Computer-Aided Pronunciation Training (CAPT) System for Non-native

Learners of the Arabic Language
1- Introduction

In the following | will present the details of my research work in the field of Computer-Aided

Pronunciation training (CAPT) for Arabic language. My work in the area started by supervising
a master thesis titled “Automatic Pronunciation Error Detection of Nonnative Arabic Speech”. |
continued the work by supervising a PhD thesis as co-supervisor with the title “Deep Learning
based Pronunciation Error Detection for Non-native Learners of the Arabic Language”. | did
these two investigations as the head of the speech processing group at CCIS. Due to the group
expertize in the area we were able to secure a funded project with the title “Computer-Aided Pro-
nunciation Training System for Non-native Learners of the Arabic Language”, where | was the

Pl of the project.

In the following | will first present the abstracts of Master thesis, PhD thesis, followed by a list
of the papers in non-native Arabic pronunciation error detection and their abstract. Then | pre-
sent the letter of NPST about funding the project, and | will end this report by a detailed report of

our work in the funded project.




2- Master Thesis
e Title: Automatic Pronunciation Error Detection of Non-native Arabic Speech
e Date of defense: 5/6/2014

e My Role: Supervisor, with Prof. Ghulam Muhammed and Prof. Saad Algahtani as
CO-SuUpervisors.

Abstract:

Computer assisted language learning (CALL) and, more specifically, computer assisted pronun-
ciation training (CAPT) have received considerable attention in recent years. CAPT systems can
provide many potential benefits to both the language learner and the teacher. They allow contin-
uous feedback to the learner without requiring the sole attention of the teacher; they facilitate
self-study and encourage interactive use of the language in preference to rote-learning. One of
the important processes in CAPT system is error detection, which locates the errors in the utter-
ance. Although Arabic is currently one of the most widely spoken languages in the world, there
has been relatively little research about detection of the pronunciation error by nonnative speak-
ers compared to the other languages. This research is concerned with detecting pronunciation
errors of nonnative Arabic speakers from Pakistan and India. The sounds in this study were taken
from KSU database. By analyzing the speech of the Pakistani and Indian speakers in KSU data-
base we found that five speech sounds (Tha’a <&, Ha’a ¢, Sad =, Dad =, Tha’a 4 ) were often
mispronounced by non-native speakers, hence this study will concentrate on these five pronunci-
ation errors. The speech recognition techniques used was Hidden Markov Model (HMM). The
system was built with native and non-native speakers, and tested with nonnatives only. Goodness
of Pronunciation (GOP) was calculated to detect if the phoneme was pronounced correctly or
not. Comparison between the CAPT system judgment and the human judgment was performed.
The result showed that GOP gave high accuracy, where the scoring accuracy were very good to
excellent from 87% to 100% and the false rejection was from 0% to 10%.

3- PhD Thesis

e Title: Deep Learning-based Pronunciation Error Detection for Non-native Learn-
ers of the Arabic Language

e Date of defense: 26/1/2022

e My Role: Co-Supervisor, with Prof. Hassan mathkour as supervisor

Abstract:

In the recent decade, there has been great interest in computer-assisted pronunciation training
(CAPT) systems. Many CAPT systems have been created for second language (L2) learners of
various languages. Although Arabic is one of the most commonly spoken languages in the world,
with the fifth highest number of speakers, little attention has been dedicated to computerized sys-
tems for the detection of pronunciation errors of non-Arabs. The Kingdom of Saudi Arabia is
taking charge of serving the Arabic language, hence Arabic CAPT is important for the kingdom.
Moreover, the CAPT system will enable the kingdom to help the large number of Muslims in the
world to learn Arabic to read the Holy Quran. Mispronunciation detection and diagnosis (MDD)
module is a vital component of CAPT systems, because it will detect the mispronounced pho-
nemes and provide different types of feedback to the learner. Compared with other languages,
Arabic MDD system needs more investigating due to the scarcity of research in Arabic MDD in




general and in using deep learning techniques for Arabic MDD in particular, and the lack of fully
annotated non-native Arabic CAPT corpora. In this thesis, we aim to investigate different cutting
edge deep learning techniques to build a high performance MDD system with feedback genera-
tion. We tackled the research problem by several folds. In the first fold, the phoneme recognition
task of MDD was formulated as an object detection task, where phonemes were considered as
objects in spectral images. In the second fold, we designed a system for articulatory feature
(AFs) detection by formulating the AFs detection as a multi-label detection problem. The per-
formance of the proposed models was evaluated using Arabic corpus and benchmark English
corpus. The system had excellent performance and was also light.

In the third fold, we leveraged the excellent finding of the first and second folds to develop an
MDD system for non-native Arabic speech. The proposed system has the ability to detect mis-
pronounced phonemes from the speech at the utterance level, as well as detect the AFs of each
phoneme, simultaneously. Through detecting the AFs in addition to the phonemes, our proposed
system can provide beneficial feedbacks to the learners, at articulatory level. Moreover, we pro-
posed using genetic algorithm to find the best hyper-parameters of the deep neural network of
the proposed models. We compared the performance of the proposed system with the state-of-the
art end-to-end MDD systems and our system had better result. In addition, we proposed using
fusion between the proposed system and the end-to-end system and got better performance.

