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ABSTRACT

The process of identifying the person by characteristics of their voice is called Speaker Recognition. Theadvancementof

speakerrecognitionautomationprocessimprovestheinterfacebetweenmanandmachineinnumerous applications. It can be used to
authenticate or verify the identity of a speaker as apart of security process. In fact, speech contains a great deal of information
that allows todeterminegender,emotional stateandage ofthespeaker. Text-independent systems are most often used for speaker
identification as theyrequire very little if any cooperation by the speaker. The speech features are extracted byusing Gamma tone
Frequency cepstral coefficients (GFCC) technique. The proposed featureshave shown strong robustness in these challenging
well-knownMFCC. Feature
wereappliedtoradialbasisneuralnetwork.The results show that the best accuracy willbe achieved byusingthe proposed

situations and they consistently performbetterthanthe vectors of spoken words

SpeakerRecognitionsystemRBFNN-GFCC.

KEYWORDS:MFCC, GFCC, radial basis neural networks.

1. INTRODUCTION

There has been an increasing interest in using
biometric traits to recognize or validate a person's
identification in recent years. One of the biometric
identifiers is a person's voice, which is believed to be
unique to that person and not reproduced by others. As a
result, a speaker recognition system can provide a better
level of non-intrusive security than traditional security
processes by wusing identifying elements in an
individual's voice. Aside from physical distinctions, each
speaker has a distinct way of speaking, which includes
the usage of a unique accent, rhythm, intonation style,
pronunciation pattern, word choice, and so on. Modern
speaker identification systems employ a combination of

these factors to attempt to recognize a speaker.

Speaker Recognition is divided into Feature Extraction &
Feature Matching.Features of speech samples of different
speakers are extracted by using feature extraction
Mel
Coefficients(MFCC) and Gamma tone frequency cepstral

techniques such as Frequency  Cepstral
coefficients(GFCC). Feature Matching involves Training
and Testing phase.

The text-dependency or text-independence of speaker
This

speaker identification system is said to be text-dependent

recognition systems is an essential distinction

if a person is needed to use the same text during the
training and recognition sessions. The test speaker in
text-independent speaker recognition has no prior
knowledge of the contents of the training phase and can

talk anything.
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Fig. 1:Block diagram of speaker recognition system

Block diagram of speaker recognition system is shown
in Figure 1. The features which are used for speaker
recognition are MFCC and GFCC which contains speaker
specific ~information. For training and testing
RBFNN(Radial Basis Function Neural Networks) are

used.

2. FEATURE EXTRACTION

The practice of extracting a small quantity of data from
the speaker's voice signal that can later be utilized to
represent the speaker is known as feature extraction.
MFCC and GFCC are two feature extraction approaches
employed in this paper.

A. MFCC

The features of speech samples are extracted by using
MFCC. Mel Frequency Cepstral Coefficients (MFCC) are
widely used features in speaker recognition. MFCC

feature extraction process is shown in Figure 2.
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Fig.2:MFCC Block Diagram

1. Frame Blocking
Speech signals are processed in short time periods
because they are reasonably steady in short intervals of
time. They are divided into frames ranging in size from

20 to 30 milliseconds. Each frame has a predetermined

overlap with the previous frame. The purpose of the
overlapping technique is to make the transition from one
frame to the next as seamless as possible.

2.Windowing

The second step is to window all of the signal's
individual frames to reduce unnatural signal
discontinuities at the start and end of each frame. This is
done to find a segment of the signal that can be presumed
to be stationary.

The window function used here is Hamming Window
and it is represented as

w[n] =0.54 - 0.46cos(2mn/N-1); 0<n < N-1 (1)

where w[n] is hamming window, N is number of frames.

3. FFT

A better procedure known as the fast Fourier transform,
or FFT, can be used to calculate DFT. An input signal
with a length of 2M for some M power of two is a
condition for efficient FFT. In practice, the input signal is
first zero-padded to the next largest power of two, and
the zero-padded signal is used as the FFT's input. For
example, if the signal is 230 samples long, it is zero
padded to N = 256 samples long, allowing the FFT to be
computed. The addition of zeros to the beginning or end
of the signal has no effect on the DFT result.

4. Mel Filter Bank
A filter bank spaced uniformly on the Mel scale, is one
method of simulating the subjective spectrum The Mel
frequency scale is made up of a series of linearly spaced
filter banks up to a cutoff frequency (about 1 kHz),
followed by logarithmic filter bank spacing from there to
the maximum frequency. This filter bank features a
triangle band pass frequency response, with a constant
mel frequency interval determining the spacing and
bandwidth. Mel filter banks are not evenly placed along
the frequency axis, therefore there are more filters in the
low frequency areas and fewer in the high frequency
areas. Formula to compute the mels for a given frequency
fin Hz:
Mel(f)=2595*1og10(1+f/700) (2)

5. DCT

The log of the mel spectrum must then be converted back
to time in the final step. The mel frequency cepstrum
coefficients are the outcome (MFCCs). For the current

frame analysis, the cepstral representation of the speech
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spectrum provides a good representation of the signal's
local spectral features. The Discrete Cosine Transform is
used to transform the mel spectrum coefficients.

