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This research delves into the creation of an innovative Modern Standard Ara-
bic corpus, aiming for a comprehensive balance and richness while adhering to
Zipf’s law. Building a phonetically diverse Arabic sentence collection yields
significant advantages in terms of efficiency, cost-effectiveness, and storage ca-
pacity compared to conventional corpora. The corpus undergoes meticulous seg-
mentation into graphemes, which are then manually converted into phonemes,
resulting in a total of 19769 phonemic units. Among these phonemes, conso-
nants like ’Laam - 1’ account for 10%, while "Fatha - A’ vowels constitute 20%.
Evaluation of this corpus using an automatic speech recognition (ASR) system
reveals a sentence error rate (SER) of 30% and a word error rate (WER) of 15%.
Furthermore, statistical analysis unveils that diacritic marks encompass 47.59%
of the corpus, with graphemes comprising the remaining 52.41%. These dia-
critized marks provide valuable insights into the precise phonetic transcription of

Zipf’s law the corpus. Additionally, the study provides detailed breakdowns of consonants
based on their place and manner of articulation, enhancing our understanding of
phonetic structures.
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1. INTRODUCTION

A corpus is a digital collection of natural language samples, used to discover its structure and patterns.
Researchers analyze it to study word order, the arrangement of sentences and clauses, and the use of grammat-
ical structures [1], [2]. The corpus development serves as a pivotal element in various disciplines, including
natural language processing (NLP) and automatic speech recognition (ASR) [3]-[5]. Developing any corpus
demands considerable resources and effort. Consequently, there’s a growing interest in crafting phonetically
diverse and balanced text and speech corpora [6], [7]. The rich and balanced corpus is a valuable source for
developing ASR systems, as it allows the system to be trained on a variety of speech patterns and accents [8],
[9]. Reflecting this interest, in their study, the authors in [10] introduced an automated approach for construct-
ing a phonetically rich and balanced corpus sourced from the web, selecting 6082 phrases to develop a robust
recognizer tool. Similarly, Wang in [11] conducted a statistical analysis of various Mandarin acoustic units
using an extensive Chinese text corpus gathered from daily newspapers. Following this analysis, Wang pro-
posed an algorithm to automatically extract phonetically rich sentences from the corpus, which are then utilized
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for training and evaluating a Mandarin speech recognition system. Radova and Vopalka in [12] address the
challenge of phonetically balanced sentence selection, presenting two iterative procedures to choose sentences
that accurately reflect the occurrence of phonetic events in natural speech, resulting in a set of 40 phonetically
balanced sentences. In the same way, Matousek and Romportl in [13] propose a method for preparing and
recording a phonetically and prosodically rich Czech language corpus for text-to-speech synthesis. They im-
plement an algorithm that selects sentences based on both phonetic and prosodic criteria, including the random
selection of paragraphs to capture supra-sentential prosody phenomena. On the other hand, for the English
language, Yazawa in [14] developed a set of 720 phonemically balanced phrases for English learners, select-
ing 50 core vocabulary words based on the Harvard New General Service List (NGSL). However, preparing
and selecting suitable sentences and words poses significant challenges in ensuring comprehensive linguistic
representation and maintaining desired phonetic diversity. While abundant databases exist for major languages
like English, German, French, and Mandarin [15], [16], the task is considerably more complex for underrepre-
sented languages such as MSA. Regarding the MSA, recently, Alqudah ef al. [17] have developed the Arabic
automatic speech recognition (ASR) for speakers with speech disorders (SD), identifying research gaps and
highlighting the need for comprehensive ASR systems that address various SD types and continuous speech
in Arabic. Alghamdi ef al. in [18] have proposed a manually written Arabic corpus, based on a phonetically
rich and balanced created list of 663 words. They were one of the first works on the production of this type of
corpus. The database consists of 367 sentences, 2 to 9 words per sentence. Later, in 2012 Abuschariaa et al.
[19] described the preparation, recording, analyzing, and evaluation of a new speech corpus for MSA. The sen-
tences used contained all phonemes and preserve the phonetic distribution of the Arabic language. Yuwan and
Lestari in [20] have explained that creating a phonetically rich and balanced corpus not only makes the system
more robust and intelligent but saves time, cost, and storage capacity. They have collected verses as speech
corpus for the Quranic recognition system with special symbols. The selected verses contained 180 verses of
6236 whole verses in the Quran. Our primary goal is to develop a rich and balanced corpus. We prioritize read-
ability and pronunciation by incorporating phonetically rich and balanced, structurally simple sentences. The
Corpus collection encompasses diverse Arabic texts from various sources. This deliberate selection adheres to
the 50 most prevalent words in the Arabic language, ensuring compliance with Zipf’s law, which states that the
frequency of a word in a text is inversely proportional to its rank in a frequency table [21], [22].

