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Abstract: In this study we present an extraction method of some parameters contained in the Arabic

pronunciation of numbers from 0 to 9 (sifr to tessea), which are then used as an mput vector of the proposed
neural networks.Globally, the methodology is concentrated about three important steps. The first step is the
extraction of characteristics as the formants and their respective bandwidths of some interesting particular

woofs. A learning step using two cycles for adjusting, computing and saving the weights of the neural

networks intercomnections. Finally a recognition step or test verifying the credibility of the system.
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INTRODUCTION
Speech is one of the most used ways of
communication. Since many years, researchers attempt to
conceive devices allowing vocal man-machine dialogue.
Their hope 1s to control many electromcs systems by
speech, or to control a robot, or to ask a database using
the phone.

The computer developement has allowed a direct
communication man-machine and many great project of
speech recognition have been developed in the last years.
Today, the speech recognition is in full rapid expansion
and we observe the multiplication of the applications
domain (robot control, security systems, rolling and
moving seats control for handicapped motor bodies, vocal
phone number, etc.).

Using the speech recognition device, we can do
many vocal control operations! ¥,

We know that the speech recognition is treated by
many methods as the statistics methods (the Hidden
Markov Model, the hybrid Model, etc.)P

This communication mode facilitates the task to the
users and particularly to the handicapped bodies,
excepted the deaf dumb bodies.

The objective of this study was to develop a device
allowmng the handicapped bodies to use the phone, only
by pronouncing numbers to obtain the correspondent.

The developed system is a recognition device of
1solated words.  The applied strategy 1s the back-
propagation algorithm!™"?,

Our work concerns the Arabic pronunciation
numbers recognition using the back-propagation method
seeing which results can we obtain and if possible making
a comparisen with other methods (the HMM, etc. )™,

The isolated words pronounced are: sifr, wahed,
ithnami, thalatha, arbaa, khamsa, setta, sabea, thamama,
tessea.

The corpus is constituted of ten words( numbers), 20
speakers pronounce each word in Arabic language where
50% of the corpus is used for learning and 25% for tests.

The corpus 18 recorded with a sampling frequency of
16 kHz in a size of 16 bits.

The objective 1s to reduce the redundancy of the
speech signal and preserving from the available data, only
a cluster of pertinent parameters reducing the calculation
time and the storage tumne at the learning and recogmition
treatment.

The realized system 13 constituted of two different
and independent programs.

The first program concems the speaker signal
from which we extract the parameters

of the

pronunciation from O (sift) to 9 (tissaa).

analysis
characterizing the signals Arabic numbers

The second program is consisting of two phases, the
learmning phase and the recognition phase of a finite
number of speakers.

We also present the developed system, the used
characteristics signal and the learning and recognition
phases.
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Fig. 1: Recognition system organization

GENERAL DESCRIPTION OF THE DEVELOPED
SYSTEM

Before detailing the different parts of the system,
wepropose a brief description of its general orgamization.
Thedeveloped device 1s composed of many distinet
phases as shown in the algorithm of (Fig. 1).

In a first time, we carry out a digital treatment of the
recorded signals, then we make an analysis which allows
the computing of some interesting characteristics as the
formants, the bandwidths, etc.

In a second time, each Arabic pronounced number
undergoes a learmning operation by neural networks. The
neural networks weights interconnections are calculated
for the pronounced numbers cluster, which are exploited
1n the recognition phase.

EXTRACTION OF THE CHARACTERISTICS

Analysis with formants: The vocal pipe presents some
obvious numbers of natural pulsations for a voiced
sound.

The natural frequencies are noticed F, (k=1, 2, ..., 5)
and the amortizations are defined by the relative
bandwidths at 3 dB noticed B, . These natural frequencies
constitute the formant of vocal pipe.

The principal objective of the analysis with formants
15 the extraction of the parameters representing the
important signal characteristics, which are the formants.
A formant 15 generally defined as a sinusoidal component
of the vocal pipe response to an acoustic pulse. In the
classical speech model, a formant can be also defined as
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a pair of complex poles of the vocal pipe transfer
function .

The analysis with formants (Fig. 2) consists to extract
from the vocal signal, the formants frequencies, their
(Fig. 3). amplitudes and their bandwidths"*.

