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Abstract 

Title: Modern Standard Arabic Speech Recognition: Using Formants 

Measurements to Extract Vowels from Arabic Words’ Consonant-Vowel-

Consonant-Vowel Structure 

Author: Mohamed Ali Alshaari 

Advisor: Veton Kepuska, Ph.D. 

Arabic texts suffer from missing diacritics (short vowels) which become obstacles 

for new learners. Speech Recognition is the translation of words spoken to text 

through intelligent computer programs. As of today, it has been integrated into 

many computer systems. Arabic Speech Recognition has made progress over the 

years, but it is still not as good as English speech recognition due to the problem of 

short vowels not being recognized. This is mainly because the Arabic language is 

unlike the English language in the nature because it is a Semitic language. This is 

reflected in different characteristics such as grammar, morphology, and the number 

of vowels. If these differences are taken into consideration, Arabic Speech 

recognition may give more accurate results. This research finds a way to recognize 
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the short vowels by benefiting from the characteristics of the Arabic language. The 

research claims to investigate one of the important reasons which is the differences 

in the number of vowels. There are at least twenty vowels in the English language 

which are close to each other in pronunciation, the Arabic language only has three 

short vowels which are far from each other, and by elongating those short vowels 

when they are pronounced, the long vowels are produced. Other researches said 

that the vowels could be recognized using formants. The formants measurements of 

English vowels are close, so it is hard to use those measurements to recognize one 

from the others. The formants measurements of Arabic vowels are far from each 

other, so it is possible to recognize them. This research applies this idea using the 

Euclidian distance method to measure the distances between formant values to 

recognize Arabic short values as isolated or inside Consonant-Vowel-Consonant-

Vowel- Consonant-Vowel pattern words. Since, there are no available Arabic 

corpus which include Arabic vowels and Arabic words with the required pattern, an 

Arabic corpus was built through collecting data from adult male native Arabic 

speakers. In addition to having CVCVCV pattern words and isolated vowels, the 

corpus also included all the sounds of the Arabic language so that it can be used by 

any future researcher that needs the raw data. Necessary programs with the purpose 

of using formants to recognize short vowels were designed and developed using the 

MATLAB software, the programs extract the formants using the LPC method and 



 

v 
 

calculate the mean values for each one of the short vowels using the words in the 

corpus, then use those means to recognize the isolated short vowels and the short 

vowels within the words in the corpus. The results showed that if highly qualified 

volunteers were chosen to read the Arabic text then higher rates of recognition for 

isolated short vowels and the short vowels involved in words can be achieved. This 

research revealed that, some of the characteristics of a language can be used for 

vowel recognition or to enhance the existing methods for speech recognition. 
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Chapter 1  
Introduction 

1.1 Motivation 

The sixth most broadly spoken language in the world is Arabic. Nowadays, there 

are three kinds of Arabic: Classical, Modern Standard or just standard Arabic, and 

many of Arabic Dialects. Classical Arabic is old Arabic, which is used in holy texts 

such as Al Quran for worshiping, and for linguistic studies. Standard Arabic is the 

formal language for all Arabic countries, it is used for official communications and 

writing in schools, it is also the language of the media such as news etc. There are 

many Arabic Dialects: most Arab countries use many Dialects. This form of Arabic 

is not written except in social media sites such as Facebook. This study focuses on 

only Standard Arabic. It has many aspects such as:  

- There is a one-to-one relation in Standard Arabic from grapheme-to-phoneme. 

In other words, a phoneme (sound) represents exactly a grapheme (a letter or a 

number of letters in a word). Text material written using Standard Arabic is 

huge but most of them suffer from non-diacritized, the diacritics are marks 
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appear above and under the word’s letters that express the short vowels. In 

other words, Arabic has short vowels which are usually ignored in the text. 

 

 

- Whilst, Arabic language is one of Semitic language family, English is not. That 

is why it is different from English in almost every aspect e.g. grammar, sentence 

structure, writing, etc. English has many vowels, a lot more than Arabic which 

has only six, Arabic is derivative language- many words that derive from one 

root etc.  

Therefore, we cannot use English speech processing theories, methods, and tools to 

deal with Arabic and expect the same results. This will cause fundamental and 

essential mistakes in transcribing the Arabic speech. This research depends on the 

idea of using the formants values to recognize Arabic short vowels, so to 

accomplish this study a previous work should be examined, collect necessary and 

enough data, reuse programs and designs and build new ones to reach the goal. 

1.2 Objectives 

The goal of this research is building a software that can use F1 and F2 formants to 

recognize Arabic short vowels from CVCVCV words. Therefore, we will be 

adding diacritic marks to the words. To achieve this goal, the following points 

should be accomplished: 
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- Build corpus of speech as follows:  

▪ Choose CVCVCV Arabic words and all the Arabic sound necessary 

to measure F1 and F2 for Arabic short vowels. 

▪ Record materials from Arabic adult males who are native speakers. 

- Calculate F1 and F2 values from recorded words. 

- Study Arabic consonants features and see if it is possible to use formants to 

distinguish consonants from vowels. 

- Using the F1, F2 and the ratios of durations to find the differences between 

Arabic vowels and consonants voiced sounds. 

Developing programs that use the measured F1, F2 and their ratios to 

recognize the short vowels of the recorded words. Therefore, the CVCVCV 

word got diacritics.  

1.3 Dissertation Outline 

- Chapter 2 covers the necessary background which is the sound, the voice, 

how they are expressed and processed, the formant concept, the International 

Phonetic Alphabet, Arabic language types and their features, and Arabic 

speech recognition methods and their problems. 

- Chapter 3 reviews the extraction and problems the formants in speech 

recognition and their impact in recognizing the vowels and improving 



 

4 
 

recognition accuracy and reduce computational complexity. Also, it 

represents the development of using Formants in Arabic Speech 

Recognition. 

- Chapter 4 explains the steps that are used to build the corpora which 

contains all Arabic sounds and CVCVCV words which are necessary to 

fulfill the purpose of this research. Furthermore, it uses the LPC method to 

estimate the formants for Arabic vowels. 

- Chapter 5 presents the development of the necessary programs. It specifies 

the requirement, design the needs, then implements the design using MatLab, 

and finally test them using the corpus. The chapter illustrates and explains the 

results in tables and plots the graphs to express the results.  

- Chapter 6 expresses the conclusions, the most important contribution of this 

research, and the possible future works. 
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Chapter 2  
Background 

As its name, this chapter will cover the background needed for this research. It will 

discuss the nature of the sound, how it has emerged, the sound wave, its features, 

and characteristics, how measured, and processed. As well covering the human 

voice as a sound, its features, how the human produces the voice, expressing, and 

measuring the voice. All will be discussed. The concept of the formant, its types, 

and how measured will be focused on. The Fourier transformation and Fourier 

series will be discussed because of they are important in representing and 

processing the voice. Furthermore, the International Phonetic Alphabet will be 

overviewed in section 2.5. And section 2.6 to 2.11 will focus on the Arabic 

language and its types and their features. They will discuss them with some details 

especially the modern or standard Arabic, which is importantly related to this 

research. Section 2.11 to 2.12 will review Arabic speech recognition methods and 

their problems. 

2.1 The Sound 

The sound consists of vibrations which move by spreading out through any kind of 

matter state (gas, liquid or solid). It is emerging when a source, an object that 

makes a mechanical movement, cause a back and forth motion which is a vibration 
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of molecules around which stimulates the other molecules around them. the motion 

continues until it vibrates the receivers such as ear, microphone etc. 

Where air molecules bunched together cause an area of high pressure and followed 

by low pressure, which also followed by high and low and-so-forth. This 

displacement pattern continues to spread out in a medium like a longitudinal wave 

which called sound waves. 

2.1.1 The Sound Wave 

The sound wave is a longitudinal wave vibrates the same as the axis along which 

the waves propagate, causing a change in air pressure up and down.  

2.1.2 Features and Characteristics of the Sound Wave 

The sound wave as shown in figure 2.1 has many features and characteristics as 

follows: 

• Due to the variations in the density of matters, sound wave can move faster 

in some materials such as steel, water e.g. the sound wave moves in the 

water faster than air. However, it cannot move in a vacuum of space at all. 

It has a minimum point called a trough and maximum point called the crest. 

• it can curve around anything that blocks his way.  

• Some sound wave characteristics can be measured such as: 
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o The wavelength can be figured by measuring the distance from top 

of crest to the next. 

o The frequency is important measure of sound waves. It shows the 

vibrating per seconds. In other words, it is the number of waves for 

every second. The frequency measured in hertz which is equivalent 

to 1 wave passing a fixed point in 1 second. 

o The amplitude, which is a distance from centerline to top of crest. It 

shows how big the wave which expresses the loudness which is the 

volume of the sound that is measured by decibels. The decibel is a 

unit of measurement using to measure the intensity of sound. 

o Speed which is wavelength times frequency.  

• The pitch is one of the sound characteristics that permits the judging of 

sound and it depends on frequency. When the frequency increases the pitch 

becomes high, and when the pitch decreases the pitch becomes low. 
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Figure 2.1 — The features and characteristics of sound wave 

2.2 The Human Voice 

The human voice is a complicated collection of sounds which is called speaking. 

To speak, i.e. to produce human voice, the human is automatically able to use the 

air that he breathes with three organs which are the lungs and trachea, and vocal 

tract which “consists of the larynx, the oral cavity, and the nasal cavity. The oral 

cavity can undergo extensive modifications by the motions of the soft palate, the 

tongue, teeth, and lips.”[1] As known, the function of the lungs is the breathing. In 

addition, the speaks done when the lungs send the air out of the mouth. “Vocal 

folds play a pivotal role in voice production. They form a valve to control the 

airflow from the lungs (through the trachea) to the vocal tract. While closed, vocal 
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folds isolate the vocal tract from the porous lungs to make the vocal tract a high-

quality resonance chamber.”[1] The human sounds formed out during the period 

the air in his way to out as shown in figure 2.2.  The air passes the vocal tract which 

consists of vocal folds, throat the mouth cavity, the teeth, and the nasal cavity. The 

vocal folds open when breathing and moves during the speaking and close when 

swallowing.  

 

Figure 2.2 —  the organs affect and form the human sounds 

2.2.1 The Process of Speaking:  

While the human breathing the vocal folds are in a static state (no sound produced), 

when speaking, the lungs push a certain amount of air fast or slow depending on 

the words that intended to utter. They consist of these sounds. The flows of air 

come from throat vibrate by vocal folds creating the sound waves. Then, the air 
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passes the larynx and mouth to utter out. When the vocal folds vibrate it control the 

pitch and amplitude, since high tension folds produce high pitch and low tension 

cause low pitch. In addition, the loudness depends on how fast air passes the folds. 

The vibrated air or produced sound waves will filtered and resonate in the vocal 

tract. The articulation system works as a resonant system through changing the 

shape of the tongue and lips, which change the frequencies of resonance forming 

human sounds to produce certain consonants and vowels according to vocal folds 

vibrating.   

Based on the above, some points could be considered:  

- The voice can be considered as sounds which goes out in the form of sound 

waves. 

- There are two types of sound: voiced and unvoiced. 

- The voiced sound is produced whilst the vocal folds vibrate. 

-  All vowels considered as a voiced sound. However, the consonants could 

be voiced or unvoiced sounds. 

- The human voiced sounds such as vowels has a pitch which is consisting of 

superposition frequencies of acoustic waves which could be represented 

mathematically as a sine wave. 
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- The human voiced sounds such as vowels and consonants sounds are 

formulated in the vocal tract from the resonance with a combination of 

acoustic waves emerged from the vocal folds. 

- The unvoiced sounds such as some consonants produced only from air, 

since it passes the vocal folds without vibrating, unvoiced sound formulated 

in the vocal tract. Therefore, unvoiced sounds have no pitch. 

- The voiced sounds such as vowels and some consonants have pitch and 

resonance. “it is universally recognized that the timbre of vowels is 

determined by the shape of the vocal tract”[1] which represented by 

resonance frequencies. 

- The vowels represented by resonance frequency which called Formants. It 

considered as a measurement that distinguish vowels from each other. 

As mentioned above, the speech is a vibrate air pressure during a period of time. 

When it received e.g. by microphone it converted to electronic signals which known 

as frequency.  Some of distinguished frequency express the quality of vowels called 

Formants. 

2.3 The Formants: 

Some of the characteristics of vowels in terms of articulators of the vocal tract can 

be measured such as acoustic resonance which arises from voice when it passes 

through the vocal tract. The range of frequencies of augmented resonance is called 

Formants. [2] They are used to distinguish vowels since every vowel has a distinct 
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value of F1 and F2. Formant is a term coined by Ludimar Hermann for the 

frequencies. He “observed that the spectrum of the decaying elementary wave of a 

vowel is peaked at a number of frequencies, characteristic of the vowel.”[1] In 

other words, the formant is a concentration of acoustic energy around a particular 

frequency in the speech wave. There are some formants, a formant with lowest 

frequency is called F1, the second formant is called F2, and the third formant is 

called F3. “Most often the two first formants, F1 and F2, are enough to 

disambiguate the vowel.”[3] So, every vowel has a distinct value of F1 and F2. 

As mentioned above, the voice is a sound uttered by a human, it can be described 

mathematically by using sine wave which is written as: 

y = A sin x                                                 (1.1) 

y: express the differences along the y axis. 

A: Maximum Amplitude. 

X: angle from 0 to 360 or from 0 to 2. 

And it can be written as function in time as: 

Y(t) = A sin( 2ft + )                                                     (1.2) 

F: frequency. 

: phase, the position in time. 
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However, since the human voice is a complex sound “a fundamental mathematical 

tool to represent and reproduce voice signals is Fourier analysis, where a voice 

signal can be expanded into a series of sinusoidal wave components.”[1]  

2.4 Fourier Analysis: 

Fourier analysis is a mathematical analysis grew from working on Fourier series. 

Fourier analysis has two operations, the process of decomposition a periodic 

function into oscillatory components, the second is rebuild a function of those 

components. Therefore, Fourier analysis concerns the describe any periodic 

function in term of a series of oscillatory trigonometric functions e.g. sum of sine 

or cosine waves. 

                  (1.3) 

A1:  the amplitude  

φ1:  the phase of the fundamental component, 

An and φn:  are the amplitude and phase of the n-th overtone. 
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2.4.1 Fourier Series: 

Fourier series is considered as a branch of Fourier analysis, even though it was 

emerging from the work that has been done to Fourier series. The purpose of using 

Fourier series is to represent the waveform which is a periodic function or periodic 

signals, i.e. signal or function repeat itself over time, through the process of 

decomposition that expansion the periodic function f(t) into a discrete sum of a set 

of simple oscillating functions such as cosine and sine. “Wheatstone and Helmholtz 

assumed that the vibration of vocal folds is truly periodic with a frequency f0. A 

periodic function can be treated as a Fourier series, which consists of a fundamental 

component with frequency f0, and the overtones with frequencies 2f0, 3f0, and so 

on. The vocal tract can be treated as a Helmholtz resonator with resonance 

frequencies F1, F2, F3, and so on, which are called formant frequencies.”[1]  

The  single component in the Fourier series is a sinusoidal wave, described by the 

frequency or period T, the amplitude A and the phase φ:[1]  

f(t) = A sin((2πt/T ) – φ)                        (1.4) 

2.4.2 Fourier Transformation: 

Fourier transformation is mathematical functions concerning breaking the 

waveform which is a time-based function f(t) into simple ones, i.e. sum of 

sinusoidal functions which is a decomposition process. In addition, it concerns the 
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makeup of oscillatory components, i.e. the sum of sine and cosine in order to get 

more complex named Fourier transform. Amplitude and time can be used to 

express sine waves in the real domain. In addition, Amplitude and frequency can be 

used to express sine wave in the frequency domain. The figure 2.3 shows the 

differences between time and frequency domains. 

 

 

Figure 2.3 — Sine wave in Frequency domain 

It is observable that, when representing more sine waves in real domain 

complications get increased. However, adding more sine waves in frequency 

domain does not increase the complications, because it is just adding top for every 

expressed wave see figure 2.4. 
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Figure 2.4 — Differences between time and Frequency domains 

The Fourier transformation gives the ability to convert between two domains, the 

real and the frequency. The following equation map from time to frequency 

domain. 

    (1.5) 

: frequency. 

And, The next equation map from frequency to time domain. 

       (1.6) 

ei = cos() + isin() 
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The conversion from real domain to frequency domain can simplify the 

complication in real domain which happen when represent many waves to be 

simple in different situations. 

2.5 The International Phonetic Alphabet (IPA) 

The International Phonetic Alphabet (IPA) puts a notation for speech sounds used 

by humans to speak any language. The notation expresses the vowels depending on 

the position of the tongue, it is bottom or top, the figure of lips, and the opening of 

the mouth. The phoneticians such as Daniel Jones tried to express all vowels using 

triangle chart (figure 2.5) or more precisely trapezoid (figure 2.6). 

 

.  

Figure 2.5 — Daniel Jones triangle chart 
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Figure 2.6 — More details Daniel Jones triangle chart 

As an example, English language vowels contains more than 24 sounds which are 

expressed in the cardinal vowels chart. An axis can be drawn to be a reference for 

formants value for vowel sounds (figure 2.7). 

 

Figure 2.7 — Formant values of English vowels. 

[a] vowel is expressed at the bottom position of the tongue which is very low. 

When the tongue is high at the top of the mouth the vowel is [i]. However, when 
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the tongue is far back and very high, and when the lips are rounded, the vowel is 

[u] (Figure 2.8). 

 

Figure 2.8 — Position and shape of vocal tract for a, i and u vowels. 

2.6 Arabic Language 

Arabic or Arabic Language is one of the world’s largest and oldest languages and 

positioned as the 6th most spoken languages since that more than 250 million use it 

as a first spoken language. Arabic considered as the oldest and largest member of 

the Semitic languages in the world. The Semitic languages include many languages 

such as Hebrew and Aramaic. Also, it has different contrasts with other European 

languages, for example, English language. Arabic in a variety of dialects is a 

spoken language of the Arabic countries which consist of 22 countries i.e. Libya, 

Egypt, Lebanon, and Kuwait etc. 

The Arabic world’s countries use the standard Arabic as an official language by 

media, universities for writing in general, and in many cases to speak. 
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2.6.1 Classical Arabic: 

More than 14 hundred years ago, Classical Arabic called Al-Fusha was used as a 

form of the Arabic language for speaking and writing and continued as the only 

language for centuries. However, as a result of communication of Arabic speakers 

with other languages speakers, the Arabic dialects appear and the position of 

classical language as a speaking language changed.  The classical Arabic continues 

to be used by scholars and scientists as the only form of writing. But, By the end of 

the19th century and the beginning of 20th centuries, the modern or standard Arabic 

emerges from classical Arabic because of manufacturing and technology 

revolutions. The classical Arabic is still very important for Muslims not only in 

Arabic region but around the world because it is the worshiping language and the 

language of the holy script Al_Quran which is written in classical Arabic.  

2.6.2 Standard or Modern Arabic  

Standard Arabic is fundamentally the same as the traditional or classical Arabic, 

particularly in writing. The biggest difference is that classical Arabic uses quite 

more vocabularies than Standard Arabic and some complex sentence structures in 

classical are no longer used. The classical Arabic, as a speaking language, is more 

complex than standard Arabic. Classical Arabic involves some accurate rules for 

speaking, some letters have specific characteristics, and some words are connected 

vocally within the sentences according to certain conditions. The standard Arabic 
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has no distinctions between the written and the spoken. It uses in writing, to print 

media and in formal speech throughout the Arab regions to simplify 

communication. Therefore, For the time being the official and unified language 

along with the Arab region is standard Arabic. 

2.6.3 Arabic Dialects 

Arabic Dialects are used basically for day to day spoken communication. There are 

a variety of spoken regional dialects. Arabic Dialects are utilized essentially for 

everyday speaking. There are a range of Arabic Dialects. Some studies categorize 

the Dialects to two as follows [4]: 

- Western Arabic or Maghrebi, they are influenced by Berber and French 

dialects and hard to comprehend by speakers from different zones in the 

Middle East which includes the dialects spoken in Morocco, Algeria, 

Tunisia, and Libya. 

- Eastern Arabic involves other Arab countries, which can be more 

subdivided into Egyptian, Levantine, and Gulf Arabic.  

The varieties influence all aspects of dialect, i.e. pronunciation, phonology, 

vocabulary, morphology, and punctuation. Other studies categorize the Dialects to 

five which are: 
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- Levantine, which includes Syria, Lebanon, Jordan, and Palestine 

- Gulf, which includes Kuwait, Saudi Arabia, Qatar, Bahrain, Oman, and 

Yamen.  

- Egyptian and Sudan  

- Maghrebi, which include Libya, Tunis, Algeria, and Morocco. 

- Iraq. 

However, the category above is not accurate, the reality is that every Arabic 

country has its own dialect. Moreover, most of the Arabic countries have more than 

one dialect. These dialects used only for speaking not writing, except in non-

official uses such as blogs, forums, and chat rooms. They use Standard Arabic to 

write Dialects, and sometimes add some letters that did not exist in Standard Arabic 

such as V to express some phonemes. 

2.6.4 Characteristics of the Arabic language: 

The characteristics of Arabic Language are mostly the same for the two types 

classical and standard Arabic. As mentioned above, the classical Arabic is more 

complex than Standard so, a few characteristics of classical are not capable to apply 

on standard Arabic. However, the Dialects do not have the same characteristic that 

standard Arabic has, and do not yield to the Arabic rules such as grammar, 
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morphology, etc. Dialects are non-written language and without restrictions, they 

depend only on the use. Therefore, “Developers must be clear as to which variety 

of Arabic is appropriate for their specific applications. For example, an application 

for speech recognition of Arabic telephone conversations will most, probably, need 

dialect resources while another for processing Arabic news broadcasts would 

require Modern Standard Arabic resources whether in the form of linguistic 

knowledge or in corpus for training purposes.”[5] 

2.6.5 The Arabic alphabet 

The orientation of reading and writing of Arabic language is from right to left. As 

most Arabic Speech recognition said that the Arabic alphabet has 28 letters because 

some linguists believe that the Hamzah and the Alif letters are one letter. However, 

the number of letters of the Arabic language is twenty-nine. Table 2.1 [4] gives the 

basic form of Arabic letters in Arabic and the romanization of them, and how they 

are written, when they come in the beginning, middle and/or the end of a word.  
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Table 2.1 —  Arabic Alphabet 
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Arabic Speech Recognition studies express that twenty-six of the twenty-nine 

letters are the consonants, and the remaining three letters represent the long vowels 

(/i:/,/a:/,/u:/). Short vowels are indicated by Diacritical Marks placed above or 

below, the letters in a word. [4] But, this is not correct. The nature of Arabic letters 

is that any letter within a word need a diacritic mark to express the phoneme. The 

(/i:/,/a:/,/u:/) with one of the Diacritics express a long phoneme for the letter came 

before any one of them. This applied to classical or standard Arabic, even if the 

diacritics is not written the uttering of words express them.  In addition, classical 

and standard Arabic never start speaking by consonant letter and never stop on 

vowel letter. 

