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Abstract: Our work concerns the application of Genetic Algorithms (GAs) to recognize the eight Arabic back obstruents 

regardless of their positions in syllables. Speech recognition was been cast as a pattern classification problem where we would 

like to classify an input acoustic signal into one of all possible phonemes. Since GAs are widely used population-based 

evolutionary search algorithms, they were applied at the Acoustic-Phonetic Decoding (APD) step of the Automatic Speech 

Recognition (ASR) domain. The Modern Standard Arabic (MSA) is characterized by the presence of glottal, pharyngeal and 

velar sounds called back consonants. They belong to the class of obstruents and are distinguished from other sounds by their 

place of articulation, which is defined as a set of anatomical locations ranging from the palate to the glottis. These consonants 

are the subject of this study because of the difficulties encountered to categorize and classify them correctly since their rear 

articulation points make them difficult to recognize. The used GA is characterized by parametric matrices based-evaluation 

function during which intervenes by operating modifications of the vectors parameters representing the phonemes and by 

selecting the best ones. Hence, we performed a chronological classification of matrices representative of speech segments based 

on adapted genetic modeling. The research focuses on both the empirical adjustment of GA parameters and the judicious choice 

of genetic reproduction operators on which the reliability of the genetic recognition algorithm and the overcoming of the 

premature convergence phenomenon largely depend. The experimental results demonstrate that the proposed methods achieves 

interesting performances compared to other conventional speech recognition ones. 
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1. Introduction 

Speech recognition, known as Automatic Speech 

Recognition (ASR) is the ability of a machine to identify 

phonemes, words and phrases in spoken language and 

convert them to a machine-readable format. The main 

purpose of ASR systems is to recognize natural 

languages that are spoken by human beings. However, a 

more recent description defines ASR as the designing 

and action of systems in mapping acoustic signals to a 

string of speech units [35, 64]. Speech recognition is the 

task that will be addressed in this work. 

The recognition of continuous speech is an attempt to 

transcribe naturally spoken utterances. The fluency of 

speech in natural speech imposes co-articulation 

between adjacent phonemes and words in a phrase. This 

leads to neglecting some phonemes, especially between 

words, which makes the recognition process very 

difficult to achieve. An ASR system is composed of two 

important stages; feature extraction and pattern 

matching. 

A typical speech recognition system is developed 

with major components that include acoustic front-end, 

acoustic model, lexicon, language model and decoder. 

Acoustic front-end takes care of converting the speech  

 
signal into appropriate features, which provides useful 

information for recognition. 

The functionality of automatic speech recognition 

system can be described as an extraction of a number of 

speech parameters from the acoustic speech signal for 

each word or sub-word unit. The word or phoneme 

patterns are stored and later when a word or sub-word 

unit is to be recognized its pattern is compared to the 

stored patterns and the word that gives the best match is 

selected. This technique is generally, referred to as 

pattern recognition. 

Acoustic front-end involves signal processing and 

feature extraction. In speech recognition, the main goal 

of the feature extraction step is to compute a 

parsimonious sequence of feature vectors providing a 

compact representation of the given input signal. 

Acoustic modeling of speech typically refers to the 

process of establishing statistical representations for the 

feature vector sequences computed from the speech 

waveform. 

ASR methodologies are broadly classified into three 

approaches, namely, acoustic-phonetic approach pattern 

6matching recognition approach and artificial 

intelligence approach. 
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The intention of this paper is the application of 

Genetic Algorithms (GAs) at the acoustic phonetic 

decoding level of ASR to recognize Modern Standard 

Arabic (MSA) back obstruent sounds in continuous 

speech regardless of their position and in syllables.  

In the recent years, metaheuristic algorithms are used 

to solve real-life complex problems arising from 

different fields such as economics, engineering, politics, 

management, and engineering [3]. Among the 

metaheuristic algorithms, GAs is a well-known 

algorithm, which is inspired from biological evolution 

process. GA mimics the Darwinian theory of survival of 

fittest in nature [4]. 

Genetic algorithms are useful to search a space for 

solutions in multidirectional way from large spaces and 

poorly defined one. The main advantage of using GAs 

is their ability to expand the search space for the best 

parameters by applying the principle of maintenance 

and manipulation of a large population [4, 5].  

GA plays a good role in selecting the fittest parameter 

set in feature selection, phonetic decoding of ASR. In 

ASR, GA improves the accuracy by using clustering-

based fitness function for choosing the elementary 

population [6]. 

It is a population based search algorithm for solutions. 

The new populations are produced by iterative use of 

genetic operators on individuals present in the 

population. The chromosome representation, selection, 

crossover, mutation, and fitness function computation 

are the key elements of GA [4, 7]. 

GA dynamically changes the search process through 

the probabilities of crossover and mutation and reached 

to optimal solution. GA can modify the encoded genes, 

evaluate multiple individuals and produce multiple 

optimal solutions. Hence, GA has better global search 

capability [9]. 

In this research, GAs were used to assign objects that 

are acoustic segments to well-defined classes, by 

designing a single-objective supervised genetic 

classification model. It is conceived to overcome the 

MSA phonetic complexities. To achieve this goal, we 

relied on the process of adjusting GA parameters and the 

choice of genetic representation, evaluation function 

and genetic operators.  

During the feature extraction phase, the relevant 

speech parameters were extracted. They constitute the 

parametric matrices coefficients. These matrices are 

reduced and relevant representations of both back 

obstruent consonants to be recognized and the speech 

continuum phonemes. We represent the acoustic 

segments of speech by the Mel-Frequency Cepstral 

Coefficients (MFCC).  

The remainder of this paper is organized as follows: 

Section 2 is dedicated to work already done in this 

area. Section 3 is an overview of the MSA phonetic 

system while section 4 is dedicated to Arabic speech 

processing with feature representation and acoustic 

modelling of MSA back consonants in continuous 

speech continuum. In section 5 distance classifiers were 

studied. In section 6, we detailed GA modelling and 

highlighted GA tuning for Arabic ASR. Various types of 

crossover, mutation, selection, and encoding techniques 

are discussed. The choose of these reproduction 

operators and their rates were discussed based on series 

of experiments. Sections 4 and 6 presents the 

methodology used to conduct this work. Section 6 in 

part and section 7 in its entirety are dedicated to the 

presentation of the research results and their 

interpretations. 

2. Related Work  

Many serious efforts have been done to develop Arabic 

speech recognition systems. Numerous collaborative 

studies have been carried out to explore this area. [11]. 

