-scaled filter bank
· The mel scale
The speech signal consists of tones with different frequencies. For each tone with an actual Frequency, f, measured in Hz, a subjective pitch is measured on the ‘Mel’ scale. The mel-frequency scale is a linear frequency spacing below 1000Hz and a logarithmic spacing above 1000Hz.
we can use the following formula to compute the mels for a given frequency f in Hz:
mel(f)= 2595*log10(1+f/700) [7].
One approach to simulating the subjective spectrum is to use a filter bank, one filter for each desired Mel frequency component. The filter bank has a triangular band pass frequency response, and the spacing as well as the bandwidth is determined by a constant mel-frequency interval.
· Mel frequency analysis

· Mel-Frequency analysis of speech is based on human perception experiments.
· Human ears, for frequencies lower than 1 kHz, hears tones with a linear scale instead of logarithmic scale for the frequencies higher than 1 kHz.
      -     The information carried by low frequency components of the speech signal is                                                                  more important compared to the high frequency components. In order to place more emphasize on the low frequency components, mel scaling is performed.
      -    Mel filterbanks are non-uniformly spaced on the frequency axis, so we have more filters in the low frequency regions and  less number of filters in high frequency regions [2].
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Figure 2.4: Filter banks
So after having the spectrum ( fft for the windowed signal ) we applied mel filter banks , the signal processed in such away like that of human ear response:
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Where :

S(l) :Mel spectrum.

S(K) :Original spectrum.

M(K) :Mel filterbank.
L=0 ,1 , ................, L-1 , Where L is the total number of mel filterbanks

N/2 = Half  FFT size.

 Now, we will move to the next stage to have the cpestrum or the mel frequency cpestrum  coefficients
2.6 Cepstrum
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).
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Figure 2.5: Mel Cepstrum Coefficients.
Since the speech signal  represented as a convolution between slowly varying vocal tract impulse response (filter) and quickly varying glottal pulse (source), so, the speech spectrum consists of the spectral envelop(low frequency) and the spectral details(high frequency).
Now, our goal is to separate the spectral envelope and spectral details from the spectrum. 
It is known that the logarithm has the effect of changing multiplication into addition. Therefore we can simply converts the multiplication of the magnitude of the fourier transform into addition.

Then, by taking the inverse FFT or DCT  of the logarithm of the magnitude spectrum, the glottal pulse and the impulse response can be separated.

We will use DCT,, Why DCT ?
The signal is real ( we took the magnitude) with mirror symmetry. 
The IFFT needs  complex arithmetic, the DCT does not.
The DCT implements the same function as the FFT more efficiently by taking advantage of the redundancy in a real signal.

The DCT is more efficient computationally.

The MFCCs may be calculated using this equation [8] :
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The number of mel cepstrum coefficients, K, is typically chosen as (10-15). The first component, c~0 , is excluded from the DCT since it represents the mean value of the input signal which carries little speaker specific information. Since the log power spectrum is real and symmetric, inverse FFT reduces to a Discrete Cosine Transform (DCT). By applying the procedure described above, for each speech frame of about 30 ms with overlap, a set of mel-frequency cepstrum coefficients is computed. This set of coefficients is called an acoustic vector. 
These acoustic vectors can be used to represent and recognize the voice characteristic of the speaker [8]. Therefore each input utterance is transformed into a sequence of acoustic vectors. The next section describes how these acoustic vectors can be used to represent and recognize the voice characteristic of a speaker.
At the end of mfcc :
After the previous discussion we set the following to implement the mfcc algorithm:
1-pre-mphasis.
2-framing with frame size=256 sample.

3- Windowing by multiplying each frame with hamming window.

4-Using 40 mel filterbanks.