To tackle the problem of scarcity of non-native Arabic speech corpora, we investigated solving
this by the use of different transfer learning techniques. We also developed a nonnative Arabic
speech corpus (Arabic-CAPT). Finally, we investigated using the recent neural Text to Speech
(TTS) technique to develop a new synthesized non-native Arabic speech corpus.

4- List of papers in Computer-Aided Pronunciation Training (CAPT) and computeri-
zation of Arabic pronunciation training

ISI journals:

1- Algabri, Mohammed, Hassan Mathkour, Mohamed Abdelkader Bencherif, Mansour Alsulaiman, and Mo-
hamed Amine Mekhtiche. "Towards deep object detection techniques for phoneme recognition.” IEEE Ac-
cess 8 (2020): 54663-54680.

e Abstract: The use of cutting edge object detection techniques to build an accurate phoneme se-
quence recognition system for English and Arabic languages is investigated in this study. Recent-
ly, numerous techniques have been proposed for object detection in daily life applications using
deep learning. In this paper, we propose the use of object detection techniques in speech pro-
cessing tasks. We selected two state-of-the-art object detectors, namely YOLO and CenterNet,
based on a trade-off between detection accuracy and speed. We tackled the problem of phoneme
sequence recognition using three systems: the domain transfer learning system (DTS) from image
to speech, intra-language transfer leaning system (1aTS) between speech corpora within the same
language (English to English), and inter-language transfer learning system (IeTS) between speech
corpora from dissimilar languages (English to Arabic). For English phoneme recognition, the Tex-
as Instruments/Massachusetts Institute of Technology (TIMIT) corpus is used to evaluate the per-
formance of the proposed systems. Our 1aTS based on the CenterNet detector achieves the best re-
sults using the test core set of TIMIT with 15.89% phone error rate (PER). For Arabic phoneme
recognition, the best performance, with 7.58% PER, was achieved using the CenterNet. These re-
sults show the effectiveness of using object detection techniques in phoneme recognition tasks.




Furthermore, based on the findings of this study, speech processing tasks may be treated as object
detection tasks.

2- Algabri, Mohammed, Hassan Mathkour, Mansour M. Alsulaiman, and Mohamed A. Bencherif. "Deep
learning-based detection of articulatory features in arabic and english speech." Sensors 21, no. 4 (2021):

1205.

® Abstract: This study proposes using object detection techniques to recognize sequences of articu-

latory features (AFs) from speech utterances by treating AFs of phonemes as multi-label objects in
speech spectrogram. The proposed system, called AFD-Obj, recognizes sequence of multi-label
AFs in speech signal and localizes them. AFD-Obj consists of two main stages: firstly, we formu-
late the problem of AFs detection as an object detection problem and prepare the data to fulfill re-
quirement of object detectors by generating a spectral three-channel image from the speech signal
and creating the corresponding annotation for each utterance. Secondly, we use annotated images
to train the proposed system to detect sequences of AFs and their boundaries. We test the system
by feeding spectrogram images to the system, which will recognize and localize multi-label AFs.
We investigated using these AFs to detect the utterance phonemes. YOLOV3-tiny detector is se-
lected because of its real-time property and its support for multi-label detection. We test our AFD-
Obj system on Arabic and English languages using KAPD and TIMIT corpora, respectively. Addi-
tionally, we propose using YOLOvV3-tiny as an Arabic phoneme detection system (i.e., PD-Obj) to
recognize and localize a sequence of Arabic phonemes from whole speech utterances. The pro-
posed AFD-Obj and PD-Obj systems achieve excellent results for Arabic corpus and comparable
to the state-of-the-art method for English corpus. Moreover, we showed that using only one-scale
detection is suitable for AFs detection or phoneme recognition.

3- Algabri, M., Mathkour, H., Alsulaiman, M., & Bencherif, M. A. (2022). Mispronunciation Detection and
Diagnosis with Articulatory-Level Feedback Generation for Non-Native Arabic Speech. Mathematics,
10(15), 2727.

Abstract: A high-performance versatile computer-assisted pronunciation training
(CAPT) system that provides the learner immediate feedback as to whether their
pronunciation is correct is very helpful in learning correct pronunciation and al-
lows learners to practice this at any time and with unlimited repetitions, without
the presence of an instructor. In this paper, we propose deep learning-based tech-
niques to build a high-performance versatile CAPT system for mispronunciation
detection and diagnosis (MDD) and articulatory feedback generation for non-
native Arabic learners. The proposed system can locate the error in pronunciation,
recognize the mispronounced phonemes, and detect the corresponding articulatory
features (AFs), not only in words but even in sentences. We formulate the recog-
nition of phonemes and corresponding AFs as a multi-label object recognition
problem, where the objects are the phonemes and their AFs in a spectral image.
Moreover, we investigate the use of cutting-edge neural text-to-speech (TTS)
technology to generate a new corpus of high-quality speech from predefined text
that has the most common substitution errors among Arabic learners. The pro-
posed model and its various enhanced versions achieved excellent results. We
compared the performance of the different proposed models with the state-of-the-
art end-to-end technique of MDD, and our system had a better performance. In
addition, we proposed using fusion between the proposed model and the end-to-
end model and obtained a better performance. Our best model achieved a 3.83%




Conferences:

phoneme error rate (PER) in the phoneme recognition task, a 70.53% F1-score in
the MDD task, and a detection error rate (DER) of 2.6% for the AF detection task.