2.6.6 Diacritical or Vowels Marks: 

Diacritics are short marks positioned either below or above the consonant letter, the 

following is diacritic over the Mym (م) letter: 

- Damma (  ُُم) , it is pronounced like short Waaw ( و ). 

- Fat-ha (  ُُم) , it is pronounced like short Alif ( ا ). 

- Kasra (  ُُم) , it is pronounced like short Yaa’ ( ي ). 

- Sukoon (  ُم ) , it means that the letter is consonant.   

- Shadda (   م ) , it means that the letter under pronounced twice, the first as a 

consonant and the second as a consonant but followed by a vowel.  
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-  Tanween: 

 it means that the letter under pronounced twice, the first on as , ( م   ) ▪

a Fat-ha and the second as consonant Nuwn (   ن ).  

 it means that the letter under pronounced twice, the first on as , ( م   ) ▪

a ،Kasra and the second as consonant Nuwn (   ن ).  

 it means that the letter under pronounced twice, the first on as , ( م   ) ▪

a Damma and the second as consonant Nuwn (   ن ).  

2.7 Arabic Vowels measurements 

Arabic has only six vowels: three short and three long vowels. If the short vowels 

extend for a certain period of time the longer ones are produced. If we look for 

short vowels in the cardinal vowel chart, we find the nearest English or IPA vowels 

close to them are located at the edges of the chart, which are /a/, /i/, and /u/ and 

they are as follows: 
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Table 2.2 —  Arabic Vowels 

Symbol 
English 

approximation 

Arabic 

letter/ diacritic 
Notes 

a father, but shorter   َ  Short 

a  ː father ا   Long 

i milk   َ  Short 

i  ː machine ي 
Long 

u put   َ  Short 

u  ː rule و 
Long 

 

However, the approximations for F1 and F2 values of short vowels /a/, /i/, and /u/ 

in IPA, American English, and Arabic studies are different as the table 2.3 shows: 

Table 2.3 — Approximation of short vowels formants  

Short 

Vowels 
F1[hz] F2[hz] 

 IPA 
American 

English[21] 
Arabic[22] IPA 

American 

English 
Arabic 

a 850 768 616 1610 1333 1460 

i 240 342 440 2400 2322 1770 

u  250 378 480 595 997 1170 

In addition, table 2.4 is a comparative list of F1 and F2 of Arabic vowels according 

to a number of studies [2]. Since there is noticeable variety in the measurement, a 

https://en.wikipedia.org/wiki/Open_front_unrounded_vowel
https://en.wikipedia.org/wiki/Open_front_unrounded_vowel
https://en.wikipedia.org/wiki/%D8%A7
https://en.wikipedia.org/wiki/Near-close_front_unrounded_vowel
https://en.wikipedia.org/wiki/Close_front_unrounded_vowel
https://en.wikipedia.org/wiki/%D9%8A
https://en.wikipedia.org/wiki/Help:IPA/Arabic#cite_note-ii-15
https://en.wikipedia.org/wiki/Close_back_rounded_vowel
https://en.wikipedia.org/wiki/Close_back_rounded_vowel
https://en.wikipedia.org/wiki/%D9%88
https://en.wikipedia.org/wiki/Open_front_unrounded_vowel
https://en.wikipedia.org/wiki/Near-close_front_unrounded_vowel
https://en.wikipedia.org/wiki/Close_back_rounded_vowel
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new measurement for formants of Arabic short vowels is needed for more accurate 

measurements. 

Table 2.4 — A comparative list of F1 and F2 of Arabic vowels 

 

2.8 The Arabic phonemes: 

The pronunciation of standard and classical Arabic has been firm in its origins, as 

there has been no change in the pronunciation of its letters and been done in other 

languages. Unlike, the English language the Arabic Language is a phonetic 

language, i.e. from the written word the pronunciation is easy to know and vice 

versa, “Arabic is a phonetic language in the sense that there is a one-to-one 

mapping between the letters in the language and the sounds they are associated 

with”[5] For example the letter is constantly pronounced as (ب) “baa”, that is 

different in English which more than one pronunciation of many letters such as S. 

Arabic has no silent letters. Furthermore, Arabic does not combine two letters to 

produce a new sound which is different in English, T and H give a particular sound. 

Standard Arabic Speech Recognition studies express that it has 35 phonemes, 29 

F1 F2 F1 F2 F1 F2

Al-Ani 290 2200 290 800 600 1500

Belkaid 355 1830 340 995 400 1640

Haidar 485 1750 500 1120 675 1585

Newman- 440 1770 480 1170 616 1460

Min. 290 1750 290 800 400 1460

Max. 485 2200 500 1170 675 1640

i u a
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consonants and 6 are vowels. However, according to the distinguished Arabic 

linguists [8] the Arabic phonemes, the small unit of the Arabic sounds are the 

Arabic letters themselves with diacritics whether they are consonants or vowels as 

mentioned above.  

2.9 Arabic Morphology: 

Some languages are considered inflected and some are not. Inflected is the change 

in a word according to certain rules to get other forms of the word to express 

meanings such as tense, case, person, number, gender, etc. Whereas English is not 

an inflected language, Latin, Arabic and Greek are. 

Morphology is the study of forms and structure of language words, description of 

how they are formed, and analyzing them to know their roots, stems, and affixes 

i.e. prefixes, and suffixes.  

Arabic can be considered and characterized as one of the most morphologically 

languages.[9] Moreover, “Arabic is a highly structured and derivational language 

where morphology plays a very important role” [5] “It is, in fact, a highly inflected 

language where prefixes and suffixes are appended to the stem of a word to indicate 

tense, case, gender, number, etc. “[10] The Arabic language consists of /م  :/ا س 

(usually translated as “nouns”) includes nouns, pronouns, adjectives, adverbs, 

etc. /ف ع ل/: verbs, and /ف ر   particles, articles, and conjunctions. The names and :/ح 

https://en.wikipedia.org/wiki/Prefix
https://en.wikipedia.org/wiki/Suffix
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verbs could be roots or derived from the roots by adding proper affixes according 

to certain derivative rules.  In other words, Morphologically, the languages can be 

divided into two types concatenative and nonconcatenative morphology. Arabic has 

nonconcatenative morphology. Concatenative languages contain prefixation or 

suffixation only. Therefore, morphemes are concatenated on the right or the left end 

of the root word. However, nonconcatenative morphology languages have 

morphological operations that cannot be analyzed as prefixation or suffixation. 

They also contain duplication, infixation. “All verb forms of Arabic can be 

partitioned into fifteen derivational classes. The conclusion must be that morpheme 

structure in Arabic refers to the root. The stem patterns of Arabic verbs must be 

selected from this restricted group of possibilities and no others.” [11] “The 

prosodic template corresponds to the segmental level in more familiar 

autosegmental analyses. Thus, the segmental level will contain only the features 

[segmental] and [syllabic], and all other features will be autosegmental. This leads 

to a straightforward analysis word analysis. In brief, Arabic allows roots of two, 

three, and four consonants. The basis of Arabic morphology is a set of prosodic 

templates that vowel and consonant melodies are mapped onto by certain rules of 

great generality.” [11] Some studies thought that because of the rich and complex 

morphology of Arabic, Arabic speech recognition would be a problem, large 

number of out-of-vocabulary (OOV) words. However, Arabic considered and 
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characterized as one of the most morphologically languages, “it is natural that this 

leads to rapid vocabulary growth which is accompanied by worse language model 

(LM) probability estimation and a higher (OOV) rate. One would suspect that 

words are not the best lexical units in this case and, perhaps, sub-word units would 

be a better choice.” [10] a study “proposed morpheme-based language modeling for 

Arabic speech recognition, and we have compared its performance against word-

based models. For medium-sized vocabularies (<64kw), we achieve a 2.4% 

absolute WER improvement.” [10] In addition, “So morphological decomposition 

is an appealing approach to lower the OOV rate and reduce the language training 

data sparsity in Arabic speech recognition.”[12] 

2.10 Arabic corpora 

Arabic corpora are still suffering from out of required data, especially 

conversational speech. However, there are very big volumes in standard Arabic text 

data. Arabic speech recognition needs a huge corpus of Arabic Text, it is required 

to train the language model. Infoguistics [13] website collects links of Arabic 

corpora. However, the most of them do not contain spoken materials. The 

following are some of Classical and Standard Arabic corpora:  

2.10.1 The Quranic Arabic Corpus 
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“The Quranic Arabic Corpus is an annotated linguistic resource which shows the 

Arabic grammar, syntax and morphology for each word in the Holy Quran. The 

corpus provides three levels of analysis: morphological annotation, a syntactic 

treebank, and a semantic ontology.” [13] Although, the Quran text is written using 

classical Arabic, the standard Arabic speech can benefit from many things such as 

morphological analysis. 

 

 

2.10.2 arabiCorpus 

The Arabic Corpus provides information on word frequency and allows the user to 

find larger structures and grammatical patterns. Words can be searched in Arabic or 

Latin scripts. The website provides detailed instructions on the search. Registration 

is recommended. 

2.10.3 The Arabic Learner Corpus 

Arabic Learner Corpus (ALC) is a project comprising a collection of written and 

spoken materials from learners of Arabic in Saudi Arabia. The ALC data has been 

captured in 2012 and 2013. It includes 282,732 words, 1585 materials (written and 

spoken), produced by 942 students from 67 nationalities, and 66 different L1 

backgrounds. Average length of a text is 178 words. 

http://arabicorpus.byu.edu/
http://www.arabiclearnercorpus.com/
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2.10.4 International Corpus of Arabic 

The ICA covers about 100 million Arabic words, from 2006 to 2013, extracted 

from numerous sources (newspapers, Web articles, books. Etc.) and numerous 

genres (literature, politics, sciences… etc. 

2.10.5 Corpus of Contemporary Arabic (CCA) 

Texts in this corpus are mainly derived from websites. The spoken files, which are 

very small, they are obtained from radio Qatar. There are 15 genres/categories for 

the written texts, as well as 3 genres/categories for the spoken ones. 

2.10.6 LDC CallHome corpus: 

The CALLHOME Egyptian Arabic corpus of telephone speech consists of 120 

unscripted telephone conversations between native speakers of Egyptian Colloquial 

Arabic (ECA), the spoken variety of Arabic found in Egypt. The dialect of ECA 

that this dictionary represents is Cairene Arabic. 

2.10.7 The SAAVB corpus 

It contains a database of speech waves and their transcriptions of 1033 speakers 

covering all the regions in Saudi Arabia with statistical distribution of region, age, 

gender and telephones. 

Moreover, the corpora available free cover the main categories of corpora types. 

However, “Most of the currently available speech corpora are available from the 

http://www.bibalex.org/ica
http://www.comp.leeds.ac.uk/eric/latifa/research.htm
https://catalog.ldc.upenn.edu/Catalog/docs/LDC97T19/index.html
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LDC or ELRA with a membership fee.” [14] There is still a shortage in standard 

Arabic speech corpora. 

2.11 Automatic Speech Recognition: 

The main goal of ASR is converting the speech into text. Numerous computer 

applications can benefit from SR, for example, simplifying the human PC interface, 

i.e. to verbally speak or communicate with the computer, which eliminates typing. 

However, it requires systems with a big memory and high capabilities in 

processing. In addition, the high rate of misrecognitions and errors is another 

notable issue in speech recognition. 

2.12 Arabic Speech Recognition: 

ArSR in general like English speech recognition, it is a methodology subject to 

understand spoken words or continuous speech by a computer program to translate 

the speech to text, to identify the speaker, or to respond to voice commands, etc. 

The recognition performed by finding phonemes or sounds in the spectrums of the 

incoming speech after treat noise and comparing them with phonemes or sounds 

which are extracted from training data to find the text for pronounced words. 

However, Arabic language needs some special treatment because it is a phonetic 

language, and due to its phonological and morphological characteristics. 
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Speech recognition requires audio data, pronunciation dictionary, text corpus data, 

recording of audio data and transcription of Audio data. These requirements 

translated in speech recognition systems consist of acoustic processor, and 

decoding search (language model, acoustic model, and lexicon). 

2.12.1 Acoustic processor 

“the acoustic waveform is sampled into frames (usually of 10, 15, or 20 

milliseconds) which are transformed into spectral features. Each time window is 

thus represented by a vector of around 39 features representing this spectral 

information as well as information about energy and spectral change.” [15] 

2.12.2 Decoding and search 

In the decoding stage, the acoustic model, “A model describing the probabilistic 

behavior of the encoding of the linguistic information in a speech signal.” [16], it is 

known as phone recognition stage, we compute the likelihood of the observed 

spectral feature vectors given linguistic units (words, phones, subparts of 

phones).”[17] It consists of this sequence of acoustic likelihoods, plus an HMM 

dictionary of word pronunciations (a list of word pronunciations, each 

pronunciation represented by a string of phones.), combined with the language 

model and output of the most possible sequence of words. Each word can then be 

thought of as an HMM, where the phones (or sometimes subphones) are states in 
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the HMM, and the Gaussian likelihood estimators supply the HMM output 

likelihood function for each state. Most ASR systems use the Viterbi algorithm for 

decoding, speeding up the decoding with wide variety of sophisticated 

augmentations such as pruning, fast-match, and tree-structured lexicons.[17] in 

addition, Viterbi and Baum–Welch algorithms are used as the fundamental 

techniques for decoding and training phases, respectively.  

2.12.3 Language Modeling  

“A language model captures the regularities in the spoken language and is used by 

the speech recognizer to estimate the probability of word sequences. One of the 

most popular method is the so called n-gram model, which attempts to capture the 

syntactic and semantic constraints of the language by estimating the frequencies of 

sequences of n words.”[16] 

2.12.3.1 N-gram 

It is a method to build the language model.  It is an index depends on value of N to 

create an index of how often words follow one another. For example, the statement, 

“this is a word”. 

N= 1, unigrams = This, is , a, word. 

N= 2, bigrams = This is, is a, a word. 

N= 3, trigrams = This is a, is a word. 

http://www.vocapia.com/glossary.html#ngram
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N=..., 

2.12.4 Problems for Arabic Speech Recognition: 

The Arabic speech recognition studies address the following problems: 

- There is a shortage of required data to build proper acoustic, pronunciation 

and text dictionaries, there are no corpora for standard Arabic available, e.g. 

the nonexistence of short vowels and other pronunciation information in 

existing corpora. The morphology of Arabic language is complex, it adds a 

large number of possible word forms, i.e. Affixes generate many stems, 

words. 

- There are differences between written and spoken representation, speakers of 

the standard Arabic such as Arabic broadcasting news readers pronounce the 

short and long vowels, but the written standard language almost does not 

involve on the short vowels, diacritic marks. The result, the uncertainty in 

acoustic and language models are produced, which means no complete 

phonetic acoustic models. 
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Chapter 3  
 Formants in Speech Recognition 

3.1 Introduction 

It is well-known for a long time that formant frequencies are significant in 

recognizing the types of sounds in a speech. It is an accepted principle in the 

science of phonetics that vowels can be recognized by some of their characteristics 

e.g. formant frequency patterns. “In 1952, Davis, Biddulph, and Balashek of Bell 

Laboratories built a system for isolated digit recognition for a single speaker, using 

the formant frequencies measured (or estimated) during vowel regions of each 

digit.”[18] Furthermore, “The use of formant frequencies, can improve recognition 

accuracy and reduce computational complexity for speaker normalization.” [19] 

“Significant improvements in WER have been obtained on a connected-digit 

recognition task when adding the formant-based features. The WER has been 

improved by 33% relative to using 5 cepstrum coefficients and the energy.” [20] “ 

In the 1970s, formants were primary focus of automatic speech recognizers, as it is 

necessary in ASR (as in coding) to greatly reduce the information present in a 

speech signal (e.g. 64 kbps for toll-quality speech in the basic telephone network), 

without sacrificing useful information about VT shape. As many studies of human 

speech production and perception have identified formants as prime candidates to 

represent the VT spectrum efficiently.”[21] 
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3.2 Methods to Extract Formant Features frequency 

The major difference between vowels and consonants is that vowels resonate in the 

throat. While uttering a vowel the resonance happen, Formants are precisely the 

resonant frequencies in the  vocal tract. Therefore, Measure of the resonance is a 

measure of formants. “Most important systems for speech recognition and speech 

identification as well as systems for formant-based speech synthesis are dependent 

on how accurate the formant frequencies are determined.”[22] the following are the 

most methods and techniques used to extract the formants: 

- “Some formant trackers employ the MFCC as the spectral input to their 

algorithms, even though the MFCC tend to smooth spectra in ways that may 

oscure  complicated formant structure.”[21] 

- Most of the time, there are differences between the two sets of formant 

measurements. This may due to dialect and  methodological differences, the 

measurement of the formant frequencies e.g. some studies use LPC spectral 

peaks and  other use narrow band spectra produced on an analog 

spectrograph.[23] 

- If formants are well used, the VT may characterize and represented with 

fewer parameters e.g. using LPC method which is one of the most effective 

and valuable methods for speech analysis. It is a method used mostly in the 

processing of audio signals and speech, and for encoding voice of good 
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quality at a low bit rate, which provides highly accurate estimates of speech 

parameters. “Several authors have therefore investigated formant 

frequencies as speech recognition features, using various methods for basic 

analysis, such as linear prediction.” [1]  

- Fmanal is a software based on linear prediction method and gives the 

frequencies and amplitudes of the formants. This uses linear prediction 

procedure to the windowed speech signal sequences and solves the 

polynomial acquiring values of spectral peaks of predictor.[24] 

- There are two ways to perform the formant extraction methods are often used, 

the spectral peak picking and the prediction polynomial root finding, which 

is a bit complicated, the spectral peak-peaking methods could sufficiently 

identify with accuracy the first three formants. However, sometimes one 

formant is missing when it is close to another strong one. In spectral peak-

peaking method, "the formants extraction is done on the speech segment that 

the phoneme segment procedure decides as a vowel, and we only want to find 

the representative formants value for this vowel segment. Thus, the median 

smoothing technique can eliminate most of the spurious formants."[25] 

- From grayscale spectrograms the vowel duration could be measured, tracked 

F0 contours and F1 to F4 contours were from peak LPC displays.[23] 
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- The spectrogram could be used to extract formants frequency values if the 

visual representation of the spectrum of frequencies of the voice signal shows 

the formants obvious. the measurement is obtained from spectral level and 

spectral curvature. For example, there will be no confidence in the formant 

frequency estimate, at silence periods, when no obvious spectral peak near to 

the estimated formant frequency or noise. These durations should not be used 

at all in the recognition. [26] 

- It is easier to recognize the vowels based on formants, and it gives better 

results.  However, the formants do not only find at vowels. therefore a method 

extract the formants by “recognition of vowels based on position of formants 

on frequency axis in continuous speech. “[24] 

- The refinements of LPC by relaxing the assumption of signal stationary 

which called RLPC "down weights the errors introduced by the large-

variance impulses in order to provide a lower-variance estimate of the LP 

coefficients, resulting in better source/filter separation as well as lower-

variance formant and bandwidth estimates."[27] RLPC used in extraction of 

vowel formants. 

- Dynamic formant tracking used to automatic extraction of vowel formants. 

It "find the most likely formant trajectories over time, based on the formant 

frequency candidates at each time step. The algorithm works by keeping track 
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of the cost of different frequency-to-formant mappings and selecting the one 

with the lowest cost. Two types of cost are calculated for each mapping: a 

local cost and a transition cost. Local cost is based on the comparison 

between formant frequencies in local frames and a predefined expected 

frequencies matrix. The better they match, the lower the cost is."[27] 

Clearly, the most accurate way to evaluate the performance of a formant analysis is 

by hand to check the results of the experiment against the spectrograms, However, 

this is not practical because of the large of a sample size. 

3.3 Application of Using Formants in Speech Recognition  

The formants, which are the resonant frequencies of the vocal tract, are the most 

important feature classifying a specific vowel. They are useful in coding, 

recognition, synthesis, and speech enhancement because they represent the 

fundamental aspects of speech effectively using a very small set of parameters. If 

speech can be reduced to parameters of formants to represent the VT, then a very 

efficient coding can be possible. furthermore, one of the issues in speech 

recognition is answering the question, which sound units should be used?. This 

“requires searching a large space of alternatives (typically, through a Viterbi 

search) making many cost estimations about the spectral similarity between units. 

If these units are characterized via formants, these costs easier to compute than if 
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other parameters are used.”[21] Here is are some applications of formants in speech 

recognition systems: 

- A data collected from individual speakers, calculate the mean, median, 

maximum and minimum of extracted formants for each one of them, and 

consider a part of them as training set and the other as a test set. And, to 

increase the likelihoods for what looking for, the first three of the formants 

utilizes and applied directly to find objective values. “it is possible to extract 

a logical relation between emotion and how it influences these features”. [2] 

Furthermore, F1 is used to know the variations for different voiced phonemes 

in various emotional states such as neutral, anger and happiness. 

- Classifiers: A statistical pattern classifier utilizes the formants to precisely  

distinguish the parts of speaking. whom uttered each part? are they women 

or men. By comparing between a classifier using formant frequency with 

some cepstrum together, and another classifier using a normal cepstrum 

features, in case of using the same HMM model structure and data. It is 

obvious that the results say that involving formant features are more accurate 

than that have only cepstrum. A  recognition system using formant features 

can provide better  performance than one using mel-cepstrum features alone,  

for the same total number of features. 
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- “Manipulate vowel formant frequencies and durations to evaluate their role 

on foreign accent perception.”[28] 

- A system was developed to recognize the vowels in the Russian language 

based on pitch-period synchronizing. The main part of the system is 

characteristic segmentation. Recognition of 87.70 percent has been achieved 

for isolated vowels and 83.93 percent within a term for the vowels.[24] 

- The use of an analysis of formant frequencies has a valuable effect on the 

results. "Potential false matches were eliminated in the algorithm by 

applying two-staged verification, using the Longest Common Subsequence 

algorithm and analyzing formant frequencies of eleven English 

monophthongs,"[29] a vowel that has a single perceived auditory quality. 

Use of the formant frequencies significantly increased detection accuracy 

by about 10 percent at the verification phase. 