We commonly use the LPC analysis

[13,14]

The
schematic organization chart of the linear prediction
method LPC is represented in (Fig. 3)

DESCRIPTION OF THE DIFFERENT STEPS OF THE
ANALYSIS OPERATION

Notions of the used steps in analysis: The Hamming
window is the commonly used. It is defined by!™

2wk
HamN(k):O,Sl—i—cos% for |k |<n/2

(1)

Ham, (k)=0 otherwise
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Fig. 4: The orgamization chart of the coefficients a(1)
calculation

The window duration N (samples number) depends
directly on the sampling frequency F_, the better choice 1s
given byl :

N=F, 8 @

Where S varies between 15 and 20 ms and F, in Khz The

used method for the coefficients a(1) valuation 1s the self-
correlation method shown in (Fig. 4)

The good vocal pipe modification for the voiced

sound consists to take the prediction order m equal tol™¥

m=F 2% +p 3
C

where

F.: is the sampling frequency (KHz)

I: is the vocal pipe length, generally taken equal to 17
cm

C: 18 the sound speed C=34 cm/ms

D: takes the value 4 or 5

The model order used 1s at least equal to 16. After the
coefficients a(i) calculation, we use the Fast Fourler
Transform to compute the spectrum model.

The formants extraction: After the pre-emphasis, the
windowing, the coefficients a(1) calculation and the
obtaining of the signal spectrum, the frequencies F, and
eventually the bandwidth B; estimation can be done by
searching the spectrum model maximums. Many methods
allow this calculation; among these methods, we notice
the factorization method where the spectrum model
maximums can be determined by the polynomial A(z)

Table 1: The Formant frequencies of three numbers

factorization. For computing the formants, we only resolve
the following equation:

a,Z™ =0 “

P
1+
k=1
This method guarantees that all the formants and the
possible amortization will be extracted.

If Z =R(Z )} L(Z)1s aroot of the previous equatiorn,

the associated formant frequencies and their
corresponding bandwidths are given by
I_(Z
E = FE a_’[‘Cthi . a_’[‘ctg L‘) (5)
2 2 RE(Z1)
And
F
B,=——=|Z, ©)
T
Where

F.: 1s the sampling frequency.

Ln: 18 the neperian logarithm.

I, (Z) is the imaginary part of the root.
R, (7Z): is the real part of the root.

Many algorithms have been developed to determine
the roots of the polynomials of the different degrees of
the polynomials for factorization, the used algorithm is
from Bairstow!'™

The choice of the neural networks input vectors: We
propose the Arabic pronunciation of zero (0). We show
(Fig. 5) the signal time representation of zero (sifr), a weft
formant values table and below, the FFT corresponding
spectrum.

We noticed that in the given example, the spectrum
1s obtained for the second weft, which 1s between 256 and
512 samplers.

We present in (Table 1) the formants values of the
sifr (0), khamsa (5) and tessea (9) numbers.

The number of The tormat frequencies

The formant frequencies

The tormant frequencies

the formant [Hz] for sifr (0) [Hz] for khamsa (5) Hz] for tissaa (9)
1 947.830 682.320 1126.327
2 1276.605 622.323 1173.619
3 2208.776 1299.853 1977.839
4 2774.288 1696.536 1954.316
5 5000.000 2072361 2840.409
6 2208.776 2226299 5000.000
7 2345.671 2840.409
8 5000.000

9 5000.000

10 2346.671
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Fig. 5: Time and spectral representation of the Arabic
zero (sif) pronunciation

With the all registered formants of many wefts, we
have made an empirical choice to select the components
for the proposed neural networks input vectors.

THE NEURAL NETWORKS ARCHITECTURE

Learning and recognition: Using the neural approach as
recognition system requires:

« Inputs (parameters extracted from the analysis, which
constitutes the different wefts of a sampled and
digitized vocal signal.

¢ One or many hidden layers.

« Qutputs (ten relative numbers outputs) from 0 (sifr) to
9 (tesseaa) pronounced in Arabic language.

As for any recognition system, there is two distinct
phases, the learning and recognition phases.

Globally, we adjust the weights w; for a fixed minimal
error. The role of the learning is to adjust the
interconnection weights between nodes of the different
layers of the networks. This phase is applied on the
cluster of the used phone numbers from 0 (sifr) to 9
(tessea), during five epochs.