1- Al Hindi, Afnan, Mansour Alsulaiman, Ghulam Muhammad, and Saad Al-Kahtani. "Automatic pronuncia-
tion error detection of nonnative Arabic Speech." In 2014 IEEE/ACS 11th International Conference on
Computer Systems and Applications (AICCSA), pp. 190-197. IEEE, 2014.

Abstract: Computer assisted language learning (CALL) and, more specifically, computer assisted
pronunciation training (CAPT) have received considerable attention in recent years. CAPT allows
continuous feedback to the learner without requiring the sole attention of the teacher; it facilitates
self study and encourages interactive use of the language in preference to rote learning. One of the
important processes in CAPT system is error detection, which locates the errors in the utterance.
Although Arabic is currently one of the most widely spoken languages in the world, there has been
relatively little research about detection of the pronunciation error by nonnative speakers com-
pared to the other languages. This research is concerned with detecting pronunciation errors of
nonnative Arabic speakers from Pakistan and India. All the sounds in this study were taken from
King Saud University (KSU) Arabic Speech Database. By analyzing the speech of the Pakistani
and Indian speakers in KSU database we found that five phonemes were often mispronounced by
nonnative speakers, hence this research will concentrate on pronunciation errors in these five pho-
nemes. The system was built with native and nonnative speakers, and tested with nonnative only.
For each phoneme, the Goodness of Pronunciation (GOP) was calculated and compared with a
threshold to decide if the phoneme was pronounced correctly or not. The result showed that GOP
gave high accuracy, where the scoring accuracy was very good to excellent from 87% to 100%,
and the false rejection was zero to less than 10%. This machine judgment is compared with human
judgment and the comparison shows excellent agreement between them.

2- Alsulaiman, Mansour, Zulfigar Ali, Ghulam Muhammad, Afnan Al Hindi, Taha Alfakih, Hussein Obeidat,
and Saad Al-Kahtani. "Pronunciation errors of non-Arab learners of Arabic language.” In 2014 Internation-
al Conference on Computer, Communications, and Control Technology (14CT), pp. 277-282. IEEE, 2014.

Abstract: Arabic is one of the most widely spoken languages in the world, but little attention has
been paid to detect pronunciation errors of non-Arabs from different nationalities. In this paper,
the speech of four nationalities of Asian non-Arabs speaking different mother languages is ana-
lyzed to identify their pronunciation errors while learning Arabic as a foreign language. Two hu-
man experts have evaluated the speech of all speakers for mispronunciation, and evaluation show
that the nature of errors is almost the same for all nationalities under investigation with the fact
that pharyngeal, alveodental, and interdental sounds are difficult to pronounce by learners of Ara-
bic. Some of the errors are due to sounds that are not present in mother languages or the learner is
unable to pronounce the phoneme correctly due to similar place of production or/and manner of
articulation. An interesting observation is that pronunciation errors of some learners are due to
switching pairs of phonemes.

3- Mansour Alsulaiman, Mohammed Algabri, Hassan Mathkour, Mohamed A. Bencherif, Ghulam Muham-
mad, Saad Al-Gahtani, Mohammed Faisal, Mohamed Amine Mekhtiche, “Development and Analysis of a
Versatile Dataset of Speech, Real and Synthesized of Arabic Learners,” 3rd International Conference on
Computing and Information Technology (ICCIT), 2023.

Abstract: Computer-Aided Pronunciation Training (CAPT) systems are gaining popularity recent-
ly due to the advancements in deep neural networks (DNN) and machine learning and the availa-
bility of databases of speech of language learners. Unfortunately, research in Arabic CAPT sys-
tems suffer from the lack of CAPT datasets compared to other languages. In this paper, we present
the details of and the ideas used in the development of a versatile dataset of speech, real and syn-




thesized, of Arabic Learners. To develop the dataset, we utilized an existing Arabic speech corpus,
King Saud University Speech Database (KSU-SD). KSU-SD's main application was a speaker
recognition system, but it was designed to be useful in other applications such as CAPT systems.
KSU-SD includes a large number of speakers from diverse nationalities (Saudis, Arabs, and Non-
Arabs). KSU-SD contains the recording of about 60 non-native speakers from more than 20 na-
tionalities, hence we selected it to build the non-native Arabic-CAPT corpus. The developed cor-
pus consists of transcribed, segmented, and annotated speech, which makes it suitable for building
Arabic CAPT systems. In addition to presenting the details of developing the dataset, we also pre-
sent an analysis of the text and speech errors of the dataset. The dataset was verified by many
CAPT systems.
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Researcher name: Mansour Alsulaiman
College: Computer and Information Sciences
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E-mail: msuliman@ksu.edu.sa

Dear Prof. Ahmed Alkhazim

We are submitting to you the final report of our project. The report is entitled technical report for second
year (final year) of the project Computer-Aided Pronunciation Training (CAPT) System for Non-native
Learners of the Arabic Language. The purpose of the report is to inform you of our work in the project.
The report presents the methods that we proposed, the results that we got and the research that we
published for the CAPT system. This report also present and discuss the databases that we developed for
speech of Non-Arabs. If you should have any questions concerning our project, please feel free to contact
Mansour Alsulaiman at 0503255927 or msuliman@ksu.edu.sa.