- In order to classify vowels in continuous speech. Some studies detect the 

ideal set of features that best describe vowel areas, then compare the 

classification results with those of the neural network using the 

backpropagation model using a multivariate maximum distance 

measurement. Accordingly, test the classification performance of a Hidden 

Markov model. “By combining the spectral shape information with formant 

frequency values, it can be noticed that the classification accuracy is 
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modestly improved. The result of using the formant frequency values with 

the spectral shape information is quite similar to the results achieved if the 

spectral shape information were to be replaced by the normalized formant 

frequency values of each speaker.”[30] Adding formants, such as other 

features, can enhance preciseness of classification. However, it may get to 

worse if the used model is overwhelming by adding a certain number of 

features. In general, it is entirely unclear whether the model has reached a 

saturation point in the number of the utilized features. Apparently the only 

way to evaluate is to change the features and formants that are used and repeat 

the process. 

- “During the vowel articulation, the shape of the vocal tract remains relatively 

in constant shape, so the formants do not change abruptly during a single 

vowel. We used this feature as the measure of vowel pronunciation 

accuracy.”[25] 

- The formants are used to build a system test vowel pronunciation quality. In 

most instances, the system provided reliable results, and found that this 

system can be used effectively for educational purposes in foreign language 

learning.[25] 
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- Several writers used features such as fundamental frequency for vowels, 

vowel duration,  formants and pitch length to identify the nationalities of 

speakers.[31] 

3.4 Problems of Extracting and Using Formants in 

Speech Recognition 

“Quite simply, after several decades of concentrated effort by many imaginative 

investigators, no one has developed a reliable method to measure formant 

frequencies automatically from natural speech. The problem, of course, is that 

formant tracking involves more than just extracting spectral peaks; it is necessary 

to assign each of the peaks to specific formant slots corresponding to F1, F2, and 

F3.”[23] In addition, the use of formants in voice recognition can cause issues and 

they have not been totally determined yet. It is obvious that formant frequencies 

cannot make distinctions between some speech sounds because the variations 

between theses sounds  are irrelevant to formants. For example, “ they are unable to 

distinguish between speech and silence or between vowels and weak 

fricatives.”[26] Generally, the ways of the analysis that depend on formant provide 

only one interpretation for speech signals and does not offers further than two 

different interpretations. 
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3.5 Development of Using Formants in Arabic Speech 

Recognition: 

In fact, the using of formant in Arabic speech recognition is similar to that in other 

languages, this may due to Arabic speech recognition researchers be dealt with 

spoken Arabic as a set of sounds without any special consideration for the nature of 

the Arabic language. 

The following is a summary of research works from 1999 to 2019 which uses the 

formants in Arabic speech recognition: 

▪ 1999: M. Al-Anani. In his paper, [32] he collects an acoustic data that 

would provide credible evidence for scholars and practitioners in the 

definition and comparison of formant vocal unit frequencies. He measured 

Formant frequencies (F0, F1, F2, F3) by using by LPC analysis. The 

investigative data consisted of 64 various words with CV (V) C structure. 

▪ 2000: Adne`ne  et al. [33] In their paper, they developed a speech 

processing system that measures the pitch duration, extracts Arabic 

speaking formant frequencies and determines the vocal imprint of the 

speaker. They used data which consist of phonetically balanced Arabic 

sentences, pronounced by several speakers. After some pre-processing, they 

classify the voiced – unvoiced speech by investigating its zero-crossing 

evolution. Afterward, they measured the pitch frequency, the formants, and 

the spectral envelope (vocal marking). 
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▪ 2008: H. R. Iqbal et al. In their paper, [34] they developed a new algorithm 

that uses formant transition track(s)  to identify the vowels, vowel 

lengthening, vowel inaccuracy, and other characteristics of vowel 

pronunciation in Arabic recitation. It is shown that the algorithm achieves 

more than 90 percent performance in continuous speech samples for vowel 

recognition. The algorithm can be developed to utilize more properties such 

as phoneme duration, wavelet transforms, and MFCC. 

▪ 2009: Imen Jemaa et al. [35] In their paper, they provide Arabic formant 

data used to test their algorithms, the data is balanced with regard to gender 

and phonetic contexts, the automatic formant tracking based on the 

detection of Fourier ridges. The formant paths produced by the algorithm 

are compared with the formant given by Praat with LPC data and the hand-

edited formant data checked by phonetician experts. 

▪ 2009: Yousef Ajami Alotaibi and Amir Husain, in their paper, [36], they 

found that vocal sounds are categorized into vowels that do not have any 

major constraints when moving through vocal tracts and consonants that 

have an important restriction, and are thus lower in amplitude and therefore 

"noisier" than vowels. The paper research deals primarily with the current 

standard Arabic dialect. The first and second formant values are studied for 

vowels, and the similarities and differences between the vowels are 
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explored using consonant-vowels-consonant (CVC) utterances. They 

studied Arabic vowels in both time and frequency domains, and the work 

findings will assist future studies of Arabic speech processing such as 

vowel and voice recognition and classification. 

▪ 2010: Yousef Ajami Alotaibi, Amir Hussain in other related works, [37] 

This research deals primarily with the examination of vowels in modern 

Arabic standard dialect. For these vowels, the first and second formant 

values are measured for the vowels, and the variations and similarities 

between the vowels are examined using consonant-vowels-consonant 

(CVC) pronunciations. they develop a Hidden Markov Model (HMM) 

based recognizer to classify the vowels in both time and frequency 

domains, the performance of the recognizer examined to ease the 

understanding of the similarities and differences between the phonetic 

characteristics of vowels. 

 

▪ 2010: Mikhled Alfaouri et al. in their paper,[38] They introduced a system 

that worked based on two steps for speaker features extraction, Discrete 

Wavelet Transform (DWT), and Power Spectrum Density (PSD). The 

system operates with the significant capability of detecting features even 

with 0dB SNR that as a result of use the DWT. To measure the recognition 
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rate, they use four hundred vowels. The categorization was achieved using 

two methods:  Root Mean Square Difference Similarity Measure and K-

means clustering. Both Text-dependent and Text-independent systems are 

being evaluated. to evaluate the system performance, they did more than 

two thousand experiments. The outcomes they achieved and examined by 

their proposed method displayed great achievement of 94% classification 

rate in the comparison with the LPC and MFCC. More than two thousand 

experiments were carried out to test system performance. The results 

obtained and analyzed by their proposed method showed great achievement 

in comparison with the LPC and MFCC of 94 percent classification rate. 

 

▪  2011: Ghulam Muhammad et al. in their paper, [39] The aim of this work 

was to test the accuracy of the traditional ASR method (with Mel frequency 

cepstral coefficients (MFCCs) based front end and hidden Markov model 

(HMM) based back end) in recognizing the speech caracristics of people 

with pathological voice. they extracted the first four formants of the vowel 

/a/ for speech, samples of 62 dysphonic patients with six different types of 

voice disorders and 50 normal to monitor the difference of the formants 

from normal. The level of recognition obtained for Arabic digits spoken by 

normal speakers was 100 percent. There was, nevertheless, a major loss in 

the classifications when the spoken by voice disordered subjects. 
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Furthermore, after examining a group of individuals with disordered voices 

who received care, no substantial increase in ASR performance was found. 

The outcomes of their study showed that the new ASR technique is not an 

effective instrument in understanding dysphonic patients ' voices. 

▪ 2011: Yaser S. Natour et al. in their paper,[39] they reported that formant 

frequencies are measures of a sound featured that are usually stated in voice 

research. The formants are clinically utilized because they express the 

characteristics of vowels in the vocal tract. Also, voice and speech disorders 

are cases where the features of the vocal tract are major factors in diagnosis 

and care. Recent work has shown that different races can have different 

volumes and configurations of the vocal tract. Therefore, it might be 

warranted to analyze formant frequencies through various races. Their 

study targeted one ethnic background (ie, Jordanian Arab) to present 

normative data and match it to other available data. While formant 

distributions (F1, F2, and F3 ratio) across all vowels were generally similar 

to those recorded from studies of other racial backgrounds, the results of 

their study showed a trend for lower formant values within Jordanian Arab 

males, females, and kids.  
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▪ 2013: Yousef A. Alotaibi et al. in their paper,[40] in their work, the acoustic 

analysis is performed in Modern Standard Arabic (MSA) for the four pairs 

of emphatic/nonemphatic pairs. They developed a corpus inside well-

selected carrier words that included the intended phonemes, and the 

analysis took note of the phonemes 'spectral characteristics. they also study 

the ratios between formants first, second, and third which provided a strong 

indication to distinguishing the four pairs of emphatic and nonemphatic 

Arabic equivalents. 

▪ 2017: Fatimah Mohammed Aloqayli and Yousef Ajami Alotaibi,[41] in their 

paper, They mainly concerned the study of the six vowels in the Modern 

Standard Arabic Dialect (MSA) through measure the values of the first 

three formant frequencies and their derivatives and use them in an artificial 

neural network (ANN) based recognition system to measure the similarities 

and differences between the vowels to evaluate the degree of effectiveness 

in separating the vowels from one another. They used corpus was 

constructed out of recorded Quranic recitations by extracting segments of 

the desired phonemes. The network was tested with several hidden layers, 

each with varying numbers of neurons.  the best result was from the 

network with one hidden layer and 16 neurons which perform 87.96%. 
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▪ 2018: Fatimah Mohammed Aloqayli and Yousef Ajami Alotaibi, in other 

paper,[42] they used Arabic speech recordings (audio database KAPD) and 

corpora contains parts of Al Quran Alkareem to measure formant one and 

two for analysis the Arabic vowels of Classical Arabic (CA) and Modern 

Standard Arabic (MSA), and compare the vowels with American English 

vowels The results were compared with the reports that were already 

published on other Arabic dialects and American English. The observations 

concentrated on the triangles of vowels. The resulted vowel triangles have 

been found to conform to our visual inspection of vowel details. These 

findings of the study show that the vowels of MSA and CA are similar to 

one another, which is not the case if the contrast is in relation to English. 

▪ 2019:  Mohamed Farchi et al. In their paper,[43] they contrasted the long 

and short Arabic vowels in F1 and F2 bands with respect to output length 

and energy distribution. The results they obtained show that the long 

vowels are voiced sound even though the rate of their length increases in 

time, and the Comparing of short to long vowels in terms of length of 

duration shows that the long vowels are twice as long as the short vowels. 

They figure out "for each vowel (/u/, /a/ or /i/), the energies contained in F1 

and F2 bands vary when producing long vowels. When the production 

duration of long vowels increases, the F2 band energy remains constant for 
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all vowels while the F1 band energy increases or decreases depending on 

the vowel produced".[43]  
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Chapter 4  
Building Arabic Sounds Corpus and Calculate 

Formants for Arabic Vowels  

4.1 Introduction 

Since, there is no available corpus that contains isolated Arabic sounds and 

CVCVCV words ,which are necessary to fulfill the purpose of this research, An 

Arabic corpus was developed through recording Arabic sounds and chosen words. 

Then, the LPC used to estimate formants for Arabic vowels, short and long. The 

formant1 and 2 will be used later in the research to extract the missing Arabic 

diacritics in CVCVCV words. The corpus will be published in Dec 2020 in the 

Linguistic Data Consortium (LDC) at the University of Pennsylvanian, under the 

name of “Phonemes of Arabic”. 

4.2 Specifications and usefulness of the corpus 

The corpus can be used in linguistics, Arabic speech recognition, and identification. 

In addition, the data can also be used to extract certain sound features such as 

formants and MFCC features. 
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4.2.1 The Study Sample 

The study sample contained all Arabic sounds and 24 of the words that have  

CVCVCV pattern, i.e. all short and long vowels, and all Arabic consonants. 

4.2.2 The Sample Size 

The sounds and words were chosen to cover all short and long vowels and the 

combination of short vowels with consonants in CVCVCV Arabic words, i.e. every 

consonant have the same features that the voice feature should be covered by 

choosing words that have the same feature. 

Therefore, the corpus size results from recording to the study sample from 

volunteers are as follows:  

- 1368 (CVCVCV)- Arabic words  

- 4788 (CV) isolated Arabic Alphabet followed by short vowels 

- 1539 (CVC) Arabic consonants beginning with the Hamza letter  

- 171 (VV) Arabic long vowels  

- 513 (V) Arabic short vowels 

4.2.3 The Source of Data 

Nineteen Arabic native speakers’ male adults who studied standard Arabic  

volunteered to record the chosen Arabic sounds and words. Since, the language 

used in the study is standard Arabic, so the nationality of volunteers is not 
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necessary. However, it was registered in case needed for any other research 

purpose. The volunteers’ nationalities are as follows: 

- 6 Libyan 

- 5 Egyptian  

- 2 Syrian 

- 2 Saudi 

- 1 Lebanese 

- 1 Moroccan 

- 1 Iraqi 

- 1 Lebanese 

4.3 Data Collecting and Preprocessing 

4.3.1 Collecting Procedure 

This data was collected from Native Arabic speaking adult males. The data files 

were recorded and saved as wav audio file format to retain and keep the 

accuracy of the measurements, because wav files are raw and uncompressed file 

format. This data was recorded over a period of approximately 3 months by 

collecting volunteers from a cultural center which have many -native Arabs- 

members. 
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4.3.2 Format of Data and Specific Details 

This data was collected from 19 Native Arabic speaking adult males. Since, there 

are 3 short vowels in Arabic language (/a/, /i/, /u/), 3 long vowels (/a:/, /i:/, /u:/), 

and 28 consonants, the volunteers recorded each of those and repeat them 3 times. 

The volunteers also recorded 24 Arabic words with CVCVCV pattern and repeated 

each word 3 times, see Error! Reference source not found.. The files were r

ecorded using the following specifications: 

- File Type: wav 

- Bit Depth: 32 bits 

- Sample Rate: 48000 

- Date Source: microphone speech 

Table 4.1 — List of Arabic CVCVCV words  

 فُِعلََ 19 فَعُلََ 13 فَِعلََ 7 فَعَلََ 1

 ذُِكرََ 20 بَلُغََ 14 َبِخلََ 8 َرفَعََ 2

 ُجِمعََ 21 َصلُحََ 15 َعِملََ 9 ذََكرََ 3

 ُخِلقََ 22 َسُهلََ 16 َحِفظََ 10 ذََهبََ 4

 ُكِتبََ 23 َكبُرََ 17 َسِمعََ 11 َشَرحََ 5

 ُحِشرََ 24 َكُرمََ 18 فَِرحََ 12 َكتَبََ 6
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Table 4.2 — List of an Arabic Alphabet  

 ك 22 َض 15 د 8 أ 1

 ل 23 ط 16 ذ 9 ب 2

 م 24 ظ 17 ر 10 ت 3

 ن 25 ع 18 ز 11 ث 4

 َه 26 غ 19 س 12 ج 5

 و 27 َف 20 ش 13 ح 6

 ي 28 ق 21 َص 14 خ 7

  

4.3.3 Isolating the Recorded Data and Vowels 

The data were recorded as one file for each volunteer to make that easy for him. 

Then, the files were handily cut in specific pieces by using sound editor programs. 

Therefore, the isolated Arabic sounds and CVCVCV words were extracted and 

each word or Arabic sound saved in a separate file. Likewise, the short and long 

vowels (/a/, /i/, /u/) and (/a:/, /i:/, /u:/) were isolated and recorded in separate wav 

files. 

4.4 Measuring of Vowels’ Formants Using LPC  

LPC had been used to estimate the formants frequencies.   
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4.4.1  Short Vowels’ Formant Values for all volunteers 

The F1 and F2 for short vowels had been calculated for all volunteers using their 

isolated short vowels. Table 4.1 shows the mean F1 and F2 for short vowels in 

front of each volunteers’ number. In addition, the average,  see figure 4.1, 

minimum and maximum of all F1’s and F2’s is shown at the bottom of the table. 

Table 4.3  — The mean of F1 and F2 for short vowels  for all volunteers 

 a_Vowel i_Vowel u_Vowel 

Volunteer No. F1 F2 F1 F2 F1 F2 

1 616 1195 380 1449 345 980 

2 652 1280 400 1599 429 971 

3 465 1033 337 1286 341 810 

4 559 1025 339 689 390 750 

5 465 1057 262 1592 347 1570 

6 586 1215 393 1608 388 1042 

7 528 1063 381 1451 360 732 

8 576 1027 339 1240 402 1005 

9 583 1176 339 1382 354 810 

10 626 1066 404 1406 392 815 

11 529 1062 404 1746 371 852 

12 555 1272 422 1805 352 858 

13 591 1155 394 1250 363 836 

14 623 1400 373 1285 376 815 

15 536 1113 361 1562 366 1018 

16 520 1035 419 1448 398 787 

17 502 1351 394 1769 375 820 

18 559 1367 320 1130 350 613 

19 571 736 354 1192 349 692 

Mean 560 1138 369 1415 371 883 

Min 465 736 262 689 341 613 

Max 652 1400 422 1805 429 1570 
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Figure 4.1 — Formants’ averages of Arabic short vowels. 

To be confident that the extracted formants is accurate and reliable, the standard 

deviation (SD) and coefficient of variation (CVar) were calculated, and the results 

are illustrated in table 4.4. 

Table 4.4 — The mean, SD and CVar of F1 and F2 for short vowels. 

 all volunteers 

 a i u 

 F1 F2 F1 F2 F1 F2 

Mean 560 1138 369 1415 371 883 

SD 129.1780   352.1000 56.3061  589.5177  42.2882    279.0713  

CVar  0.2306  0.3093 0.1525   0.4165 0.1140  0.3160  
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Since all CVar values are less than 1 which considered to be low, that  indicates the 

measurements tend to be close to the mean. Therefore, the results are precise and 

reliable to use in the rest of the research. 

4.4.2  Long Vowels’ Formant Values for All Volunteers 

From the isolated long vowels, the F1 and F2 for long vowels had been calculated 

for all volunteers. Table 4.5 shows the mean F1 and F2 for long vowels in front of 

each volunteers’ number. In addition, the average, minimum and maximum of all 

F1’s and F2’s is shown at the bottom of the table. 

Table 4.5 —  The mean of F1 and F2 for long vowels  for all volunteers. 

 a:_Vowel i:_Vowel u:_Vowel 

Volunteer No. F1 F2 F1 F2 F1 F2 

1 512 1101 312 2285 339 697 

2 672 1613 353 1588 376 1040 

3 517 1801 277 1725 281 708 

4 220 611 315 2302 313 634 

5 436 1244 228 1166 277 772 

6 485 908 332 1667 335 783 

7 626 797 266 540 307 611 

8 627 1401 296 717 383 918 

9 634 1065 272 560 343 811 

10 544 734 350 578 358 777 

11 403 941 377 2297 384 835 

12 523 1369 339 2212 324 756 

13 445 899 323 1975 303 713 

14 647 1479 337 1638 364 777 

15 445 936 296 1991 331 843 
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16 539 909 354 523 403 791 

17 533 987 247 399 303 576 

18 530 1315 297 608 303 627 

19 660 1576 317 2253 308 648 

Mean 526 1141 310 1422 333 754 

Min 220 611 228 399 277 576 

Max 672 1801 377 2302 403 1040 

 

 Figure 4.2 — Formants’ averages of Arabic long vowels. 

The SD and CVar for the mean values of long vowels’ formants were calculated, 

and the results are illustrated in table 4.6. 
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Table 4.6 — The mean, SD and CVar of F1 and F2 for short vowels. 

 all volunteers 

 a: i: u: 

 F1 F2 F1 F2 F1 F2 

Mean 526 1141 317 1782 333 754 

SD 128.3245 429.1378 41.2598 814.9596 36.7849 116.1518 

Cvar 0.2439 0.3760 0.1332 0.5730 0.1103 0.1541 

Because all the CVar values are smaller than 1 which would be considered small, 

which shows that the measurements of the formants appear to be close to the mean. 

Therefore, the results are accurate and reliable to use in the rest of the research. 

4.4.3  Formants of the Long Vowels versus the Short Vowels 

The Arabic long vowels have the same sounds of short vowels. The only difference 

is that the long vowel as his name telling, it is lengthy than the short. F1 and F2 

measurements had been used to figure out the similarity in sounds between them. 

Table 4.7 shows that the mean values for both is close to each other. Also, Figure 

4.3 illustrate that.  
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Table 4.7 — The mean of F1 and F2 for long vowels  for all volunteers. 

 For all volunteers 

 a/a: i/i: u/u: 

 F1 F2 F1 F2 F1 F2 

Mean for all 
volunteers 560/526 1138/1141 369/310 1415/1422 371/333 883/754 

 

Figure 4.3 — Formant means of Arabic vowels.  

4.4.4  Vowels' formants Measured Versus those from IPA and other 

studies. 

In the late nineteenth century, an alphabet which is a set of internationally 

recognized phonetic symbols was created by the IPA, based on the idea that assign 
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a symbol to each distinctive sound. Figure 4.4 shows the 2005  revised copy of IPA 

chart. [45] Vowels with the same symbols and similar sounds of Arabic short 

vowels (/a/, /i/, /u/) could be seen approximately in the same positions of Arabic 

ones. All take a shape of an upside-down triangle. 

 

Figure 4.4 — The International Phonetic Alphabet [44] 

In addition, the  researches that 2qw performed at IMMII Laboratory at Hassan 

First University, Settat, Morocco,[46] extract the formants for Arabic vowels and 

the results are as follows: 

- F1 for /a/ vowel is between 500-800 . F2 is between 1000-1500 

- F1 for /i/ vowel is between 100-400 . F2 is between 2000-3000 

- F1 for /u/ vowel is between 300-600 . F2 is between 600-1100 
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The other study is done in the Department of Computing Science, Stirling 

University, UK, [3] it investigates the formants for Arabic vowels, the results are as 

follows: 

- F1 for /a/ vowel is between 400. F2 is between 800 

- F1 for /i/ vowel is between 400. F2 is between 2100 

- F1 for /u/ vowel is between 700 . F2 is between 1100 

We can see that both studies represent the same pattern which is a shape of an 

upside-down triangle. Then, the extracted values in this research are accurate and 

could depend on them to fulfill the purpose of this study. 

4.4.5  Does the nationality affect the extracted formants?  

Since, this research concerning only the MSA, so the nationality of volunteers 

should not affect the measured results. However, it might be a volunteer or more 

affected by his/their dialect. So, it is good to see if every formant that measured for 

nationality follows the pattern of Arabic vowels. Libyan and Egyptian Volunteers 

considered as a case study to investigate that. 

4.4.5.1 Libyan Versus Egyptian Values of F1 and F2  

Percentage difference or percentage error between Libyan and Egyptian F1 and F2 

were calculated using the following formula, and for results see table 4.8. 
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percentage difference = |Libyan value – Egyptian| / ((Libyan value +Egyptian)/2))*100 

 Most of the results are less than 11,  except the F2 in vowels /i/ and /u/  are a little 

bit high, see table 4.9, this may be indicating to the impact of nationality. However, 

the research concerning only the MSA.  