In this study, we introduce an approach for constructing a novel rich and balanced modern standard
Arabic corpus, developed at Faculty of Sciences Dhar el Mehraz by University Sidi Mohammed Ben Abdellah
(FSDM-USMBA). This approach streamlines the process, saving time, costs, and storage capacity compared
to the conventional corpora collection. The corpus adheres to Zipf’s law by focusing on the 50 most com-
mon Arabic words, includes grapheme-to-phoneme conversion, and conducts a phonetic statistical analysis, all
contributing to advancements in Arabic speech recognition technologies.

Apart from the introduction in section 1. The paper is organized as follows: the method is explained
in the section 2. The Statistical analysis is discussed in section 3. Section 4, deals with results and discussion.
We finished with a conclusion and future research directions.

2. METHOD

In this part, we have noticed that a rich and balanced Arabic corpus is very rare and it is not accessible
to the Arabic linguistic researchers. We proposed an approach to creating a rich and balanced Modern Standard
Arabic Corpus by University Sidi Mohamed Ben Abdellah called FSDM-USMBA. Indeed, Arabic, is a Semitic
language and one of the six official UN languages, is spoken by around 400 million people across 22 countries
[23]-[25]. Tt is categorized into classical Arabic, modern standard Arabic, and dialectal Arabic. Arabic script is
written from right to left and consists of two types of symbols: letters and diacritics. These symbols are typically
written in a connected form. Additionally, several letters may change shape depending on their position within
a word. However, it should be noted that the script alone does not encompass all sounds [26]. It provides
valuable information about consonants and vowels, which can be extracted through diverse techniques. The
Arabic language consists of 36 phonemes, with 28 of them representing consonantal sounds. Additionally,
there are 8 phonemes, including three short vowels, three long vowels and two diphthongs [27]. The Arabic

language is characterized by the following diacritics: ( | i o ; tanween, - dammatan, fathatan, and kasratan

-), (T e Saddat) and (T 5 ;.: sukun). The diacritical marks are used to indicate vowel sounds and other phonetic
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features. It appears on top or below of the graphemes. Here joining all the (1) diacritic marks is not included in
consideration. On the other hand, syllables are units of speech comprising one or more phonemes. In the Arabic
language, various syllable structures are allowed. These include CV, CVV, CVC, CVVC, CVCC, and CVVCC
[28]. In these structures, C represents a consonant, V represents a short vowel, and VV represents a long vowel.
Following a brief overview of the Arabic language, we detail the corpus specifications. Our methodology
comprises four phases: corpus initial, corpus text handling, corpus final, and corpus segmentation.

2.1. Corpus initial

We based the initial corpus on written sources. This corpus contained 30 million words and was divided
into various text genres of the same size. Each of these text types contained material from all regions of the
Arabic-speaking world. The primary source of the corpus was written Arabic, encompassing both its standard
form and its dialects. The main objective of this corpus was to generate a frequency count of all Arabic words
as they are written, including their prefixes and suffixes [29].

2.2. Corpus text handling

To build a modern standard Arabic rich and balanced corpus, we used the first 50 most frequent words
from the initial corpus. Based on these words, we selected and constructed sentences to adhere to the distribution
outlined by Zipf’s law. We used different sources, including The Holy Quran and Hadith, as well as content
related to finance, business, economics, politics, culture, sports, technology, science, weather, art, and others.
The goal was to produce simple, short sentences that are phonetically rich and balanced. It is important to note
that some expressions may be deleted or replaced with others to better adhere to the grammar rules of the Arabic
language.