Sincerely,
Professor

Mansour Alsulaiman (PI)

Affiliation: College of Computer and Information Sciences, King Saud University.
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Abstract

Computer-Aided Pronunciation Training (CAPT) System for Non-native Learners of the Arabic
Language is an important topic for the Kingdom of Saudi Arabia (KSA), the site of the two holy
mosques. This CAPT project is a joint work between two institutes of King Saud University;
College of Computer and Information Sciences and the Arabic Linguistics Institute. Both teams
used their expertise in machine learning and Arabic Language to conduct research and develop
an effective CAPT system. The system can be used offline or online to help learners of Arabic

language correct their Arabic pronunciation.

This project has two main goals, one is to design and develop a comprehensive non-native
Arabic speech corpus to solve the lack in the non-native Arabic corpora. The second goal is to

design and develop an accurate and efficient Arabic CAPT system.

To achieve the first goal, we designed and developed the non-native Arabic speech database, and
called it KSU-CAPT-Non-Arabs database. The database was developed in two sessions. Firstly,
we designed the text for the first session and recorded the speech of 220 non-native Arabic
speakers. Based on our experience in recording session 1, we designed the text for session 2 and
recorded the speech of 230 non-native Arabic speakers. Then, the speech of the two sessions was
verified and cleaned from extra sounds then sent to experts in Arabic language to annotate it. The

experts annotated the speech of 60 speakers from each of the recorded two sessions.

To achieve the second goal, we proposed a new technique of using deep learning for detection
and recognition of phoneme and articulatory features (AF). In this proposed technique, we treat
the phonemes and AFs as objects in 3 channels spectral images of the speech. By this proposed
technique we were able to recognize the sequence of phoneme from the whole utterance of the
non-native Arabic speakers, and not only from words. We used the detected phonemes for
mispronunciation detection and diagnosis task and the detected AFs for feedback of error in
pronunciation. This achievement was published in a Q2 ISI journal. Then, we designed and built
a high performance Arabic CAPT system that can detect the error in pronunciation and detect the
corresponding AFs, not only in words but even in sentences. The proposed system obtained an
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excellent result compared with the state-of-the-art methods. This achievement was published in a
Q1 ISl journal. The investigation in the two papers used existing databases, because the project

database was still in development at the first stages of the project.

Next, we built a new CAPT system based on the first session of the labeled database and got
excellent results. We continued the investigation and developed the CAPT system based on the
second session of the database and also got excellent results.

Finally, to let users, test our system, we developed an interface for our Arabic CAPT system.
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Report Body

1. Introduction

Computer-Aided Pronunciation Training (CAPT) System for Non-native learners of the
Arabic Language is an important topic for the Kingdom of Saudi Arabia, as the Kingdom is
taking charge of spreading knowledge about Islam and helping Muslims learn Arabic the
language of the Quran. In this context, we have been working on this CAPT project which is a
joint work between two institutes of King Saud University; the College of Computer and
Information Sciences team (CCIS-T) and the Arabic Linguistics Institute team (ALI-T). Both
teams used their respective expertise in Machine Learning and Arabic Language to conduct
research and develop an automatic solution that can detect errors of pronunciation and detect the
location of the error, its type and give a feedback to correct the pronunciation. Output of the
project is a pilot CAPT system that can be used in offline or online ways, that can help learners

of Arabic language, all over the world, correct their Arabic pronunciation.

Building an Arabic CAPT system requires a Non-Native Arabic Speech database that
contains diverse speech and pronunciation errors. Hence this was the first objective of the
project. In the proposal we aimed to record two sessions of speech of Arabic learners. The
recorded database should stress on pronunciation errors, and have enough speakers with detailed
phoneme annotations. ALI-T team had years of expertise in teaching the Arabic language for
Non-Arabs, and conducted many research studies to enforce this expertise. Based on this
expertise they were able to propose a methodology to construct the texts most suitable for the
project, which took a considerable time and efforts. They proposed a text based on this
methodology. The text went into many refinements from the whole project team until a set of 25
long sentences and some 61 very special pairs of words were finally selected. After recording
and developing session 1 and based on the experience in the development and analysis of session
1, ALI-T refined and enhanced the methodology then selected new text for recording in session
2. The new text contains Arabic words only rather than sentences or paragraphs as was the case

in session 1.

Due to the COVID restrictions the recording could not be done in a controlled face to
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face set up, and instead the recording was done using an app on a mobile. Details of the database

and building it are presented in section 3.

We conducted detailed search in the literature for CAPT systems in general and CAPT
for Arabic language in particular. This was the second objective of the project. Details of this
search are presented in section 4. From the search we found that some researchers were using
long established techniques such as hidden Markov models (HMM), while other researchers
were investigating using deep neural networks. We proposed a new technique based on deep
neural networks for recognizing phonemes and AFs and built a CAPT system using the proposed
technique, hence we accomplished third objective of the project. The proposed method treated
phonemes and AFs as objects in 3 channels spectral images of the speech. We published a paper
on the proposed new technique. We investigated new improved models of this new technique
with one network recognizing the phonemes and AFs in and MDD system and got excellent
results that are comparable or better than state-of-the-art published research. We published our
second paper with these findings and accomplishments. Details of these CAPT and MDD

systems and their results are presented in sections 5 and 6, respectively.
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2. Objectives

As we briefly presented in the introduction, the project has three technical objectives,

namely:

% building a database of speech of Arabic learners

% conducting a literature review of CAPT systems in general and Arabic CAPT in
particular

% Building a CAPT system using the developed speech database.