Several overviews and survey studies have been 

published to review various aspects of Arabic speech 

recognition. [12, 13]. These surveys show that few 

freely available continuous speech corpora exist and the 

available services and toolkits for the development of 

Arabic speech recognition systems.  

Several works were presented according to the 

recognized entity (phonemes, syllables, words, and 

speaker), the nature of Arabic language (classical, 

modern standard, dialectal), the speech representations 

(discrete, continuous, spontaneous), the feature 

selection technics, the traditional and artificial 

classifiers and learning techniques. These studies 

present Arabic speech recognition systems from the 

end-to-end methodology perspective. The study focuses 

on two types of the Arabic language, namely MSA and 

dialectal Arabic [13, 14].  

2.1. Basic Classification Models for ASR 

There are different classification approaches; acoustic-

phonetic approach, pattern recognition approach and 

artificial intelligence approach [112]. 

Most conventional speech recognition systems, 

including those for Arabic speech recognition are 

generally based on statistical approaches such as Hidden 

Markov Models (HMMs) that perform the modeling of 

the sequential structure of speech signals [15, 130]. The 

HMMs are mainly based on Gaussian Mixture Models 

(GMMs) that are considered the best statistical 

representation of the spectral distributions of speech 

waveforms. GMM involves modeling the acoustic 

features of speech using a combination of Gaussian 

distributions. The GMM is widely used in ASR systems 

for its ability to approximate complex probability 

distributions effectively [16, 17].  

A hybrid algorithm based on combination of HMM 

and learning vector. Learning Vector Quantization 

(LVQ) method showed an important contribution in 

producing highly discriminative reference vectors for 

classifying static patterns.  

Support Vector Machines (SVMs) is one of the 
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popular techniques for pattern recognition and is 

considered to be the state-of-the-art tool for linear and 

nonlinear classification. Recently, SVMs has been 

adopted to perform the task of speech recognition. 

SVMs can be implemented independently or as a hybrid 

model [18]. However, the two major problems with 

SVMs for ASR application are the inability to handle 

variable inputs, and the high computational cost in 

classifying more than two classes at once. 

Dynamic Time Warping (DTW) has been found 

useful in many other disciplines, including data mining, 

gesture recognition, robotics. Dynamic Time Warping 

is an algorithm for measuring similarity between two 

sequences, which may vary in time or speed [8]. 

Artificial Neural Networks (ANN) are great 

classifiers, and they produce the best results for pattern 

recognition problems. They are used for their capability 

to learn and organize according to the dataset provided 

at the training stage. They work exceptionally well with 

unknown data and can classify unknown data 

effectively. There are various types of ANN.  

Convolutional Neural Networks (CNNs) are widely 

used in Arabic speech recognition to capture local 

patterns and features in speech data. Using CNN 

facilitates feature learning and classification, enhancing 

Arabic ASR performance [19, 20]. 

Recurrent Neural Networks (RNNs) represent a 

neural network design frequently employed for 

handling sequential information, like speech signals 

[21, 22]. In the context of Arabic ASR, an RNN can be 

utilized to convert the input speech signal into a 

sequence of phonemess, which can then be further 

processed to recognize the spoken words [24, 25]. 

Deep Neural Networks (DNNs) are used to improve 

the automatic recognition speech by combining the 

convolutional CNNs and Long Short-Term Memory 

(LSTM) neural networks [26, 27]. 

2.2. Genetic Algorithms Applied for ASR 

GAs were applied both to optimize basic models for 

ASR and as searching algorithm for solutions at feature 

selection or at the evaluation level. However, there are 

few works in the literature using GAs as classifier for 

ASR to classify and recognize speech sounds and 

especially very few works dealing with the automatic 

recognition of MSA back consonants [28, 29]. 

As an optimization algorithm in hybrid approach, 

GAs were used intensively in many works to enhance 

the ASR [32, 33]. 

2.3. Hybrid Classifiers 

Speech recognition hybrid systems combine two core 

approaches: traditional methods like HMM-based 

methods, SVMs, ANNs or evolutionary algorithms like 

GAs and tabu search algorithm [32, 33]. 

As classifiers, hybrids models such as HMM-ANN, 

HMM-SVM, HMM-GMM, HMM-DNN, HMM-AGs, 

ANN-AGs and end-to-end deep learning models have 

been emerged as a breakthrough in improving the 

performance of ASR. They have better performance 

than the classical ones alone. Hybrids methods enhance 

the speech recognition rate independently to feature 

extraction technics “Table 1”. 

Table 1. Comparison of classifiers performances for ASR. 

Speech recognition 

approaches 

Range of average 

rate of ASR 
References 

Classical 

approaches 

HMM [81%, 92,92%] [34, 35, 36 , 37, 38, 39] 

SVM [76,15%, 86,50%] [40, 41, 42, 43, 44, 45]  

DTW [68%, 81.75%] 
[46, 47, 48, 49, 50, 51, 

52] 

Neuronal approaches 

CNN/ DNN/ ANN 
[85,15%, 95,26%] 

[53,54, 55, 56, 57, 58, 

59, 60, 61, 62, 63, 64, 

65, 20,,21 24, 25, 26, 
143] 

Mata-heuristics/ 
Evolutionary algorithms 

Tabu Search 

[89,85% , 98, 15%] [32, 33, 67 , 69, 70] 

Hybrid 

approaches 

HMM/ANN [94,19%, 97%] [71, 72, 73, 31, 74, 127] 

HMM/GMM 

/SVM/LVQANN 
[81%, 96,47%] [72, 73, 74, 18, 75] 

HMM/AG [93,32 %, 98,48% ] [76, 77, 78, 79, , 31] 

ANN//AG 

DNN/AG 
[93%, 98,35%] [29, 30, 80, 81] 

2.4. Comparison of Classifiers Performance  

Table 1 shows that the best classifiers for the ASR are 

the hybrid models and the evolutionary ones under the 

same conditions. Among them, HMM/ANN and 

ANN/AG are the best models in term of recognition 

average rate, followed by the evolutionary algorithms 

such as AGs. The neuronal based methods show too 

interesting scores [82]. 

Hybrid speech classifiers allowed for significant gain 

in performance with respect to standard models in a 

variety of situations. In addition, hybrid systems are 

easily implemented since they require much less 

parameters than ASR systems based on standard 

classifiers [83, 84]. 