2.3. Corpus final

In our study, we analyzed a final corpus consisting of 527 sentences and a total of 3,308 words. Table
1 displays the sentence count and word count for each genre, along with the proportion of words within each
genre. To understand the relationship between the frequency of a list of 50 words and their rank in the final
corpus, Figure 1 illustrates the log-log graph of word frequency in the final corpus. The straight line in the graph
represents the average slope of the descending word frequencies. Additionally, Table 2 and Figure 2 provide
evidence that the frequency of the words is inversely proportional to their rank. These illustrations confirm the
achievement of Zipf’s law. We found that the eight most frequent words in the final corpus align with those
found in a previous study [30].

Table 1. Statistics of the final ’'FSDM-USMBA’ corpus

Genre Number of sentences ~ Number of words ~ Percentage %

Healy Quran, Hadith and religion 86 536 0,162

Health and epidemic 51 374 0,113

Finance and Business 20 146 0,044

Technology 29 202 0,061

Literature 49 324 0,098

Economy 22 153 0,046

Politics 58 373 0,113

Arts 13 75 0,023

Tourism and Culture 41 264 0,079

Sports 16 118 0,036

Weather 13 81 0,025

Others 129 662 0,200
i:: " Zipf'distributions as 'log-transformed straight lines’ — 25
g 2. 1 =
2] ] g o

' o 0‘.2 (;.4 OI.G 0‘.8 ‘1 1'.2 1‘.4 1‘.6 1.8 1234506783 9 101112151415161

Log Word rank

Figure 1. The log-log graph of word frequency
in the final corpus Figure 2. Distribution of word in the final corpus

‘Word rank
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Table 2. Empirical evaluation of Zipf’s law in "TFSDM-USMBA’ corpus
Word Freq. Rank Word Freq. Rank Word Freq. Rank Word Freq. Rank

Jj 207 1 N 25 14 ,J 15 27 J)\ 11 39
5 om9 2 24 15 L1528 & 11 40
¢ 8 3 V23 16 o 14 29 B3 1 4
oo 4 e 20 R VIR R N CRE
J 58 5 & 21 18 & 14 31 32 10 43
o 50 6 ¥ 20 19 & 1 om G100 4
e a7 s> 19 20 U 33 g, 10 4
§ a0 s S s o2 A 13 4 g2 100 46
d %6 9 w18 2 & 12 35 Se 10 4
¥ 03 100 17023 A 12 36 a9 48
N 311 gfi\ 624 12 3T s 9 W
& 20 12 U 16 25 & 12 38§ 9 50
d w13 16 2

2.4. Corpus segmentation

To create a rich and balanced corpus of Arabic, it is essential to encompass all the phonemes of the
Arabic language while preserving its phonetic distribution. To accomplish this, we adopt a two-step method
(Algorithm 1). Firstly, we segment the text into graphemes.

Algorithm 1:  text to grapheme

Determine the path of FSDM by USMBA corpus

Iterate through each character of the Arabic text and print it

Create a text field with Arabic font and right-to-left orientation

Create a table to display the characters and their corresponding Unicode codes
Create a JFrame to display the text field and table

Set JFrame properties such as the size and default close operation

Create an instance of the class (starts the application)

Nk W=

Secondly, we meticulously convert the graphemes into phonemes, adhering to the phonological rules
to the Arabic language. This manual conversion ensures the accurate representation of Arabic phonetics in the
resulting corpus:

a. Convert (T Saddat) to two consecutive ones,
b. Convert (/\) to (ﬁ) it is found in the text,

c. Convert tanween (| | ]) to (51 3 N,

d. Pronunciation of all types of the Hamza (+ {s | | and % ) are «.

&

3. STATISTICAL ANALYSIS

In this section, we conducted a statistical analysis of syllables, graphemes, and phonemes using the rich and
balanced corpus of Modern Standard Arabic. Our primary objective was to gain valuable insights into the morphology and
phonology of MSA.