Building the database and conducting the literature review are two necessary steps in order to

accomplish the main objective of the project which is building the CAPT system. In addition to

these technical objectives, the project has two objectives namely: establishment of a

multidisciplinary research group through the collaboration of the CCIS-team and the ALI-team,

and dissemination of the results and conclusions at journals and conferences. In the following we

will briefly present our accomplishments in each of these objectives.

2.1.  Building the database

To build the database we had do design a text best suitable for building a CAPT system. The
text had to include the main or majority of pronunciation errors by Arabic learners and at the
same time should be of reasonable length in order to be easily pronounced and easily recorded by
non-Arabic speaking volunteers. In the initial proposal, we were hoping to conduct the recording
in face to face controlled sessions. Unfortunately, Covid-19 restrictions did not allow this and we
had to do the recording using a mobile app that we developed for the project. This has
advantages and disadvantages as will be presented in section 3.2. Detail of the recording steps,
protocols, cleaning, speech labeling are presented in sections 3.2 and 3.3.

2.2. Literature Review
We conducted a comprehensive review. This review is presented in section 4. From the
review we were able to propose a new technique that used object detection techniques to

recognize the phonemes and AF and hence build an effective CAPT system.
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2.3. Building the CAPT system

The recording and labeling of the developed database took long time, hence we initially used
part of KSU database that is owned by the CCIS-team to build the AFs detection module of the
CAPT system and got excellent results that we published in an ISI paper. The proposed method
and the results of the investigation are presented in section 5. Next, we investigated other
improved models of the proposed technique to build an MDD system that recognize phoneme
and detect AFs in one model and got excellent results that we published in another ISI paper. The
proposed method and the results of the investigation are presented in section 6. The proposed
technique and the improved models were used to build a CAPT system using the recording of
session 1 of the project database. The performance of the system was evaluated and compared to
human judges and gave excellent results. We used the model based on session 1 as the pre-
training model to build a CAPT system based on session 2. The performance of the second
CAPT system was evaluated and compared to human judges and gave excellent results. The
results and analysis of the performance of the first and second CAPT systems will be presented
in section 6. Finally, we designed a user interface application that allows the non-native speakers

to use the developed system in real time.

2.4. Establishment of a multidisciplinary research group through the
collaboration of the CCIS-team and the AL I-team Institute

The CCIS-team and ALI —team worked together and established a CAPT research group that

have accomplished: Literature review of Arabic CAPT in the Arabic literature and CAPT and

Arabic CAPT in the English literature, designed a text for research on CAPT, recorded speech of

Arabic learners, annotate the speech and analyze the errors, and published papers on novel

methods for building a CAPT system.

2.5. Dissemination of the results and conclusions at conferences and in journals

We published two ISI papers on novel methods for building a CAPT system. We have a
paper accepted at an IEEE conference on describing the KSU-CAPT database. And, we are
finalizing a new paper on describing the two sessions of the developed speech database. We are
also working in a paper describing the results of the developed CAPT system using sessions 1
and 2.
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3. Literature review of CAPT systems

3.1. Arabic CAPT in Arabic literature
(Done in Arabic by ALI-team from the Arabic literature)
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3.2. Arabic CAPT

Several Arabic pronunciation systems that were developed with a limited vocabulary and
a small number of speakers are available in the literature. No database is available for Arabic
CAPT systems containing words or daily conversation, except those recorded using Quranic
verses in [1] and [2]. In [3], a CAPT system was developed for the Arabic language, where the
system detects mispronunciation and assesses the pronunciation quality of learners. The ASR-
based system contains forced alignment, scoring, normalization of scoring, and quantitative
measurement phases. Six speakers of both genders recorded the speech database of three isolated
Arabic words. One of the speakers with good pronunciation was used as a reference model, and
the remaining five speakers were considered for the evaluation of the system. The reference
models for the native speaker were generated by a 19-phoneme HMM. Each phoneme model
contained three states and eight Gaussians per state. Thirteen MFCCs, including log energy, were
extracted from each frame, and the first- and second-order derivatives of the MFCCs were
calculated. Four different measurements, GLL, LLL, ROS, and ROA, were used to evaluate the
quality of the phoneme-level pronunciation. A higher measurement score indicated that the
quality of pronunciation was good. The GLL score provided 86.66% accuracy in the detection of
mispronunciation, which is better than the accuracy of other measures. To determine the value of
GLL for a larger corpus, four additional speakers with good pronunciation were added to the
database. For the correct acceptance rate, LLL metric results were better than the results of other

systems.

Dahan et al. designed, implemented, and evaluated an Arabic speech pronunciation
scoring system in [4] for the training of Malaysian teachers of Arabic. The ASR-based system
provided feedback on the pronunciation of an L2 learner of Arabic and detected
mispronunciation errors. The system extracted features from a signal and fed them to the pattern

recognizer. The extracted feature was the MFCC, and HMM was used as the pattern recognizer.