5-Extracting 12 mfc coefficients for each frame.
Chapter Three
Classification and 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.
3. Classification Methods 

There are two major types of models for classification : stochastic models (parametric) and template models (non-parametric) [9][10]. 
In stochastic models, the pattern matching is probabilistic (evaluating probabilities)   and results in a measure of the likelihood, or conditional probability, of the observation given the model. Here, a  certain type of distribution is fitted to the training data by searching the parameters of the distribution that maximize some criterion. 
Stochastic models provide more flexibility and better results. It includes : Gaussian mixture model (GMM), Hidden Markov Model (HMM) and  Artificial Neural Network (ANN), also linear classifier .
For template models, the pattern matching is deterministic (evaluating distances). This approach makes minimal assumptions about the distribution of the features.
Template models are considered to be the simplest ones. It includes : Dynamic Time Warping (DTW) and Vector Quantization (VQ) models . 

*** In regard to the choice of the classification method, the kind of application of the speaker recognition system is crucial. For text dependent recognition, dynamic time warping or hidden markov models are appropriate. For text independent recognition, vector quantization or the more advanced Gaussian mixture models are used most often.
In this project, we chose to use vector quantization approach due to it’s ease of implementation.

3.1 Vector Quantization

Speaker recognition is the task of comparing an unknown speaker with a set of known speakers in a database and find the best matching speaker. Ideally, storing as much data obtained from feature extraction techniques is advised to ensure a high degree of accuracy, but realistically this cannot be achieved. The number of feature vectors would be so large that storing every single vector  that generate from the training mode is impossible [11].

Vector Quantization is a quantization technique used to compress the information and manipulate the data such in a way to maintain the most prominent characteristics. VQ is used in many applications such as data compression (i.e. image and voice compression), voice recognition, etc.

VQ in its application in speaker recognition technology assists by creating a classification system for each speaker. It is a process of taking a large set of feature vectors and producing a smaller set of measure vectors that represents the centroids of the distribution.   
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Figure 3.1 : The vectors generated from training before VQ.
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Figure 3.2 :  The representative feature vectors resulted after VQ.

The technique of VQ consists of extracting a small number of representative feature vectors as an efficient means of characterizing the speaker specific features.

3.2 Speaker Database 

The first step is to build a speaker-database Cdatabase = { C1 , C2 , …. , CN} consisting of N codebooks, one for each speaker in the database. This is done by first converting the raw input signal into a sequence of feature vectors X={x1, x2, …. , xT}. These feature vectors are clustered into a set of M codewords C={c1, c2, …. , cM}. The set of codewords is called a codebook [11]. 

The clustering is done by a clustering algorithm. There are number of algorithms for codebook generation such as :K-means algorithm or Generalized Lioyd algorithm (GLA) which is also known as  Linde-Buzo-Gray algorithm according to its inventors, Self Organizing Maps (SOM), Pair wise Nearest Neighbor (PNN), etc.

In this project, we are using the K-means algorithm since it is the most popular, simplest  and the easiest one to implement.

3.3 K-means 

The K-means algorithm partitions the T feature vectors into M centroids. The algorithm first randomly chooses M cluster-centroids among the T feature vectors. Then each feature vector is assigned to the nearest centroid, and the new centroids are calculated for the new clustres. This procedure is continued until a stopping criterion is met, that is the mean square error between the feature vectors and the cluster-centroids is below a certain threshold or there is no more change in the cluster-center assignment [12][13][14].

In other words, the objective of the K-means is to minimize total intra-cluster variance, V

 [image: image13.emf]
where there are k clusters Si, i = 1,2,...,k and μi is the centroid or mean point of all the points.

Clusters in the K-means algorithm :
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Figure 3.3 : 8-Clusters  in the K-means algorithm (number of centriods = 8).
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Figure 3.4 : 2-Clusters  in the K-means algorithm (number of centroids = 2).

Please note that  these are only two dimensional plots , fifth and six dimensions. The actual vector contains 12 dimensions.

It is obvious that clustering is more clear in case of two clusters.

