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ABSTRACT

Voice recognition and user identification are important for
authentication and verification in security but they are difficult
to achieve. This paper presents an approach based on neural
networks for voice recognition and user identification. The study
consists of two parts being text-dependent and text-independent.
The experimental results demonstrate that the neural approaches
are succesful. Text-dependent and text-independent voice
recognition cases have been achieved with %94 and %88
accuracies, respectively.

I.INTRODUCTION

Crime and illegal activities nowadays have reached
unexpectedly scary levels. When the literature is surveyed there
have been many solutions to stop those. Conventional keys,
access codes, smart cards have been not effective as they are
easily lost, stolen, copied, observed or left at home. Obviously
new approaches have been always required for high level
security [1].

Biometrics are recent alternatives to classical methods. These
are used for recognizing users from their physical or behavioural
characteristics. Some of the applications in biometrics are
fingerprint, face, iris, voice, handwritten or signature
recognition.

Voice recognition is an important task in biometrics and is
divided into two groups: text-dependent and text-independent. In
text-dependent systems, the user must speak the same words
both for training and recognizing sessions. In text-independent
systems, the samples belonging to training and test sessions are
totally different.

People easily identify each other from their voice, even can
recognize each other at the phone when the line is noisy [2]. In
voice recognizing gathering the features of the voice is
important. One of the methods for this purpose is the spectrum
analysis of the voice data. Voice samples can be then compared
with similarities of another sample by computing the regression
between their coefficients. Processing voice signal is a difficult
task and requires large number of computations and efforts [3,5].

Learning and generalization ability, providing plausible solution
to nonlinear problem, fast real time operation and ease of
implementation features have made artificial neural networks
(ANNS) popular in many applications. ANNs have found many
applications in recognition releated areas as well. Different ANN
structures and learning algorithms are used for different
problems [6,7]. The aim of using this intelligent approach is to
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develop simple, low cost, flexible and efficient ways to solve
problems.

This paper presents an alternative approach based on ANNs for
voice recognition and user identification. The experimental
results demonstrate that voice recognition can be successfully
achieved for text-independent and text-dependent cases.

This article consists of six sections. Section 2 introduces the
voice signal processing. Section 3 gives brief description about
ANN . Section 4 decribes the user identification system. Section
5 demonstrates the results obtained from two cases. The work is
concluded in Section 6.

I1.VOICE PROCESSING

Energy of voice is a mechanical vibration wave that propagates
in space. Voice frequency is the number of vibrations in a
second. This frequency is represented by Hertz and symbolized
as Hz. Human are able to hear the voice between 16 Hz and 20
KHz. If the vibration per second is under 16 the voice is called
as subsonic, if it is over 20 KHz it is then called as ultrasonic.
The amplitude of voice that can be heared by the ear is called as
voice intensity. The unit of voice intensity is Desibel and
symbolized as dB.

Voices are generally analog but processing these by computers
requires digital form so it must be converted to that form.
Analog voice channels are digitized and transferred by high
speed digital channels. Digital voices have two main properties:
sample quantization and temporary sampling. The former is the
most preferred one that is used for high quality 16 bit digital
voices like WAV (windows auido visual) and AIFF (audio
interchange file format). For the later, generallly 8, 16, 10, 12,
22.05 and 44.1 KHz are preferred as voice sampling ratio. The
sampling ratio limits the usable frequencies from the top.
Increasing this depends on the rising of sampling ratio.

Digital voices are especially processed in frequency domain.
Power spectrum density (PSD) analysis is mostly preferred for
identifying the user and voice recognition [3,4]. The fourier
transform of a processed voice signal in discrete form is
calculated from :

—j21(k-1)(n-1)

N
x(k)=> x(n)-e N (1)
n=1

The PSD of voice samples are computed as
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1. ARTIFICIAL NEURAL NETWORKS (ANNS)

ANNs are the computer programs which are biologically
inspired to simulate the way in which the human brain processes
information. ANNs gather their knowledge by detecting the
patterns and relationships in data and learn through their
architectures and learning algorithms. There are many types of
neural networks for various applications available in the
literature. Multilayered perceptrons (MLPs) are feed-forward
networks and universal approximators [9]. They are the simplest
and therefore most commonly used neural network architectures.