3.1. Statistical analysis of syllables

After segmenting our corpus, we conducted an extraction process to identify and compute the various types of
syllables present in Modern Standard Arabic. This step enabled us to determine the frequencies and percentages of each
syllable type. The distribution of syllabic structures in the corpus shows CV and CVC syllables as the most frequent,
accounting for 55.60% (3360 occurrences) and 25.00% (1511 occurrences) respectively. CVV syllables follow with 990
occurrences (16.38%). Less frequent are CVCC (149 occurrences, 2.46%), CVVC (33 occurrences, 0.55%), and CVVCC
(1 occurrence, 0.01%).

Indonesian J Elec Eng & Comp Sci, Vol. 41, No. 3, March 2026: 1049—-1059



Indonesian J Elec Eng & Comp Sci ISSN: 2502-4752 a 1053

3.2. Statistical analysis of graphemes

Regarding the investigation of the frequency and distribution of individual graphemes within the rich and balanced
corpus, Tabledisplays the count and percentage of occurrences for each grapheme. The graphemes “J” and “I” occur most
frequently, accounting for 10.09% and 8.32% respectively. Conversely, the graphemes “L” and “s” are the least frequent,
with respective occurrence rates of 0.18% and 0.47%.

Table 3. Repetitions and percentage for each grapheme

Arabic Grapheme in Arabic Grapheme in Arabic Grapheme in
Grapheme  repetitions % Grapheme  repetitions % Grapheme  repetitions %
Jd 1090 10.09 i 337 3.12 b 115 1.07
| 899 8.32 e 323 2.99 c 113 1.04
¢ 751 6.95 4 321 2.97 o? 113 1.04
J 711 6.58 s 296 2.74 o 105 0.97
3 599 5.54 T 276 2.55 ue 84 0.78
; 588 5.44 & 268 2.48 B 67 0.62
& 461 4.27 s 254 2.35 < 65 0.60
B 454 4.20 e 208 1.92 C 59 0.55
o 417 3.86 z 186 1.72 I 57 0.53
° 390 3.61 | 132 1.22 51 0.47
- 368 3.57 3 125 1.16 5 22 0.21
> 343 3.17 s 121 1.12 L 19 0.18

Furthermore, our analysis revealed that diacritic marks constitute 47.59% of the corpus, while graphemes make
up the remaining 52.41%, as detailed in Table 4. Consequently, the absence of diacritic information in the grapheme-based
(non-diacritized) transcription means that approximately 47.59% of the details required for an accurate phonetic transcription
are unavailable. In the analysis of diacritic marks frequencies, presented in Table 5, Fatha emerged as the phoneme most
frequent with 20.62%. It’s worth noting that tanween (nunation) is restricted to appearing solely on the last letter of a word.

Table 4. Frequency of graphemes and diacritics

Type Frequency  Percentage
Graphemes 10806 52.41
Diacritics marks 9813 47.59
Total 20619 100

Table 5. Arabic diacritics and their frequency of occurrence

Type Frequency  Percentage

Fatha 4253 20.62
Kasra 1859 9.02
Damma 1028 5.14
Shadda 611 2.96
Sukun 1265 6.14
Tanween Fatha 69 0.34
Tanween Kasra 360 1.75
Tanween Damma 337 1.63

3.3. Statistical analysis of phonemes

After applying the grapheme-to-phoneme approach with phonological rules, we conducted a statistical analysis to
examine the occurrence of phonemes in 3,308 words. This analysis encompassed the positions of phonemes at the beginning,
middle, and end of the words. Table[f]displays the statistics for each phoneme. Our results are in accordance with those of
the researchers in [31], for Arabic phonemes frequencies in the final corpus.