In short, the K-means algorithm will do the three steps below until convergence:

Iterate until stable (= no object move group):

1. Determine the centroid coordinate.
2. Determine the distance of each object to the centroids.
3. Group the object based on minimum distance (find the closest centroid).
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Figure 3.5 : Flow diagram of the K-means algorithm.
3.4 Feature  Matching
In the recognition phase an unknown speaker, represented by a sequence of feature vectors {x1,x2,….,xT}, is compared with the codebooks in the database. For each codebook a distortion measure is computed, and the speaker with the lowest distortion is chosen, 
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One way to define the distortion measure, which is the sum of squared distances between

vector and its representative (centroid), is to use the average of the Euclidean distances:
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 The well known distance measures are Euclidean, city distance, weighted Euclidean and Mahalanobis. We use Euclidean distance in our work.
Where cmin denotes the nearest codeword xt in the codebook Ci and  d(.) is the Euclidean distance. Thus, each feature vector in the sequence X is compared with all the codebooks, and the codebook with the minimized average distance is chosen to be the best. 

The formula used to calculate the Euclidean distance  [15] can be defined as following:

The Euclidean distance between two points P = (p1, p2…pn) and Q = (q1, q2...qn),

[image: image19.emf]
The speaker with the lowest distortion distance is chosen to be identified as the

unknown person.
3.5 Real Time Speaker Identification Modes

The system operates in two modes :

1- Enrollment mode.

2- Recognition mode.

In the enrollment mode, a new speaker (with known identity) is enrolled into the system’s database. 

First, the user has to be enrolled to the system. His voice characteristics must be entered to the database in order the system could perform identification process on that person. This enrollment process sometimes is called training phase. 
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Figure 3.6: training phase of speaker identification system.

In the recognition mode, an unknown speaker gives a speech input and the system makes a decision about the speaker’s identity.


[image: image21]
Figure 3.7 : testing phase of speaker identification system.

Chapter Four
Results

4. Data Description
The methods presented above have been tested using the ELSDSR (English Language Speech Database for Speaker Recognition). The database consists of 20 speakers, where of 10 are female and 10 are male, and the ages span from 24 to 63 years. 20 of the speakers are Danish natives, 1 Icelandic and 1 Canadian. The data is divided into two parts, i.e. a training part, with sentences made to attempt to capture all the possible pronunciation of English language, which includes the vowels, consonants and diphthongs, and a test set of random sentences. The training set consists of seven paragraphs, which include 11 sentences; and forty-four sentences for test. Shortly there are 154 (7*22) utterances in the training set; and for the test set, 44 (2*22) utterances are provided.
In order to evaluate  the performance of the system as a real time application ,another database is selected from our environment. It consists of 10 speakers ,5 female and 5 male, their ages are about 23 years old. The training and testing sessions were made in our communication lab. environment. Training set consists of 30 seconds speech utterance, where the testing sessions were done using three different test shot lengths.

Experimental Results :
4.1 The Output of  The System 
 The output of the system is shown in the following table as an example. We see that the diagonal element has the minimum VQ distance value in their respective row. It indicates sp1 matches with sp1, sp2 matches with sp2 and so on.
	
	Sp1
	Sp2
	Sp3
	Sp4
	Sp5
	Sp6
	Sp7
	Sp8
	Sp9
	Sp10

	Sp1
	10.7492
	13.2712
	17.8646
	14.7885
	13.2859
	14.5908
	11.7832
	13.9742
	13.1642
	14.3965

	Sp2
	13.2364
	10.2740
	13.2884
	11.7941
	14.0461
	12.8481
	12.5085
	15.5374
	13.0387
	12.9551

	Sp3
	17.5438
	16.1177
	11.9029
	16.2916
	17.7199
	15.9111
	15.0570
	16.0830
	14.4826
	15.6310

	Sp4
	16.1360
	13.7095
	15.5633
	11.7528
	16.7327
	17.3584
	15.1299
	16.3173
	15.6697
	15.4409

	Sp5
	14.9324
	15.7028
	17.2842
	17.8917
	12.3504
	15.9939
	16.0937
	16.0695
	16.2761
	18.6277

	Sp6
	14.4382
	14.9297
	17.6459
	17.0741
	15.5864
	12.9916
	13.7180
	14.5002
	15.1959
	13.9710

	Sp7
	11.4318
	11.8361
	13.7761
	14.0514
	13.4096
	14.0361
	9.6654
	13.7376
	12.5876
	12.4547