3. Overview of Arabic Phonetic System 

The study and classification of the sounds of speech is 

called phonetics. The phonetic system of the Arabic 

language contains 34 phonemes composed of 6 vowels 

and 28 consonants. They can be classified as sonorants 

or obstruents. Speech sounds involving turbulent noise 

are referred to in generative phonology as obstruents 

called turbulent sounds, a natural class subsuming stops, 

affricates and fricatives. Obstruent sounds are produced 

with a vocal tract configuration sufficient to increase the 

air pressure inside the mouth significantly over that of 

the ambient air. Sonorants subsume vowels, glides, 

liquids, nasals. The originality of Arabic phonetics is 

based on emphatic, pharyngeal, and laryngeal 

consonants, and huru:f l mad, because they give a 

special value to the language. Arabic has a relatively 

large number of speech sounds whose primary or 
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secondary articulation lies in the pharynx. Among these 

sounds, there are the pharyngeal and the emphatic or 

pharyngealized class [85, 86]. 

3.1. Arabic Back Obstruent Sounds  

The MSA is characterized by the presence of back 

glottal, pharyngeal and velar consonants, which are 

distinguished from other consonants by their place of 

articulation, defined as a set of anatomical locations 

ranging from the palate to the glottis. Pharyngeal, glottal, 

and uvular consonants are called back consonants 

relative to their places of articulation these sounds are 

extremely abundant in Arabic [98]. 

Despite the long history of research on the acoustic 

characteristics of back consonants, current state-of-the-

art ASR systems are still incapable of performing 

accurate fine phoneme distinctions for these classes of 

sounds. One of the main reasons for this is the dynamic, 

short, speaker and context dependent nature of these 

sounds. The information that exists in the literature is 

neither sufficient nor consistent enough to be integrated 

in an ASR system [88, 89]. 

The International Phonetic Alphabet (IPA) 

transcription was chosen for its simplicity “Table 2”. 

Table 2. Transcription of MSA back obstruent consonants to IPA 
[90]. 

MSA back consonants (in Arabic) MSA back consonants (API) 

 [?] [ء]

 [ε] [ع]

 [γ] [غ]

 [h] [ه]

 [ħ] [ح]

 [X] [خ]

 [q] [ق]

 [k] [ك]

Arabic back consonants are divided into plosive and 

fricative sounds according to the manner of articulation. 

Plosive sounds differ from each other according to their 

place of articulation and the same is true for 

constrictives. The eight back obstruent consonants, 

which are the subject of the study, are illustrated in 

Table 3. 

Table 3. Arabic back obstruents from an articulatory. 

 Place of articulation of MSA back obstruents 

Articulatory 

mode 
Post palatal Velar uvular pharyngeal 

Laryngeal or 

glottal 

Occlusive 

or plosive 
[k] [q]  [?] 

Constrictive or 

fricative 

 [X] 
[ħ] 

voiced 

[h] 

voiced 

 
[γ] 

voiced 
[ε] 

voiced 
 

Plosives are also called oral stops. Oral stops can be 

either voiced or voiceless. Nasal stops are usually 

voiced. A plosive consonant completely cuts off the 

airflow through the mouth. This means that there is no 

airflow at all for the duration of the sound. In a Fricative 

consonant, the articulators involved in the constriction 

approach get close enough to each other to create a 

turbulent airstream [23]. 

Pharyngeal phonemes use the pharyngeal cavity in 

the vocal tract as place of articulation. Articulating 

empathic phonemes involves the rising and retracting of 

the back of the tongue [87, 92]. 

3.2. Databases for Arabic Speech Recognition 

Databases are an essential part of speech recognition 

since classification process relies on the labeled data. 

Quality of the data affects the success of the recognition 

process. Incomplete, low-quality, or faulty data may 

lead to incorrect predictions; hence, data should be 

carefully designed and collected. 

The main challenge lies in the limited availability of 

suitable datasets for Arabic ASR. Due to this scarcity, 

individual researchers have had to create their own 

speech corpora, but unfortunately, these datasets have 

not been publicly shared. As of now, our knowledge 

indicates the existence of seven available corpora for 

Arabic ASR systems, which are composed of complete 

Arabic speech datasets. 

For this work, the speech database is the Algerian 

Arabic Speech Database (ALGASD) was used, a 

Modern Standard Arabic (MSA) speech corpus 

composed of utterances pronounced by 300 Algerian 

native speakers selected from eleven regions of Algeria. 

One of the objectives of this corpus design is to be 

representative of the regional accents of MSA spoken in 

Algeria. Useful information related to the speakers, such 

as gender, age, and education level, is provided [93].  

The experiment was conducted using a medium-

sized corpus of one hundred naturally spoken sentences 

and words in continuous MSA language. This corpus is 

spoken by several Algerian male speakers in a low-noise 

environment. It contains more than one hundred well-

balanced back obstruent consonants, present in all three 

possible positions: initial, medial, and final. 

4. Arabic Speech Processing 

Whether recognition is global or analytical, the speech 

recognition process begins with acoustic pre-processing 

of the speech signal, the goal of which is to reduce the 

flow of information and eliminate redundancies present 

within it [93]. 

4.1. Speech Signal Pre-Processing 

The pre-processing of the speech signal is mainly 

performed to make the speech signal ready for the 

feature extraction phase of ASR. The speech signal is 

pre-processed in these ordered steps. In the first step, 

Voice Activity Detection (VAD) is executed to keep 

only the voice parts of a speech signal. Then, noise is 

reduced [96, 97]. 

In the second step, the pre-emphasis is applied to 

flatten the magnitude spectrum and balance the high and 
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low-frequency components of the speech signal. On the 

other hand, pre-emphasis filtering is used for reducing 

the high dynamic range of speech waveform and 

enhancing the signal-to-noise ratio. After that, the 

framing of the whole signal is applied. The framing step 

fills this gap by splitting the continuous speech signal 

into a series of blocks called frames of 20-40ms length 

to allow block processing of the speech signal [99, 100]. 

In our case, the speech signal, after its acquisition by 

microphone, is filtered and sampled. A band-pass filter 

with cut-off frequencies 100Hz and 4.8 KHz was used 

to filter speech signal before processing. The sampling 

rate was set to 10 KHz with 16-bit resolution for all 

recorded speech tokens. 

The last step of speech pre-processing is the 

application of a windowing function and a 

normalization of the vocal tract to improve the signal 

spectrum of the speech signal. A 256-point Hamming 

window was used to select the data to be analyzed [101]. 

4.2. Feature Extraction and Acoustic Modelling 

Acoustic feature extraction is a vital step in Arabic ASR, 

as it involves converting the raw speech signal into a set 

of relevant and compact features that effectively 

represent the linguistic content of the speech [104].  