Table 4.8 — The Percentage Difference of F1 and F2 for Libyan vs Egyptian volunteers. 

Vowel Formant Libyan Egyptian 
Percentage 
Difference 

a 
F1 601 540 10.7 

F2 1230 1129 8.6 

i 
F1 390 354 9.7 

F2 1537 1161 27.9 

u 
F1 382 361 5.7 

F2 932 748 21.9 

Therefore, F1 and F2 measurements for Libyan and Egyptian are precise, closed to 

each other. Furthermore, both reflect the pattern of short Arabic vowels, figure 4.5 

illustrate that.  

Table 4.9 — The mean of F1 and F2 for Libyan vs Egyptian volunteers. 

 Libyan/Egyptian Volunteers 

 a I u 

 F1 F2 F1 F2 F1 F2 

Mean 601/540 1230/1129 390/354 1537/1161 382/361 932/748 
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Figure 4.5 — The mean of F1 and F2 for Libyan vs Egyptian vowels. 
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Chapter 5  
Developing an Arabic Vowel Recognition Program 

Using the Distances between Formants 

5.1 Introduction 

The previous chapters show that it is possible for the vowels to be recognized using 

F1 and F2. Since the concern in this research is how to recognize the Arabic short 

vowels, the corpus of the Arabic sounds has been prepared and verified for that 

purpose, see chapter 4. In addition, the research figured out that the formant values 

of the recorded Arabic short vowels, /a/, /i/ and /u/ are divergent. Therefore, any 

Arabic short vowels could be recognized if their F1 and F2 are close to the F1 and 

F2 of  /a/, /i/ or /u/ . In this chapter, the following programs will be implemented, 

and tested using Matlab, See Appendix B, C and D: 

▪ A program that reads the isolated vowels which were recorded by the 

volunteers and extracts F1 and F2 from them. Then, calculates and saves the 

following:  

- Mean values of F1 and F2 of /a/, /i/, and /u/ for all the volunteers 

and each volunteer.  

- Mean values of F1 and F2 of /a/, /i/, and /u/ for 80% of the 

volunteers.  
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- Values of F1 and F2 of the short vowels for 20% of the volunteers. 

▪ A program that recognizes 20% of the isolated short vowels by using the 

mean values of F1 and F2 calculated from 80% of them. The program uses 

the mean values of  F1 and F2 for each one of the 80% of the volunteers to 

recognize the SVs. 

▪ Using the knowledge and results from the previous programs to develop a 

program that can recognize the short vowels in Arabic words with 

CVCVCV structure. 

5.2 Recognizing the Types of Short Vowels Depending on 

the Volunteers’ F1 and F2 Means. 

The dataset was split randomly into 80/20. The 80 was used to calculate the mean 

of F1 and F2 to recognize the types of vowels in the 20. 

5.2.1 The Requirements: 

▪ Get 20% of the vowels and the mean that was calculated from 80% of F1 

and F2. 

▪ Compare each one of the 20% with the mean of 80% to classify them as /a/, 

/i/ or /u/ short vowel.  

▪ Plot and comment on the results. 
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5.2.2 The Design: 

▪ Read the mean of 80% of F1 and F2 of all the short vowels. 

▪ Read F1 and F2 of 20% of the short vowels. And each pair of F1 and F2 

expresses one short vowel in one row. 

▪ Calculate the distances between each one of the short vowels and the mean 

values (/a/ mean, /i/ mean, and /u/ mean).  

▪ Put every distance that is related to one of the short vowels in a separate 

row. 

▪ Find the minimum distances of each row, which expresses the distances of 

one short vowel to the mean values, i.e. the distance between F1 and F2 of 

the short vowel and mean value of /a/, /i/, and /u/. The minimum indicates 

the short vowel. 

▪ Display the results in rows. each row shows the minimum in the beginning, 

then the distances of each short vowel to the means of /a/, /i/ and /u/. 

▪ Illustrate the results using bar chart graph. 

5.2.3 Implementation and Results: 

The program was implemented by using Matlab, see Appendix B. The program 

reads the data mentioned above, i.e. the mean values of 80% of short vowels and 

20% of the vowels to recognize them as /a/, /i/ or /u/. The results could be 

explained in three cases as follows:  
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Case I: 

The table 5.1 illustrates the results; each row represents a vowel from 20% of SV. 

Columns 1, 2, and 3 show the Euclidian distances between the mean of 80% of /a/ 

and 20% of /a/, /i/ and /u/, Column 4 shows the minimum distance, column 5 states 

Y if the minimum distance is /a/, otherwise it states N. And the last row shows that 

the ratio of recognizing the /a/ vowels is 100%. The bar chart graph was used in 

figure 5.1 to show that the /a/ vowels are recognized by a rate of 100%, while the /i/ 

and /u/ vowels are recognized by a rate of 0% because the mean used was the mean 

of the /a/ vowels. 

Table 5.1 — Recognition of /a/ Using Euclidean Distance 

Distance b/w mean of 80% of /a/ and 20% of : Minimum 

Distance 

Recognized 

a i u Y/N 

288 650 480 288 Y 

276 631 423 276 Y 

273 615 408 273 Y 

113 241 413 113 Y 

108 283 402 108 Y 

39 251 352 39 Y 

47 415 356 47 Y 

32 368 409 32 Y 

192 551 524 192 Y 

198 592 505 198 Y 

169 534 412 169 Y 

142 331 256 142 Y 

141 468 475 141 Y 

119 306 526 119 Y 

176 424 496 176 Y 

258 369 522 258 Y 

145 603 463 145 Y 
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290 392 490 290 Y 

280 455 462 280 Y 

249 349 365 249 Y 

213 359 257 213 Y 

190 375 348 190 Y 

176 325 364 176 Y 

113 477 361 113 Y 

The recognition of /a/ vowel is 100% 

 

Figure 5.1 — Using Euclidian Distance to recognize /a/ Vowel  

Case II:  

This case is the same as case I except that the vowel is /i/. See Table 5.2 and figure 

5.2. And just as the /a/ vowel was recognized by a rate of 100%, the /i/ vowel was 

also recognized by a rate of 100%. 
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Table 5.2 — Recognition of /i/ Using Euclidean Distance 

Minimum 

Distance 

Distance b/w mean of 80% of /i/ and 20% of: Recognized 

a i u Y/N 

262 672 262 695 Y 

242 658 242 652 Y 

227 665 227 633 Y 

183 324 183 717 Y 

120 333 120 692 Y 

153 416 153 652 Y 

46 361 46 581 Y 

45 396 45 638 Y 

168 519 168 794 Y 

206 530 206 747 Y 

164 490 164 620 Y 

75 315 75 242 Y 

90 344 90 730 Y 

97 334 97 786 Y 

97 575 97 723 Y 

135 626 135 791 Y 

242 537 242 735 Y 

21 658 21 730 Y 

53 644 53 718 Y 

96 624 96 584 Y 

46 402 46 453 Y 

27 306 27 590 Y 

84 515 84 621 Y 

76 479 76 634 Y 

The recognition of /i/ vowel is 100% 
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Figure 5.2 — Using Euclidian Distance to recognize /i/ Vowel  

Case III:  

This case is the same as cases I and II except that the vowel is /u/. However, the 

recognition of the /u/ vowels was performed by a rate of 96%. 4% were recognized 

as /a/. Table 5.3, and figure 5.3 illustrate that. The misrecognizing may be due to 

human error in pronouncing the /u/ vowels. 
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Table 5.3 — Recognition of /u/ Using Euclidean Distance 

Minimum 

Distance 

Distance b/w mean of 80% of /u/ and 20% of: Recognized 

a i u Y/N 

90 302 987 90 Y 

88 295 968 88 Y 

105 332 953 105 Y 

84 448 553 84 Y 

69 439 627 69 Y 

116 425 599 116 Y 

149 463 764 149 Y 

98 439 718 98 Y 

65 272 897 65 Y 

54 267 933 54 Y 

127 295 892 127 Y 

438 438 685 488 N 

21 408 817 21 Y 

63 431 660 63 Y 

72 385 797 72 Y 

62 264 767 62 Y 

14 364 970 14 Y 

49 251 710 49 Y 

19 248 775 19 Y 

149 284 637 149 Y 

276 330 686 276 Y 

139 428 705 139 Y 

109 289 648 109 Y 

104 527 799 104 Y 

The recognition of /u/ vowel is 96% 
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Figure 5.3 — Using Euclidian Distance to recognize /u/ Vowel 

5.3 Recognizing the Type of SVs Depending on Each 

Volunteers’ F1 and F2 Means. 

As mentioned in chapter 1, there are huge Arabic texts without vowels (diacritics). 

One of the research targets is to find a way to add those diacritics automatically . 

This program represents the preliminary step. It uses the mean values of each one 

of the 80% of volunteers to recognize the SVs of 20% of them. The program will 

clear which is better, using the mean of SV belongs to individual to recognize SVs 

or the mean of many volunteers. 

5.3.1 The Requirements: 

▪ Get 20% of the vowels and the mean F1s and F2s that were calculated for 

each one of the 80% of the volunteers. 



 

79 
 

▪ Compare the mean of each one of the 80% with each of the 20% to classify 

them to /a/, /i/ or /u/ SVs.  

▪ Comment on the results and express them in tables and graphs. 

5.3.2 The Design: 

▪  Read the mean of SVs of each one of the 80%, the mean values of F1 and 

F2s, and read F1 and F2 of 20% of SVs, each pair expresses one short 

vowel in one row, (see Appendix B). 

▪ Calculate the distances between each one of the 20% of the SVs and the 

mean values of first volunteer of the 80% (/a/ mean, /i/ mean, and /u/ mean). 

Repeat this step using each mean calculated for each volunteer of the 80%.  

▪ Put every distance related to one volunteer from 20% and one from 80% in 

a separate row. 

▪ Find the minimum distances of each row, which express the distances of 

one SV to the mean values, i.e. the distance between F1 and F2 of the SV 

and mean value of /a/, /i/, and /u/. the minimum indicates that the SV is the 

same type as the mean. 

▪ Display the results in rows. The first column represents the volunteers’ 

numbers, the mean of each one of the 80% was used as a reference. The 

second column represents the numbers of test volunteers, the 20%. The 

third column represents the minimum of distances between reference mean 
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and test values. The fourth to seventh columns represent the distances to /a/, 

/i/, and /u/ respectively.  

▪ Calculate the average of each volunteer who their average was used as a 

reference, then display the general average to express the general 

percentage of recognition when using the individuals as reference. See table 

5.5.  

▪ Illustrate the results using a bar chart graph. 

5.3.3 The Implementation and the Results: 

The program was implemented by using Matlab, see Appendix C. It reads and 

processes the data mentioned above. The results could be explained in cases as 

follows:  

Case I:  

table 5.4 illustrates some rows of results as a sample (see Appendix E for full 

results), each row represents the distance between vowels from the 20% and the 

mean of the 80%. Column 1 represents the volunteers' numbers of the 80%, column 

2 represents the volunteers' numbers of the 20%, column 3 shows the minimum 

distance in the row, and columns 4, 5, and 6 show the Euclidian distances between 

the mean of /a/ for each one of the 80% and /a/, /i/ and /u/ of each one of the 20%. 
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Table 5.4—Recognizing /a/ by Using a Volunteers’ formants’ Mean 

      Distance b/w mean of 80% of /a/ and: Recognized 

Volunteer 

80% 

Volunteer 

20% 

Minimum 

Distance 
 /a/ of 20%  /i/ of 20% 

 /u/ of 

20% 
Y/N 

1 6 239 239 713 483 Y 

… … … … … … … 

1 16 213 213 563 356 Y 

2 6 252 252 695 482 Y 

… … … … … … … 

2 12 112 112 647 454 Y 

… … … … … … … 

3 16 320 616 320 667 N 

… … … … … … … 

19 16 123 123 832 263 Y 

Table 5.5 summarizes the results in table 5.4 by computing the percentage of the 

distances between each one of the 20% and one of the 80%. The table shows the 

mean percent from recognizing the /a/, /i/, and /u/. 

Table 5.5—Recognition summary of /a/ related to each one of the 20% and the 80% 

  Recognize percent of : 

Volunteer 

80% 

Volunteer 

20% 
/a/ /i/ /u/ 

1 6 100 0 0 

1 12 100 0 0 

1 15 92 8 0 

1 16 80 20 0 

2 6 100 0 0 

2 12 100 0 0 

2 15 92 8 0 

2 16 80 20 0 

3 6 100 0 0 

3 12 100 0 0 

3 15 92 8 0 

3 16 80 20 0 
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4 6 100 0 0 

4 12 100 0 0 

4 15 92 8 0 

4 16 80 20 0 

5 6 56 0 44 

5 12 100 0 0 

5 15 77 0 23 

5 16 60 0 40 

7 6 100 0 0 

7 12 100 0 0 

7 15 92 8 0 

7 16 80 20 0 

8 6 100 0 0 

8 12 100 0 0 

8 15 92 8 0 

8 16 80 20 0 

9 6 100 0 0 

9 12 100 0 0 

9 15 92 8 0 

9 16 80 20 0 

10 6 100 0 0 

10 12 100 0 0 

10 15 92 8 0 

10 16 80 20 0 

11 6 78 0 22 

11 12 100 0 0 

11 15 77 0 23 

11 16 60 0 40 

13 6 100 0 0 

13 12 100 0 0 

13 15 92 8 0 

13 16 80 20 0 

14 6 100 0 0 

14 12 100 0 0 

14 15 92 8 0 

14 16 80 20 0 

17 6 100 0 0 

17 12 100 0 0 

17 15 92 8 0 

17 16 80 20 0 

18 6 100 0 0 
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18 12 89 11 0 

18 15 69 31 0 

18 16 80 20 0 

19 6 44 0 56 

19 12 78 0 22 

19 15 62 0 38 

19 16 60 0 40 

Furthermore,  table 5.6 summarizes the results in table 5.5 through computing the 

mean of each data related to any volunteer. It shows the volunteers’ numbers which 

express the mean values as a reference and the recognizing percentages of /a/, /i/, 

and /u/. Figure 5.4 illustrates table 5.6. 

Table 5.6—Recognition summary of /a/ by Using a Volunteers’ Mean 

 Recognition percent of : 

Volunteer 

80% 
/a/ /i/ /u/ 

1 93 7 0 

2 93 7 0 

3 93 7 0 

4 93 7 0 

5 73 0 27 

7 93 7 0 

8 93 7 0 

9 93 7 0 

10 93 7 0 

11 79 0 21 

13 93 7 0 

14 93 7 0 

17 93 7 0 

18 85 16 0 

19 61 0 39 
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Figure 5.4 — Recognizing the /a/ Vowel Using each Volunteers’ Mean  

It is noted that the results of table 5.6 are varied. The volunteers’ mean for /a/ are 

used to recognize the SVs. The percentage of recognition is between 93 and 61%, 

and this may be related to the accuracy and quality performance of a volunteer. 

Therefore, it is better to use the mean of many volunteers instead of one (see 5.2). 

Case II:  

This case is the same as case I except that it calculates the Euclidian distances 

between the mean of /i/ for each one of the 80% and each one of the 20% of /a/, /i/ 

and /u/ where the first case did so for /a/. Table 5.7 illustrates that it shows the 
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volunteers’ numbers which express the mean values as a reference and the 

recognizing percentages of /a/, /i/, and /u/. Figure 5.5 illustrates that. 

Table 5.7—Recognition summary of /i/ by Using a Volunteers’ Mean 

 Recognition percent of : 

Volunteer 

80% 
/a/ /i/ /u/ 

1 5 93 3 

2 0 100 0 

3 0 100 0 

4 0 100 0 

5 0 100 0 

7 0 100 0 

8 5 93 3 

9 0 100 0 

10 0 100 0 

11 0 100 0 

13 0 100 0 

14 64 12 25 

17 0 100 0 

18 30 52 18 

19 0 100 0 
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Figure 5.5— Recognizing the /i/ Vowel Using each Volunteers’ Mean 

It is noted that the results of table 5.6 are a little bit varied. The volunteers’ mean 

for /i/ is used to recognize SVs. The percentage of recognition is between 100 and 

12% which is very weak, but this is the case for only one volunteer, and this may 

be related to the accuracy and quality performance of the volunteer. Therefore, it is 

better to use the mean of many volunteers instead of  just one (see 5.2). 

Case III:  

This case is the same as cases I and II except that it of calculates the Euclidian 

distances between the mean of /u/ for each one of 80% and each one of 20% of /a/, 

/i/ and /u/, the other two cases did so for /a/ and /i/. Table 5.8 shows the volunteers’ 
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numbers which express the mean values as a reference and recognition percentages 

of /a/, /i/, and /u/. Figure 5.6 illustrates that. 

Table 5.8—Recognition summary of /u/ by Using a Volunteers’ Mean 

 Recognition percent of : 

Volunteer 

80% 
/a/ /i/ /u/ 

1 10 0 90 

2 10 0 90 

3 10 0 90 

4 17 0 84 

5 0 100 0 

7 3 0 97 

8 17 0 84 

9 10 0 90 

10 10 0 90 

11 10 0 90 

13 10 0 90 

14 10 0 90 

17 10 0 90 

18 25 0 75 

19 3 0 97 



 

88 
 

 

Figure 5.6— Recognizing the /u/ Vowel Using each Volunteers’ Mean 

It is noted that the results of table 5.8 are varied. The volunteers’ mean for /u/ is 

used to recognize the SVs. The percentage of recognition is between 100 and 0%, 

which is wholly the wrong recognition for /u/ for one case, but this happened with 

only one volunteer, and this may be related to the accuracy and quality performance 

of the volunteer. Therefore, it is better to use the mean of many volunteers instead 

of one (see 5.2). 

5.4 Recognizing the SVs in Arabic words with CVCVCV 

structure 

This program is using the experience and results of programs in this chapter to 

develop a program that can recognize the short vowels in Arabic words with 



 

89 
 

CVCVCV structure in 4 patterns i.e. /aaa/, /aia/, /aua/, and /uia/. The program will 

read 6 words in each of the 4 patterns, in other words, 24 CVCVCV words, each 

word recorded 3 times by 18 volunteers, so 72 recorded words prepared for each 

volunteer. The program will recognize their SVs by measuring the distances of 

words’ formants and the mean values of F1 and F2 of SVs (/a/, /i/ and /u/)   (see 

Appendix D). 

5.4.1 The Requirements: 

▪ Calculate the means of F1 and F2 for /a/, /i/ and /u/, and F1 and F2 for the 

CVCVCV words  

▪ Compare the means of /a/, /i/ and /u/ with each of the CVCVCV words to 

recognize them to one of the patterns.  

▪ Comment on the results and express them in tables and graphs. 

5.4.2 The Design: 

▪ Write a Matlab program that calculates the mean of F1 and F2 for /a/, /i/ 

and /u/, and F1 and F2 for CVCVCV words. Then save them in a type m 

file.  

▪ Calculate the distances between the means of F1 and F2 for /a/, /i/ and /u/, 

and F1s and F2s for all the CVCVCV words. 
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▪ Put distances related to one volunteer i.e. distances between the mean of /a/, 

/i/ and /u/ and F1s and F2s for CVCVCV words in a separate row. 

▪ Find the minimum distances of each row, which express the distances of 

one SV to the mean values, i.e. the distance between F1 and F2 of the SV 

and mean values of /a/, /i/, and /u/. The minimum indicates that SV is the 

same type as the mean. 

▪ Display the results in rows. The first column represents the volunteers’ 

numbers. The second column represents the numbers indicating the 

CVCVCV words. The third column represents the average of recognition. 

The fourth and fifth columns represent the minimum and maximum 

respectively.  

▪ Calculate and display the average recognition of each volunteer’s words.  

▪ Illustrate the results using tables and graphs. 

5.4.3 The Implementation and the Results: 

The program was implemented by using Matlab, see Appendix D. It reads and 

processes the data mentioned above. The results are explained in cases as follows:  

Case I:  

In this case, all CVCVCV words were entered into the program. Table 5.9 

illustrates the results of recognition for the vowels of all the entered words (1296) 
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from all volunteers, each row represents one volunteers’ rate. Last three rows 

represent the average, minimum, and maximum of  the rates. Column 1 represents 

the volunteers' numbers, column 2 shows the rate of recognition for this volunteer. 

Figure 5.7 uses the bar graph to express the rates of vowel recognition, the x-axis 

represents the volunteers, the y-axis represents the total rate, and the blue bar 

represents the CVCVCV words. 

Table 5.9—Recognition rate for all words assigned to each volunteer  

Volunteers Recognition rate [%] 

1 66.67 

2 61.11 

3 55.56 

4 44.44 

5 69.44 

6 48.61 

7 58.33 

8 69.44 

9 63.89 

10 83.33 

11 56.94 

12 72.22 

13 66.67 

14 40.28 

15 44.44 

16 59.72 

17 50.00 

18 43.06 

Average 58.56 

Min 40.28 

Max 83.33 
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Figure 5.7— Vowels Recognition Rate for All Volunteers 

Table 5.10 shows the recognition percentage of each CVCVCV pattern. 

Table 5.10—Recognition rate of every words’ pattern  

CVCVCV Word Pattern Vowels Recognition Rate [%] 

CaCaCa 92.28 

CaCiCa 55.56 

CaCuCa 49.07 

CuCiCa 37.35 

And table 5.11 shows the recognition rates of SVs (/a/, /i/, and /u/) in all CVCVCV 

words. The recognition percentage of all vowels is 83.98%. 
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Table 5.11—Recognition rate of SVs 

Vowels Vowels Recognition Rate [%] 

a 96.10 

i 66.82 

u 52.62 

 

Case II:  

In this case, the focus was put on the volunteer with the best results which was 

volunteer number 10 (see table 5.9), the volunteers’ CVCVCV words entered into 

the program. Table 5.12 illustrates the results of recognizing the vowels of all the 

words (72) one word at a time. Each row shows the word that is supposed to be 

recognized and the recognized word and Y if they match. 