According to the findings presented in Table[6]and Figure 3(a), the deductions concerning phoneme statistics can
be summarized as:

— In the case of short vowels: Fatha, (/\) is the most frequent, followed by kasra (1) and damma (i),

— In the case of long vowels: The long vowels (| and i are counted as one and pronounced Aaa (LgT). They are the most
° 4
frequent, followed by Aii (¢ and Oue (4!),
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— In the case of Consonants: Noon, (u) is the most frequent phoneme, this is explained by that it also comes from the

tanween (fathatan - i >, dammatan - |, and kasratan - |), followed by Laam (J) and Hamza (+), all hamza types (s i
| and § ) are counted as one (s). The followmg consonants have a frequency lower than 0.5%, thaa (&), zain (), dhaad
(U ), and ghayn (E,)' Dhaa (L) is the least frequent phoneme,

— The difference in the percentages of the two diphthongs is exceedingly small ( around 0.07% ).

Table 6. Arabic phonemes statistics in the FSDM-USMBA corpus
Conson.  Arpa.symbols  IPA symbols Description and Syllables Repetitions
Start Inside  End  Percentage %

Hamza - ¢3¢ - CVC - CVC

i Alif- <Ji- CVC - CVC
| E P Alif+Hamza below 667 176 33 4.43
5 Waw+Hamza above
3 Yat+Hamza above
o B b Baa-| - CV 136 221 49 2.05
& Taa-b-CV
s T t Taa marbuta 95 485 144 3.66
& TH T Thaa - - CV 13 55 6 0.37
z JH g Jeem - - CvVC 49 136 10 0.99
c HH Haa- - CV 79 114 17 1.06
& KH X Khaa - > - CV 36 73 4 0.55
> D d Daal- JIs - CVVC 69 218 93 1.92
3 DH D Thaal - JI3 - CVVC 21 99 6 0.64
5 R r Raa-1,-CV 66 452 100 3.12
5 z z Zaiy - ) - CVC 11 53 5 0.35
o s s Seen - cgw - CVC 48 190 36 1.39
o SH S Sheen - (- CVC 44 71 4 0.60
= SS s Saad - sl - CVC 27 99 1 0.64
e DD d Dhaad - L - CVC 7 58 21 0.43
L TT t TTaa-W - CV 18 88 5 0.56
L DH2 D Dhaa - - CV 5 14 2 0.11
¢ Al Q Ayn - (e - CV-CVC 182 235 46 2.34
a GH ¢ Ghayn - ;¢ - CV - CVC 27 28 4 0.30
o F f Faa-b - CV 154 146 28 1.66
& Q q Qaaf- 26 - CVC 81 187 21 1.46
4 K k Kaaf-¥ - CVC 124 153 63 1.72
J L 1 Laam - (y -CvC 147 914 140 6.08
¢ M m Meem - ga - CVC 321 358 91 3.89
) N n Noon - 34 - CVC 76 410 1063 7.84
o H h Haa-\s - CV 87 117 186 1.97
P W w Waw - 4, - CVC 166 289 37 2.49
< Y y Yaa-| -CV 143 381 213 3.73
i Short vowel
i AE A Fatha - 7 0 2542 520 15.49
i UH u Darnma - > 0 959 398 6.86
| H i Kasra - S 0 1692 428 11.23
Long vowel
1, & AE: a: Aaa - g 0 670 350 5.16
X uw u Oue -1 0o 190 23 1.08
<! Y i: Aii - ‘_;\ 0 179 339 2.62
i D1phthong
4 AW aw Aoue - 51 0 105 8 0.57
@ AY ay Aye - & 0 126 1 0.64

The Arabic consonants are classified based on their place and manner of articulation. Tables 7 and 8 present
corresponding statistics for these categories, following the classifications established in the literature [32], [33]. The place
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of articulation refers to where in the vocal tract the airflow is obstructed, leading to distinct sounds. Meanwhile, the manner
of articulation describes how the airflow is modified or obstructed, further distinguishing consonant sounds. The utilization
of this dual classification system provides linguists and phoneticians with a structured framework to methodically examine
and comprehend the variety of consonant sounds present in Modern Standard Arabic.