In this paper, MLPs have been adapted for voice recognition. A
general neural structure used in this work is shown in Figure 1.
An MLP consists of three layers: an input layer, an output layer
and an intermediate or hidden layer. Processing elements or
neurons in the input layer only act as buffers for distributing the
input signals X; to neurons in the hidden layer. Each neuron j in

the hidden layer sums up its input signals X; after weighting
them with the strengths of the respective connections Wi from
the input layer and computes its output yjasa function f of the

sum, viz.,
yjzf(zwjixi) (3)

f can be a simple threshold function, a sigmoid or tangent
hyperbolic function. The output of neurons in the output layer is
computed similarly.
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Figure 1. A multilayered perceptron network.

Training a network consists of adjusting its weights using a
training algorithm. The training algorithms adopted in this study
optimize the weights by attempting to minimize the sum of
squared differences between the desired and actual values of the
output neurons, namely:

E:%Z(ydj *yj')z C))
j

where Vg is the desired value of output neuron j and y; is the
actual output of that neuron.

Each weight wj; is adjusted by adding an increment Awj; to it.
Awj; is selected to reduce E as rapidly as possible. The
adjustment is carried out over several training iterations until a
satisfactorily small value of E is obtained or a given number of
epoch is reached. How Awj; is computed depends on the training
algorithm adopted.

Training process is ended when the maximum number of epochs
is reached, the performance has been minimized to the goal, the
performance gradient falls below minimum gradient or
validation performance has increased more than maximum fail
times since the last time it decreased using validation. The
learning algorithm used in this work is summarized briefly.

MLP identifiers used in this work are trained with the
Levenberg-Marquardt (LM) learning algorithms. The LM is a
least-squares estimation method based on the maximum
neighbourhood idea [10-12]. The LM combines the best features
of the Gauss-Newton technique and the steepest-descent method,
but avoids many of their limitations. In particular, it generally
does not suffer from the problem of slow convergence [11,12].

IV.USER IDENTIFICATION SYSTEM

The block diagram of the system used in this work is given in
Figure 2. Voice processing system has microphone and the
sound card and converts analog voices to digital. Feature
extraction is used to characterize the user. A neural network
block identifies the users from the features.

[ Voice Digital Feature ANN
'@.» Processi (p| Processi |p| Extractio (g identifier
e ng ng n

Figure 2. User identification system

In this paper, the systems are trained on a group of six people to
be recognised by each person saying a particular word (text-
dependent) or sentence (text-independent).

The voice is recorded on a standart 16-bit computer sound card
using a directional microphone. Digital signal processing
techniques are employed to convert these voice files to a
presentable form as inputs to a neural network.

The feature extraction uses the spectral envelope to adjust a set
of coefficient in the system and plays an important role in the
speaker identification. Human speech can be sensibly interpreted
using frequency-time interprelations. Power spectral densities
can be used to differantiate between speakers. The Fourier
transform of discerete sample is given by the relationship
represented in Equation (1). The discrete Fourier transform of
the voice files are computed and the power spectrum density
(PSD) is computed by taking the magnitude-squared result of the
Fourier transform.

These results are then averaged and scaled. The PSD of a voice
sample contains unique features attributed to an individual and
these are used in our studies. These PSD values are presented as
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given in Figures 5 and 6. It can be seen from these figures that
the PSD user #1 differs from that of user #2 though there are
similarities between those two. These similarities will be pointed
out in section 5.

The output of ANN identifier is the speaker or user to be
identifed.