Table 5.12—CVCVCV Recognition for One Volunteer 

Words 

No 

Entered 

Word 

Recognized 

Word 
Y/N 

1 aia aia Y 

2 aia aia Y 

3 aia aia Y 

4 aia aaa N 

5 aia aia Y 

6 aia aia Y 

7 aia aua N 

8 aia aia Y 

9 aia aia Y 

10 aua aua Y 

11 aua aua Y 
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12 aua aua Y 

13 aua aua Y 

14 aua aua Y 

15 aua aua Y 

16 aua aua Y 

17 aua aua Y 

18 aua aua Y 

19 aua aua Y 

20 aua aua Y 

21 aua aua Y 

22 aua aua Y 

23 aua uua N 

24 aua aua Y 

25 aua aua Y 

26 aua aua Y 

27 aua aua Y 

28 uia uia Y 

29 uia uia Y 

30 uia uia Y 

31 aaa aaa Y 

32 aaa aaa Y 

33 aaa aaa Y 

34 uia uia Y 

35 uia uia Y 

36 uia uia Y 

37 uia uia Y 

38 uia uaa N 

39 uia uua N 

40 uia uia Y 

41 uia uia Y 

42 uia uia Y 

43 uia uia Y 

44 uia uia Y 

45 uia uia Y 

46 uia uia Y 
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47 uia uia Y 

48 uia uia Y 

49 aaa aaa Y 

50 aaa aaa Y 

51 aaa aaa Y 

52 aaa aaa Y 

53 aaa aaa Y 

54 aaa aaa Y 

55 aaa aaa Y 

56 aaa uaa N 

57 aaa aaa Y 

58 aaa aaa Y 

59 aaa aaa Y 

60 aaa aaa Y 

61 aaa aaa Y 

62 aaa aaa Y 

63 aaa aaa N 

64 aia aua N 

65 aia aua N 

66 aia aua N 

67 aia aia Y 

68 aia aia Y 

69 aia aia Y 

70 aia aaa N 

71 aia aaa N 

72 aia aaa N 

And for this volunteer, table 5.13 shows the recognition percentage of each 

CVCVCV pattern. 
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Table 5.13—Recognition rate of all words’ pattern  

CVCVCV Word Pattern Vowels Recognition Rate [%] 

CaCaCa 94.44 

CaCiCa 55.56 

CaCuCa 94.44 

CuCiCa 88.89 

And table 5.14 shows the recognition rates of SVs (/a/, /i/, and /u/) in all CVCVCV 

words. The recognition percentage of /u/ vowels is 100%. 

Table 5.14—Recognizing rate of SVs 

Vowels Vowels Recognition Rate [%] 

a 98.61 

i 72.22 

u 100 

Case III:  

In this case, all volunteers’ CVCVCV words were entered into the program. Table 

5.15 and 5.16 show the recognition rates of the CVCVCV words assigned to each 

volunteer. The titles of columns are the CVCVCV words and their patterns, the 

titles of rows are the volunteers’ numbers, and the cells show the recognition 

percentage rate of the words represented in the columns title and recorded by 

volunteers who are represented in the rows' titles.  

 



 

97 
 

Table 5.15—Recognition rate of all CVCVCV words assigned to volunteers 

  CVCVCV Words/SVs 

Rate 

[%] 

ف ع   ف ع ل   ح   ذ ه ب   ذ ك ر   ر  ف ظ   ك ت ب   ش ر  ع   ح  ح   س م  ل   ف ر  ل   ف ع  ل   ب خ   ع م 

aaa aaa aaa aaa aaa aaa aia aia aia aia aia aia 

  1 100 100 100 100 100 100 100 67 67 0 0 100 

  2 100 100 100 100 100 100 100 67 100 0 33 33 

  3 100 100 100 100 100 100 100 0 0 0 100 33 

  4 100 100 100 100 100 100 33 0 33 0 100 0 

V
o

lu
n

te
er

s 

5 100 100 100 100 100 100 33 100 0 100 100 67 

6 100 100 100 100 100 100 100 0 67 67 67 0 

7 100 100 100 100 100 100 33 33 0 0 0 67 

8 100 100 100 100 100 100 100 0 100 0 100 33 

9 100 100 100 100 100 100 100 67 100 0 33 33 

10 100 100 100 100 100 100 100 33 33 0 100 0 

11 100 100 100 100 100 67 67 100 100 0 100 33 

12 100 100 100 100 100 100 100 0 100 67 100 0 

  13 100 100 100 100 100 100 100 0 33 0 100 100 

  14 33 0 33 67 0 0 0 0 33 67 100 0 

  15 100 100 100 100 100 100 100 0 100 0 100 67 

  16 67 33 0 100 33 100 33 0 100 100 100 67 

  17 100 100 100 100 100 100 100 33 100 67 100 100 

  18 100 100 100 100 100 100 0 33 0 0 100 0 
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Table 5.16—Recognition rate of all CVCVCV words assigned to volunteers 

  CVCVCV Words/SVs 

Rate [%] 
ل ح   ب ل غ   ف ع ل   م   ك ب ر   س ه ل   ص  ل   ك ر  ر   ف ع  ع   ذ ك  م  ل ق   ج  ر   ك ت ب   خ  ش   ح 

aua aua aua aua aua aua uia uia uia uia uia uia 

  1 67 100 100 33 100 67 0 67 0 100 33 67 

  2 67 0 0 67 100 100 0 0 67 0 67 100 

V
o

lu
n

te
er

s 

3 33 0 67 0 67 0 0 33 0 67 33 100 

4 0 0 33 0 0 0 0 33 0 0 100 0 

5 67 100 33 100 100 33 0 33 0 100 0 67 

6 67 33 67 0 0 67 0 0 0 0 0 100 

7 0 67 0 100 100 100 67 67 67 100 67 0 

8 0 100 100 33 100 0 100 100 0 33 100 33 

9 0 0 100 67 33 0 67 67 0 100 100 0 

10 100 100 100 100 100 100 100 100 67 100 100 100 

11 0 67 100 67 0 0 0 0 0 100 0 100 

12 67 33 100 67 67 33 0 100 0 100 33 100 

  13 67 100 33 100 100 100 0 100 0 0 0 100 

  14 67 0 33 67 100 67 0 67 0 33 100 33 

  15 0 0 0 0 67 0 0 0 0 0 67 0 

  16 100 33 67 100 0 33 33 100 0 0 100 33 

  17 67 0 0 0 0 0 0 0 0 67 0 33 

  18 0 0 67 33 0 33 0 0 0 0 0 0 

From the tables the following results can be concluded out: 

- The recognition rates for /aaa/ pattern words are as follows: 

▪ 90% of the words were recognized by a rate of 100%. 

▪ 96.3% of the words were recognized. 

▪ 4% of words were not recognized. 

- The recognition rates for /aia/ pattern words are as follows: 
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▪ 36% of the words were recognized by a rate of 100%. 

▪ 68% of the words were recognized. 

▪ 32% of the words were not recognized. 

- The recognition rates for /aua/ pattern words are as follows: 

▪  28% of the words were recognized by a rate of 100%. 

▪ 66% of the words were recognized. 

▪ 34% of the words were not recognized. 

- The recognition rates for /uia/ pattern words are as follows: 

▪  25% of the words were recognized by a rate of 100%. 

▪ 52% of the words were recognized. 

▪ 48% of the words were not recognized. 

It is noted that the recognition was affected by the type of pattern and the skills of 

the volunteers. The pattern with the best recognition was /aaa/, and the volunteer 

with the best results was Volunteer number 10.  This highlights the importance of 

choosing a qualified person in the purpose of adding diacritics to Arabic texts using 

formants. 
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Chapter 6  

Conclusion and future work 

6.1 Summary and conclusions 

Arabic speech recognition systems use the same methods used to treat other 

languages, English mainly. Those methods mainly depend on statistics and 

probability. They work for those languages but do not give the same accuracy when 

applied to Arabic, this may be because the Arabic language has characteristics that 

are not used by those methods. Also, most Arabic texts suffer from missing 

diacritics (short vowels) which cause problems in learning Arabic as a second 

language. 

This research dealt with the problem of the missing diacritics by benefiting 

from the results of previous studies that said the vowels could be identified by 

using formants, and from using some of the characteristics of Arabic, which has a 

small number of short vowels, only three, and the values of F1 and F2 of each one 

of those are always divergent and have fixed patterns.  



 

101 
 

- Since, there is no available Arabic corpus that met the requirements to test 

and verify the suggested method, a corpus was built by recording all Arabic 

sounds from 19 volunteers and record 24 Arabic words with a CVCVCV 

pattern to test the idea and prove the method. The corpus contained the 

following: 

- 1368 (CVCVCV) Arabic words.  

- 4788 (CV) isolated Arabic Alphabet followed by short vowels. 

- 1539 (CVC) Arabic consonants beginning with the Hamza letter . 

- 171 (VV) Arabic long vowels. 

- 513 (V) Arabic short vowels. 

To recognize the Arabic SVs, the Euclidian distance law was used. It 

calculates the distances between F1 and F2 of an Arabic input sound or CVCVCV 

word, and the mean of F1s and F2s of /a/, /i/, and /u/, and the smallest distances that 

show to which type each input belongs. 

By Using the MATLAB environment, both isolated short vowels and 

CVCVCV words were examined. Necessary programs were designed, 

implemented, then tested. The first group of programs (see the appendices) 

preprocessed the data, the SVs from the corpus, then processed to get the mean of 

the F1s and F2s of the SVs. The second group of programs used the mean to 
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calculate the distances between them and the isolated SVs to recognize the SVs as 

/a/, /i/ or /u/. The third group of programs used the same means to calculate the 

distance between them and the isolated CVCVCV words to recognize the SVs of 

the words to /a/, /i/ or /u/. The best results are as follows:  

- CaCaCa pattern was recognized with a rate of 94.44% 

- CaCiCa pattern was recognized with a rate of 55.56% 

- CaCuCa pattern was recognized with a rate of 94.44% 

- CuCiCa pattern was recognized with a rate of 88.89% 

The results which were recognized best of the SVs /a/, /i/ and /u/ when they were 

isolated were as follows: 

- /a/ was recognized by a rate of 98.61% 

- /i/ was recognized by a rate of 72.22% 

- /u/ recognized by 100% 

The results show that the idea and the method worked and can be used by 

other languages that have a limited number of short vowels and their formants are 

divergent. 

It is seen that the recognition is influenced by the type of pattern and the 

experience of a person. That knowledge allows us to select qualified volunteers for 
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pronouncing Arabic text that concerns adding diacritics to texts that do not have 

them by using formants. 

 The most important contribution of this research is giving attention to the 

possibility of benefiting from the characteristics of any targeted language. It made 

it apparent that looking for a method to build a recognition system proper for that 

language based on its characteristics is better than just importing a recognition 

system from another language which may not be suitable for the target language. 

Of course, the methods and results of other languages can be used, and their 

processes can be emulated but who ever is doing so should be aware of the 

differences between them. So, those methods may need to be adapted and the target 

language may need to be looked at to find beneficial characteristics so that the 

processing and recognition of other languages does not suffer from blind 

emulation. 

6.2 Future work 

In this research, an Arabic short vowels recognition method was established 

which used the idea of benefiting from the characteristics of the language (Arabic). 

The results are promising with a reasonable level of accuracy. Here are some views 

that need to be focused on for further research for future work: 
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• Build another corpus for Children and Women using the same method. 

• See if other languages have some characteristics that allow them to benefit 

from the method applied in this research. 

• This research processes vowels in two states, isolated and in words. If there 

was found a method to process the consonants and the hybrids, then the 

results will be noticeably enhanced. 

• Find a method to help in partitioning the words into letters, this will help a 

lot in giving more precise results. ANN may be a suitable method to 

accomplish that goal. 

• Combine the method applied in this research with statistical methods, doing 

so should give more precise results. 

• Extend this research by using large vocabulary with different patterns and 

develop the method to deal with continuous speech. 
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Appendix A. Read Data and calculate formants. 

MATLAB Programs 

Get in Folders, from Wav Files read CVCVCV words, Short vowels, and long 

vowels, then calculate formants. 

1. Main program 
 

clc; clear; close all; 

Fs = [];    F = []; 

Formants_a=[]; Formants_i=[];  Formants_u=[];% a ---> F1 F2 F3 

Formants = [];     count = 0; 

path=('C:\Users\User\Documents\FIT_PhD\Dissertation\Pre-Processed Recorded 

data\isolated-Vowels-a-i-u'); 

 [fileNames,waveData,Fs] = readWaveInFoldersFunction(path); 

 % % % % % % % % % % % % % % % % % % % % % % % % % % % % % % % % % %  

% % % % %    Calculate Formants 1:5  Calculate Formants 1:5  Calculate Formants 1:5 

% % % % % % % % % % % % % % % % % % % % % % % % % % % % % % % % % %  

n = size(waveData(1,:)); 

for i = 1:1  % 19 Volunteers 

  

    for j = 1: n(1,2)   %% 27 

        

        [F1, F2, F3,F4,F5]=formantLPC(waveData{i,j},Fs(i,j));  %%% Calculate Formants 1:5 

         

            if  ((F1>=300) && (F1<=1000)) && ((F2>=850) && (F2<=2500)); 

                if j<10 ; 

                    Formants_a = [Formants_a; [F1 F2]]; 

                elseif j<19; 

                           Formants_i = [Formants_i; [F1 F2]]; 

                else j<=27; 

                           Formants_u = [Formants_u; [F1 F2]]; 

                end 

               count = count +1; 

             end 
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     end 

end 

Formants = [ Formants_a; Formants_i; Formants_u ];  

% % % % % % % % % % % % % % % % % % % % % % % % % % % % % % % % % %   

mean_a = mean(Formants_a); mean_i = mean(Formants_i); mean_u = 

mean(Formants_u); 

formants_means = [mean_a; mean_i; mean_u ]; 

fprintf('mean_a:  %.0f  \n', mean_a); fprintf('mean_i:   %.0f  \n', mean_i); 

fprintf('mean_u:  %.0f  \n', mean_u); 

fprintf('\n'); 

fprintf('---- ----------- Done ------ --------\n'); 

function [fileNames,waveData,Fs] = readWaveInFoldersFunction(path) 

count =0; 

fileNames = strings ; 

Fs = []; 

wave_folders = dir (path); 

length(wave_folders); 

 for i=3:length(wave_folders) 

              dirAndSubs = strcat(wave_folders(i).folder,'\',wave_folders(i).name); 

              audio_files=(dir(fullfile(dirAndSubs,'*wav'))); 

              audio_files=(audio_files); 

             counti = 0; 

      for k=1:numel(audio_files) 

             filename=strcat(dirAndSubs ,'\',audio_files(k).name); 

             count = count +1; 

             counti = counti +1; 

             [waveDatum, fs] = audioread( filename); 

             waveData{i-2,k} = waveDatum; 

             fileNames(i-2,k) = filename; 

             Fs(i-2,k)=fs; 

     end 

   end 
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end % Function 

2. Calculate formants.(Reuse function: Formant frequency estimation).[47] 
 

function [F1, F2, F3,F4,F5]=formantLPC(x,fs) 

% using LPC to find the best IIR filter from a section of speech signal 

F1=0;F2=0;F3=0;F4=0;F5=0;  

t=(0:length(x)-1)/fs;      % times of sampling instants 

 % get Linear prediction filter 

 ncoeff=2+fs/1000;           % rule of thumb for formant estimation 

 a=lpc(x,ncoeff); 

 [h,f]=freqz(1,a,512,fs); 

 r=roots(a);                  % find roots of polynomial a 

 r=r(imag(r)>0.01);           % only look for roots >0Hz up to fs/2 

 ffreq=sort(atan2(imag(r),real(r))*fs/(2*pi)); 

F1 = ffreq(1);  

F2 = ffreq(2);  

F3 = ffreq(3);  

F4 = ffreq(4);  

F5 = ffreq(5);   

End 

function [Formants, count]=calculateFormants(waveData, Fs, noVolunteers) 

 % % % % % % % % % % % % % % % % % % % % % % % % % % % % % % % % %  

% % % % % % % %    Calculate Formants 1:5   

% % % % % % % % % % % % % % % % % % % % % % % % % % % % % % % % % %  

Formants = {};   count = 1; 

n = size(waveData(1,:)); 

 for i = 1 : noVolunteers  % 19 Volunteers 

     for j = 1: n(1,2)   %% 27 

         [F1, F2, F3,F4,F5]=formantLPC(waveData{i,j},Fs(i,j));  %%% Calculate Formants 1:5 

            Formants{count} = { i j F1 F2} ; 

            count = count +1; 

    end 
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end 

end  % calculateFormants 

3. Calculate and plot Standard Deviation and Coefficient of Variation for 

Short and Long Formants 
 

clc; clear; close all; 

Fs = [];   F = [];    F_all=[]; 

Formants_a=[]; Formants_i=[];  Formants_u=[];% a ---> F1 F2 F3 

Formants = {};        noVolunteers = 19; 

 path=('C:\Users\User\Documents\FIT_PhD\Dissertation\Pre-Processed Recorded 

data\isolated-Vowels-a-i-u'); 

[fileNames,waveData,Fs] = readWaveInFoldersFunction(path); 

% % % % % % % % % % % % % % % % % % % % % % % % % % % % % % % % % %  

% % %  % %    Calculate Formants 1:5  Calculate Formants 1:5  Calculate Formants 1:5 

% % % % % % % % % % % % % % % % % % % % % % % % % % % % % % % % % %  

[Formants, count]=calculateFormants(waveData, Fs, noVolunteers); 

% F = [ cell2mat(Formants{1})]; 

for i = 1 :  size(Formants,2) 

    F = [ F ; cell2mat(Formants{i})]; 

%     fprintf('      i: %.0f      j: %.0f      F1: %.0f      F2: %.0f \n ', F(i,1), F(i,2), F(i,3), F(i,4)); 

% % % % % % % % % % % % % % % % % % % % % % % % %      

% % % % % %    Formants_a, i, u for all Volunteeers   % % % % 

    if F(i,2)<10 

        Formants_a = [Formants_a; [F(i,1) F(i,3) F(i,4)]]; 

    elseif F(i,2)<19 

        Formants_i = [Formants_i; [F(i,1) F(i,3) F(i,4)]]; 

    elseif F(i,2)<=27  

        Formants_u = [Formants_u; [F(i,1) F(i,3) F(i,4)]]; 

    end 

end 

% % % % % % % % % % % % % % % % % % % % % % % % % % % % % % % % % %  

% % % % % % % % % %   means of a, i, u  for each  volunteers 
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formants_means_each_volunteer =[]; formants_median_each_volunteer = []; 

for d = 1 : 19 

   formants_means_each_volunteer =[formants_means_each_volunteer; 

[mean( Formants_a(Formants_a(:,1)==d, :)) mean( Formants_i(Formants_i(:,1)==d, 2 : 3)) 

mean( Formants_u(Formants_u(:,1)==d, 2 : 3))]]; 

   formants_median_each_volunteer =[formants_median_each_volunteer; 

[median( Formants_a(Formants_a(:,1)==d, :)) median( Formants_i(Formants_i(:,1)==d, 2 : 

3)) median( Formants_u(Formants_u(:,1)==d, 2 : 3))]]; 

end 

% % % % % % % % % % % % % % % % % % % % % % % % % % % % % % % % % %   

% % % %   means, & medians of a, i, u  for all volunteers 

mean_a = mean(Formants_a(:,[2 3])); mean_i = mean(Formants_i(:,[2 3])); mean_u = 

mean(Formants_u(:,[2 3])); 

formants_means = [mean_a; mean_i; mean_u ]; 

fprintf('mean_a:  %.0f  \n', mean_a); fprintf('mean_i:   %.0f  \n', mean_i); 

fprintf('mean_u:  %.0f  \n', mean_u); 

fprintf('\n'); 

plot_Formants_means(formants_means,'bO');%'Formants of Vowels  ',' mean values ', 

hold off 

 % % % % % % % % % % % % % % % % % % % % % % % % %  

 % % % % % % % % % % % % %  STD , estimate your coefficient of variation. a CV >= 

1 %indicates a relatively high variation, while a CV < 1 can be considered low. 

[formantsStd_a,cvF1_a,cvF2_a] = std_and_coefficient_of_variation(Formants_a(:,2), 

Formants_a(:,3),  mean_a(:,1), mean_a(:,2) ) 

[formantsStd_i,cvF1_i,cvF2_i] = std_and_coefficient_of_variation(Formants_i(:,2), 

Formants_i(:,3),  mean_i(:,1), mean_i(:,2) )  

[formantsStd_u,cvF1_u,cvF2_u] = std_and_coefficient_of_variation(Formants_u(:,2), 

Formants_u(:,3),  mean_u(:,1), mean_u(:,2) ) 

% % % % % % % % % % % % % % % % % % % % % % % % % % % %  

fprintf('---- ----------------------------------- Done ------------------------------------ --------\n'); 

 function [Std,cvF1,cvF2] = std_and_coefficient_of_variation(F1, F2, F1mean, F2mean);     

Std = std([F1 F2]); 
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cvF1 = Std(:,1) / F1mean ;    % % % (CV=standard deviation / mean) 

cvF2 = Std(:,2) / F2mean; 

end  % function 

 

4. Programs for Plot formants and other measurements. 

clc; clear; close all; 

short = [ 560   1138;   369 1415;   371 883 ]  

labelShort = [ "a"; "i"; "u" ] 

labelLong = [ "a:"; "i:"; "u:" ] 

long = [ 526    1141;   310 1422;   333 754 ] 

labelLong = [ "a:"; "i:"; "u:" ] 

hold off 

scatter(short(:,2), short(:,1)); 

hold on 

scatter(long(:,2), long(:,1)); 

d =8; % displacement so the text does not overlay the data points 

text(short(:,2)-d, short(:,1)+d, labelShort); 

text(long(:,2)-d, long(:,1)+d, labelLong); 

axis square 

xlabel('F2'); 

ylabel('F1'); 

ax = gca; 

ax.XDir = 'reverse'; 

ax.YDir = 'reverse'; 

lgd = legend('Short Vowels','Long 

Vowels','Location','northoutside','FontSize',8,'TextColor','blue'); 

lgd.NumColumns = 3; 

title(lgd,'Formant Means of Arabic Vowels') 

ylim([300 600]) 

xlim([600 1500]) 

hold off 

% % % % % % % % % % % % % % % % % % % % % % % % % % % %  
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clc; clear; close all; 

S_D = [352.1 589.5 279.1; 129.2 56.3 42.3   ] 

meanY = [ 1138 1415 883 ]  

meanX = [ 560 369 371 ]  

S_D = [ 352 590 279 ] 

hold off 

errorbar(meanY, meanX, S_D, 'bO','horizontal') 

axis square 

xlabel('F2'); 

ylabel('F1'); 

ax = gca; 

ax.XDir = 'reverse'; 

ax.YDir = 'reverse'; 

lgd = legend('Short Vowels','','Location','northoutside','FontSize',8,'TextColor','blue'); 

lgd.NumColumns = 3; 

title(lgd,'Formant Means and SD') 

hold off 

% % % % % % % % % % % % % % % % % % % % % % % % % % % %  

clc; clear; close all; 

Libyan = [ 601  1230;   390 1537;   382     932 ]  

label = [ "a"; "i"; "u" ] 

Egyptian = [ 540    1129;   354     1161;   361 748 ] 

hold off 

scatter(Libyan(:,2), Libyan(:,1)); 

hold on 

scatter(Egyptian(:,2), Egyptian(:,1)); 

d =8; % displacement so the text does not overlay the data points 

text(Libyan(:,2)-d, Libyan(:,1)+d, label); 

text(Egyptian(:,2)-d, Egyptian(:,1)+d, label); 

axis square 

xlabel('F2'); 

ylabel('F1'); 
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ax = gca; 

ax.XDir = 'reverse'; 

ax.YDir = 'reverse'; 

lgd = legend('Libyan Vowels','Egyptian 

Vowels','Location','northoutside','FontSize',8,'TextColor','blue'); 

lgd.NumColumns = 3; 

title(lgd,'Formant Means of Libyan Vs Egyptian Vowels') 

hold off 
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Appendix B. Recognizing the Isolated Vowels. 