Table 7. Percentage of consonants classes based on Table 8. Percentage of consonants classes based on

their place of articulation their way of articulation

Place of articulation Consonants in % Way of articulation Consonants in %

Alveolar TD,R,ZS,SS, 2599 Stop E.B,T.D,QK 15.24

DD, TT,LN Nasals M,N 11.73

Glottal E.H 6.40 Fricative TH,DH,HH,KH 11.23
Bilabial BM 5.94 Z,S,SH,ALLGH,H

Palatal Y 3.75 Glide VA 2.31

Velar JH,K 2.72 Lateral L 6.08

Uvular KH,GH,Q 2.31 Trill R 3.12

Post-Alveolar JH,SH 1.59 Affricative JH 0.99

Labiodental Q 1.46 Empbhatic stop DD,TT 0.99

Interdental TH,DH,DH2 1.12 Emphatic fricative SS,.DH2 0.75

4. RESULTS AND DISCUSSION
4.1. Speech corpus

The FSDM-USMBA database was established for this study, comprising a speech corpus and transcriptions from
130 Moroccan speakers (63 males and 67 females) aged between 17 and 50 years. During the recording sessions, speakers
were asked to utter the 527 sentences with 10 repetitions of every sentence. Voice clarity is fundamental for success-
ful recording. Factors like recording environment, equipment, and speaker-microphone distance influence sound quality.
Optimal microphone placement at 10 cm proved effective after testing. For accurate capture, recordings should occur in
quiet environments with noise levels below 30 dB, closed windows, and weather impacts such as wind and rain must be
avoided. To streamline the process, speakers recited each sentence 10 repetitions consecutively, resulting in 25-50 second
audio files. Using WaveSurfer, each recitation was isolated in (.wav) format by removing the unnecessary parts of the
audio signal. Audio file names encode multiple details about the speakers. For instance, ”XY18ZW21 10.wav” reveals the
following information: the initials X and Y representing first and last names respectively, followed by the age 18, city Y,
gender W, sentence number 21, and 10 denoting the number of repetitions. Thus, the task of segmenting speech is easy.
These recordings have a sampling rate of 16 kHz and a resolution of 16 bits. In the recording sessions, the waveform and
spectrogram of each phrase were reviewed to verify the inclusion of the entire sentence in the recording, as illustrated in
Figure 3(b). Only correctly pronounced utterances were retained. Our dictionary contains symbolic representations for all
the sounds used in the sentences of our corpus.

(a) (b)

Figure 3. Arabic speech corpus illustration: (a) Arabic phonemes of the final corpus and (b) clean speech
waveform of an example of an Arabic sentence spoken by a female speaker, is referred to MB18FF21 01 in
our audio database

4.2. Speech test

To test our corpus a set of experiments were conducted. A subset of the final corpus, we selected 130 sentences
spoken by 60 speakers (30 male and 30 female). This resulted in a vocal corpus of 78,000 audio files. To optimize system
performance, we divided the corpus for training (70%) and testing (30%) and adjusted the parameters of Hidden Markov
Models (HMMs) and Gaussian Mixture Models (GMMs). This information is stored is stored in the MCA-USMBA.dic
file for symbolic representation of each word. The Baum-Welch algorithm, which is a special case of the Expectation-
Maximization (EM) method, is used to estimate transition probabilities during training. The acoustic model is trained with
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a continuous state probability density, using between 2 and 16 Gaussian mixture distributions and 3 to 5 HMMs. TableEl
shows the achieved Sentence Error Rate (SER) and Word Error Rate (WER). Figures [ and [5] present the decoding results
and the influence of HMM and GMM parameters on SER and WER performance, respectively. The system is evaluated
based on three types of errors: insertion, deletion, and substitution, which can occur at both the word and sentence levels.
Figures [6] presents concrete examples of sentence recognition errors, illustrating the different types of errors: insertions,
deletions, and substitutions at the sentence level. The best configuration used 3 HMMs and 8 GMMs, resulting in a SER
of 30.00% and a WER of 15.00%. Our results are in accordance with the study of Abushariah and colleagues [18], who
demonstrated a word error rate (WER) of 13.48% for Arabic speech recognition on different sentences spoken by different
speakers.

