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Abstract: The goal of this paper is the application of the Genetic Algorithms (GAs) to the Automatic

Speech Recognition (ASR) domain at the acoustic sequences classification level. Thus, we have looked

for recognizing Standard Arabic (SA) stop sounds of continuous, naturally spoken, speech. We have used

GAs  because  of  their advantages in resolving complicated optimization problems, where analytic

methods fail. Stop consonants represent one of the various classes of sounds in human speech. Their

classification is one of the most challenging tasks in speech recognition due to their dynamic, variable

context and speaker-dependent nature. In SA, there are eight stop consonants. W e have analyzed a corpus

that contains several sentences composed of the eight types of stop consonants in the initial, medium and

final positions, recorded by several male speakers. Since the cepstral coefficients representation is known

to provide the best speech recognition performance, we have used Mel Frequency Cepstrum Coefficients

(MFCCs) method to extract vocal tract coefficients. To represent temporal variations in the speech signal,

the first and second derivatives of both MFCCs and energy are added to the set of static parameters. The

acoustic segments classification and the GAs have been explored. Among a set of classifiers like Bayesian,

likelihood and distance classifier, we have used the distance one. It is based on the classification measure

criterion. So, we formulate the supervised classification as a function optimization problem and we have

used the decision rule Mahalanobis distance as the fitness function for the GA evaluation. We report

promising results with a classification recognition accuracy of 89%.

Key words: Genetic Algorithms, Distance Classifier, Standard Arabic Stop Sounds, Automatic Speech

Recognition.

DATABASE

The speech data used in this study were extracted

from utterances naturally read by several male

speakers. Speakers were asked to read a list of 20

meaningful and grammatically correct sentences. The

sentences were selected so that the number of stop

consonants with the two voicing properties is fairly

well balanced. The stop consonants to be included in

this study were those that were located next to at least

one vowel. The vowel can be on either side of the stop

consonant segment as long as it is adjacent to that stop

segment regardless of any word or syllable boundaries.

So there are two contexts; the Consonants-Vowel (CV)

and the Vowel-Consonant (CV). Each utterance was

digitized at 16 kHz and stored directly to a computer.

INTRODUCTION

The  ASR has been intensively researched for

more than four decades. In the last one, significant

improvements and successes were achieved. However,

there are too few studies about the application of

evolutionary algorithms to the automatic speech

domain. A typical ASR system consists of two

components: feature analysis which includes parameters

extraction and pattern classification.

The ASR deals with mathematical and technical

aspects of classifying different acoustic segments

through their observable information. The extracted

parameters of the speech signal are classified by using

a certain type of measures, such as Mahalanobis or

Euclidean distance, likelihood and Bayesian, over class

models. In our case, we have used the Mahalanobis

distance  as a criterion measure or a decision rule in

the supervised classification of the fricative consonants

of SA.

Since the number of features of acoustic segments

of the vocal continuum is high, Linear Discriminant

Analysis (LDA) is a technique that we have used to

extract relevant features from speech signals. It is

plausible that classes are not linearly separable, but

nonlinearly separable in the original space. In this case,

it is possible to transform the descent data space to an

even higher dimensional space where the classes are

linearly separable. Kernel version of LDA (KDA)
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enables this transformation without having too much

extra computation.

In this work, we have used GAs as a function

optimization problem to evolve structures representing

sets of acoustic segments rules .[1-3]

The GAs are search methods for good solutions in

a large population of candidate solutions. GAs use

extensive search of the current candidate space, to find

the currently best approximations to the unknown

solution. They have several advantages. They work

with both continuous and discrete parameters, execute

simultaneous searches over several regions of the

search space and work with a population instead of a

unique point. In addition, they optimize a large number

of parameters; have successfully found global minimum

even on very complex and complicated objective

functions and their computer implementations are

portable and modular. Also, they are tolerant to

incomplete and noise data .[4]

For the purposes of this paper, the phonetic

framework is that of the International Phonetic

Alphabet (IPA). 

2. Standard Arabic Sounds description: Standard

Arabic is composed of the following segments:

C 28 phonetically distinct consonant phonemes.