MATLAB Programs 

1. This program calculates and saves mean values of F1 and F2 of /a/, /i/, and /u/ 

for all volunteers and each volunteer, and 80% of the volunteers. Also, it saves 

the values of F1 and F2 of the short vowels for 20% of the volunteers. 

clc; clear; close all; 

% vn=17;% No. of volunteers 

Formants_a=[]; Formants_i=[];  Formants_u=[];% a ---> F1 F2 F3 

Formants_a_vs_80=[]; Formants_i_vs_80=[];  Formants_u_vs_80=[];%  

Formants_a_vs_20=[]; Formants_i_vs_20=[];  Formants_u_vs_20=[];%  

Formants = [];     count = 0; 

path=('C:\Users\User\Documents\FIT_PhD\Dissertation\Pre-Processed Recorded 

data\isolated-Vowels-a-i-u'); 

[fileNames,waveData,Fs] = readWaveInFoldersFunction(path); 

strToRemove = 'C:\Users\User\Documents\FIT_PhD\Dissertation\Pre-Processed 

Recorded data\isolated-Vowels-a-i-u\'; 

newStr = erase(fileNames,strToRemove); 

fNames = extractBefore(newStr,"\"); 

% % % % % % % %                                  Calculate Formants 1:5   

vn_=size(waveData(:,2)); vn = vn_(1,1) 

s1 = "AS"; s2 ="MZ"; s3 ="MB"; s4 = "OA"; 

n = size(waveData(1,:)) 

for i = 1:vn  % 19 Volunteers 

F_v_a = [];     F_v_i = [];     F_v_u = []; 

for j = 1: n(1,2)   %% 27 

[F1, F2, F3,F4,F5]=formantLPC(waveData{i,j},Fs(i,j));  %% Calculate Formants 1:5 

if  ((F1>=300) && (F1<=1000)) && ((F2>=850) && (F2<=2500)) 

%          %%%%%%%  take 80%,  s1s2s3s4 %%%%% %%%%  
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if  ~( strcmp(fNames(i),s1) || strcmp(fNames(i),s2) || strcmp(fNames(i),s3) || 

strcmp(fNames(i),s4)) 

if j<10 ; 

Formants_a_vs_80=[Formants_a_vs_80; i F1 F2];       

elseif j<19; 

Formants_i_vs_80=[Formants_i_vs_80; i  F1 F2];       

else j<=27; 

Formants_u_vs_80=[Formants_u_vs_80; i  F1 F2];       

end 

end %fNames(i) ~= s1,s2,s3,s4 

%%%%%%%%   take 20%,  s1s2s3s4 %%%%%%%%%%%%%%%% 

if  ( strcmp(fNames(i),s1) || strcmp(fNames(i),s2) || strcmp(fNames(i),s3) || 

strcmp(fNames(i),s4)) 

if j<10 ; 

Formants_a_vs_20=[Formants_a_vs_20; i F1 F2];       

elseif j<19; 

Formants_i_vs_20=[Formants_i_vs_20; i  F1 F2];       

else j<=27; 

Formants_u_vs_20=[Formants_u_vs_20; i  F1 F2];       

end 

end %fNames(i) ~= s1,s2,s3,s4 

%%%%%%%%  100%  s1s2s3s4 s1s2s3s4 s1s2s3s4 s1s2s3s4 %%%%%% 

if j<10     

Formants_a = [Formants_a; [F1 F2]];  %%% F3]]; 

elseif j<19; 

Formants_i = [Formants_i; [F1 F2]];%%% F3]]; 

else j<=27; 

Formants_u = [Formants_u; [F1 F2]];%%% F3]]; 

end 

count = count +1;  

end %  if  ((F1>=300) ... 

end   % for j = 1: n(1,2)   %% 27 
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% % % % % % % % % % % % % % % % % % % % % % % % % % % % % %  

if  ~( strcmp(fNames(i),s1) || strcmp(fNames(i),s2) || strcmp(fNames(i),s3) || 

strcmp(fNames(i),s4)) 

% % % %   if i~= 1 

Formants_a_v_80_means(i,:)=[i mean((Formants_a_vs_80(:,[2 3])),1)];  

Formants_i_v_80_means(i,:)=[i mean((Formants_i_vs_80(:,[2 3])),1)];  

Formants_u_v_80_means(i,:)=[i mean((Formants_u_vs_80(:,[2 3])),1)];      

end 

if  ( strcmp(fNames(i),s1) || strcmp(fNames(i),s2) || strcmp(fNames(i),s3) || 

strcmp(fNames(i),s4)) 

Formants_a_v_20_means(i,:)=[i mean((Formants_a_vs_20(:,[2 3])),1)];  

Formants_i_v_20_means(i,:)=[i mean((Formants_i_vs_20(:,[2 3])),1)];  

Formants_u_v_20_means(i,:)=[i mean((Formants_u_vs_20(:,[2 3])),1)];      

end 

end %%%%%%%%%%%    i=1:19 

Formants_a_v_80_means = 

Formants_a_v_80_means(any(Formants_a_v_80_means,2),:); 

Formants_i_v_80_means = 

Formants_i_v_80_means(any(Formants_i_v_80_means,2),:); 

Formants_u_v_80_means = 

Formants_u_v_80_means(any(Formants_u_v_80_means,2),:); 

save Formants_a_v_80_means; 

save Formants_i_v_80_means; 

save Formants_u_v_80_means; 

 

save Formants_a_vs_80   

save Formants_i_vs_80   

save Formants_u_vs_80 

% % % % % % % % % % % % % % % % % % % % % % % % % % % % % % %  

Formants_80 = [ Formants_a_vs_80(:,2:3); Formants_i_vs_80(:,2:3); 

Formants_u_vs_80(:,2:3) ];  
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mean_a_80 = mean(Formants_a_vs_80(:,2:3)); mean_i_80 = 

mean(Formants_i_vs_80(:,2:3)); mean_u_80 = mean(Formants_u_vs_80(:,2:3)); 

formants_means_80 = [mean_a_80; mean_i_80; mean_u_80 ] 

save formants_means_80; 

% % % % % % % % % % % % % % % % % % % % % % % % % % % % % %  

Formants_a_v_20_means = 

Formants_a_v_20_means(any(Formants_a_v_20_means,2),:); 

Formants_i_v_20_means = 

Formants_i_v_20_means(any(Formants_i_v_20_means,2),:); 

Formants_u_v_20_means = 

Formants_u_v_20_means(any(Formants_u_v_20_means,2),:); 

save Formants_a_v_20_means; 

save Formants_i_v_20_means; 

save Formants_u_v_20_means; 

save Formants_a_vs_20   

save Formants_i_vs_20   

save Formants_u_vs_20 

Formant_a_Size = size(Formants_a) 

Formant_i_Size = size(Formants_i) 

Formant_u_Size = size(Formants_u) 

% % s = min([ Formant_a_Size(1,1)  Formant_i_Size(1,1)  Formant_u_Size(1,1)]) 

Formants = [ Formants_a; Formants_i; Formants_u ];  

mean_a = mean(Formants_a); mean_i = mean(Formants_i); mean_u = 

mean(Formants_u); 

formants_means = [mean_a; mean_i; mean_u ] 

save  Formants_a; 

save Formants_i; 

save Formants_u ; 

save formants_means; 

% % % % % %                     End of the program      %%%%%%%%% 
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2. This program is using Euclidian distances to recognize 20 % of the isolated SV 

by using the mean values 80% of SV.  

clc; clear; close all; 

distance_from_a = []; distance_from_i = []; distance_from_u = []; 

distances = []; distances_v = []; %SV.. Short Vowels 

%%%%%%%%%     read  F. Means of 80% of data    %%%%%%%%%%%%%% 

load formants_means_80; % [mean_a_80; mean_i_80; mean_u_80 ]; 

x = formants_means_80(1, 1); y = formants_means_80(1, 2); SV = '/a/';% mean of /a/ 

% x = formants_means_80(2, 1); y = formants_means_80(2, 2); SV = '/i/';% mean of /i/ 

% x = formants_means_80(3, 1); y = formants_means_80(3, 2); SV = '/u/'; % mean of /u/ 

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 

%%%%%%%%%     read Formants  of 20% of data    %%%%%%%%%%%%%%%%% 

load Formants_a_vs_20   

load Formants_i_vs_20 

load Formants_u_vs_20 

% load  Formants_a; load Formants_i; load Formants_u ; 

Formant_a_Size = size(Formants_a_vs_20); Formant_i_Size = size(Formants_i_vs_20); 

Formant_u_Size = size(Formants_u_vs_20); 

n = min([ Formant_a_Size(1,1)  Formant_i_Size(1,1)  Formant_u_Size(1,1)]) 

%%%%%%%        Calculate Distances            %%%%%%%%%%%%%%%%% 

for  k = 1 : n  

% Compute the distance reference between /a/ formants and means 

x0 = Formants_a_vs_20(k, 2); y0 = Formants_a_vs_20(k, 3);  % 

distance_from_a = [sqrt((x-x0) .^ 2 + (y-y0) .^ 2)]; 

% Compute the distance reference between /i/ formants and means 

x0 = Formants_i_vs_20(k, 2); y0 = Formants_i_vs_20(k, 3);  % 

distance_from_i = [sqrt((x-x0) .^ 2 + (y-y0) .^ 2)]; 

% Compute the distance reference between /u/ formants and means 

x0 = Formants_u_vs_20(k, 2); y0 = Formants_u_vs_20(k, 3);  % 

distance_from_u = [sqrt((x-x0) .^ 2 + (y-y0) .^ 2)]; 
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% %     All distances b/w Formants' means and Formants of /a/ /i/ /u/ %%%%% 

distances = [distances; distance_from_a  distance_from_i  distance_from_u];    

end % k 

A = [min(distances,[],2)   distances] ; %%% calculate the minimum distances for each row 

T = round([[min(distances,[],2)]   [distances]],2); 

h1 = sum(A(:,1) ~= A(:,2)); h2 = sum(A(:,1) ~= A(:,3)); h3 = sum(A(:,1) ~= A(:,4)); 

Dist = [h1  h2  h3]; %%% Sum of distances belonging to /a/ /i/ /u/ 

Y_ = [n-h1 ; n-h2 ; n-h3  ] %%% belong  

BelongPrecent = [abs((n-h1) / (n))*100; abs((n-h2) / (n))*100;  abs((n-h3) / (n))*100];  

Y_1 =round( [ abs((n-h1) / (n))*100 ; 

abs((n-h2) / (n))*100  ; 

abs((n-h3) / (n))*100  ] ); 

fprintf('BelongPrecent:%.0f     \n' , BelongPrecent); 

% % % % % % % % % % % % % % %  Plot %%%%%%%%%%%%%%%%%% 

X_ = categorical({'/a/' , '/i/', '/u/'}); 

b = bar(X_ , Y_,'BarWidth', .25 ); 

ylim([0 n+5]); 

width = b.BarWidth; 

for j=1:length(Y_(:, 1)) 

row = Y_(j, :); 

% 0.5 is approximate net width of white spacings per group 

offset = ((width ) / length(row)) / 20; 

t1 = linspace(j-offset, j+offset, length(row)); 

text(t1,row,strcat(num2str(Y_1(j, :)'),'%'),'vert','bottom','horiz','center'); 

end % j 

% Legend will show names for each color 

% % legend('Belong', 'Location','southout')  

fontSize = 12; 

% % % xlabel('Short Vowels', 'FontSize', fontSize) 

xlabel('   ', 'FontSize', fontSize) 

ylabel('20% of Short Vowels', 'FontSize', fontSize) 

% ylabel(' Volunteers', 'FontSize', fontSize) 
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title([ 'Recognizing 20% of the Vowels Using the Mean from 80% of ' SV '']) 

grid on; 

hold off; 

% % % % % % % % % % % % % % % % % % % % % % % % % % % % % % % % % % 

fprintf('---- ----------- Done ------ --------\n'); 
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Appendix C. Recognizing the Isolated Vowels using 

the Mean value of SV’s of each Volunteer. MATLAB 

Program 

1. This program uses the mean values of each volunteer's SV in 80% to recognize 

the SV of 20% percent of volunteers. 

clc; clear; close all; 

distance_from_a = []; distance_from_i = []; distance_from_u = []; 

distances = []; distances_v = []; %SV.. Short Vowels 

v = []; Belonging_All_V = [];  % Volunteer 

AAA = []; A= []; 

%%%%%%%%%     read Formants and F. Means of 80% of data    %%%%%%%%%% 

load Formants_a_vs_80   

load Formants_i_vs_80   

load Formants_u_vs_80  

%%%%%%%%%     read Formants and F. Means of 20% of data    %%%%%%%%% 

load Formants_a_vs_20   

load Formants_i_vs_20   

load Formants_u_vs_20 

Formant_a20_Size = size(Formants_a_vs_20); Formant_i20_Size = 

size(Formants_i_vs_20); Formant_u20_Size = size(Formants_u_vs_20); 

n = min([ Formant_a20_Size(1,1)  Formant_i20_Size(1,1)  Formant_u20_Size(1,1)])  

% % calculate distance between Formants' means and /a/ /i/ /u/ formants  

%%%%%%%        Calculate Distances            %%%%%%%%%%%%%%%%%% 

v80 = [1 2 3 4 5 7 8 9 10 11  13 14 17 18 19];% 80 percent of volunteers 

v20 = [6 12 15 16 ]; % 80 percent of volunteers    16 

v20size = size(v20) 

v80size = size(v80) 

distances = []; 

Belonging = []; 
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Fs = [];           DisplayA = []; 

for vv= 1 : v80size(1,2)%15 

         v = v80(vv); 

         Formants_a_mean_v= mean((Formants_a_vs_80((Formants_a_vs_80(:,1)==v),:)),1); 

         Formants_i_mean_v= mean((Formants_i_vs_80((Formants_i_vs_80(:,1)==v),:)),1); 

         Formants_u_mean_v= mean((Formants_u_vs_80((Formants_u_vs_80(:,1)==v),:)),1); 

  

%  x = Formants_a_mean_v(1, 2); y = Formants_a_mean_v(1, 3); SV = '/a/';% mean of /a/ 

%  x = Formants_i_mean_v(1, 2);  y = Formants_i_mean_v(1, 3);  SV = '/i/';% mean of /i/ 

     x = Formants_u_mean_v(1, 2); y = Formants_u_mean_v(1, 3); SV = '/u/'; % mean of /u/ 

         Belonging_All_V = []; 

            for  kk = 1 : v20size(1,2)% 4 

                sumBelonging =0; 

                distances = [];  

                for  k = 1 : n %26                        

                        if (Formants_a_vs_20(k, 1) ==v20(kk)) || (Formants_i_vs_20(k, 1) 

==v20(kk)) || (Formants_u_vs_20(k, 1) ==v20(kk)) 

                                sumBelonging=sumBelonging+1; 

                               % Compute the distance reference between /a/ formants and means 

                                x0 = Formants_a_vs_20(k, 2); y0 = Formants_a_vs_20(k, 3);  % 

                               distance_from_a = [sqrt((x-x0) .^ 2 + (y-y0) .^ 2)]; 

                                % Compute the distance reference between /i/ formants and means 

                                x0 = Formants_i_vs_20(k, 2); y0 = Formants_i_vs_20(k, 3);  % 

                               distance_from_i = [sqrt((x-x0) .^ 2 + (y-y0) .^ 2)]; 

                                 % Compute the distance reference between /u/ formants and means 

                                x0 = Formants_u_vs_20(k, 2); y0 = Formants_u_vs_20(k, 3);  % 

                                distance_from_u = [sqrt((x-x0) .^ 2 + (y-y0) .^ 2)]; 

                 % %     All distances b/w Formants' means and Formants of /a/ /i/ /u/ %%%%% 

                                distances = [distances; v v20(kk) distance_from_a  distance_from_i  

distance_from_u]; 

                        end % Formants_a_vs_20(k, 1) ==v 

                end % k 
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                A = [ round(min(distances(:,3:5),[],2))   round(distances)];  %%% calculate the 

minimum distances for each row 

                DisplayA = [DisplayA; A(:,2) A(:,3) A(:,1) A(:,4: 6)] ;  

                h1 = sum(A(:,1) ~= A(:,4)); h2 = sum(A(:,1) ~= A(:,5)); h3 = sum(A(:,1) ~= 

A(:,6));% not belonging 

                Y = [sumBelonging-h1  sumBelonging-h2  sumBelonging-h3  ]; %%% belonging 

in columns            

                aPercent = Y(1,1) / sumBelonging * 100;      

                iPercent = Y(1,2) / sumBelonging * 100; 

                uPercent = Y(1,3) / sumBelonging * 100; 

                Belonging_All_V = round([Belonging_All_V; v  v20(kk)          aPercent iPercent 

uPercent]); 

            end % kk 

           Belonging = [ Belonging;  Belonging_All_V]; 

           Fs = [Fs; v   round(mean(Belonging_All_V(:,3:5)))]; 

end % vv 

Fs1 = [round(mean(Belonging(:,3:5)))] 

%  

y =Fs(:,2:4); 

x = Fs(:,1); 

b = bar(x,y); 

legend('/a/', '/i/', '/u/','Location', 'southout')  

fontSize = 12; 

for l = 1:3 

    xtips1 = b(l).XEndPoints; ytips1 = b(l).YEndPoints; labels1 = string(b(l).YData);%+'%'; 

text(xtips1,ytips1,labels1,'HorizontalAlignment','center',... 

    'VerticalAlignment','bottom', 'FontSize', 6) 

end 

xlabel([' 80% of each volunteers mean of  ' SV '  '], 'FontSize', fontSize) 

ylabel('20% Recognized', 'FontSize', fontSize) 

grid on; hold off; 

fprintf('---- ----------- Done ------ --------\n'); 
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Appendix D. Recognizing the Vowels Included in 

CVCVCV Words. MATLAB Program 

1. This program is to recognize the SVs in Arabic words with CVCVCV structure 

Case I: 

 clc; clear; clear all; 
% % % % % % % % % % % % % % % % % % % % % % % % % % % 
%%%%%%%%%     read Formants and F. Means of All of data    %% 
load  mean_a; load mean_i; load mean_u ; 
xa = mean_a(1, 2); ya = mean_a(1, 3); %SV = '/a/';% mean of /a/ 
xi = mean_i(1, 2);  yi = mean_i(1, 3);  %SV = '/i/';% mean of /i/ 
xu = mean_u(1, 2); yu = mean_u(1, 3); %SV = '/u/'; % mean of /u/ 
  
  
% % % % % % % % % % 
path=('C:\Users\User\Documents\FIT_PhD\Dissertation\Pre-Processed Recorded 
data\isolated_CVCVCV'); 
Formant = []; f = 0; 
result = {}; result1= []; CVCVCV = cvcvcv; 
Waaa = 0; Waia =0; Waua =0; Wuia =0; 
correctV =0; notCorrectV =0; 
aEqualCount = 0; iEqualCount = 0; uEqualCount = 0; 
aNotCount = 0; iNotCount = 0; uNotCount = 0; 
recognized = [];  cvNoS = 1; cvNoE = 72; %72; 
  
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
for i = 2+1 : 2+18  %>=3 %<=21 
    a = 0; count = 0; 
    for j = cvNoS : cvNoE % 72=24*3 of CVCVCV words 
        Formant = []; 
        [waveDatum,fs] = readWaveInFoldersFunctionCVCVCV(path,i,j); 
        % % % % % % % % % % % % % %      
        e =3; 
        [waveDatumParts] = divideCVCVCV(e,waveDatum); 
        for q = 1 : e 
            [F1, F2, F3,F4,F5]=formantLPC(waveDatumParts{q},fs);  %%%% %     
            Formant = [Formant; [i j F1 F2]]; 
        end % for 
        % % % %  % % % % % % % % % % % % % % % % % % % % % % % % % % % % 
        [distances] = distToaiu(Formant,xa,ya,xi,yi,xu,yu); 
        A = [ round(min(distances(:,2:4),[],2))   round(distances)];   
%%% calculate the minimum distances for each row 
        Ga = []; Gi = []; Gu = []; Gc = []; 
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        s = size(Formant); 
        for z = 1 : s(1,1) 
            % % % % % % % % % % % 
            if A(z,1) == A(z,3) 
                Ga = [ Ga; A(z,2) 1 ]; 
            elseif   A(z,1) == A(z,4) 
                Gi = [ Gi; A(z,2) 2 ]; 
            elseif   A(z,1) == A(z,5) 
                Gu = [ Gu; A(z,2) 3 ]; 
                % % % % % % % % % % % 
            else 
                Gc =[ Gc; A(z,2) 9 ]; 
            end 
        end % z 
        % % % % % % % % % % % % % % % % % % 
        Group =[ Ga; Gi ; Gu; Gc ]; 
        out=sortrows(Group,1); 
         
        x = out(:,2)';  % 
        sizx = size(x); 
         