	Sp8
	15.4243
	17.5732
	15.9620
	17.6254
	18.0332
	16.5725
	14.9727
	12.8708
	15.4718
	17.5067

	Sp9
	13.6086
	16.2934
	16.5703
	16.4286
	14.9871
	17.8278
	15.2271
	14.7809
	12.8049
	15.7883

	S10
	11.5412
	11.4971
	12.9072
	12.6089
	13.8433
	12.8129
	11.3083
	12.6154
	11.0925
	8.6580


Table 4.1 : An example of the experimental results
for text independent identification system with 12MFCC and 29 filter-banks.

The Codebook size is 64.

From the above table we can say that our system identifies the speaker according to the theory : “ the most likely speaker’s voice should have the smallest Euclidean distance compared to the codebooks in the database”.

NOTE :

The following figures supports that our system identifies the speaker on the basis of the speaker voice characteristics regardless the uttered text.

Four different utterances for the same speaker.
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You can see that although the speaker said different utterances ; but the shape of the envelope containing the coefficients in general looks the  same.

This supports the idea that our system recognize the speaker regardless what he/she said.
The same utterance by four different speakers.
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Here, the shape is different from one speaker to another, its unique for each speaker.

 4.2  The effect of the codebook size on the identification rate.
- The codebook size increments are powers of 2. 

	Number of centroids (C)
	Identification rate (%)

	2
	84.375

	8
	95

	16
	98.75

	64
	98.75

	256
	98.75


Table 4.2: Codebook size Vs. Identification rate.
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Figure 4.1 : Codebook size Vs. Identification rate.

With 12 MFCC and 29 filter-banks.

From the table shown above, it is obvious that increasing the number of centroids results in increasing the identification rate, but the computational time will also increase.

 4.3  The effect of changing the codebook size on the VQ distortion.

The distortion measures for the test speech sample FEAB_Sr5.wav are shown below .This particular speech sample has shown, during our different tests, to be the most difficult to recognize correct. 
	Codebook Size
	Matching Score (VQ distortion)

	
	FEAB_Sg
	FAML_Sg
	FUAN_Sg

	2
	11.7586
	11.6231
	12.8423

	8
	7.3505
	7.2036
	8.4434

	16
	6.0729
	6.3270
	7.8537

	64
	4.7355
	5.4340
	6.1455

	128
	4.3743
	4.9286
	5.5482

	256
	3.9332
	4.6317
	4.9283


Table 4.3: Matching score for different codebook sizes.
From the above numbers, we can see that the matching score (Euclidean distance) for the same speaker is decreased as the codebook size increased.

We can explain this by the following; as we increase the number of centroids, this means that the number of clusters will increase, so each cluster will contain less number of feature vectors. As a result, the average vector for each cluster will be with less amplitude’s values. So the difference terms in the Euclidean distance will have less values. Therefore, the distance will decrease
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Figure 4.2 : The distortion measure for test speech sample FEAB_Sr5 as a function of the codebook size.
With 12 MFCC and 29 filter-banks.
4.4  MFCC Parameters:
The main parameters which may affect the identification rate for the system are : 
1- The number of the MFCC coefficients.

	No. of MFC coefficients
	ID rate (%)

	5
	76%

	12
	91%

	20
	91%


Table 4.4 : Identification rate as a function of the number of the MFC coefficients.
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Figure 4.3 : Identification rate as a function of the number of the MFC coefficients.
Using 29 filter and a codebook size of 64.

Increasing the number of mel frequency cepstral coefficients results in improving the identification rate on the expense of the computational time. MFC coefficients are typically in the range (12-15).
2- The number of filter-banks.
To investigate the effect of changing the number of filters in the filter-bank on the identification rate, we made our test using all the test speakers for different values of the filter-banks and calculate the identification rate for each value. We got the following results:  

· Number of filter-banks Vs. distortion measure.

We noticed that increasing number of filters results in increasing the distortion measure (Euclidean distance between the test utterance and the speakers models in database). Increasing number of filter banks means taking more data from the input speech, results in increasing the number of terms in the Euclidean distance, and so the distortion measure  will increase.