The speech signal has a non-stationary nature, the 

properties of a signal are not static over time which 

makes its analysis a very difficult task, however, in short 

time intervals, the speech signal is considered as a 

stationary signal and easy to process. Hence, the use of 

short-term analysis methods in continuous speech 

processing is justified since the speech continuum is 

framing into a certain number of stationary short 

segments. [101, 103] 

The time-domain waveform of a speech signal carries 

all of the auditory information. However, to extract 

statistically significant information from the waveform, 

methods must be capable of condensing the information 

of every segment into a limited number of parameters, 

or characteristics, while keeping the signal’s 

discriminating power [102].  

Distinctive phonetic features have an important role 

in Arabic speech phoneme recognition. In a given 

language, they are extrapolated from acoustic features 

using different methods [102]. 

These features should characterize each segment so 

that other segments with similar features may be 

grouped by comparing their characteristics [51]. Various 

approaches for extracting features speech signals have 

been developed based on extensive research in 

mathematics, acoustics, and speech technology. 

MFC analysis is the most popular feature extraction 

technique for speech recognition [103]. Its popularity 

stems from the fact that it tries to mimic the human 

hearing system]. MFCC features have been employed to 

keep the phonetically crucial aspects of the speech 

signal [93]. By converting traditional frequency to Mel 

scale, MFCC considers human perception for sensitivity 

at appropriate frequencies. The results in coefficients 

indicate features in the speech signal, such as power, 

pitch, and vocal tract shape [104, 117]. 

Cepstral analysis technic was used to extract vocal 

tract coefficients from the Arabic speech signal. The 

temporal variations in the speech signal are represented 

by the first and second derivatives of the twelve MFCCs 

and energy. In addition, the Voicing Onset Time (VOT) 

is appended to MFCCs features to properly characterize 

the back obstruents [104].  

These discriminating parameters, as an acoustic 

matrix form, constitute the set of reference data for the 

used AG. Each back obstruent consonant denoted x is 

represented by a reference parameter matrix denoted 

Mrx. It is obtained by the concatenation of a certain 

number denoted mx of the representative short-term 

parametric vectors denoted Vrx40k. The speech 

continuum is segmented into a number of acoustic 

segments lasting 10 ms and are represented by short-

term parametric vectors composed of 40 distinctive 

coefficients. 

40 1 2 40( , ,..., )k k k kVrx     

The specific order reference parameter matrices denoted 

q40mx, which represent the MSA back obstruent 

consonant, acoustically, are obtained during the learning 

phase. 

11 21 1 401

1 2 40

1 2 40

. ... .... ........

...................................................

.... ...... ........

.....................................................

.... ..... ......
x

i

k k ik k

m m im m

Mrx

   

   

   











 
 
 
 
 



 

40 40mx xq m   

To recognize a back obstruent sound in continuous 

speech, we segment the vocal continuum into a set of 

short-term acoustic vectors and we create a parametric 

matrix denoted Msx by successively concatenating mx 

short-term vector parameters of the same type denoted 

Vsx40k,mx. The acoustic parameters matrix size is equal to 

the order denoted q40mx of the parametric reference 

vector of the correspondent consonant and it is 

expressed as follows: 

 40 , 1 1 40,..., .,.........,k mx k i kVsx   
 

mx: number of acoustic segments concatenated to form 

a parametric vector of a possible back obstruent 

consonant. 

11 21 1 401

1 2 40

1 2

..... .... ........

.....................................................

..... ..... ........

.....................................................

..... ...... ......
x x x

i

k k ik k

m m im

Msx

   

   

  



40..
xm

 
 
 
 
 
 
 
 

 

Msx: parametric matrix. It is obtained by the 

(1) 

(2) 

(3) 

(4) 

(5) 
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concatenation of a set of short-term parametric vectors 

of ‘mx’ segments of the vocal continuum.  

The acoustic segmentation of the vocal continuum 

was performed automatically by scanning this 

continuum from the left to the right. It was done 

chronologically by concatenating “mx” short-term 

parametric vectors with a step of 10 ms. 

5. Distance Classifiers 

The job of a classifier is to learn the relationship 

between the given input audio features, and their 

corresponding text or phonemes. They are first trained 

using the training data, which should be big enough for 

a classifier to recognize the specific patterns present in 

the speech signal and their correspondence to the output 

phonemes. 

In the realm of artificial intelligence, particularly 

within the field of machine learning and pattern 

recognition, classification techniques serve as 

fundamental building blocks. These techniques are used 

to categorize data into predefined classes based on input 

features. One pivotal aspect of classification is the 

distance metric, which are mathematical functions used 

to measure the similarity or dissimilarity among the 

samples within data and quantifies the separation 

between two points in a feature space.  

For the acoustic classification process, a metric 

criterion, called decision rule assigns acoustic feature 

matrices of phonemes to one of existent classes [105]. 

The distance function between two vectors x and y is 

a function d(x, y) that defines the distance between both 

vectors as a non-negative real number. There are 

numerous distance metrics, such as Manhattan also 

called city block, Minkowski, Mahalanobis, Canberra, 

squared Euclidean and so on [91, 106]. 

Minkowski distance measures is a family of distances 

that includes three distance metrics that are special cases 

corresponding to different values of p for this power 

distance. The Minkowski distance, which is also known 

as Lp norm, is a generalized metric. It is defined as: 

 

1

1

,

p pm

i j

i

D x y x y


 
  
 
 
  

where p is a positive value.  

When p=2, the distance becomes the Euclidean 

distance. When p=1 it becomes Manhattan distance. 

Chebyshev distance is a variant of Minkowski distance 

where p=∞. As we increase p, it gives more emphasis to 

large differences in individual dimensions [107]. 

The Mahalanobis distance accounts for unequal 

variances as well as correlations between features, it 

will adequately evaluate the distance by assigning 

different weights or importance factors to the features of 

data points [91, 108].  

Euclidean distance is the most popular among them 

[109]. Recent studies suggest improving the 

performances for the distance metrics to make machine-

learning algorithms more accurate [108, 109].  