Generally, consonants have less energy than

vowels. The characteristics that form a vowel are

relatively more prominent and stable than those of

the consonants. The consonant vary individually,

making it easier to deal with them in group;

C three short vowels, [a, u, i], which contrast

phonemically with their long counterparts, [a:, u:,

i:]. Throughout the text, phonemic length is

indicated by writing the vowels symbol twice; 

C the six (06) correspondent variants of the short and

the long vowels, in emphatic context;

C the silence, called [suku:n].

All the Arabic vowels are oral and fully voiced.

But, they can be nasalized in nasal consonants context

(assimilation).The difference between short and long

ones is approximately double or more. The relative

duration of the short vowels is from 100-150 msec.

With the long ones, it is from 225-350 msec .[5]

The SA phonemes classification is based on

physiological speech parameters that consist of both

horizontal and vertical places and various manners of

articulation. They are produced by a closure or a

narrow constriction in the vocal tract. The tongue

position in the vocal cavity and the lips form definite

the articulation place which serves to classify the

consonants .[5]

The 28 consonants of SA are classified

physiologically as follow:

C 13 fricatives; [θ],[ £], [X], [ð], [s], [I], [s ],[f ],K

[z], [ð ],[¨], [�], [h]; K

C 08 stops: [§], [k], [q], [t], [d], [b], [t ], [d ]; K K

C 02 nasals: [n], [m];

C 02 glides: [j], [w]; 

C 01 trill: [r];

C 01 liquid: [l]; 

C 01 affricate [dz].

The relative duration of the consonants depends

upon whether they occur initially, medially or finally.

It also depends on whether they are aspirated or

unaspirated, voiced or unvoiced and single or

geminated. 

2.1. Particularities of Standard Arabic sounds: The

SA is characterized by three phonetic phenomena

which are the presence of the emphatic consonants, the

geminate ones and by the presence of glottal,

pharyngeal, velar and uvular ones called back

consonants. The SA possesses eight back phonemes.

The phonemes in Arabic that are not found in English

include the following: [t ], [d ], [ð ], [s ], [X], [�], [£],K K K K

[¨] and [§].

The emphasis is a complex phenomenon that

p o s se s se s  c e r ta in  c h a r a c t e r i s t i c s  l i k e  th e

pharyngalization and the velarization. The following

consonants are the four emphatic consonants of SA

whose two consonants are stops [t ], [d ]. On theK K

neighbouring emphatic consonants, all the Arabic

vowels are strongly influenced. So we obtain variants:

emphasized vowels in opposition to the not emphasized

ones. The gemination corresponds to the consonant

production with intensive energy concentration. In

phonetic terms, the distinction between the geminated

and ingeminated segments is predicated on the fact that

the hold phase in the production of the consonant is

lengthened to approximately double the length of the

ingeminated one. The entire Arabic consonant can be

geminate except the glottal stop consonant [§] .[6-7]

2.2. Stop consonants of Standard Arabic: Stops or

Plosive consonants are formed by completely stopping

the flow of air at some point in the vocal tract. Air

accumulates under pressure behind the stoppage and

when the stoppage is released, the air escapes with a

noise called explosion. They involve three distinct

stages which are sequential in time :[5]

C closure (occlusion): the articulators totally block

the air-stream and the air pressure increases just

behind the obstruction;
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C burst: the articulators quickly move away from

each other. An explosive burst of air rushes
through the opening, involving energy in the

audible spectrum;
C transition: transition segment to the next sound.

Standard Arabic language has stop phonemes in

five different places of articulation. The voiced bilabial
plosive [b], the voiced dental plosive ([t], [d]), the

voiceless velar [k], the voiceless uvular [q]
and the voiceless glottal [§]. It has two series of stops,

a voiceless series at four places of articulation
([t],[k],[q],[§]) and one plain voiced series with two

places of articulation ([b],[d]). The singular status of
Arabic stops emerges most clearly through the presence

of the pharyngealized stops [t ], [d ].K K

3. Speech Front End Processing: Front-end processing
is the first component in ASR, therefore the quality of

the front-end processing will greatly determine the
quality of the later other components. Speech signal

changes continuously due to the movements of vocal
system and it is intrinsically non-stationary.