As mentioned earlier, in order to see the performance of neural
identifier, text-dependent and text-independent cases were
tested. In the text-dependent case, users must speak the same
words both for training and test sessions. A sample used for the
text-dependent system is illustrated in Figure 3. This sample is
the word “Merhaba” (meaning “Hello” in Turkish).
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Figure 3. A text-dependent voice sample

In the text-independent case, users are free to speak the words
both for the training and the test sessions. A sample used for this
case is given in Figure 4. The first sentence (sample no #1)
given in Table 1(a) is used to achieve this figure.
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Figure 4. A text-independent Sample
V.APPLICATION TO THE PROBLEM

ANN models are adopted to identify voice signal belonging to
six users for text-dependent and text-independent cases. The
work that has being reported in this paper was carried out on a

Pentium IV PC 2.0 GHz with a 16 bit sound card. All the digital
signal processing and neural network implementations were
carried using Matlab signal processing and neural network
toolboxes, respectively.

For the text-dependent case, 40 different “Merhaba” words said
by 6 users were taken into account. The samples are 16 bits, 44.1
KHz and mono. A sound recording software, a microphone and
a sound card including a PC are used for collecting these
samples. These voice samples are approximately 2 seconds and
stored as sound files on the computer.

In order to extract the features of voices, PSD analysis is applied
to voice signals as mentioned before. For this analysis Matlab
Signal Processing Toolbox software is used [5]. The power
spectrums of the user #1 and the user #2 are shown in Figures 5
and 6, respectively. These two figures illustrate the word
“Merhaba”. As clearly seen from these figures PSD form of the
user voices are similar.

When we take the FFT of each sample at 3500 points the
dimensions of PSD vector consist of 3501 elements. As can be
observed from Figure 5, the PSD vector values become nearly
zero after certain frequencies.
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Figure 5. PSD analysis of text-dependent voices for the user 1.
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Figure 6. PSD analysis of text-dependent voices for the user 2.

To reduce the time for computation and the input size to ANN,
first 75 values of the PSD vector were taken into account.
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Several structures and configurations have been tested to get
better performance from ANN identifiers. Multilayered
Perceptron (MLP) structure with 2 hidden layers trained with
Levenberg-Marquardt learning algorithm was found the best
configuration for the both cases. Sigmoid, tangent hyperbolic
and lineer activation functions were choosen, respectively, in the
first hidden layer, the second hidden layer and the output layer.
The hidden layers have 14 and 10 neurons while the output layer
has 6 neurons which is equal to the number of the users. Each
neuron was used to identify a specific user. For example if the
first user speaks only the first output is expected to be 1 and the
rest must be 0. Similarly for the second user the second neuron
of the output layer is expected to be 1 and the rest must be 0 as
well. For the others same procedures were followed.

Preprocessing of the inputs is required for many ANN
applications. In this study, the each of input data set were also
scaled between 0 and 1 by preparing a min-max table as

(Y ~ Yain)
Y — min
e (Ymax - Ymin ) (5)

The performance of the ANN identifiers was evaluated based on
sum square error (sse) which is a sensitive error function than
mean square error. The goal for maximum error was set to
0,0000001 for all training processes. Matlab Neural Network
Toolbox [6] was utilized during the experiments.

20 samples which were not seen by MLP is used to test the
performance of the neural identifier. The results obtained from
text-dependent case are given in Table 2(a).

For the text-independent case, 20 different sentences were also
used in training. Training sets consists of 120 samples. These
sentences obtained from 6 different users are given in Table
1(a). PSD analysis were also applied to the these sentences as
similar to the text-dependent case. The results of PSD analysis
for the user #3 and #4 were given in Figure 7 and 8,
respectively. A success rate of %100 was achieved when ANN
was tested with the trained samples.
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Figure 7. PSD form of voices obtained from user #3 for text-
independent case.
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Figure 8. PSD form of voices obtained from user #4 for text-
independent case.

For test session the other 120 different samples unseen by ANN
are also used to test the performance of neural identifier.

After the training process completed the ANN identifier network
was tested with 20 different sentences that were demonstrated
in Table 1(b). The results obtained from text-independent case
were also given in Table 2(b). ANN identifier also learned the
training set with a success rate of %100.

The success rates in percentages for the both cases were given in
Table 3.