Table 9. SER and WER in percentages for different values of the HMM and GMM

HMM 3 5

GMM 2 4 8 16 2 4 8 16
WER 2200 17.75 1550 2350 2220 19.00 18.00 27.50
SER 40.00 37.50 30.00 40.50 50.20 40.00 30.00 40.50

Baum Welch starting for 4 Gaussian(s),
8% 10% 20% 30% 40% 50% 6e% 7e% 8e% 90%
Normalization for iteration: 6

Current Overall Likelihood Per Frame =
Convergence Ratio = @.181254599459139
Baum Welch starting for 4 Gaussian(s),
8% 10% 20% 30% 40% 50% 6e% 7e% 8e% 90%
Normalization for iteration: 7

Current Overall Likelihood Per Frame =
Split Gaussians, increase by 4
Convergence Ratio = ©.0722613822761673
Baum Welch starting for 8 Gaussian(s),
0% 16% 20% 30% 40% 50% 60% 70% 8a% 90%
Normalization for iteration: 1

iteration: 6 (1 of 1)
100%

-138.148867313916

iteration: 7 (1 of 1)
100%

-138.148867313916

iteration: 1 (1 of 1)
100%

Figure 4. Optimizing model training with the Baum-Welch algorithm

60

50

40

30

20

10

2 GMM 4 GMM 8 GMM 16 GMM

3HMM

2 GMM 4GMM 8 GMM 16 GMM

SHMM

HWER HSER

Figure 5. Impact of HMM and GMM values on SER and WER performance
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Error Types Spoken Sentences Obtained Sentences
Insertions 1aa 280 330 G N e Ba 2S5 83 G ) 5 s
Deletions Laga e, o sy SAda da. e cu&

Substitutions SR Y 3 helld G e slia A w5 el G e Sl

= B 585 83lEul Sl o] 5z (speaker129-MBFF18244_11_6)

B &5 83kl 5T oJ| 5123 Li8  (speaker129-MBFF18244_11_6)

Words: 6 Correct: 6 Errors: 1 Percent correct = 100.00% Error = 16.67% Accuracy = 83.33%
Insertions: 1 Deletions: @ Substitutions: @

Fags 5 olE 355 (speaker1e1-MBFF18214_11_10)

e Sads Joe gliagl  (speaker1el-MBFF18214 11 1)

Words: 4 Correct: 2 Errors: 2 Percent correct = 50.00% Error = 50.00% Accuracy = 50.00%
Insertions: © Deletions: 1 Substitutions: 1

wwds ¥ 5 eacld Slele s (speakerl14-MBFF18229_11_6)

@;;,,I.o 5 gicls Sl wle s (speaker114-MBFF18229_11_6)
words: 7 Correct: 6 Errors: 1 Percent correct = 85.71% Error = 14.29% Accuracy = 85.71%

Insertions: @ Deletions: @ Substitutions: 1

Figure 6. Possible errors, for recognition of Arabic sentences examples

S. CONCLUSION

This paper introduces an innovative and efficient method for acquiring a comprehensive and balanced Modern
Standard Arabic corpus. The method, meticulously outlined from initial corpus selection to sentence curation, adheres
closely to Zipf’s law and principles of phonetic distribution equilibrium. The resulting corpus comprises 527 meticulously
selected sentences, ensuring the representation of diverse Arabic phonemes across various linguistic contexts, encompassing
consonants, vowels, diphthongs, and syllables. The study evaluates an Arabic continuous speech recognition system using
25% of the final corpus. Fine-tuning hidden Markov model (HMM) and Gaussian mixture model (GMM) parameters notably
enhances system performance. The findings indicate that employing 3 HMM and 8 GMM achieves optimal sentence error
rate (SER) and word error rate (WER) at 30.00% and 15.00%, respectively. In future endeavors, we aim to expand recordings
to diverse speaker groups independently, leveraging the entirety of the final comprehensive and balanced corpus. Then, the
results obtained in this study are very satisfactory, to the development of a continuous Arabic speech recognition system,
which encourage us to extend our research scope to spontaneous Arabic language. Additionally, expanding the corpus,
exploring various ASR system architectures, and developing an automatic continuous speech recognition system for the
Moroccan dialect.
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