Nonetheless, in short segments, typically 20 to 40 ms,
speech could be regarded as pseudo-stationary signal.

Speech analysis is generally carried out in frequency
domain with short segments and it is often called

short-term spectral analysis. The pre-emphasised stream
of digital data is analysed in frames of 20 ms, at

intervals of 10 ms. The Hamming window is used to
reduce the distortions caused by the discontinuities at

the ends of each frame.

3.1. Feature Extraction: As we know feature
extraction influences the recognition rate greatly, it is

too important for any recognition/ classification
systems. Feature extraction is to convert an observed

speech signal to some type of parametric representation
for further analysis and processing. It transforms the

high-dimensional speech signal space to a relatively
low-dimensional features subspace while preserving the

speech discriminative information to application.
Several techniques can be used to extract vocal tract

coefficients from the speech signal. These include filter
bank analysis, Linear Predictive Coding (LPC) and

cepstral analysis .[8]

3.1.1. Short-term Mel-frequency Cepstrum: Until
now, MFCCs are the best known and most commonly

used features for ASR. They are extensions of the
cepstral which are used to better represent human

auditory models . [9]

The Mel-frequency Warping is normally realized

by Filter banks which can be implemented in both time
and frequency domains. For the purpose of MFCC

processor,  filter  banks are implemented in frequency

domain before the logarithm and the inverse Discrete

Fourier Transform (DFT). The most commonly used

filter shaper is triangular. The last step before getting

MFCCs is the inverse DFT (iDFT). Normally the

Discrete Cosine Transform (DCT) will be performed

c ninstead of iDFT. The M  cepstral coefficients noted C

are calculated as follow : [8]

(01)

It will results the MFCCs vector noted V  andj

expressed as:

(02)

Just the first coefficients of the cepstral sequence

are interesting for smoothing the spectrum and

minimising the pitch influence. The first thirteen

MFCCs of the consonants sounds describe its unique

properties sufficiently to differentiate them each other .[8]

3.1.2. Short-time energy: It is common to append an

energy coefficient to the cepstrum feature vector. It is

computed as the logarithm of the accumulated frame

energy. Differences in energy among phonemes show

that it is a good feature to distinguish between them.

The normalized log of the raw signal one is usually

used as the energy coefficient. It is computed as the

logarithm of the signal one. Short Time Energy (STE)

is simply the mean square power in the frame.

3.1.3. Differential features: Temporal changes, in

speech spectra, play an important role in perception.

This information is captured in the form of velocity

coefficients and acceleration coefficients (collectively

referred to as differential or dynamic features). No time

evolution information is included in MFCCs. But it is

often included in the feature set by cepstral derivatives.

The first order derivative of MFCCs is called Delta

coefficients  and  their  second order derivative is

called Delta-Delta coefficients. The first ones tell us

somehow the speech rate and the second ones give us

something similar to the speech acceleration. The delta

coefficients are computed using linear regression:

(03)
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Where, 2j+1 is the regression window size and x

denotes the cepstrum.

The second order derivatives are computed using

the same linear regression applied to a window of delta

coefficients. 

3.2. Dimension Reduction of the features space:

Speech recognition can be cast as a pattern

classification problem where we would like to classify

an input acoustic signal into one of all possible

phonemes. However, the features number of acoustic

segments of the vocal continuum is high, so that it is

unreasonable to solve the problem as a regular

classification one. The each m acoustic segments

nmparameter vector noted V  is constituted of the first

thirteen MFCCs, the STE and their first and second

time derivatives and the three first formants noted

respectively F1, F2 and F3. The description of this

vector is as follows:

1 2 M c nVnm = (c , c ,..., c ,..., c ) (04)

For  this  reason,  it is reasonable to borrow

pattern classification techniques to help in speech

recognition. LDA is one such technique that can be

used to extract relevant features from speech signals

that discriminate well between sub-unit classes. The

problem is usually cast  as  a dimension reduction

problem. Kernel-based machine learning and pattern

classification techniques have  achieved  considerable

success recently. Among those are Support Vector

Machine (SVM) and Kernel version LDA. Already,

kernel version of LDA is very popular among pattern

classification community. These methods enable to

extract features or decision rules that have nonlinear

boundaries by projecting parameter vector onto a

higher-dimensional feature space through a non-linear

Kernel function which is often defined as the dot

product between a parameter vector and a reference

[10]vector .

i ik(x,µ ) = (x,µ ) (05)

In this higher-dimensional feature space, non-linear

class boundaries may become linear. Then the decision

plane is pursuit in the feature space. The projection of

decision plane in the parameter space is a non-linear

[11-12]decision boundary .