A computer aided language learning (CALL) system capable of providing feedback to L2
students to improve their pronunciation and evaluate learning levels was developed in [5]. The
system was based on a new robust speech recognition method that was proposed in the study and
implemented using Sphinx3. The method used a three-state HMM with eight Gaussians per state

and 13 MFCCs with their first and second derivatives. The method provided output in a form of
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phonetic structure that distinguishes the proposed CALL system from other works, as presented

in [6], which suppose that learner's speech is already labeled.

In [7], a system to detect mispronunciation in Quranic recitation was implemented by
Abdo et al. The system was divided into five parts: (1) segmented features were extracted by a
primary feature extractor from the input speech; (2) the boundaries of the targeted segments were
determined by a segment analyzer; (3) references for the correct pronunciation and errors were
fed to the system through an acoustical database; (4) after the detection of the segment,
discriminative features were extracted by a secondary features extractor; and (5) the distance
between the test segment and the database was evaluated by a verification module. The accuracy
for segmentation detection was 73%, and verification of the samples yielded a 100% accuracy.
MFCC performed well as a discriminative feature and provided 95% accuracy, among other
features, such as a zero crossing rate, formants, energy, local maxima of spectra, log area ratio,
and linear prediction coefficients [8]], [9], and [10].

Deep learning based method for pronunciation error detection for non-native Arabic
speakers was proposed in [11]. The authors used a non-native Arabic database, which consisted
of recording of 400 Pakistani speakers. Pronunciation error detection for non-native Arabic
speakers at word level was proposed in [12]. The authors used recording of Pakistani speakers
who were learning Arabic language. Deep CNN features and transfer learning parading were

investigated.

3.3.  Speech features for CAPT.
3.3.1. Speech features for CAPT.

Before deep learning era, hand-crafted features were playing an important role in
designing the recognition systems. For example, in speech recognition systems, many features
had been investigated in literature, such as MFCC, which is one of the most famous features,
Linear Predictive Coding (LPC), LPCC, PLP, RASTA-PLP, etc. More information of these
features and others can be found in [13][14]. W.ith the huge improvement of deep learning
technique and computation power, researchers proposed to feed the raw audio to deep learning
networks in order to recognize the words/phonemes, such as in [15], [16]. On the other hand, a
lot of researchers proposed to convert the audio signal to image representation such as 2 channels

spectrogram / 3 channels spectrogram , and dealt with it using image based deep learning
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techniques, such as in [17], [18]. As will be shown latter in section 5, we investigated using

deep learning techniques with 3 channels spectral images.

3.3.2. Feature reduction for CAPT (e.g., LDA, PCA)

As a middle step between feature extraction and classification steps, feature reduction
techniques were used to select the discriminative features in order to optimize the recognition
accuracy. In [19], authors used linear discriminative analysis (LDA) to reduce the MFCC
dimension for speech recognition system. Authors in [20] proposed using principle component
analysis (PCA) as a dimension reduction technique, with MFCC, as a feature extraction
technique, to improve the recognition of Indonesian speech system. Details of feature reduction
techniques can be found in this survey [21]. As will be shown latter in section 5, we
investigated using deep learning techniques and hence did not need to use feature reduction

techniques because the network structure takes care of this.
3.4. Classification methods for CAPT

A study of the speaker-independent speech recognition of non-native speakers was
conducted by Alotaibi in [22]. An Arabic database from the LDC (language data consortium)
was used to observe the effect of a large vocabulary for MSA (modern speech recognition). The
database contained speech from 75 native speakers and 35 non-native speakers. The purpose of
the study was to determine the phoneme-level differences between native and non-native
speakers as well as which type of phonemes contributed to recognition among native and non-
native speakers. An HMM-based system provided good results when used by non-native
speakers in the training and evaluation phases, and female non-native speakers produced better

results than male non-native speakers.

An automatic dialect identification system was developed in Trigui et al. [23] using
GMM [24]. Nine different dialect regions (Algeria, Iraq, Morocco, Syria, Gulf countries,
Tunisia, Yemen, and Lebanon) were considered in this study. Dialect varies from region to

region, with gradual transitions rather than clear boundaries between them.

Another study was conducted by Trigui et al. [25] to classify the Arabic accent of non-
native speakers based on a statistical HMM method. The database was recorded by male and
female Arabic learners from different countries who spoke different native languages. English,

German, and French accents were considered in the study. The system was divided into four
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components: data collection, language model construction, acoustic-phonetic decoding, and
confusion. The recognition rates were 56% for French accents, 57% for English accents, and
69% for German accents. Speech recognition is an important part of CALL systems. Speaker-
independent speech recognition systems can be affected by several factors, such as accent and

gender. Many studies have attempted to normalize the regional accents of speakers [26].

An ASR-based CAPT system for L2 learning was implemented in [27] by using prosodic
information and the hidden Markov model. For this system, the target language was Indonesian,
and the native languages of the learners were Japanese, Peruvian, and Vietnamese. Six graduate
students of both genders recorded eighteen target words with all Indonesian phonemes. The
pronunciation errors made by the learners depended on their native and target languages. Seven
types of pronunciation errors were identified in the study for the Indonesian language learners
and were considered during the system development.