We noticed that the weights initialization was
delicate at the beginning of learning.

After making the learning on each number, we
determine in the recognition phase, the maximal output
corresponding to each number.

The outputs are numbered from 1 to 10 and
correspond respectively to the number 0 (sifr) to 9 (tissaa)
as in the registration used in the learning phase.

The input vectors have been chosen empirically. We
also have arbitrary chosen, at the beginning of learning,
the values of the learning rate, the momentum, the
activation function slope (sigmoid or hyperbolic tangent)
and the nodes number of the hidden layers. After many
tests the values have been improved experimentally, to
obtain the optimum results, of course with respecting an
optimal convergence time.

700 -
— m3  o=095p=09
600 | m=5
e m=7

——— m=3 0=0.95 =099
...... m=5
—— =7

Lh

(=3

<
1

Learning time (te) (min)
-y
=)
S

300 1
200
100 1 N i M 1 " 1 M L " 1 M L
0,8 1,0 1,2 14 1,6 1,8 2,0
Transfer function slope (B)
Fig. 6: The convergence duration t, = f{[J) in the one

hidden layer networks

—_ m=3 &=85 f=2

350, e | m=5
U m=7
£ 3004
£ e m=3 % =0.858-0.8
N Y . m=5
‘g250- R
.an
g 2001 .
= 1501
100
50 v " r v
0,90 0,92 0,94 0,96 0,98
Learning rate (p)
Fig. 7: The convergence duration t= f{n) in the one
hidden layer network.
-— p=3 0=095 B=1
=ttt p=5 0=095 f=1
St p=70=0.95 B=1
180
g 1604
:
.hD
E 1407
|
1207
0,90 092 094 0,96 0,98
Learning rate (u}
Fig. 8: The convergence duration t= f(u) in the one

hidden layer networks



Asian J. Inform. Tech., 5 (1) : 89-93, 2006

= m=3 =2 p=99

=== m=5

600 - m=7
—-_— m=§ B2 =099

’5500 ..... m=

g

L)
o
(=]

Le!guﬁngﬁmc (te;
S
(=]

100
0,86 0,88 0,90 0,92 0,94
Momentum {a)
Fig. 9 The convergence duration t,= f(e) in the one

hidden layer networks

To facilitate the choice of the parameters, we have
represented different curves for two types of networks;
we show the influence of p (learning rate), ¢ (momentum)
and P (transfer function slope) on the convergence time.

The one hidden layer networks (1hl): We have
proposed three networks with one hidden layer, which
have respectively 3, 5 and 7 neurons. We present the
learming time t, (convergence time), versus B for some
values of ¢ and p ( Fig. 6). Figures 7 and 8 illustrate the
learning time t, versus p for some values of « and p. We
noticed that the slope is always negative for the seven
hidden neurons networks.

We also show in (Fig. 9) the variation of t,versus ¢ for
some values of p and p. Here the slopes have the same
positive variation.

We noticed that t, doesn’t necessary change with the
neurons number, but as shown in the presented curves,
each case gives a particular result. Sometimes, we have
the same duration for two different networks and
sometimes, we obtamn the decreasing of t, when we expect
its increasing. This is a normal phenomenon because the
used parameters play the role of accelerator and for some
precise values the inverse role.

We also obtain the same time t, for all networks for
some particular values of p and B. Looking the obtained
results, we can conclude that the choice of the parameters
is purely experimental and differ from one case to the

other.

The two hidden layers networks (Zhl): The also
proposed networks are with two hidden layers with
respectively m and s as neurons numbers in the first
and the second
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hidden layers. The used couples (m, s) are (3, 5), (5, 3) and
(7, 5). Figures 10 and 11 represent the learning time t,
respectively versus P for some values of ¢ and p and
versus | for some values of « and p.

Practically, we can conclude that the choice of the
parameters is purely experimental. So, there are no
absolute rules for the different applications that we could
lmagine.

Qutputs and errors networks calculation: In(Table 2) we
show the ten network outputs values, the corresponding
error and the total error after the formula of ™' for the
learning of one pronounced Arabic number O (sifr).