        % % % % % % % % % % % % % % % % % % % % % % 
        % % % % % replace 1,2,3 by a, i, u 
        aiuASno = x ; 
        Vowels = { 'a'  'i'  'u'}; 
        [~,loc] = ismember(aiuASno,[1, 2, 3]); 
        SVs = Vowels(loc); 
        SVs1 = {vertcat( SVs{:} )'}; 
        % % 
        % % % % % % % %% % % % % % % % % % % % % % 
        CV123 = CVCVCV(j,:) 
        SVsR = char(SVs1) 
for k = 1 : 3 
    if (CV123(k) == 'a') & (SVsR(k) == 'a' ) 
        aEqualCount = aEqualCount +1; 
    elseif (CV123(k) == 'a') & (SVsR(k) ~= 'a' ) 
        aNotCount = aNotCount +1 
    elseif (CV123(k) == 'i') & (SVsR(k) == 'i' ) 
        iEqualCount = iEqualCount +1; 
    elseif  (CV123(k) == 'i') & (SVsR(k) ~= 'i' ) 
        iNotCount = iNotCount +1 
    elseif (CV123(k) == 'u') & (SVsR(k) == 'u' ) 
        uEqualCount = uEqualCount +1; 
    elseif (CV123(k) == 'u') & (SVsR(k) ~= 'u' ) 
        uNotCount = uNotCount +1 
    end  % if 
end    %k 
% % % % % % % 
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equal = strcmp([SVs1], [CVCVCV(j,:)]); 
n = nnz(char(SVs1) == CVCVCV(j,:)); 
nn = nnz(char(SVs1) ~= CVCVCV(j,:)); 
        correctV = correctV+n; 
        notCorrectV = notCorrectV+nn; 
        if equal 
            a = a+1; 
        end 
        % % % % % % % % % % % % % % % % % % % % % % % 
        if   strcmp([SVs1],'aaa')  & strcmp(CVCVCV(j,:),'aaa') 
            Waaa = Waaa+1  ; 
%             aCount = aCount +3; 
        end 
        % % % 
        if   strcmp([SVs1],'aia')  & strcmp(CVCVCV(j,:),'aia') 
            Waia = Waia+1  ; 
        end 
        % % % 
        if   strcmp([SVs1],'aua')  & strcmp(CVCVCV(j,:),'aua') 
            Waua = Waua+1  ; 
        end 
        % % % 
        if   strcmp([SVs1],'uia')  & strcmp(CVCVCV(j,:),'uia') 
            Wuia = Wuia+1  ; 
        end 
        % % % % % % % % % % % % % % % % % % % % % % % 
        count = count +1; 
        % % % % % % % % % % % % % % % % % % 
        result=array2table([int2str(j) CVCVCV(j,:), SVs1, equal,  int2str(aiuASno) ]) 
        SVs1Length =  size(SVs1{1}); 
        if SVs1Length(1,2) == 3   %length(aiuASno) == 3 
            result1 = [result1; int2str(i) int2str(j)  CVCVCV(j,:) SVs1 equal int2str(aiuASno)]; 
            f=1; 
        end 
    end %j 
    %     recognized = [recognized; a ]; 
    fprintf(' a   %d      count    %d ', a, count); 
    percentage = a/count*100 
    recognized = [recognized; i-2  j percentage ]; 
end %i 
%%%%%%%%%%%%%%%%%%%%%%%% Case I 
'****************************************************' 
ratioRecognizedCVCVCV = recognized 
meanRecognized = mean(recognized) 
minRecognized = min(recognized) 
maxRecognized = max(recognized) 
'****************************************************' 
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Waaa; 
ratioWaaa = Waaa/(324)*100   %342*100   %  18*100 
Waia; 
ratioWaia = Waia/(324)*100   % 342*100   %  18*100 
Waua; 
ratioWaua = Waua/(324)*100   % 342*100   %  18*100 
Wuia; 
ratioWuia = Wuia/(324)*100   % 342*100   %  18*100 
  
aEqualCount; 
aNotCount; 
ratioVowel_a = aEqualCount/(aNotCount+aEqualCount )*100 
iEqualCount; 
iNotCount; 
ratioVowel_i = iEqualCount/(iNotCount+iEqualCount)*100 
uEqualCount; 
uNotCount; 
ratioVowel_u = uEqualCount/(uNotCount+uEqualCount)*100 
  
correctV; 
notCorrectV; 
ratioCorrectVowel = correctV/(notCorrectV+ correctV) *100 
figure (1); 
b = bar(ratioRecognizedCVCVCV(:,1), ratioRecognizedCVCVCV(:,3)); 
legend('24 x 3 CVCVCV words','Location', 'southout')  
fontSize = 12; 
xlabel([' Volunteers '], 'FontSize', fontSize) 
ylabel('Vowels Recognition Rate [%]', 'FontSize', fontSize) 
grid on; hold off 
% % % % End Case I % % % % % % % % % % % % % % 
  
fprintf('End =================================== \n'); 

Case II: 

clc; clear; clear all; 
%%%%%%%%%     read Formants and F. Means of All of data    %% 
load  mean_a; load mean_i; load mean_u ; 
xa = mean_a(1, 2); ya = mean_a(1, 3); %SV = '/a/';% mean of /a/ 
xi = mean_i(1, 2);  yi = mean_i(1, 3);  %SV = '/i/';% mean of /i/ 
xu = mean_u(1, 2); yu = mean_u(1, 3); %SV = '/u/'; % mean of /u/ 
 % % % % % % % % % % 
path=('C:\Users\User\Documents\FIT_PhD\Dissertation\Pre-Processed Recorded 
data\isolated_CVCVCV'); 
Formant = []; f = 0; 
result = {}; result1= []; CVCVCV = cvcvcv; 
Waaa = 0; Waia =0; Waua =0; Wuia =0; 
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correctV =0; notCorrectV =0; 
aEqualCount = 0; iEqualCount = 0; uEqualCount = 0; 
aNotCount = 0; iNotCount = 0; uNotCount = 0; 
recognized = [];  cvNoS = 1; cvNoE = 72; %72; 
  
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
for i = 2+10 : 2+10  %>=3 %<=21 
    a = 0; count = 0; 
    for j = cvNoS : cvNoE % 72=24*3 of CVCVCV words 
        Formant = []; 
        [waveDatum,fs] = readWaveInFoldersFunctionCVCVCV(path,i,j); 
        % % % % % % % % % % % % % %      
        e =3; 
        [waveDatumParts] = divideCVCVCV(e,waveDatum); 
        for q = 1 : e 
            [F1, F2, F3,F4,F5]=formantLPC(waveDatumParts{q},fs);  %%%% %     
            Formant = [Formant; [i j F1 F2]]; 
        end % for 
        % % % % % % % % % % % % % % % % % % % % % % % % % % % % % % % % 
        [distances] = distToaiu(Formant,xa,ya,xi,yi,xu,yu); 
        A = [ round(min(distances(:,2:4),[],2))   round(distances)];   
%%% calculate the minimum distances for each row 
        Ga = []; Gi = []; Gu = []; Gc = []; 
        s = size(Formant); 
        for z = 1 : s(1,1) 
            % % % % % % % % % % % 
            if A(z,1) == A(z,3) 
                Ga = [ Ga; A(z,2) 1 ]; 
            elseif   A(z,1) == A(z,4) 
                Gi = [ Gi; A(z,2) 2 ]; 
            elseif   A(z,1) == A(z,5) 
                Gu = [ Gu; A(z,2) 3 ]; 
                % % % % % % % % % % % 
            else 
                Gc =[ Gc; A(z,2) 9 ]; 
            end 
        end % z 
        % % % % % % % % % % % % % % % % % % 
        Group =[ Ga; Gi ; Gu; Gc ]; 
        out=sortrows(Group,1); 
        x = out(:,2)';  % 
        sizx = size(x); 
        % % % % % replace 1,2,3 by a, i, u 
        aiuASno = x ;%SVmat1; 
        Vowels = { 'a'  'i'  'u'}; 
        [~,loc] = ismember(aiuASno,[1, 2, 3]); 
        SVs = Vowels(loc); 
        SVs1 = {vertcat( SVs{:} )'}; 
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        % % % % % % % %% % % % % % % % % % % % % % 
        CV123 = CVCVCV(j,:) 
        SVsR = char(SVs1) 
for k = 1 : 3 
    if (CV123(k) == 'a') & (SVsR(k) == 'a' ) 
        aEqualCount = aEqualCount +1; 
    elseif (CV123(k) == 'a') & (SVsR(k) ~= 'a' ) 
        aNotCount = aNotCount +1 
    elseif (CV123(k) == 'i') & (SVsR(k) == 'i' ) 
        iEqualCount = iEqualCount +1; 
    elseif  (CV123(k) == 'i') & (SVsR(k) ~= 'i' ) 
        iNotCount = iNotCount +1 
    elseif (CV123(k) == 'u') & (SVsR(k) == 'u' ) 
        uEqualCount = uEqualCount +1; 
    elseif (CV123(k) == 'u') & (SVsR(k) ~= 'u' ) 
        uNotCount = uNotCount +1 
    end  % if 
end    %k 
% % % % % % % 
equal = strcmp([SVs1], [CVCVCV(j,:)]); 
n = nnz(char(SVs1) == CVCVCV(j,:)); 
nn = nnz(char(SVs1) ~= CVCVCV(j,:)); 
        correctV = correctV+n; 
        notCorrectV = notCorrectV+nn; 
        if equal 
            a = a+1; 
        end 
        % % % % % % % % % % % % % % % % % % % % % % % 
        if   strcmp([SVs1],'aaa')  & strcmp(CVCVCV(j,:),'aaa') 
            Waaa = Waaa+1  ; 
%             aCount = aCount +3; 
        end 
        % % % 
        if   strcmp([SVs1],'aia')  & strcmp(CVCVCV(j,:),'aia') 
            Waia = Waia+1  ; 
        end 
        % % % 
        if   strcmp([SVs1],'aua')  & strcmp(CVCVCV(j,:),'aua') 
            Waua = Waua+1  ; 
        end 
        % % % 
        if   strcmp([SVs1],'uia')  & strcmp(CVCVCV(j,:),'uia') 
            Wuia = Wuia+1  ; 
        end 
        % % % % % % % % % % % % % % % % % % % % % % % 
        count = count +1; 
        % % % % % % % % % % % % % % % % % % 
        result=array2table([int2str(j) CVCVCV(j,:), SVs1, equal,  int2str(aiuASno) ]) 
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        SVs1Length =  size(SVs1{1}); 
        if SVs1Length(1,2) == 3   %length(aiuASno) == 3 
            result1 = [result1; int2str(i) int2str(j)  CVCVCV(j,:) SVs1 equal int2str(aiuASno)]; 
            f=1; 
        end 
    end %j 
    %     recognized = [recognized; a ]; 
    fprintf(' a   %d      count    %d ', a, count); 
    percentage = a/count*100 
    recognized = [recognized; i-2  j percentage ]; 
end %i 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
mycolnames  = {'VolunteerNo' 'cvcvcvNo' 'CVCVCV' 'SVowels'  'Equal'  'aiuASno' }; 
length(aiuASno) 
if f 
        h = cell2uitable(result1, 'colnames', mycolnames); 
end 
% % % % % % % % % % % % % % % % % % 
% Case II 
'****************************************************' 
ratioRecognizedCVCVCV = recognized 
meanRecognized = mean(recognized) 
minRecognized = min(recognized) 
maxRecognized = max(recognized) 
'****************************************************' 
Waaa; 
ratioWaaa = Waaa/(18)*100   %all V: 324*100   %  1V :18*100 
Waia; 
ratioWaia = Waia/(18)*100   % 324*100   %  18*100 
Waua; 
ratioWaua = Waua/(18)*100   % 324*100   %  18*100 
Wuia; 
ratioWuia = Wuia/(18)*100   % 324*100   %  18*100 
  
aEqualCount; 
aNotCount; 
ratioVowel_a = aEqualCount/(aNotCount+aEqualCount )*100 
iEqualCount; 
iNotCount; 
ratioVowel_i = iEqualCount/(iNotCount+iEqualCount)*100 
uEqualCount; 
uNotCount; 
ratioVowel_u = uEqualCount/(uNotCount+uEqualCount)*100 
  
correctV; 
notCorrectV; 
ratioCorrectVowel = correctV/(notCorrectV+ correctV) *100 
figure (1); 
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b = bar(ratioRecognizedCVCVCV(:,1), ratioRecognizedCVCVCV(:,3)); 
legend('24 x 3 CVCVCV words','Location', 'southout')  
fontSize = 12; 
xlabel([' Volunteers '], 'FontSize', fontSize) 
ylabel('Vowels Recognition Rate [%]', 'FontSize', fontSize) 
grid on; hold off 
% % % % End Case II % % % % % % % % % % % % % % 
fprintf('End =================================== \n'); 

Case III: 

clc; clear; clear all; 
 load  mean_a; load mean_i; load mean_u ; 
xa = mean_a(1, 2); ya = mean_a(1, 3); %SV = '/a/';% mean of /a/ 
xi = mean_i(1, 2);  yi = mean_i(1, 3);  %SV = '/i/';% mean of /i/ 
xu = mean_u(1, 2); yu = mean_u(1, 3); %SV = '/u/'; % mean of /u/ 
% % % % % % % % % % 
path=('C:\Users\User\Documents\FIT_PhD\Dissertation\Pre-Processed Recorded 
data\isolated_CVCVCV'); 
Formant = []; f = 0; 
result = {};result1 = {};result2 = {}; result_= []; result_1= [];  result_2= []; CVCVCV = cvcvcv; 
Waaa = 0; Waia =0; Waua =0; Wuia =0; 
Waaa1 = 0; Waia1 =0; Waua1 =0; Wuia1 =0; 
Waaa2 = 0; Waia2 =0; Waua2 =0; Wuia2 =0; 
correctV =0; notCorrectV =0; correctV1 =0; notCorrectV1 =0; correctV2 =0; notCorrectV2 
=0; 
aEqualCount = 0; iEqualCount = 0; uEqualCount = 0; 
aNotCount = 0; iNotCount = 0; uNotCount = 0; 
recognized = [];recognized1 = [];recognized2 = []; recognized0 = {}; 
cvNoS = 1; cvNoE = 72%70; %72; 
nv =18; 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
for j = cvNoS : 3 : cvNoE % 72=24*3 of CVCVCV words 
    a = 0; count = 0;     a1 = 0; count1 = 0;     a2 = 0; count2 = 0; 
    for i = 2+nv : 2+nv  %>=3 %<=21 
        Formant = []; Formant1 = []; Formant2 = []; 
        [waveDatum,fs] = readWaveInFoldersFunctionCVCVCV(path,i,j); 
        [waveDatum1,fs1] = readWaveInFoldersFunctionCVCVCV(path,i,j+1); 
        [waveDatum2,fs2] = readWaveInFoldersFunctionCVCVCV(path,i,j+2); 
        sound(waveDatum, fs); pause(0.6); sound(waveDatum1, fs1); pause(0.6); 
        sound(waveDatum2, fs2); pause(0.6); 
        % % % % % % % % % % % % % % 
        e =3; 
        [waveDatumParts] = divideCVCVCV(e,waveDatum); 
        [waveDatumParts1] = divideCVCVCV(e,waveDatum1); 
        [waveDatumParts2] = divideCVCVCV(e,waveDatum2); 
        for q = 1 : e 



 

138 
 

            [F1, F2, F3,F4,F5]=formantLPC(waveDatumParts{q},fs);  %%%% % 
            [F11, F21, F3,F4,F5]=formantLPC(waveDatumParts1{q},fs1);  %%%% % 
            [F12, F22, F3,F4,F5]=formantLPC(waveDatumParts2{q},fs2);  %%%% % 
            Formant = [Formant; [i j F1 F2]]; Formant1 = [Formant1; [i j+1 F11 F21]]; Formant2 
= [Formant2; [i j+2 F12 F22]]; 
        end % for 
        % % % % % % % % % % % % % % % % % % % % % % % % % % % % % % % 
        [distances] = distToaiu(Formant,xa,ya,xi,yi,xu,yu); 
        [distances1] = distToaiu(Formant1,xa,ya,xi,yi,xu,yu); 
        [distances2] = distToaiu(Formant2,xa,ya,xi,yi,xu,yu); 
        A = [ round(min(distances(:,2:4),[],2))   round(distances)];   
%%% calculate the minimum distances for each row 
        A1 = [ round(min(distances1(:,2:4),[],2))   round(distances1)];   
%%% calculate the minimum distances for each row 
        A2 = [ round(min(distances2(:,2:4),[],2))   round(distances2)];  
 %%% calculate the minimum distances for each row 
        [Group] = groupVs(Formant, A); 
        [Group1] = groupVs(Formant1, A1); 
        [Group2] = groupVs(Formant2, A2); 
        out=sortrows(Group,1); 
        out1=sortrows(Group1,1); 
        out2=sortrows(Group2,1); 
         
        x = out(:,2)';          x1 = out1(:,2)';          x2 = out2(:,2)';  % 
        sizx = size(x);         sizx1 = size(x1);         sizx2 = size(x2); 
         
        % % % % % replace 1,2,3 by a, i, u 
        aiuASno = x ; aiuASno1 = x1 ; aiuASno2 = x2 ;%SVmat1; 
        Vowels = { 'a'  'i'  'u'}; 
        [~,loc] = ismember(aiuASno,[1, 2, 3]);  [~,loc1] = ismember(aiuASno1,[1, 2, 3]);  
[~,loc2] = ismember(aiuASno2,[1, 2, 3]); 
         
        SVs = Vowels(loc); SVs1 = Vowels(loc1); SVs2 = Vowels(loc2); 
        SVs1 = {vertcat( SVs{:} )'};         SVs11 = {vertcat( SVs1{:} )'};   SVs12 = 
{vertcat( SVs2{:} )'}; 
        % % % % % % % %% % % % % % % % % % % % % % 
        equal = strcmp([SVs1], [CVCVCV(j,:)]); equal1 = strcmp([SVs11], [CVCVCV(j+1,:)]); 
equal2 = strcmp([SVs12], [CVCVCV(j+2,:)]); 
        if equal 
            a = a+1; 
        end 
        if equal1 
            a1 = a1+1; 
        end 
        if equal2 
            a2 = a2+1; 
        end 
        % % % % % % % % % % % % % % % % % % % % % % % 
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        if   strcmp([SVs1],'aaa')  & strcmp(CVCVCV(j,:),'aaa') 
            Waaa = Waaa+1  ; 
        end 
        if   strcmp([SVs11],'aaa')  & strcmp(CVCVCV(j+1,:),'aaa') 
            Waaa1 = Waaa1+1  ; 
        end 
        if   strcmp([SVs12],'aaa')  & strcmp(CVCVCV(j+2,:),'aaa') 
            Waaa2 = Waaa2+1  ; 
        end 
        % % % % % % % % % %         % % % 
        if   strcmp([SVs1],'aia')  & strcmp(CVCVCV(j,:),'aia') 
            Waia = Waia+1  ; 
        end 
        if   strcmp([SVs11],'aia')  & strcmp(CVCVCV(j+1,:),'aia') 
            Waia1 = Waia1+1  ; 
        end 
        if   strcmp([SVs12],'aia')  & strcmp(CVCVCV(j+2,:),'aia') 
            Waia2 = Waia2+1  ; 
        end 
        % % % 
        if   strcmp([SVs1],'aua')  & strcmp(CVCVCV(j,:),'aua') 
            Waua = Waua+1  ; 
        end 
        if   strcmp([SVs11],'aua')  & strcmp(CVCVCV(j+1,:),'aua') 
            Waua1 = Waua1+1  ; 
        end 
        if   strcmp([SVs12],'aua')  & strcmp(CVCVCV(j+2,:),'aua') 
            Waua2 = Waua2+1  ; 
        end 
        % % % 
        if   strcmp([SVs1],'uia')  & strcmp(CVCVCV(j,:),'uia') 
            Wuia = Wuia+1  ; 
        end 
        if   strcmp([SVs11],'uia')  & strcmp(CVCVCV(j+1,:),'uia') 
            Wuia1 = Wuia1+1  ; 
        end 
        if   strcmp([SVs12],'uia')  & strcmp(CVCVCV(j+2,:),'uia') 
            Wuia2 = Wuia2+1  ; 
        end 
        % % % % % % % % % % % % % % % % % % % % % % % 
        count = count +1; count1 = count1 +1; count2 = count2 +1; 
        % % % % % % % % % % % % % % % % % % 
        result=[ int2str(j), int2str(i-2) CVCVCV(j,:) , SVs1, equal,  int2str(aiuASno) ]; 
        result1=[ int2str(j+1), int2str(i-2), CVCVCV(j+1,:), SVs11, equal1,  int2str(aiuASno1) ]; 
        result2=[ int2str(j+2),  int2str(i-2), CVCVCV(j+2,:), SVs12, equal2,  int2str(aiuASno2) ]; 
    end %i 
    fprintf(' a   %d      count    %d \n', a, count); 
    fprintf(' a1   %d      count1    %d \n ', a1, count1); 
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    fprintf(' a2   %d      count2    %d \n', a2, count2); 
    percentage =int2str( (a+a1+a2)/(count+count1+count2)*100); 
    % 
    recognized0 = [recognized0;  {int2str(j)} {int2str(i-2)}  {CVCVCV(j,:)}   {percentage}  ] 
end %j 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
mycolnames  = { 'cvcvcvNo' 'VolunteerNo' 'CVCVCV' 'Percentage' }; 
h = cell2uitable(recognized0, 'colnames', mycolnames); 
AA = recognized0(:,4)' 
length(aiuASno); 
% % % % % % % % % % % % % % % % % % 
% Case iii 
'****************************************************' 
% % % % % % % % % % % % % % % ratioRecognizedCVCVCV = recognized 
ratioWaaa = (Waaa+Waaa1+Waaa2)/(nv*18)*100   %all V: 324*100   %  1V :18*100 
ratioWaia = (Waia+Waia1+Waia2)/(nv*18)*100 
ratioWaua = (Waua+Waua1+Waua2)/(nv*18)*100 
ratioWuia = (Wuia+Wuia1+Wuia2)/(nv*18)*100  
% % % % End Case III % % % % % % % % % % % % % % 
fprintf('End =================================== \n'); 

 

2. Some functions necessary to fulfill the tasks programs that recognize the SVs in 

Arabic words with CVCVCV structure 

- function [waveDatumParts] = divideCVCVCV(e,waveDatum) 
         

        p1 = fix(numel(waveDatum)*0.37);   % 37 
        p2 = fix(numel(waveDatum)*0.25) ; % 25 
        p3 = fix(numel(waveDatum)*0.40)  ; %  40 
         
        waveDatumParts{1}=waveDatum((fix(p1/35)):p1+(fix(p1/90)));  %  
        waveDatumParts{2}=waveDatum(p1+(fix(p2/8)):p1+p2+(fix(p2/98)));         % 
        waveDatumParts{3}=waveDatum(p1+p2+(fix(p3/2)): end-(fix(p3/80)));     %  
         
end 
 
- function  [distances] = distToaiu(Formant,xa,ya,xi,yi,xu,yu); 

s = size(Formant); 
distances = []; 
for p = 1 : s(1,1) 
    distance_from_a = [9999]; distance_from_i = [9999]; distance_from_u = [9999]; 
    if ((Formant(p, 3)>=430) && (Formant(p, 3)<=600)) && ((Formant(p, 4)>=750) 
&& (Formant(p, 4)<=1600)) 
        % Compute the distance reference between /a/ formants and means 
        x0 = Formant(p, 3); y0 = Formant(p, 4);  % 
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        distance_from_a = [sqrt((xa-x0) .^ 2 + (ya-y0) .^ 2)]; 
    end 
    if ((Formant(p, 3)>=250) && (Formant(p, 3)<=500)) && ((Formant(p, 4)>=900) 
&& (Formant(p, 4)<=2800)) 
        % Compute the distance reference between /i/ formants and means 
        x0 = Formant(p, 3); y0 = Formant(p, 4);  % 
        distance_from_i = [sqrt((xi-x0) .^ 2 + (yi-y0) .^ 2)]; 
    end 
    if ((Formant(p, 3)>=300) && (Formant(p, 3)<=464)) && ((Formant(p, 4)>=760) 
&& (Formant(p, 4)<=1190)) 
        % Compute the distance reference between /u/ formants and means 
        x0 = Formant(p, 3); y0 = Formant(p, 4);  % 
        distance_from_u = [sqrt((xu-x0) .^ 2 + (yu-y0) .^ 2)]; 
    end 
    distances = [distances; p distance_from_a  distance_from_i  distance_from_u]; 
end % p 
end 
 

- function [Group] = groupVs(Formant, A) 
Ga = []; Gi = []; Gu = []; Gc = [];          
s = size(Formant); 
for z = 1 : s(1,1) 
    % % % % % % % % % % % 
    if A(z,1) == A(z,3) 
        Ga = [ Ga; A(z,2) 1 ]; 
    elseif   A(z,1) == A(z,4) 
        Gi = [ Gi; A(z,2) 2 ]; 
    elseif   A(z,1) == A(z,5) 
        Gu = [ Gu; A(z,2) 3 ]; 
    else 
        Gc =[ Gc; A(z,2) 9 ]; 
    end 
end % z 
Group =[ Ga; Gi ; Gu; Gc ]; 
end 

-  
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Appendex E. Data from 5.3. 