It result of a set of reduced acoustic parameters

vectors whose description is as follows:

im m 1 m 2 m nVkda  = (Kda , Kda ,..., Kda ) (06)

Fig. 1: Acoustic classification procedure. 

4. Acoustic Classification: Classification of objects is

an important area of pattern recognition and artificial

intelligence. Classifier design can be performed with

labelled or unlabeled data. Classification operation

usually uses supervised learning methods that induce a

classification model from a database. Using a

supervised learning method, the computer is given a set

of objects with known classification and is asked to

classify an unknown object based on the information

acquired by it during the training phase .[13]

We assign an input feature vector to one of K

existing classes based on a classification measure.

Conventiona l  c lassif ica t io n  measures inc lude

Mahalanobis or Euclidean distance, likelihood and

Bayesian a posteriori probability. These methods

measures lead to linear classification methods (the

decision boundaries they generate are linear). Linear

methods, however, have the limitation that they have

little computational flexibility and are enable to handle

complex nonlinear decision boundaries. Consequently,

acoustic classification is the elaboration of a decision

rule that assigns acoustic feature vectors of phonemes

to one of existent classes (Fig. 1).

Classification criterion is also called decision rule.

The most widely used classification criteria are

distances, Bayesian decision rule and likelihood. The

first criterion is the simplest and most direct one. The

basic idea of distance classification criterion is that a

data is classified to a class that is closest to it.

Euclidean and Mahalanobis distances are the two most

common forms.

i iSuppose we have k classes, let (µ , Σ ) be the

iknown parameter set of class i, where µ  is the

ireference vector of class i. Σ  is the covariance. The

square form of the Euclidean distance of an observation

vector x from class i is:

(07)
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The square form of Mahalanobis distance of x

from class i is:

(08)

Euclidean distance is in fact a special case of

Mahalanobis distance.

The second type of criterion which is Bayesian

decision one is based on the assumption that the

classification problems are posed in probabilistic terms

and all of the relevant probabilities are known. It will

assign an observation vector to the class that has the

largest a posteriori probability.

The Likelihood criterion which is a special case of

Bayesian classification one, assumes that all of the

priori probabilities are equal and the distribution of

classes is normal.

Based on the classification criterion used in

discriminate functions, classifiers can be grouped into

Bayesian, likelihood or distance classifiers.

5. Genetic Classification: GAs have been used broadly

in search and optimization. The optimization is the

search for a better solution to solve a given problem.

It consists of trying several solutions and to use

information collected in this process in order to

improve the quality of the solutions.

Our GA consists on looking for, among the

various acoustic segments of a vocal sequence,

structures which correspond to those of the

representative reference vectors of every class. To

associate entities to be recognized in classes, it is

enough to find an analytical correspondence between

the two groups of the acoustic vectors respectively

vocal sequences and entities to be recognized of

reference. The vectors of the initial population

represent the search space for potential solutions. The

GA will have for task to make on these initial vectors

some modifications, reorganizations, to produce the

[14-15]best vector as the potential solution .

To  solve  any  optimisation problem, a simple

GA randomly generates an initial population of

individuals. Each individual of the population

represents a potential solution by encoding it into a

data structure called chromosome. Each individual is

evaluated and given a measure of how good it is to

solve the problem at hand. This measure is named

fitness. The next steps produce, in successive

generations, new populations. Three basic operations

are used to transform a current population into a new

one: selection, crossover and mutation. The selection

operator selects a sample of individuals favouring the

high-fitness individuals. The crossover takes two

selected individuals called parents and combines its

parts creating new ones called offspring. Mutation takes

an offspring and creates a transformed individual by

modifying its parts randomly. The transformed ones

will  compose  the  new generation of individuals.