The neural networks results interpretation: We have
met the local mimimum problem for the one and two lndden
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Table 2: The convergence of the number 0 (sifi)

The outputs number The desired outputs

The networks outputs

The corresponding errors

1

Ll = B <IN = N T S PR O Il

<
(=l el el o = e el

9.98000039766339¢-0001
1.9923131532451 1e-0003
1.99668224578176e-0003
1.99538507840202e-0003
1.99312214493830e-0003
1.99524399790008e-0003
1.99319549692234e-0003
1.99567137412870e-0003
1.99355941033019e-0003
1.99305115049953e-0003

1.99996023366111e-0003
1.99231315324511e-0003
1.99668224578176€-0003
1.99538507840202e-0003
1.99312214493830e-0003
1.99524399790008e-0003
1.99319549692234e-0003
1.99567137412870e-0003
1.99355941033019e-0003
1.99305115049953e-0003

The total error Et=1.98965266339202e-05

layers networks that we have overcome by doing many
tests. We have noticed that the iterations number in the
networks convergence is lower in the sigmoid activation
compared to the hyperbolic tangent
activationfunction. We explain this by the greater slope
value and the lower and higher boundaries of the

functien

hyperbolic tangent activation function

For example, we have 16059 iterations in a time of 1h
35 mm for the learmng of the number 7 (sebaa) and 25340
iterations and a time of 2 h 40 min for the learning of the
number 9 (tissaa).

We have also noticed that for a relative great
momentum ¢ value, we obtain the acceleration of the
comvergence, but without exceeding some lumits,
otherwise the momentum ¢ becomes the more important
value, which slows down the convergence of the
networks. The momentum ¢ has an influence on the
networks convergence rapidity.

The learning ratep accelerate the convergence, when
it has a relative great value, but in certain limit, otherwise
we have the slowing down of the convergence. Theu
factor has also an influence on the networks convergence
rapidity.

After many tests, we noticed that the parameters,
which have given the convergence, are in the following
limits:

- Forthe 1 hl networks: 0.8< < 085, 08< P <;0.<pn
<0.99

- Forthe 2 hl networks: 0.8< < 0.85,0.99< p < 1.5;
0.89< 1 <0.99

We can conclude that the ¢, P andp values and the

hidden neurons numbers are purely experimental and
differ from one case to the other.
We can say that we have not obtained confusion in our
application. This method is efficient as probabilistic
methods like the Hidden Markov Model and the Hybrid
model™ 1,
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CONCLUSION

In this study, we have modeled and determined the
essential speech characteristics (which are the Arabic
numbers 1n our case) to use them in an eventual phone
number application.

Our system 1s valuable for many speakers. We have
used twenty different speakers. All the speakers are men
aged between 22 and 27 years.

We have used the LPC method, which has allowed to
extract the different types of parameters characterizing the
numbers like the a(1) prediction coefficients used in the
extraction of the formants values using the factorization
method. The formants are specific parameters for each
number.

After the obtamned results, we can conclude the
efficiency of the neural networks m the Arabic
pronunciation recognition of the number O (sifr) to 9
(tessea). We precise that we have respectively used the
pronunciation of the two Arabic numbers 2 and 8 as
ithnani and thamania but not as ithnan and thamaniya.

After many tests and to generate outputs values
approximating the desired outputs values with a very
small error, the choice of the «, p andp values are very
important to obtain a minimal error and an optimal learning
tune.

The obtained results allow confirming the efficiency
of the back propagation algorithm 1n the Arabic number
pronunciation recognition for an eventual vocal phone
number.

The networks with one and twe hidden layers
illustrate the validity of the results using the BPN (back
propagation networks).

We have also made many experiences with the
variation of «, B, values and using different clusters of
nitial weights.

For the phone number, we can use a circuit, which
record the number pronounced and recogmized in the
order of the phone numbering. This circuit can activate a
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pulse generator which provides pulses for each number
with a delay between the numbers which constitute the
phone number (the number dial technique), or to active
two particular sinusoidal signal generators corresponding
to each number pronounced and recognized (the number
Keyboard technmique).

This work has allowed having a concrete vision on
the use of the pronunciation of the number for the vocal
phone number, which will be very beneficial and useful for
some handicapped bodies and particularly for the blind
bodies.

The results give that all the two methods (the HMM
and the Neural Networks methods) possesses some limits
n the real applications. So, we must have a good quality
of the data acquisition: the appropriate frequency, a good
recording conditions and good noise immurnty.
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