The following figure shows how the distortion measure can be varied with changing number of filters, for five different speakers using the test speech sample ‘MMNA_Sr16.wav’.
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Figure 4.4 : Distortion measure as a function of number of the filter-banks.

Using a codebook size of 64 and 12 MFCC.
· Number of filter-banks Vs. identification rate.
	Number of Filter-banks
	Identification Rate

	12
	18.75%

	16
	63.75%

	20
	90.625%

	29
	98.75%

	36
	99.375%

	40
	100%


Table 4.5: Identification rate for different values of the filter-banks.
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Figure 4.5 : Performance evaluation as a function of number of the filter-banks.
With 12 MFCC, and a codebook size of 64.

It is obvious that number of the filter-banks plays a major role for the purpose of improving the recognition accuracy. From the figure, we can see that it was possible to obtain 100% identification rate using 40 filter-banks with a codebook size of 64.

4.5  The performance of the system on different test shot lengths.

To study the performance of different test shot lengths, three tests were conducted using all test speakers uttering the same test speech sample with three different lengths. We chose the shorter test shots to start after 2s in order to avoid the silent periods in the beginning of the recordings. And the results were as the following :

	Test speech length
	Identification rate

	Full test shots
	95%

	2s shot
	85%

	0.2s shot
	60%


Table 4.6 : Identification rate for different test shot lengths.
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Figure 4.6 : Identification rate Vs. test speech sample length.

Note that, perfect identification could be achieved using the whole test shots. So, we conclude that the performance of the VQ analysis is highly dependent on the length of the voice file which is operated upon.

*** In the case of our data, using a database of 10 speakers, we got the following results :
-For the test shot with 5(sec)  , the identification rate was 80%.
-For the test shot with 14(sec) ,  the identification rate was 93%.

-For the test shot with 25(sec) ,  the identification rate was 98%.
Conclusion
The goal of this project was to implement a text-independent speaker identification system.
The feature extraction is done using Mel Frequency Cepstral Coefficients {MFCC} and the speakers was modeled using Vector Quantization technique. Using the extracted features a codebook from each speaker was build clustering the feature vectors using the K-means algorithm. Codebooks from all the speakers was collected in a database. A distortion measure based on minimizing the Euclidean distance was used when matching the unknown speaker with the speaker database.
The study reveals that as the  number of centroids increases, the identification rate of the system increases. Also, the number of centroids has to be increased as the number of speakers increases. The study shows that as the number of filters in the filter-bank increases, the identification rate increases. The experiments conducted using ELSDSR database, showed that it was possible to achieve 100% identification rate when using 40 filters with full training sets and full test shots. Our experiments in  the communication lab. environment showed that reducing the test shot lengths reduced the recognition accuracy. In order to obtain satisfactory result for real time application, the test data usually needs to be more than ten seconds long.

All in all, during this project we have found that VQ based clustering is an efficient and simple way to do speaker identification. Our system is 98%  accurate in identifying the correct speaker when using 30 seconds for training session and several ten seconds long for testing session.
Challenges and Possible Future Developments
There are a number of ways that this project could be extended, these are  a few:

- A statistical approach such as HMM or GMM could be used for speaker modeling instead of vector quantization technique in order to improve the efficiency of the system.

- The system could be improved so that it can works satisfactorily in different training and testing environments. 

Noise is a really big deal, it can increase the error rate of speaker identification system. So, use of  noise cancellation and normalization techniques  to reduce the channel and the environment effects is recommended.

 Also, voice activity detection should be done. All of these can improve the recognition accuracy.
- Moreover, the system could be developed  to perform the verification task. And so, an unknown speaker who is not registered in the database should be rejected.
Speaker verification will be challenging because of highly variant nature of input speech signals. Speech signals in training and testing sessions can be  greatly different due to many facts such as :

- People voice change with time.

      - Health conditions. For example, the speaker has a cold.

      - Speaking rates.