For this work, among various distance metrics the 

Euclidean distance is chosen as distance measurement 

to represent the GA evaluation function because it is 

more adaptable and applicable to voice data. For 

calculating the distance between two sample x and y 

with m attributes, it calculates the Euclidian distance 

using the following Equation (7) [110]: 

 

1
2 2

1

,
m

i j

i

D x y x y


 
  
 
 
  

Once vectors representation are obtained, several 

traditional classifiers established in vector spaces can be 

used. For categorical or mixed features, city block 

distance is used, and for continuous features, the 

Euclidean distance is chosen. In the case of datasets with 

more categorical attributes Euclidean, Squared 

Euclidean and Manhattan metrics generate relatively 

more reliable classes than the others [110, 111]. It is 

formulated as follows: 

   

1
2 240

1 1

, /
xm

E ik ik

i k

d d Msx Mrx   
 

 
   
 
 
  

σ: standard deviation; distance normalization coefficient. 

When comparing distance metrics mentioned in this 

section, the best performances are achieved by using 

Euclidean and Mahalanobis distance metric. They 

performed the same recognition rate beacause when the 

features are uncorrelated, the distance under a 

Mahalanobis distance metric is identical to that under 

the Euclidean distance metric [109]. In addition, the 

classification accuracy achieved by using city block 

distance metric is very close to Euclidean and squared 

Euclidean ones “Table 4”. 

Table 4. Comparison of average recognition rates according to the 
distance Metric types under the best GA adjustment. 

Distance metric types Overall rate of phonemes classification 

Euclidean distance 93.95 % 

City block distance 93.85 % 

Mahalanobis distance 93.94 % 

Squared euclidean distance 92.25 % 

Canberra distance  90.75 % 

Regarding the impact on the execution time of our 

algorithm. The city block distance metric requires less 

execution time for similarity score calculation and 

phoneme classification as compared with the other 

proposed distance metrics.  

6. Genetic Algorithm Modelling 

GAs are general methods of problem solving by 

searching solutions [111]. 

6.1. Genetic Encoding of Speech 

Chromosome representation encodes problem solutions 

(6) 

(7) 

(8) 
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as individuals. Although initial versions of GA uses 

binary numbers for encoding of chromosomes but their 

major drawbacks such as lack of precision and existence 

of “Hamming-cliff” problem impel to look for another 

type of encoding scheme. To overcome these difficulties 

related to binary encoding of continuous parameter 

optimization problems, Real-Encoding GA (REGA) of 

chromosomes is used. It is used to represent a gene in 

terms of values. It is a case of Direct Value Encoding 

(DVE). It are used to code genes in a chromosome and 

maximize the number of schemata available for genetic 

processing [58]. 

Real GA is most suitable in a continuous search space 

since it uses the direct representations of the design 

parameters and avoids any intermediate encoding and 

decoding steps When the representation of the solutions 

is very close to the natural formulation of many 

problems, e.g., there are no differences between the 

genotype (coding) and the phenotype (search space), 

increasing the GA’s speed [58]. 

In addition, it preserves problem structure and 

reduces search space. It has many attractive properties 

such as high precision, effective large space search, 

simple computing, fast convergence and suitable coding 

scheme (one parameter represents one gene) [59]. 

Each potential solution is represented in the form of 

a string, which is dubbed a chromosome or an 

individual. A pool of strings forms a population. We 

used a fixed length chromosome for the GA, where each 

chromosome contains, as genes, the coefficients of 

several segments noted Sk of the vocalic continuum of 

the chosen corpus.  

The GA individuals are chosen relatively to the entity 

to be recognized. The search space are set of all possible 

individuals, which refers to the candidate solutions 

collection to a problem. Each individual is represented 

by a chromosome that can be either a matrix or a vector 

[59]. Once encoded, these entities will constitute the 

population of our GA. Thus, for each back obstruent 

consonant, we obtain specific and distinct individuals. 

6.2. Genetic Evaluation Function 

Once the problem is encoded in a chromosomal manner 

a measure evaluation function or fitness function is 

chosen. Each chromosome provides a potential solution 

to the problem at hand. However, these solutions do not 

have the same degree of relevance at all. The evaluation 

function causes the population to evolve in a way that is 

beneficial to finding the best solution. In other words, it 

must be able to assign each individual a positive 

indicator, representing his or her relevance to the 

problem we are trying to solve. The evaluation function 

assigns scores to individuals, guiding the GA towards 

the optimum solution. Consequently, the influence of 

this function on GA performance is significant. 

Therefore, it is imperative to choose this function wisely 

[113].  

In this work, to evaluate the population, the fitness of 

each individual or chromosome is calculated. It 

represents the differences between the sound to be 

recognized and each sound in the database. Whenever 

the distance value is near to zero then the phoneme is 

recognized. Its formula is derived from the Euclidean 

distance as shown in Equation (6), it is applied to the 

evaluation function using the Equation (7). If the fitness 

value is close to one, the best match occurs between the 

parametric matrix Msx of the test and the parametric 

matrix Mrx of the reference files and vice versa [114]. 

6.3. Genetic Operators of Reproduction 

Every search algorithm needs to address the exploration 

and exploitation of a search space. Exploration is the 

process of visiting entirely new regions of a search 

space, whilst exploitation is the process of visiting those 

regions of a search space within the neighborhood of 

previously visited points. In order to be successful, a 

search algorithm needs to establish a good ratio between 

exploration and exploitation. Too much exploration can 

lead to a slow convergence, as the algorithm spends too 

much time on less promising areas of the search space. 

Conversely, too much exploitation can cause the 

algorithm to converge prematurely on suboptimal 

solutions A good balance between them maintains the 

diversity of the search space permitting the GA to jump 

out of local or suboptimal solutions to avoid premature 

convergence and therefore to avoid reducing the 

system’s performance [115, 59]. 

Genetic reproduction is implemented using three 

operators: selection, recombination, and mutation. 

These operators represent the main tools to achieve this 

good ratio. A balance between the two explorative and 

exploitative features of GA, which are characterized by 

the two operators, crossover and mutation, is imperative 

in order to speed up the search process to produce 

quality GA solutions [58, 116]. 

The key to a successful implementation of GAs 

primarily depends on the efficient crossover and 

mutation search operators to guide the system toward 

global optima by locating the global minimum or 

maximum of the GA evaluation functions [59].  

A basic process of a GA begins by randomly 

generating solutions or chromosomes to the problem. 

Posteriorly, an iterative process is carried out in which, 

at each step, the good solutions are selected and the 

crossing between species is carried out. Occasionally we 

can have mutations on certain solutions. Through the 

selection of good solutions in the iterative process, the 

computer will develop more better solutions [120, 121]. 

The selection operation is a fundamental process in 

GAs that determines which individuals from the current 

population will contribute to the creation of the next 

generation. The selection operation must balance 

exploration (searching through new and diverse feature 

subsets) and exploitation (focusing on the best-
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performing subsets found so far) [121]. 