B. GFCC

To overcome the noise robustness problem in ASR,
GFCC technique is used as sensitivity to additive noise
is one of the major disadvantages of MFCC. Features of
speech samples of different speakers are extracted by
using Gamma tone frequency cepstral
coefficients(GFCC). The Gammatone Frequency Cepstral
Coefficients are auditory feature based on a set of
Gammatone Filter banks. GFCC feature extraction

process is shown in Figure 3.
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Fig.3:GFCC Block Diagram

1. Pre-emphasis

The speech will loss the information at high
frequency, thus it needs the pre- emphasis process in
order to compensate the high frequency loss. In the
speech signal model, the pre-emphasis is a first order
high pass filter. The transform function of
pre-emphasis can be defined as:
H(z) =1-az! (1)
where parameter ais usually between 0 .94 and 0 .97

2. Gammatone Filter Bank

The Gammatone filters are intended to mimic the
human auditory system's processes. The following is the
definition of a Gammatone filter using fc as the centre
frequency:
g(t) =at1e2nbtcos(2mf +¢) (2)
where ¢ is the phase but is usually set to zero, the
constant a control the gain and the order of the filter is
defined by the value n which is typically set to a value

less than 4. The factor b is defined as:

b=12517 (24 1) 3)

The different stages ofits GFCC computation have
similarities with those MFCC section such as FFT,
Windowing and DCT.

3. SPEAKER MODELLING

The necessity for speaker recognition in the scientific and
engineering fields is a much bigger problem known as
feature matching. The true goal of feature matching is to
classify objects into a variety of classes and categories.
The approaches are used to classify patterns that are
essentially items of interest from sequences of audio
vectors. The speaker with the lowest matching score is an
unknown speaker. The speaker modelling technique
Radial Basis Function Neural Network is utilized for

categorization.

A. RBF

Radial Basis Functions (RBF) are a type of feed-forward
artificial neural network that has at least three layers of
neurons: an input layer, a hidden layer, and an output
layer, each of which implements a radially activated
function. An RBF network's input is nonlinear, while the
output is linear. Figure 4 depicts an RBF network with D
inputs, M hidden units, and K outputs. The output layer
acts as a linear combiner, calculating the weighted sum of
the hidden units outputs. The k output of an RBF neural

network has the form:
fi(Y) = wor + XL wire ¢; () (1)

7=12,3,...M and k=1,2,...,Kwhere wj - weights of the
network. For an RBF network the activation function is:
1 2
&) = exp -l - g} @
i
In Ojis

activation function, Y = {y:, t =1, ..., T} is the input vector

where |.lldenotes the Euclidean distance.

of length T and dimension D, ¢j- function centers, gj- the

function width.

Output layer

Input layer h, b,

Hidden layer

Fig.4:Radial Basis Function Neural Network
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The neural network models the underlying function of a
particular mapping through training. In the input data
space, the buried layer neurons represent a sequence of
centres. Each of these centres has a Gaussian-like
activation function. The distance between the provided
input vector and the centre determines the activation.
The lower the activation, the farther the vector is from the
centre, and vice versa. An unsupervised k-means
clustering technique is used to generate the centres and
their widths. The weights and biases of the hidden layer
are formed by the weights and biases established by this
procedure, which stay unaltered until the clustering is
completed.Although RBF networks both a

supervised and unsupervised learning component, they

have

are mostly employed in supervised applications. To
discover neuron centres, widths, and amplitude, fully
supervised training is required. Used a training set of
data samples for which the appropriate network outputs
are known in a supervised application. The network
parameters are chosen in this example to minimize a cost
function.
Gradient Descent Algorithm

The RBF centres and other network parameters go
through a supervised learning procedure. A gradient
descent approach, which is a generalization of the Least
Mean Square (LMS) algorithm, is the most practical for
RBF network learning. The family of RBF networks is
broad enough to uniformly approximate any continuous
function on a compact set and consists of functions
represented by

F(x) = X a; p(w x) ®)
where m - the number of neurons in the first layer, a;, wi-
coefficients of neural network, ¢(.) - activation function.
As the activation function in the expression a family of
exponential distributions with the shape parameter « is
proposed. Calculating the mean square error of
approximation of the mixture of multidimensional
sampling distributions:
e=230, ¢ )
where N is the size of the training sample. Error signal
defined by:
g =d; — Bl wif(y —m,) 5)

where dj- data. Neural network training procedure is
performed incrementally using gradient descent
algorithm.Changing weights on the next step:

Wl(n+ 1) = Wl(n) _rllM i = 1,,ml (6)

aw;(n) ’

—aa;i(?:) =X g Mf (5 —mi(m) 7)

Adjustment of the position of the centers:

tn+1) =t;n) —n, X i=1,...,m(@8)

N2 6m
de(n i ~
50 a3 @01 (5~ m0) <3105 -
ti(n))a=1 (9)

Adjustment of distribution width:

_ - 9 (n)
i+ D) =27 () —ns 625—111(”)

i=1,...,m;(10)

St = —aw () Y g (W (5 —mm) @y (v (11)
0y = (5 -mm)" @ -m@)’ 12)
Adjustment of the PDF shape parameter:
ai(n+1)=ai(n)—q2%,i=1,...,ml- (13)
59 = 20 I g (W (% —mim) a4 (3 -
minax-m(n)ila-1 (14)

4. RESULTS AND DISCUSSION

The speaker recognition is done for three speakers.
The below figures shows the result when MFCC features

are used for training and testing .
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Fig.5 Percentage of correct classification for

MFCC-RBFNN Speaker Recognition System
Figure 5 shows the percentage of correct classification for
RBFNN Speaker Recognition System when hidden nodes

are varied.
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Fig.6 : No. of Iterations for MFCC-RBFNN Speaker

Recognition System
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Figure 6 shows the number of iterations required to
recognize the speaker for RBFNN Speaker Recognition

System when hidden nodes are varied.
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Fig.7 : CPU time graph for MFCC-RBFNN Speaker

Recognition System

Figure 7 shows the CPU time required to recognize the
speaker for RBFNN Speaker Recognition System when

hidden nodes are varied.

Table 1. Correct classification percentage, CPU time
and Number of iterations for MFCC-RBFNN Speaker
Recognition System

Hidden | Correct classification | No. of CPU
nodes percentage(%) Iterations time
(sec)
1 52.0000 100 0.1000
2 91.4667 612 0.3906
3 94.4000 424 0.3906
4 96.5333 873 0.7562
5 96.0000 658 0.7531
6 98.1333 234 1.3094
7 96.2667 641 0.7375
8 98.9333 917 1.1500
9 97.8667 663 0.8281
10 99.4667 843 1.2406
11 96.5333 1135 1.7844
12 97.0667 951 1.5625
13 97.3333 1232 2.2062
14 99.2000 1107 3.2398
15 100.0000 1714 8.4219
16 100.0000 1319 2.6469
17 97.8667 799 1.6531
18 98.6667 1538 3.1906
19 97.3333 817 1.7625
20 98.6667 1550 3.4281

The table shows the correct classification percentage, CPU
time and Number of iterations for RBFNN Speaker
Recognition System.

The below figures shows the result when GFCC

features are used for training and testing .

- correct classification percentage
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Fig.8 : Percentage of correct

Figure 8 shows the percentage of correct classification
forRBFNN Speaker Recognition System when hidden
nodes are varied.
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Fig.9 : No. of Iterations for GFCC-RBENN Speaker

Recognition System
Figure 9 shows the number of iterations required to
recognize the speaker for RBFNN Speaker Recognition

System when hidden nodes are varied.

CPU time
0.25 T T

02 \

time

0.15

0.1

0.05 : . . .
1 12 14 1.6 1.8 2 22 24 26 28 3

no. of hidden nodes ——

Fig.10 : CPU time graph for GFCC-RBFNN Speaker

Recognition System
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Figure 10 shows the CPU time required to recognize the
speaker for RBFNN Speaker Recognition System when

hidden nodes are varied.

Table 2. Correct classification percentage, CPU time
and Number of iterations for RBFNN Speaker

Recognition System

Hidden | Correct Number of CPU time

nodes classification Iterations (sec)
percentage(%)

1 63.7333 71 0.0563
97.3333 202 0.2375
100.00 204 0.1750

Table 3. Performance Measures for RBFNN Speaker
Recognition System

Speaker Correct CPU no. of

recognition Classification | time(sec) | iterations
system percentage

MFCC-RBFNN 100 8.42 1714

(hidden

nodes=15)

GFCC-RBFNN 100 0.175 204

(hidden nodes=3)

5. CONCLUSION

It can be observed from above results when MFCC
coefficients are used for training and testing the RBF
network, the CPU time is 8.42 seconds, number of
iterations are 714 and classification percentage is 100.
When GFCC coefficients are used to train the RBF
network the CPU time is 0.175seconds, number of
iterations are 204 classification percentage is 100. So, we
can conclude that system complexity is reduced by using
the RBFNN-GFCC Speaker Recognition system.
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