That procedure is repeated until a satisfactory solution

is found.

5.1. Genetic classifier initial population: GA starts by

generating an initial population of chromosomes. This

first population must offer a wide diversity of genetic

materials. The gene pool should be as large as possible

so that any solution of the search space can be

engendered. Generally, the initial population is

generated randomly. We have chosen the initial class

number, noted N, equal to SA alphabet phonemes

number. The SA alphabet is composed of 28

consonants, 06 vowels and their 06 vocalic variants in

emphatic context.

With the introduction of the concept of classifier

initial population in the ASR context, we must definite

the two followed sets:

C the T set of M speech segments. The duration of

each segment is equals to 10 ms. This set has the

following form:

1 m MT = {S ,..., S ,..., S } (09)

C The dimension of the corresponding parameter

vector of each acoustic segment is fixed to n.

Where the position n°i contains the coefficient

imKda  of the acoustic segment n° m. Each acoustic

segment is represented by a parameter vector noted

imVkda  and has the following form: 

m 1 m 2 m nVkdaim = (Kda , Kda ,..., Kda ) (10)

C the set noted C constituted of all the stop

consonants It has the following form:

1 k 13C = {C ,..., C ,..., C } (11)

The effect of genetic research is the dispatching of

the acoustic segments among a certain number of

classes. The number of these classes is equal to the

number of plosive consonants of SA.

5.2. Reference acoustic data: The choice of the type

and the indices reliability and the relevant acoustic

parameters of stop consonants to be recognized are

very important. These last ones, as acoustic vectors

form, constitute the set of reference data for the AG.

The AG refers to this set, during the evaluation phase

[15]as potential solutions .
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Table 1: Reference acoustic vectors of Standard Arabic stop

consonants.

Kj kConsonnants µ  Vector order (vo )

11 a1 tt[±] (Kda ,..., Kda ) tt

----------------------------------------------------------------------------------------

k1 khh[Ÿ] (Kda ,..., Kda ) hh

----------------------------------------------------------------------------------------

131 13h[h] (Kda ,..., Kda ) h

Each plosive of class k consonant is represented by

kja parameters vector noted µ : 

kj K 1 K 2 K jµ  = (Kda , Kda ,..., Kda ) (12)

The combination of static and dynamic features

provides additional discrimination for speech

recognition. These acoustic vectors which are reference

are obtained during the learning phase. Each of the

eight stops is represented by an acoustic reference

vector of a specific order (tab.1).

5.3. Encoding of the problem: In GAs, each potential

solution  is  represented  is represented in the form of

a string, which contains encoded parameters of the

solution. A string is dubbed a chromosome or an

individual,  while a parameter is also called an

attribute.  A  pool of strings forms a population. We

use  a  fixed length chromosome for the GA, where

each chromosome contains, as genes, the coefficients

im mKda  of several segments noted S  of the vocalic

continuum of the chosen corpus. Each gene is coded

into a segment of the bit string chromosome. The bit

string length depends on the required numerical

precision . [16]

The individual is elaborated relatively to the

consonant to be classified. For example, if we want to

classify the stop [b], we proceed to the segmentation of

the vocalic continuum into a set of acoustic vectors

according to the corresponding individual that will be

definite as the chromosome. This acoustic vector noted

m  vokV  is composed of the coefficients of a certain

number of successive concatenated acoustic segments

Kand its size is equal to the order noted vo  of the

consonant reference vector.

m  vok m 1 m 2 (m +1)1 (2m )nV  = (kda , Kda ,..., Kda ,..., Kda ,...,

rn vokKda ,..., Kda ) (13)

Where: 

mAnd r is the number of acoustic segments S

concatenated to form the acoustic vector of the whole

individual.

It result that the initial population noted pop will

m  vokbe composed of all possible acoustic vectors V

kwhen we vary the values of m  and vo . The different

values of m are as follow:

Fig. 2: Flowchart of Classification Genetic Algorithm.

im  = 1,...,M (14)

So, for each value of m we have an individual. 