      - Variations in recording environments play a major role.
Therefore, threshold estimation is not an easy issue. In addition, use of impostor’s data to estimate the threshold creates difficulties in real applications.
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Appendix
Matlab Codes
speakerID.m

function speakerID(a)
% disteusq.m enframe.m kmeans.m melbankm.m melcepst.m %rdct.m rfft.m %from VOICEBOX are used in this program.
[test.data, Fs, nbits] = wavread('ahmad_s6.wav'); % read the %test file 

fs = 16000; % sampling frequency
Fs=16000; 
name=['MASM_Sg';'MCBR_Sg';'MFKC_Sg';'MKBP_Sg';'MLKH_Sg';'MMLP_Sg';'MMNA_Sg';'MNHP_Sg';'MOEW_Sg';'MPRA_Sg';'FAML_Sg';'FDHH_Sg';'FEAB_Sg';'FHRO_Sg';'FJAZ_Sg';'FMEL_Sg';'FMEV_Sg';'FSLJ_Sg';'FTEJ_Sg';'FUAN_Sg']; % names of people in the database
C =64; % number of centroids
% Load data
disp('Loading data...')
[train.data] = Load_data(name);
 %Calculate MFCC coefficients for training set
disp('Calculating MFCC coefficients for training  set...')
[train.cc] = mfcc(train.data,name,fs);
% Perform K-means algorithm for clustering (VQ)
disp('Performing K-means...')
[train.kmeans train.kmeans2 train.kmeans3]= kmean(train.cc,C);
 %Calculate MFCC coefficients for test set
disp('Calculating MFCC coefficients for test set...')
test.cc = melcepst(test.data,fs,'x');
% Compute average distances between test.cc with all the %codebooks in database, and find the lowest distortion
disp('Compute a distortion measure for each codebook...')
[result index dist] =distmeasure(train.kmeans,test.cc);
% Display results, average distances between the features of %unknown voice (test.cc) with all the codebooks in database %and identify the person with the lowest distance
disp('Display the result...')
dispresult(name,result,index)
Load_data.m

function [data] = Load_data(name)

% Training mode - Load all the wave files to database (codebooks) %

data = cell(size(name,1),1);

for i=1:size(name,1)

temp = [name(i,:) '.wav'];

tempwav = wavread(temp);

data{i} = tempwav;

end
mfcc.m

function [cepstral] = mfcc(x,y,fs)
% Calculate mfcc's with a frequency(fs) and store in ceptral cell. %Display y at a time when x is calculated
cepstral = cell(size(x,1),1);
for i = 1:size(x,1)
disp(y(i,:))
cepstral{i} = melcepst(x{i},fs,'x');
end
Kmean.m

function [data data2 data3] = kmean(x,C)
% Calculate k-means for x with C number of centroids
train.kmeans.x = cell(size(x,1),1);
train.kmeans.esql = cell(size(x,1),1);
train.kmeans.j = cell(size(x,1),1);
for i = 1:size(x,1)
[train.kmeans.j{i},train.kmeans.x{i},train.kmeans.esql{i}] = kmeans(x{i}(:,1:12),C);
end
data = train.kmeans.j;
data2 = train.kmeans.x;
data3 = train.kmeans.esql ;
distmeasure.m

function [result,index,dist] = distmeasure(x,y)
result = cell(size(x,1),1);
dist = cell(size(x,1),1);
mins = inf;
for i = 1:size(x,1)
dist{i} = disteusq(x{i}(:,1:12),y(:,1:12),'x');
temp = sum(min(dist{i}))/size(dist{i},2);
result{i} = temp;
if temp < mins
mins = temp;
index = i;
end
end
dispresult.m

function dispresult(x,y,z)
disp('The average of Euclidean distances between database and test wave file')
color = ['r'; 'g'; 'c'; 'b'; 'm'; 'k'];
for i = 1:size(x,1)
disp(x(i,:))
disp(y{i})
end
dispmat= ['The test voice is most likely from  '  x(z,:)]; 
helpdlg(dispmat,'Point Selection');
disp('The test voice is most likely from')
disp(x(z,:))
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