The primary purpose of the selection operation is to 

promote the survival and reproduction of individuals 

with higher fitness scores, while less fit individuals are 

less likely to be chosen [118, 121]. Several selection 

methods are commonly used in GAs, each with its own 

characteristics and suitability for different types of 

problems: roulette wheel selection: also known as 

fitness-proportionate selection, this method assigns a 

selection probability to each individual based on its 

fitness score. Individuals with higher fitness have a 

greater chance of being selected, similar to how 

segments of a roulette wheel are sized according to the 

fitness values. While this method is straightforward, it 

may suffer from issues when fitness values are very 

similar, leading to slow convergence. Tournament 

selection: in this method, a subset of individuals is 

randomly chosen from the population, and the one with 

the highest fitness is selected for reproduction. This 

process is repeated until the required number of 

individuals is selected. Tournament selection is easy to 

implement and can be adjusted by changing the 

tournament size, offering a balance between exploration 

and exploitation. Rank-based selection: instead of using 

raw fitness scores, individuals are ranked based on their 

fitness, and selection probabilities are assigned based on 

these ranks [59, 122].  

Crossover operators combine the genomes of two or 

more solutions with the possibility that good 

chromosomes may generate better ones. Crossover’s 

main objective is to ensure that the genes are shared and 

that the children inherit the parent’s genes. The 

crossover operator preference has a greater impact on 

GA’s results. Through choosing suitable ‘breeding’ 

operators, the premature convergence can be avoided. 

Crossover operators may be categorized into crossover 

for binary problem representation, crossover for real 

code problem representation and crossover that apply to 

both types [58, 123]. 

The real crossover method applies in continuous 

variables. The crossover acts to generate at least one 

offspring based on two or more parent chromosomes in 

the population. The real crossover operation is applied 

in a variety of forms, as the elements are a real-valued 

vector [58, 124]. 

This general crossover method can be used in binary 

and real value problem representation. Although 

different crossover operators apply to different types of 

representation conversion between binary and real-

value vectors is relatively easy [22, 125]. 

In this work, we have used the general crossover 

method. Among the various types of general crossover, 

we studied single point, two-point and uniform 

crossover. Single point crossover, detects one crossover 

point at random before splitting parents at this crossover 

point thereby producing offspring by exchanging tails. 

The common crossover probability is within the range 

of 0.5-1.0 [127]. 

N-point crossover is a generalization of the single 

point crossover. The n crossover points are randomly 

identified, after which they split along those points and 

convene, and then alternating between parents [127].  

Uniform crossover assigns ‘heads’ to one parent, 

‘tails’ to the other. A coin is flipped for each gene of the 

first child and an inverse copy of the gene is created for 

the second child [119]  

Mutation adds randomness to solutions and should be 

scalable, drift-less, and reach each location in solution 

space. The genotype or chromosome of a solution is 

mapped to a phenotype, the real solution; before it can 

be evaluated on the fitness function. The role of 

mutation in GAs is that of restoring lost or unexplored 

genetic material into the population to prevent the 

premature convergence of GA to suboptimal. When the 

genetic algorithm is close to the optimal solution 

neighborhood through the crossover operator, the local 

random search ability using the mutation operator can 

accelerate the convergence to the optimal solution. 

Obviously, the probability of mutation in this case 

should be a small value; otherwise the building blocks 

close to the optimal solution will be destroyed by the 

mutation. The second is to enable genetic algorithms to 

maintain group diversity to prevent immature 

convergence [129]. 

In this work and for real-coded GAs, we have used 

among various types of mutation: Random or uniform, 

Non-uniform, standard Gaussian and Multi-non-

uniform mutation. The uniform mutation is a common 

mutation operator based on Gaussian distribution 

whereby the user specifies a range of uniform random 

value to replace the value of the chosen gene [133]. 

Directed mutation or standard Gaussian mutation is 

based on extrapolation. The directed mutation finds a 

new point in the population using the information 

applied in the previous generations [130]. Non-uniform 

mutation possesses a fine-tuning capability whereby its 

action depends on the number of the population in order 

to reach equilibrium between exploration and 

exploitation. The search was performed uniformly at the 

beginning and very locally towards the end of the 

search. Multi-non-uniform mutation escalates the 

genetic diversity of a candidate individual. It can 

perform a uniform search with local fine-tuning thus 

increasing the exploitative capability [131, 129]. 

6.4. Genetic Algorithm Tuning 

The success of the GA is dependent on the parameter 

values used, and identifying suitable values to use is a 

difficult task. It is necessary to make choices regarding 

how to evolve individuals. In addition, we want to 

determine which mutation and which crossover to 

choose, and what rates (frequencies of action) to 

associate with them? First, we must decide on the types 

of reproduction operators, as well as their rates. 

Basically, mutation can increase the diversity of 
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chromosomes in GAs to exploit the solution space, 

while crossover, in order to help GAs to converge to 

optima, needs to identify, inherit and protect good 

common genes shared by chromosomes, and at the same 

time to recombine non-common genes [132]. 

Due to the stochastic nature of mutation and 

crossover, it is not an easy task to design efficient 

evolutionary operators free of the feasibility problem. 

The influence of the mutation and crossover operators’ 

types was taken into account to determine which one 

among them produces the best model performance. 

When the defining lengths of schemata is low, one-point 

and two-point crossover are better than the uniform one. 

When the defining length is high, uniform crossover is 

the best [133, 134]. 

Uniform crossover is probably the most wildly used 

crossover operator because of its efficiency in not only 

identifying, inheriting and protecting common genes, 

but also re-combining non-common genes [95, 135]. 

For our task, uniform crossover and multi-non-

uniform mutation operators were opted. Table 5 shows 

that the mutation operator can produce a significantly 

better solution by approaching the global optimum. 

Mutation rate (probability) determines how many 

chromosomes should be mutated in one generation 

when crossover rate (probability) represents the number 

of times a crossover occurs for chromosomes in one 

generation [136, 94]. 

Table 5. Comparison of nominal recognition rate according to types 
of crossover and mutation operators. 

Nominal recognition rate according to crossover and mutation 

operators types (%) (pc=0.8 and pm=0.2) 

 Mutation Type 

 
Standard 

Gaussian  
Uniform 

Non-

uniform 

Multi-non-

uniform 

Crossover 

type 

Single point 86.65 89.05 88.78 91.75 

Uniform 89.15  92.74  93.64  93.95  

Two-point 88.67 91.74 92.80 92.97 

A series of experiments were carried out in order to 

find the best values of the different parameters of the 

recognition GA. These values allows us to avoid 

premature convergence and improve the performance of 

our AG. Consequently, we set the crossover rate at 0.8 

and the mutation one at 0.2 “Table 6”. 