5.4. Evaluation Function: The Evaluation Function
(FA) has to be most discriminating possible. This

discriminating character concerns two additional
aspects: The internal cohesion of the classification

which is the degree of affinity of segments inside
every class and the differentiation of the classification

which corresponds to the dissimilarity of the classes
among them .[17]

The FA can be represented rigorously by the
Mahalanobis distance between the vectors of the

acoustic segments and the vectors of reference of every
class of stops. It can be expressed as follows . [18-19]

(15)

To estimate potential solutions of our problem, we
minimize the FA to decide of the type of membership

classes of the acoustic segment or the sets of these
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segments. So, we just maximize the inverse function of

FA noted F and looking for the extrema. This inverse
function is as follows:

kF = 1/F (16)

The search for this extrêma can give two types of

results: the global maximum means the existence of the
searched consonant. In that case, we continue the

search for the same type of consonant in the rest of the
vocal continuum. Otherwise, the end of the vocal

continuum means that there is no stop sound of class
k in the vocal continuum, so we repeat the research for

the other types of stops (Fig. 2).

5.5. Selection operator: Selection is supposed to be
able to compare each individual in the population. It is

done by using a fitness function. Each chromosome has
an associated value corresponding to the fitness of the

solution it represents. The fitness should correspond to
an evaluation of how good the candidate solution is.

The optimal solution is the one which maximizes the
fitness function. There are many ways to select

individuals. The higher the fitness function, the more
chance an individual has to be selected. The selection

pressure is defined as the degree to which the better
individuals are favoured. The higher the selection

pressured, the more the better individuals are favoured.
This selection pressure drives the GA to improve the

population fitness over the successive generations .[20-21]

Roulette wheel selection is the classic and more

popular fitness-proportionate selection. It simply assigns
to each solution a sector of a roulette wheel whose size

is proportional to the appropriate fitness measure and
then chooses a random position on the wheel and the

solution to which that position was assigned. 

5.6. Individuals replacement methods: Once offspring
are produced, a method must determine which of the

current members of the population, if any, should be
replaced by the new solutions. Basically, there are two

kinds of methods for maintaining the population;
generational updates and steady state updates. The

basic generational update scheme consists in producing
N children from a population of size N to form the

population at the next time step (generation) and this
new population of children completely replaces the

parent selection. 
In a steady state update, new individuals are

inserted in the population as soon as they are created,
as opposed to the generational update where an entire

new generation is produced at each time step. The
insertion of a new individual usually necessitates the

replacement of another population member. The
individual to be deleted can be chosen as the worst

member of the population, or as the oldest member of

the population, but those methods are quite radical. A

subtle alternative is to replace the most similar member
in the existing population.

5.7. Genetic Algorithms Convergence: GAs are

supposed to converge naturally around optima as they
are discovered, but unfortunately these optima are not

guaranteed to be the global optimal solution of the
problem. A common failure mode of GAs is usually

called premature convergence, by which is normally
meant that the population converged to an unacceptably

poor solution. To tackle this, various techniques could
be developed, such as increasing the mutation rate, or

even better. Typically, mutation rate should be higher
at the end of a run to avoid loss of diversity. 

A larger population size or a lower selection
pressure can also help avoid premature convergence. In

fact, only a good compromise between selection
pressure, population size and mutation rate and so on,

can lead to an adequate algorithm that finds good
solutions in a relatively short among of time .[22]

5.8. Stopping criteria: The GAs are stopped when the

population converges toward the optimal solution.
Unfortunately, evolution often looks like a never-ending

process. GAs cannot be expected to stop spontaneously
on the global optimum solution as if by magic. GAs

are not even guaranteed to find the global optimum
solution. So evolution has to be stopped at some point

according to a pre-determined criterion. In fact there
are many ways to decide to stop the algorithm. The

simplest one is to stop evolution after a fixed number
of iterations. A better solution consists of continuing

the iteration for as long as any improvements are
noticeable. Finally we can also wait until most or all

of the members of the population are similar or
identical. 