VI.CONCLUSION

This paper sucessfuly presents an approach based on neural
networks for voice recognition and user identification. The
experimental results demonstrate that the neural approaches are
succesful for text-dependent and text-independent cases with
%94 and %388 accuracies, respectively.

With this voice recognition system crime and illegal activites
can be effectively reduced.

In the fortcoming studies, the authors will extent this work to 50
users to faciliate the system for secure enterence to computer
labs in Computer Engineering Department of Erciyes
University..
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What can it possibly mean?

Yunus Emre says also

Let me receive what I need.

The best possible thing

cases

(b) text-independent
Table 2. Results obtained from neural identifiers for the both

5. Krauss P., Shure I., Little JN., “MATLAB Signal 11 let it become your divining rod.
Processing Toolbox User’s Guide”, The Mathworks 12 If you obey your self, things turn our
Inc. 1996. wrong.

6. Demuth H., Beale M., “MATLAB Neural Network 13 Renouncing the world is the beginning
Toolbox User’s Guide”, The Mathworks Inc. 1996. of worship.

7. Sagwoglu S., Besdok E., Erler M., Artificial 14 If you are a believer, believe this.
Intelligence Applications in Engineering 3: Artificial 15 Respect your parents and ancestry,
Neural Networks, in Turkish, Ufuk Publisher, 2003, and you will have fine green clothes of
Ankara. 16 your own.

8. Yunus Emre Poems (translated into English by Taner 17 If you earn the complaints of neighbors,
Baybars) . . 18 You'll stay in Hell forever

9. S. Haykin; Neural Networks: A comprehensive

. . S Yunus heard these words from the
Foundation, Macmillan College Publishing Comp., 19 masters
1994 20 If you need this ad\./ice take it
10. P. E. Gill, W. Murray, and Wright M. H. Wright ; > :
. o . ) (b) Test
Practical Optimization, New York: Academic Pres., . .
1981 Table 1. Text-independent voice samples [8].

11. K. Levenberg, “A Method For the Solution of Certain
Nonlinear Problems in Least Squares,” Quart. Appl. Users | Total Noof | No of false .Success rate
Math., Vol.2, pp.164-168, 1944. Samples correlct samples | in percentage

12. D.W. Marquardt, “An Algorithm For Least-Squares Sampres 5
Estimation of Nonlinear Parameters,” J. Soc. Ind. Appl. #1 20 16 4 7680
Math., Vol.11, pp.431-441, 1963. #2 20 20 0 %100

#3 20 20 0 %100

Sample No # Sentences #4 20 17 3 %385
1 Knowledge is to understand #5 20 20 0 %100
2 To understand who you are. #6 20 20 0 %100
3 If you know not who you are
4 What's tk}e use ofle.arnl.ng?. (a) text-dependent
5 The aim in learning is
6 To underst.and God's Truth. Users Total No of No of Success
7 Because without knowledge Samples |  correct false rate in
8 It is wasted hard labour. samples samples | percentage
9 Do not say: I know it all, #1 20 15 5 %75
10 I am obedient to my God.
- 2 2 1 1 9

11 If you know not who God is z3 28 12 7 OA) Zf)
12 That is sheer idle talk. %
13 Twenty-eight syllables #4 20 17 3 %85
14 You read from end to end. #5 20 18 2 %90
15 You name the first ‘alpha" #6 20 19 1 %95
16
17
18
19
20

Is to find perfect peace.

(a) Training

Sample No # Sentences

Samples

No of Success
rate in

percentage

No of
correct false
samples samples

To be in love with love with love is to

1 .
gain a soul

Text-dependent

113 7 %94

Text-independent

106 14 %88

to sit on the throne of hearts

To love the world is to be afflicted

Later the secrets start to make sense

Don't be bramble,

become the rose. Let your maturity
unfold.

The brambles will only burn.

Prayer was created by God so man
could ask for help.

0 || O | |Ww|N

It's too bad if you haven't learned to
ask.

Accept the breath of those who are

10
mature-
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Table 3. Success rates in percentage for the both cases.