Table 6. Comparison of recognition rate according to crossover and 
mutation probabilities. 

Recognition rate according to crossover and mutation 

probabilities (%) 

 
Crossover probability (Pc) 

0.20 0.40 0.75 0.80 0.85 

Mutation 

probability 

(Pm) 

0.05 60.3 63.7 72.56 74.74 72.40 

0.10 62,20 69.85 91.75 92.85 89.79 

0.20 63.14 70.23 92.90 93.95 92.97 

0.40 60.08 63.45 77.12 86.18 85.25 

0.60 54.17 57.89 71.18 81.23 77.84 

0.80 0.31 0.34 0.45 0.55 0.53 

Table 6 shows that the mutation rate denoted Pm and 

defined as the probability that any given feature will be 

mutated is a critical parameter in GAs. A too low 

mutation rate may lead to insufficient exploration, 

causing the algorithm to converge prematurely. 

Conversely, a high mutation rate may disrupt the 

inheritance of good traits, reducing the overall 

effectiveness of the GA. 

The diversity measure is calculated as the ratio of the 

number of distinct individuals to the total number of 

individuals in the population. Thus, a diversity equal to 

1 corresponds to the initialization of the algorithm (all 

individuals were randomly generated), while a diversity 

equal to zero corresponds to the convergence of the 

algorithm towards an optimal solution [137]. 

Table 7 shows that the low level of diversity in the 

population is obtained with a probability of mutation 

equals to 0.2 and the probability of crossover denoted 

Pc equals to 0.8. Furthermore, it shows that the optimal 

level of selective pressure is achieved with the optimal 

values of Pc and Pm equal to 0.8 and 0.2 respectively.  

Table 7. Evolution of diversity rate according to crossover and 
mutation probabilities. 

Evolution of diversity rate according to crossover and mutation 

probabilities (%) 

  
Crossover Probability (Pc) 

0.20 0.40 0.60 0.80 0.90 

Mutation 

probability (Pm) 

 

0.05 0.75 0.66 0.58 0.55 0.63 

0.10 0.45 0.35 0.33 0.20 0.23 

0.20 0.25 0.24 0.18 0.13 0.15 

0.30 0.48 0.45 0.35 0.31 0.35 

0.40 0.67 0.67 0.60 0.58 0.57 

0.50 0.73 0.72 0.62 0.59 0.60 

0.80 0.89 0.85 0.84 0.80 0.82 

In addition, Table 7 shows that these values of 

probabilities, permitted to obtain the highest score of 

phoneme recognition. It shows the great influence of 

diversity in the performance of the recognition GA. 

Thus, controlling diversity is a key aspect of optimizing 

the search process in GAs [137]. 

When diversity measure is low the selective pressure 

is high, the search process tends to converge rapidly 

towards high-fitness solutions. On the other hand, when 

the selective pressure is low, the search process 

maintains a higher level of diversity in the population 

while this may slow down the convergence speed, it 

allows for a more extensive exploration of the search 

space [140]. 

Selective pressure refers to the degree to which the 

selection process in a GA favors fitter individuals over 

less fit ones. It determines the intensity of the 

competition among individuals to be selected for 

reproduction and survival in the next generation. The 

higher the selective pressure, the more the selection 

process favors the fittest individuals, while lower 

selective pressure allows for a more diverse selection of 

individuals. Selective pressure is essential in driving the 

search towards optimal solutions by promoting the 

survival and reproduction of high-quality individuals 

[59, 137]. 
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Elitism is a powerful concept in GAs that control 

selective pressure and ensures the survival of the best 

individuals from one generation to the next. The 

motivation behind elitism is to prevent the loss of high-

quality solutions during the selection process. By 

preserving the fittest individuals, elitism helps maintain 

the best genetic material and guides the search towards 

optimal solutions. Elitism can be incorporated into 

selection strategies in various ways [138, 139].  

One common approach is to combine elitism with 

other selection methods, such as tournament selection or 

fitness-proportionate selection. In this case, the elite 

individuals are first selected and added to the next 

generation, and then the remaining population 

undergoes the chosen selection method [140, 141]. 

In the literature, there are several selection methods 

like Roulette Wheel Selection (RWS), stochastic 

universal sampling, the Tournament Selection (TS) and 

elitism. 

Tournament selection is an important selection 

mechanism for GAs, where a set of solutions is selected 

randomly and within this competition subset, the best 

solutions are finally selected as new parents. 

Tournament selection offers a positive probability for 

each solution to survive, even if it has worse fitness 

values than other solutions [141]. It is simple to code, 

easy to implement, robust in the presence of noise, and 

has adjustable selection pressure. It is adaptable for any 

tournament size or noise level [59, 142]. 

Roulette wheel also known as fitness proportional 

selection selects parental solutions randomly with 

uniform distribution. The probability for being selected 

depends on the fitness of a solution. For this sake, the 

relative fitness of solutions normalized with the sum of 

all fitness values in a population, usually by division. 

This fraction of fitness can be understood as probability 

for a solution of being selected. The advantage of 

fitness-proportional selection operators is that each 

solution has a positive probability of being selected 

[141]. 

For this work, fitness proportional selection and 

Tournament one methods were studied. 

Population sizing is one of the important topics to 

consider in evolutionary computation. The size of the 

population affects the convergence of a GA. In the 

literature, there are various studies and results about the 

appropriate GA population size [141, 142]. Larger 

populations enhance diversity but may slow 

convergence and reduce efficiency due to longer 

execution times. Smaller populations risk getting stuck 

in local minima. Typically, population sizes range from 

75 to 175 individuals, depending on the problem and 

computational resources [142, 143]. 

Table 8 shows that a population of 100 individuals by 

generation permits to reach a high performance of 93.95 

% for the best individual. It shows that the optimal 

population size is equal to 100. 

Table 8. Evolution of the overall phoneme classification rate 
depending on the size of the population. 

Population size 

(individuals) 

Overall rate of phoneme 

classification 

50 60.250 (%) 
100 93.950 (%) 
150 93.127 (%)  
200 83.150 (%) 
300 77.400 (%) 

Comparing the results obtained, we can notice that 

the population performance increases with population 

size up to 100 and then decreases over generations 

“Table 7”. Indeed, a population of 50 individuals 

achieves a performance of 60.25% for the best 

individual, while a population of 100 individuals 

produces the best one. 