RESULTS AND DISCUSSIONS

We have developed a genetic algorithm for speech

units classification task. Our GA uses an elitist
generational population model without any overlap of

the populations. Fixed length chromosomes were used
relatively to the order of reference vector of each

plosive sounds. The GAs are very advantageous
compared to the deterministic algorithms, in the sense

that further improvements can be made in various
ways. Also, they are more suitable for large-sized

problems.
In order to maximize the reproducibility and

minimize the ambiguity in the GA implementation, the
population size was chosen to be dependant on the size

chosen corpus. Uniform random selection was used to
reduce the selection pressure since roulette selection

resulted in premature convergence .[16]
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We have chosen uniform crossover operator
because it combines any material of the parents and the

cordering of genes is irrelevant. Its probability noted p
is equal to 0.8. The probability uniform mutation noted

mp  was fixed to 0.05. This means that too poor
attribute values were modified in each recombination.
These values are chosen empirically to improve our
GA by performing multiple executions and then
choosing the best solution .[17]

The experiment was conducted using a medium-
sized corpus composed of 20 naturally spoken
sentences of Standard Arabic continuous speech from
Arabic normalized database. This corpus is spoken by
several male Jordanian speakers in low noisy
environment. It contains more then one hundred stops
which occurred in the three possible positions: initially,
medially and finally. T he speech continuum
segmentation was performed manually by using version
1.9 of Emu Speech Data System software (Emu
Segmenter).

The results analysis shows that the GAs application
to the speech classification domain is very interesting,
since we have obtained good results. This evaluation
was conducted in terms of two criteria: classification
accuracy and computation time. Plosive consonants
were extracted and classified successfully with an
overall accuracy of 89% in different contexts.
Approximately, there is similar classification accuracy
between the eight types of SA stops. It means that we
have used a good front-end signal processing used in
our system to characterize, acoustically, the stops
consonants. 

The results show that the classification accuracy of
stops which occur in the initial and final positions of
words is higher than the accuracy of the medium
positions ones. The medium ones are strongly
influenced by the preceding and the following sounds.
When stops contain release bursts, the classification
accuracies are better than 89%. It is also shown that
voicing and vowels neighbourhood contexts lead to a
better classification accuracy of stops in CV context.
However, there is no evidence of significant
improvement for stops in VC context.

The unclassified stops are essentially due to the
segmentation difficulties and to the coarticulation
phenomenon problems. In natural speech, there are no
marked boundaries between acoustic data segments.
Word and phoneme boundaries are non-existent. Even
with expert labelling of the acoustic data, it is very
difficult to establish a hard boundary between the
phonemes and words that form an utterance. Speech is
a stream of phonemes that sounds very smooth. This
smoothness results from the coordination of the
articulators’ movements by the brain. The movements
of these articulators - lips, tongue, jaw, velum and
larynx- are coordinated so that movements needed for
adjacent phonemes are simultaneous and overlapping.

Also, we can say that the unclassified plosives

accuracy is due to the fact that the GA has many

inherent variations and parameters that need to be

handled properly in the implementation stage, in order

for reasonable or good performance to be obtained. 

In order to improve the performance of our GA,

we propose the diversification of the recombination

techniques and the introduction variations to its

parameters values. We have to test other structure

modification operators and to use a corpus of high-

quality recordings of read continuous speech of

Standard Arabic. 

When stops are located between two vowels,

information on the formant structures in the vowels on

both sides can be used.

Conclusions: In this paper, we have shown a novel

speech segments supervised classification method based

on the Genetic Algorithms in order to recognize,

automatically, Standard Arabic stop consonants. We

have used a medium-sized corpus composed of 20

naturally spoken sentences of continuous speech from

Arabic corpus recorded by several Jordanian male

speakers in low noisy environment. 

We formulate the supervised classification as a

function optimization problem. And we have used the

decision rule Mahalanobis distance as the GA

evaluation or fitness function. We used two structure

modification operators: uniform crossover and uniform

mutation. Uniform random selection was used to reduce

the selection pressure.

Our promising results show that the GA is capable

to precisely classify almost all instances. We have

compared these results with those of other promising

machine learning approaches and we have found that

our classification model GA is approximately as

performing as the other known approaches like artificial

neural networks.
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