End-to-End (E2E) systems based deep learning techniques have obtained promising
results in an automatic speech recognition systems, such as: Deep speech [28], Deep speech 2
[29], wav2letter [30], EESEN [31] and end-to-end attention model [32]. Likewise, E2E
pronunciation error detection for CAPT systems have been proposed in the last few years and
outperform the convention methods. Authors in [33] proposed E2E mispronunciation detection
system based on CTC-Attention model. Another E2E system based on CTC-Attention model, for
mandarin annotated spoken corpus, were proposed in [34]. Authors in [35] proposed E2E
mispronunciation detection and diagnosis system for non-native English speakers. They used
TIMIT corpus for native speech and L2-ARCTIC corpus for non-native speech. In our work we
also using deep neural to make E2E system but in a new novel technique where we treat the

phonemes or the AFs as objects in 3 channels spectral images.
3.5.  Scoring in CAPT

ASR-based pronunciation training systems using different speech features and scoring
measurement techniques have been developed for pronunciation training in other languages, such
as Dutch, Mandarin, and Indonesian. A system to detect errors among Dutch language learners
was developed by Doremalen et al. in [36]. Eleven different short and long vowels that are
commonly mispronounced by Dutch learners were highlighted in this study. The experiments
were conducted using the Spoken Dutch Corpus (CGN). This database contains nine million
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words and many speakers belonging to different age, sex, and regional groups [37].

An ASR-based system was implemented in [38] by extracting various phonetic features:
the mean pitch and intensity of the segment, and three formants with F2 — F1 calculated at three
different locations of the sample. To reduce the variability of the measured parameters between
speakers, normalization was performed using Lobanov’s Z-score. After normalization, the
normalized features are called spectral. In addition to the eight duration features, a zero-
coefficient plus twelve MFCCs with their first- and second-order temporal derivatives were
measured. The SVM with linear kernel was used for the classification, and the results were
provided using different performance parameters, such as EER (equal error rate) and a 95%
confidence interval. To obtain the baseline results, segment- and state-based confidence
measures (CM) were calculated, and HMM models were trained by SPRAAK for phone
alignment. The best EER of 15% was obtained with MFCC, and a result of 12.3% was achieved
when MFCC was used with CM and duration features. The MFCC approach yielded better

performance than the phonetic features, CM, and the duration features.

In the study [39] by Troung, acoustic-phonetic-based classifiers were developed by
implementing linear discriminant analysis [40] and decision trees [41] to discriminate between
the correct sounds of native speakers and the incorrect sounds of non-native speakers. The
classifiers were designed to detect mispronunciation errors of three phonemes, /a/, /Y/, and /X/,
which are frequently made by L2 learners of Dutch. A CAPT system using a confidence measure
score, as presented in [42] , to predict pronunciation errors did not have a high correlation
between the human score and the machine-calculated score, perhaps because of the use of the
same type of features for all sounds without considering acoustic characteristics. Therefore, each
classifier was developed for specific errors by analyzing the acoustic differences of each sound
in [39]. Moreover, gender-dependent models were used in the classifiers to optimize the
performance of the developed pronunciation error detection system. Two experiments were
conducted with 20 native Dutch speakers and 60 non-native speakers for both classifiers. In the
first type of experiment, the classifiers were tested and trained in two ways: training and testing
by native speakers and training and testing by non-native speakers. In the second type of
experiment, the classifiers were trained by native speakers and tested by non-native
speakers. The accuracy of the experiments for the decision tree and LDA ranged from 75% to
91.7% and from 87% to 95%, respectively.
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An automatic pronunciation error detection system for L2 learners of Mandarin was
proposed by Xu et al. in [43]. Prior linguistic information was used to improve the performance
of the developed CALL system. Methods based on LPP (log posterior probability) and RLPP
(revised log-posterior probability) were implemented. The second method used linguistic
knowledge, whereas the first did not. The results show that the performance of the method using
linguistic knowledge was better than the other method. In another approach, RLPP was used to
construct the restricted pronunciation space (RPS) for each phone to observe its pronunciation
variation. A database containing 1,585 words pronounced by non-native Mandarin speakers was
used to evaluate the system performance, and training was performed by native Mandarin
speakers. The accuracy for the detection of pronunciation errors showed that the RPS-based
system produced the best performance. Another CAPT system for the Mandarin language was
proposed by Liang et al. [44]. The system was divided into two tasks: sentence verification and
syllable identification. For sentence verification, acoustic models for the tri-phone, garbage
model, pronunciation manner cluster (PMC), and anti-PMC were developed by using
HMM. Forty-eight MFCCs with four energy coefficients were extracted from the Formosa
Speech Database (ForSDAT) [45] to train the models. Five sentences containing all Mandarin
phonemes were recorded for the testing of the system. Syllables were divided into two categories
(out-of-task and confusion), and 160 sentences were developed by combining them. The
sentence verification task obtained the highest F-measure [46] with the tri-phone vs. anti-PCM
acoustic model, at 91%. The output of this model was fed to the syllable identification task. To
extend the pronunciation lexicon, pronunciation variation rules were used. The best F-measure

for syllable identification was 77.2%.

3.6. Databases for CAPT

Several databases were used in the literature for CAPT system. Some of them are
publicly available and some of them are private. Table 1 shows a summary of some CAPT
corpora for Arabic and non-Arabic languages.
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Table 1: CAPT Databases’ Survey.