Therefore, implementing these optimal values and 

optimal population size ensures fast convergence of GA 

to the solutions, making it more efficient. 

7. Results and Interpretations 

The objective of this study is to demonstrate the 

effectiveness of the proposed MSA recognition model 

and its ability to classify the eight MSAs behind 

obstruent consonants in continuous speech, where a 

recognition GA has been developed during this work. 

We divided the vocal signal of the corpus to be 

processed into a set of acoustic segments of the same 

size to which we applied cepstral analysis representation 

method. Real vector GA preserves problem structure 

and reduces search space, ensuring new individuals 

respect problem constraints. 

The behaviour of our AG was studied according to 

the type of reproduction and selection operators and to 

its parametric adjustment. To aid the calibration of GAs, 

it is proposed that there exists an optimal number of GA 

generations for a given problem, where from the number 

of generations, the population size can be determined 

from the total function evaluations that are available 

“Figure 1”. 

 

Figure 1. Evolution of the best individuals as a function of 

population size by generation. 

Table 9 shows that the use of the genetic model 
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allowed us to obtain, with an optimal population size 

equal to 100, the best values of GA evaluation function, 

after evolving only 100 generations, and then it 

stabilizes at this rate without any notable progression 

over the generations since the values of the GA fitness 

function are close to one (0.94). The result shows the 

rapid convergence of the GA model toward the 

solutions. For both large and small populations, the 

results show that the fitness values are low, which 

reduces the efficiency of GA in reaching global optima 

and negatively affects the ASR rate [141, 142] 

Table 9. Evolution of GA evaluation value according to population 

size and generations. 

Evolution of GA evaluation value according to population size 

and GA generations 

 
GA Generations 

50 100 150 300 500 

Population 

size 

25 0.32 0.54 0.55 0.54 0.52 

50 0.45 0.60 0.61 0.61 0.60 

100 0.63 0.93 0.94 0.94 0.93 

150 0.60 0.93 0.94 0.94 0.92 

300 0.55 0.90 0.91 0.91 0.91 

500 0.54 0.85 0.86 0.85 0.84 

1000 0.50 0.89 0.90 0.89 0.89 

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. In our case, The GA is 

stopped after 100 iterations because a notable 

improvement has occurred and almost all members of 

the population have become similar [141]. 

Regarding the mutation crossover rates or 

probabilities, Tables 5 and 6 show that when they are set 

in the range of 0.08 to 0.2 and 0.75 to 0.85 respectively, 

a high degree of diversity is maintained, which helps to 

avoid getting stuck in the same local optima and thus 

avoid reducing the system performance. However, the 

results obtained show that when the mutation rate is 

lower than 0.08 or higher than 0.2, our GA converges 

prematurely. The simulations are carried out on a 

population of 100 individuals subjected to a mutation 

whose probability is equal to 0.1. The results show that 

the best crossover rates that significantly influence the 

performance of individuals are between 75% and 85%. 

It is deduced that the recognition rate is influenced by 

the respective values of the crossover and mutation 

probabilities. A crossover rate value of 0.8 allows the 

GA to converge toward a global optimum after a certain 

number of iterations.  

Table 10 shows that the recognition rates of back 

obstruent obstruents of MSA differ from one sound to 

another depending on the articulatory mode and to a 

very small extent on the place of articulation of these 

speech sounds. This shows that the place of articulation 

does not influence recognition rates inversely to the 

articulatory mode. 

Table 10. Recognition rates according to the type of MSA Back 
obstruent phonemes. 

MSA back consonants (API) 
Classification rates of MSA phonemes 

(API) (%) 

[?] 94,88 

[𝜀�] 89,18 

[𝛾�] 90.45 

[h] 89,95 

[ħ] 89,10 

[X] 90.85 

[q] 97,25 

[k] 97,75 

The recognition rates of the three occlusive 

consonants the voiceless velar /k/, the voiceless uvular 

/q/ and the voiceless glottal /?/ are high. As can be seen, 

this reflects the good performance of GA used as a 

classifier due to the good adjustment of GA parameters 

during implementation. 

The unrecognized phonemes are essentially due to 

the segmentation difficulties and to the coarticulation 

phenomenon problems. Back consonant that occur in 

the medium position are strongly influenced by the 

preceding and the following sounds [23, 144]. 

Table 11 shows that occlusive obstruent sounds are 

better recognized than fricative sounds. It can be 

explained by the fact that the fricative sounds are more 

difficult to be categorized and characterized acoustically 

and their phonetic features are less distinctive to 

guaranty their systematic identification [145, 128].  

Table 11. Comparison of average recognition rates according to the 
type of MSA back obstruents. 

Back obstruent types  Overall rate of phonemes classification 

Occlusive  96,18 % 

Constrictive 89.60 % 

In comparison of these results with those of works 

using classical models such as statistical or neural ones, 

it appears that our genetic recognition model is also 

efficient, but if we compare them to the results of 

HMM-ANN, HMM-DNN, ANN/AG, DNN/AG hybrid 

classifiers proposed in literature, we note that our model 

is almost as efficient “Table1”. 

8. Conclusions 

In this work, a genetic model based on a dynamic and 

adaptable genetic evaluation function was developed to 

rigorously recognize the eight MSAs back obstruent 

consonants in continuous speech whatever their 

positions in syllables. The application of Genetic 

Algorithms for ASR, as a genetic model for classifying 

acoustic vectors of speech sequences, is very recent. In 

addition, we aimed at overcome the premature 
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convergence problem that traditional GA suffers, due to 

the loss of genetic diversity in the candidate solution 

population. 

For our task, an efficient parametric representation of 

the back obstruents based on the choice of a set of 

distinctive relevant and discriminative parameters, was 

conceived. It is worth noting the difficulties encountered 

in choosing the appropriate parameters for the different 

operators (mutation, crossover, selection, and 

replacement) and that the rejection rate is controlled by 

the choice of these types of parameters. 

It is concluded that the results are too satisfactory 

since the overall recognition rate of MSA back obstruent 

consonants in the vocal corpus can reach the threshold 

of 93.95 % under the best conditions of adjustment of 

the used GA parameters. Comparing the obtained level 

of accuracy with the results of the other authors is not 

indicative, since systems use different dictionaries and 

different natural languages. Future work will be oriented 

towards speech recognition using hybrid models to 

increase recognition rates. 
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