      Distance b/w mean of 80% of /a/ and: Recognized 

Volunteer 

80% 

Volunteer 

20% 

Minimum 

Distance 
 /a/ of 20%  /i/ of 20%  /u/ of 20% Y/N 

1 6 239 239 713 483 Y 

1 6 230 230 694 426 Y 

1 6 220 220 678 413 Y 

1 6 175 175 308 394 Y 

1 6 169 169 349 389 Y 

1 6 74 74 317 339 Y 

1 6 113 113 478 364 Y 

1 6 86 86 432 413 Y 

1 6 186 186 614 510 Y 

1 12 186 186 614 510 Y 

1 12 189 189 655 500 Y 

1 12 172 172 596 421 Y 

1 12 202 202 396 319 Y 

1 12 195 195 532 468 Y 

1 12 178 178 372 516 Y 

1 12 118 118 485 495 Y 

1 12 221 221 427 509 Y 

1 12 101 101 663 451 Y 

1 15 195 195 532 468 Y 

1 15 178 178 372 516 Y 

1 15 118 118 485 495 Y 

1 15 221 221 427 509 Y 

1 15 101 101 663 451 Y 

1 15 251 251 458 486 Y 

1 15 243 243 520 456 Y 

1 15 208 208 416 375 Y 

1 15 252 252 425 285 Y 

1 15 248 248 441 353 Y 

1 15 392 587 392 638 N 

1 15 167 167 542 605 Y 

1 15 76 76 684 362 Y 

1 16 248 248 441 353 Y 

1 16 392 587 392 638 N 

1 16 167 167 542 605 Y 
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1 16 76 76 684 362 Y 

1 16 213 213 563 356 Y 

2 6 252 252 695 482 Y 

2 6 242 242 677 425 Y 

2 6 234 234 660 411 Y 

2 6 158 158 290 399 Y 

2 6 152 152 331 392 Y 

2 6 60 60 299 342 Y 

2 6 95 95 461 362 Y 

2 6 69 69 414 411 Y 

2 6 186 186 596 514 Y 

2 12 186 186 596 514 Y 

2 12 190 190 638 501 Y 

2 12 169 169 579 419 Y 

2 12 186 186 378 302 Y 

2 12 180 180 514 470 Y 

2 12 162 162 354 519 Y 

2 12 133 133 468 495 Y 

2 12 231 231 411 512 Y 

2 12 112 112 647 454 Y 

2 15 180 180 514 470 Y 

2 15 162 162 354 519 Y 

2 15 133 133 468 495 Y 

2 15 231 231 411 512 Y 

2 15 112 112 647 454 Y 

2 15 262 262 440 487 Y 

2 15 253 253 502 457 Y 

2 15 218 218 398 372 Y 

2 15 241 241 407 277 Y 

2 15 233 233 423 351 Y 

2 15 374 593 374 644 N 

2 15 168 168 524 612 Y 

2 15 81 81 667 362 Y 

2 16 233 233 423 351 Y 

2 16 374 593 374 644 N 

2 16 168 168 524 612 Y 

2 16 81 81 667 362 Y 

2 16 222 222 545 357 Y 

3 6 295 295 644 486 Y 

3 6 283 283 625 429 Y 

3 6 280 280 609 414 Y 
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3 6 112 112 238 419 Y 

3 6 108 108 278 409 Y 

3 6 45 45 246 359 Y 

3 6 45 45 409 361 Y 

3 6 36 36 362 415 Y 

3 6 199 199 545 530 Y 

3 12 199 199 545 530 Y 

3 12 205 205 586 511 Y 

3 12 176 176 528 418 Y 

3 12 142 142 325 254 Y 

3 12 142 142 462 481 Y 

3 12 119 119 301 533 Y 

3 12 182 182 417 502 Y 

3 12 265 265 362 528 Y 

3 12 152 152 597 469 Y 

3 15 142 142 462 481 Y 

3 15 119 119 301 533 Y 

3 15 182 182 417 502 Y 

3 15 265 265 362 528 Y 

3 15 152 152 597 469 Y 

3 15 297 297 387 496 Y 

3 15 287 287 449 469 Y 

3 15 256 256 344 370 Y 

3 15 216 216 354 261 Y 

3 15 190 190 370 354 Y 

3 15 320 616 320 667 N 

3 15 183 183 471 635 Y 

3 15 113 113 616 370 Y 

3 16 190 190 370 354 Y 

3 16 320 616 320 667 N 

3 16 183 183 471 635 Y 

3 16 113 113 616 370 Y 

3 16 255 255 493 368 Y 

4 6 217 217 716 432 Y 

4 6 205 205 697 376 Y 

4 6 203 203 681 362 Y 

4 6 151 151 294 350 Y 

4 6 144 144 344 342 Y 

4 6 49 49 312 292 Y 

4 6 103 103 480 313 Y 

4 6 68 68 432 362 Y 



 

145 
 

4 6 136 136 618 464 Y 

4 12 136 136 618 464 Y 

4 12 140 140 659 451 Y 

4 12 120 120 602 370 Y 

4 12 174 174 395 292 Y 

4 12 161 161 535 419 Y 

4 12 150 150 370 469 Y 

4 12 111 111 492 445 Y 

4 12 188 188 439 462 Y 

4 12 75 75 672 404 Y 

4 15 161 161 535 419 Y 

4 15 150 150 370 469 Y 

4 15 111 111 492 445 Y 

4 15 188 188 439 462 Y 

4 15 75 75 672 404 Y 

4 15 219 219 453 437 Y 

4 15 209 209 517 407 Y 

4 15 178 178 403 323 Y 

4 15 205 205 420 235 Y 

4 15 216 216 437 302 Y 

4 15 385 545 385 596 N 

4 15 118 118 540 563 Y 

4 15 128 128 689 312 Y 

4 16 216 216 437 302 Y 

4 16 385 545 385 596 N 

4 16 118 118 540 563 Y 

4 16 128 128 689 312 Y 

4 16 178 178 564 307 Y 

5 6 134 134 828 287 Y 

5 6 118 118 809 232 Y 

5 6 147 147 793 222 Y 

5 6 188 248 385 188 N 

5 6 182 238 451 182 N 

5 6 132 189 419 132 N 

5 6 185 238 593 185 N 

5 6 207 207 544 220 Y 

5 6 49 49 731 303 Y 

5 12 49 49 731 303 Y 

5 12 37 37 771 295 Y 

5 12 77 77 720 237 Y 

5 12 252 252 508 347 Y 



 

146 
 

5 12 224 224 648 262 Y 

5 12 235 235 481 309 Y 

5 12 148 148 615 294 Y 

5 12 72 72 571 301 Y 

5 12 118 118 795 244 Y 

5 15 224 224 648 262 Y 

5 15 235 235 481 309 Y 

5 15 148 148 615 294 Y 

5 15 72 72 571 301 Y 

5 15 118 118 795 244 Y 

5 15 97 97 552 282 Y 

5 15 82 82 619 251 Y 

5 15 82 82 489 196 Y 

5 15 180 194 522 180 N 

5 15 167 269 541 167 N 

5 15 384 384 484 434 Y 

5 15 54 54 643 402 Y 

5 15 166 279 805 166 N 

5 16 167 269 541 167 N 

5 16 384 384 484 434 Y 

5 16 54 54 643 402 Y 

5 16 166 279 805 166 N 

5 16 61 61 673 154 Y 

7 6 177 177 758 422 Y 

7 6 166 166 739 365 Y 

7 6 162 162 723 353 Y 

7 6 191 191 335 325 Y 

7 6 182 182 386 321 Y 

7 6 90 90 353 272 Y 

7 6 145 145 522 308 Y 

7 6 110 110 474 352 Y 

7 6 126 126 659 442 Y 

7 12 126 126 659 442 Y 

7 12 126 126 701 435 Y 

7 12 119 119 644 364 Y 

7 12 211 211 437 328 Y 

7 12 194 194 576 402 Y 

7 12 187 187 412 448 Y 

7 12 70 70 534 432 Y 

7 12 153 153 480 441 Y 

7 12 34 34 714 384 Y 



 

147 
 

7 15 194 194 576 402 Y 

7 15 187 187 412 448 Y 

7 15 70 70 534 432 Y 

7 15 153 153 480 441 Y 

7 15 34 34 714 384 Y 

7 15 183 183 494 421 Y 

7 15 174 174 559 390 Y 

7 15 140 140 444 318 Y 

7 15 226 226 462 247 Y 

7 15 250 250 479 294 Y 

7 15 426 518 426 568 N 

7 15 107 107 582 536 Y 

7 15 139 139 731 300 Y 

7 16 250 250 479 294 Y 

7 16 426 518 426 568 N 

7 16 107 107 582 536 Y 

7 16 139 139 731 300 Y 

7 16 144 144 606 292 Y 

8 6 249 249 697 477 Y 

8 6 238 238 678 420 Y 

8 6 231 231 662 406 Y 

8 6 156 156 289 393 Y 

8 6 150 150 331 387 Y 

8 6 56 56 300 337 Y 

8 6 94 94 462 356 Y 

8 6 67 67 415 406 Y 

8 6 181 181 598 509 Y 

8 12 181 181 598 509 Y 

8 12 184 184 639 496 Y 

8 12 164 164 581 413 Y 

8 12 183 183 379 300 Y 

8 12 176 176 516 464 Y 

8 12 159 159 354 513 Y 

8 12 131 131 470 490 Y 

8 12 226 226 413 507 Y 

8 12 108 108 649 449 Y 

8 15 176 176 516 464 Y 

8 15 159 159 354 513 Y 

8 15 131 131 470 490 Y 

8 15 226 226 413 507 Y 

8 15 108 108 649 449 Y 



 

148 
 

8 15 257 257 441 481 Y 

8 15 248 248 503 452 Y 

8 15 214 214 397 366 Y 

8 15 236 236 408 272 Y 

8 15 230 230 424 346 Y 

8 15 374 588 374 639 N 

8 15 162 162 525 607 Y 

8 15 87 87 668 357 Y 

8 16 230 230 424 346 Y 

8 16 374 588 374 639 N 

8 16 162 162 525 607 Y 

8 16 87 87 668 357 Y 

8 16 217 217 546 351 Y 

9 6 234 234 701 445 Y 

9 6 222 222 682 388 Y 

9 6 219 219 666 374 Y 

9 6 141 141 282 365 Y 

9 6 134 134 330 357 Y 

9 6 37 37 298 307 Y 

9 6 89 89 465 324 Y 

9 6 55 55 417 374 Y 

9 6 150 150 602 479 Y 

9 12 150 150 602 479 Y 

9 12 154 154 644 465 Y 

9 12 132 132 586 381 Y 

9 12 166 166 381 284 Y 

9 12 155 155 519 433 Y 

9 12 142 142 355 483 Y 

9 12 125 125 476 458 Y 

9 12 205 205 422 477 Y 

9 12 91 91 656 419 Y 

9 15 155 155 519 433 Y 

9 15 142 142 355 483 Y 

9 15 125 125 476 458 Y 

9 15 205 205 422 477 Y 

9 15 91 91 656 419 Y 

9 15 236 236 439 450 Y 

9 15 226 226 503 421 Y 

9 15 194 194 391 334 Y 

9 15 207 207 406 241 Y 

9 15 210 210 423 313 Y 



 

149 
 

9 15 371 561 371 612 N 

9 15 132 132 526 579 Y 

9 15 119 119 674 325 Y 

9 16 210 210 423 313 Y 

9 16 371 561 371 612 N 

9 16 132 132 526 579 Y 

9 16 119 119 674 325 Y 

9 16 195 195 549 320 Y 

10 6 276 276 673 497 Y 

10 6 266 266 654 440 Y 

10 6 258 258 638 425 Y 

10 6 147 147 273 418 Y 

10 6 143 143 311 411 Y 

10 6 61 61 279 361 Y 

10 6 81 81 439 374 Y 

10 6 63 63 393 426 Y 

10 6 203 203 574 533 Y 

10 12 203 203 574 533 Y 

10 12 207 207 615 518 Y 

10 12 183 183 556 431 Y 

10 12 177 177 356 290 Y 

10 12 174 174 492 487 Y 

10 12 153 153 332 537 Y 

10 12 157 157 445 511 Y 

10 12 254 254 387 531 Y 

10 12 135 135 623 472 Y 

10 15 174 174 492 487 Y 

10 15 153 153 332 537 Y 

10 15 157 157 445 511 Y 

10 15 254 254 387 531 Y 

10 15 135 135 623 472 Y 

10 15 285 285 420 503 Y 

10 15 275 275 481 474 Y 

10 15 242 242 379 384 Y 

10 15 243 243 387 283 Y 

10 15 224 224 402 365 Y 

10 15 354 614 354 665 N 

10 15 185 185 503 632 Y 

10 15 80 80 644 378 Y 

10 16 224 224 402 365 Y 

10 16 354 614 354 665 N 



 

150 
 

10 16 185 185 503 632 Y 

10 16 80 80 644 378 Y 

10 16 244 244 523 374 Y 

11 6 130 130 811 322 Y 

11 6 115 115 791 266 Y 

11 6 136 136 775 256 Y 

11 6 222 228 370 222 N 

11 6 217 218 433 217 N 

11 6 159 159 400 168 Y 

11 6 210 210 574 216 Y 

11 6 178 178 525 254 Y 

11 6 49 49 713 339 Y 

11 12 49 49 713 339 Y 

11 12 39 39 753 331 Y 

11 12 68 68 701 269 Y 

11 12 236 236 489 339 Y 

11 12 210 210 629 298 Y 

11 12 217 217 462 345 Y 

11 12 116 116 593 330 Y 

11 12 76 76 547 337 Y 

11 12 82 82 774 280 Y 

11 15 210 210 629 298 Y 

11 15 217 217 462 345 Y 

11 15 116 116 593 330 Y 

11 15 76 76 547 337 Y 

11 15 82 82 774 280 Y 

11 15 107 107 536 318 Y 

11 15 93 93 603 287 Y 

11 15 77 77 476 227 Y 

11 15 192 196 505 192 N 

11 15 199 259 524 199 N 

11 15 417 417 468 468 Y 

11 15 39 39 627 435 Y 

11 15 200 243 786 200 N 

11 16 199 259 524 199 N 

11 16 417 417 468 468 Y 

11 16 39 39 627 435 Y 

11 16 200 243 786 200 N 

11 16 64 64 655 189 Y 

13 6 226 226 706 427 Y 

13 6 214 214 687 370 Y 



 

151 
 

13 6 214 214 671 356 Y 

13 6 138 138 281 350 Y 

13 6 130 130 332 341 Y 

13 6 37 37 300 291 Y 

13 6 92 92 469 306 Y 

13 6 57 57 421 356 Y 

13 6 133 133 607 463 Y 

13 12 133 133 607 463 Y 

13 12 137 137 648 448 Y 

13 12 114 114 592 363 Y 

13 12 160 160 384 278 Y 

13 12 146 146 524 417 Y 

13 12 136 136 359 467 Y 

13 12 124 124 482 441 Y 

13 12 193 193 430 461 Y 

13 12 85 85 662 403 Y 

13 15 146 146 524 417 Y 

13 15 136 136 359 467 Y 

13 15 124 124 482 441 Y 

13 15 193 193 430 461 Y 

13 15 85 85 662 403 Y 

13 15 225 225 441 433 Y 

13 15 214 214 505 404 Y 

13 15 184 184 390 316 Y 

13 15 193 193 408 225 Y 

13 15 202 202 426 296 Y 

13 15 372 546 372 597 N 

13 15 115 115 528 564 Y 

13 15 136 136 679 308 Y 

13 16 202 202 426 296 Y 

13 16 372 546 372 597 N 

13 16 115 115 528 564 Y 

13 16 136 136 679 308 Y 

13 16 183 183 553 304 Y 

14 6 301 301 640 494 Y 

14 6 290 290 621 437 Y 

14 6 285 285 605 422 Y 

14 6 115 115 237 428 Y 

14 6 112 112 276 417 Y 

14 6 54 54 244 367 Y 

14 6 48 48 405 369 Y 



 

152 
 

14 6 43 43 359 423 Y 

14 6 207 207 541 539 Y 

14 12 207 207 541 539 Y 

14 12 213 213 582 519 Y 

14 12 184 184 524 426 Y 

14 12 146 146 322 257 Y 

14 12 147 147 459 489 Y 

14 12 124 124 298 541 Y 

14 12 187 187 413 510 Y 

14 12 272 272 357 536 Y 

14 12 158 158 592 477 Y 

14 15 147 147 459 489 Y 

14 15 124 124 298 541 Y 

14 15 187 187 413 510 Y 

14 15 272 272 357 536 Y 

14 15 158 158 592 477 Y 

14 15 304 304 385 504 Y 

14 15 294 294 446 477 Y 

14 15 262 262 343 378 Y 

14 15 223 223 352 268 Y 

14 15 194 194 367 362 Y 

14 15 318 624 318 675 N 

14 15 191 191 468 643 Y 

14 15 109 109 611 378 Y 

14 16 194 194 367 362 Y 

14 16 318 624 318 675 N 

14 16 191 191 468 643 Y 

14 16 109 109 611 378 Y 

14 16 262 262 489 376 Y 

17 6 298 298 641 384 Y 

17 6 283 283 621 329 Y 

17 6 296 296 606 312 Y 

17 6 63 63 198 352 Y 

17 6 54 54 263 333 Y 

17 6 93 93 231 287 Y 

17 6 92 92 405 256 Y 

17 6 90 90 356 314 Y 

17 6 140 140 544 449 Y 

17 12 140 140 544 449 Y 

17 12 151 151 584 419 Y 

17 12 111 111 533 311 Y 



 

153 
 

17 12 65 65 320 173 Y 

17 12 39 39 461 392 Y 

17 12 48 48 294 447 Y 

17 12 225 225 428 404 Y 

17 12 248 248 389 446 Y 

17 12 178 178 608 387 Y 

17 15 39 39 461 392 Y 

17 15 48 48 294 447 Y 

17 15 225 225 428 404 Y 

17 15 248 248 389 446 Y 

17 15 178 178 608 387 Y 

17 15 279 279 365 402 Y 

17 15 264 264 431 380 Y 

17 15 247 247 304 264 Y 

17 15 93 93 334 141 Y 

17 15 93 93 353 254 Y 

17 15 296 547 296 597 N 

17 15 136 136 455 565 Y 

17 15 231 231 618 277 Y 

17 16 93 93 353 254 Y 

17 16 296 547 296 597 N 

17 16 136 136 455 565 Y 

17 16 231 231 618 277 Y 

17 16 236 236 485 282 Y 

18 6 367 367 570 524 Y 

18 6 355 355 551 468 Y 

18 6 353 353 535 451 Y 

18 6 94 94 178 476 Y 

18 6 97 97 208 462 Y 

18 6 107 107 177 413 Y 

18 6 57 57 336 396 Y 

18 6 88 88 289 453 Y 

18 6 253 253 471 581 Y 

18 12 253 253 471 581 Y 

18 12 261 261 513 556 Y 

18 12 227 227 454 452 Y 

18 12 122 122 253 214 Y 

18 12 138 138 389 528 Y 

18 12 109 109 229 581 Y 

18 12 256 256 344 543 Y 

18 12 289 334 289 579 N 



 

154 
 

18 12 225 225 523 519 Y 

18 15 138 138 389 528 Y 

18 15 109 109 229 581 Y 

18 15 256 256 344 543 Y 

18 15 289 334 289 579 N 

18 15 225 225 523 519 Y 

18 15 317 366 317 540 N 

18 15 355 355 378 515 Y 

18 15 280 326 280 404 N 

18 15 228 228 284 281 Y 

18 15 169 169 299 393 Y 

18 15 252 673 252 724 N 

18 15 241 241 400 691 Y 

18 15 161 161 542 413 Y 

18 16 169 169 299 393 Y 

18 16 252 673 252 724 N 

18 16 241 241 400 691 Y 

18 16 161 161 542 413 Y 

18 16 323 323 420 415 Y 

19 6 57 57 986 382 Y 

19 6 71 71 967 341 Y 

19 6 73 73 951 341 Y 

19 6 222 406 551 222 N 

19 6 244 396 610 244 N 

19 6 219 319 577 219 N 

19 6 328 374 749 328 N 

19 6 336 339 701 336 N 

19 6 228 228 888 333 Y 

19 12 228 228 888 333 Y 

19 12 216 216 928 361 Y 

19 12 252 252 873 364 Y 

19 12 418 418 664 524 Y 

19 12 327 393 804 327 N 

19 12 349 397 638 349 N 

19 12 175 175 764 375 Y 

19 12 111 111 712 333 Y 

19 12 198 198 945 296 Y 

19 15 327 393 804 327 N 

19 15 349 397 638 349 N 

19 15 175 175 764 375 Y 

19 15 111 111 712 333 Y 
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19 15 198 198 945 296 Y 

19 15 88 88 716 354 Y 

19 15 103 103 782 320 Y 

19 15 107 107 658 338 Y 

19 15 360 376 684 360 N 

19 15 305 443 702 305 N 

19 15 363 363 647 407 Y 

19 15 223 223 805 378 Y 

19 15 285 337 960 285 N 

19 16 305 443 702 305 N 

19 16 363 363 647 407 Y 

19 16 223 223 805 378 Y 

19 16 285 337 960 285 N 

19 16 123 123 832 263 Y 
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