Database Name Year Language No. of Total duration Recording
recorded (hours) environment
speakers

L2-ARCTIC [47] 2017 English 24 11.2 quiet room
CU-CHLOE Corpus 2015 English from native 211 sound-
[48] speakers of Chinese dampened
that learn English room
iCALL Corpus [49] 2016 Mandarin 305 142 quiet office
rooms,
CSLU [50] 2005 and 2007 English 90 30 digital
update telephone
lines
West Point Arabic 2002 Arabic 110 11.42
Speech [51]
The CrossTowns 2006 German, English, 161 16 noise-
Corpus [52] French, Italian, controlled
Netherlands cabin and
small room
Speech accent archive 2016 English 646 N/A Online
[53]
IDEA. The 1998 -2020 English N/A 170 Online

International Dialects
of English Archive
[54]
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4. Development of the databases of Non-Arabs speech

Building an Arabic CAPT system requires an Arabic Speech database that contains
diverse speech and pronunciation errors. At the beginning of the project, no database for Arabic
L2 speakers with emphasis on pronunciation errors, and enough speakers with detailed phoneme
annotations, was available. Hence, we opted as per the proposal objectives to record a new
speech dataset, having in mind the quality of the text selection and the coverage of most errors
that L2 Arabic speakers might make. ALI-T proposed the text for recording and had many
meetings and discussions with CCIS-T, until a set of 25 long length sentences and some 61 very
special pairs of words were finally selected for session 1. For the text of session 2 a new
methodology for text selection was proposed by the ALI-T that utilized new ideas and our
experience in session 1. Session 2 contains about of 582 words. Details of text selection,
database specifications, the recording system, registration of the speakers, speech recording are
presented in sections 4.2 and 4.3. Details of speech annotation and error analysis will also be
presented in sections 4.2 and 4.3. We called these databases KSU-CAPT Non-Arabs Database-
Session 1 and KSU-CAPT Non-Arabs Database-Session 2.

We anticipated that the process of building a new speech database for CAPT applications,
which is one of the main objectives of this project takes a long time, hence we started our
investigation in the project by using part of the KSU speech database. KSU speech database was
not developed for CAPT applications and contains the speech of 60 non-native speakers from
different nationalities, hence we had to adapt the selected part of the KSU speech database to
fulfill the requirement of a database for CAPT applications, and we named it Arabic-CAPT. To
have enough speech to train the CAPT models, we used Arabic-CAPT to generate a new
database of synthesized speech, and we named it Arabic-CAPT-S (‘S’ stands for synthesized).
Details of building the Arabic-CAPT and Arabic-CAPT-S databases are presented in this section.

4.1. Arabic-CAPT and Arabic-CAPT-S

We selected the KSU Speech database to build the Arabic-CAPT for the following reasons:
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« The database was developed for Arabic speaker recognition as a main target, but it was
also designed to be useful for other applications, mainly speech recognition and speech
processing of non-native Arabic speech.

» The corpus was recorded over three different sessions in three different environments and
using four different channels.

« The corpus consisted of recording male and female speakers, where the male speakers in-

cluded Saudi, Arab, and non-Arab speakers.

o The corpus has speakers from 20 nationalities from Asia, Africa and Europe.

4.1.1. Text selection and audio transcript
Each speaker in KSU speech database uttered 16 lists, most of them are common among all speakers and

some are distinct. To develop the Arabic-CAPT database, we used only the common lists whose text is
presented in Table 2. The KSU speech database provides audio recordings and the associated text
(canonical). Native Arabic experts transcribed the audio as pronounced by speakers. Table 3 shows an

example of the transcription of the speech of two sentences containing errors in pronunciation.

TABLE 2: THE CANONICAL TEXT OF THE SELECTED LISTS.

List Name Canonical Text
Numbers 0 1laE A L 1S el A6 (L) 2015 50
Fixed_Sentences ) i3 Al BRI Caghiall 2le L duall 3 ylBN ) E53La 150

Gy s i 53T 15,5 Rlef Al ([,80 g)51 Y o (&L 2512

Common_words_1 o

Simaze 3FADELE &) Mgy bl (iasE (h (a 1is Lk ramio T8
Common_words_2 L

il

B8 b3 s e UK e 21351 403 gl 1 Uy 25 30
asidall ST 58 gagd § pblass « Uliags il 53 liad gl 115ede
Paragraph_1 ENFINERSY PN 5 ezl § oilias 3550 § oilia a3

sz 5315 5035 wte wldlall 15hezs

o g e Bl ¢ 0 34T 0 (il (akh 134 (odad b kb aked
Phonetic Distinctive Words e e
i (et 4k & hal Bk ko

Common List 1 Ggpal 3lb a 1500 (KO8 L Gl € il (Bl cuddl3lly
SEVGA e SlE (18 s « pERE Bits « B 53501 s ¢ ity
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dalls oy Ll sl 241

TABLE 3: EXAMPLES OF AUDIO TRANSCRIPT FROM THE LIST “COMMON_LIST 1”” OF NON-NATIVE SPEAKER “NS239”.

Canonical text iyl a8 gl

Real transcript iyl G oS3l
Canonical text NEHENELFSY]

Real transcript NEPYELFENE T

4.1.2. Sentence Segmentation
In this phase, we want to segment the long recorded audio files into small files for easier processing. To

accomplish this, we segmented the selected lists into short sentences automatically, by the Aeneas
segmentation tool [55]. The input of the Aeneas tool is an audio file and the corresponding text segmented
into sentences manually, where each sentence is written in a separate line. The output of the Aeneas tool
is a textgrid file for each list consisting of the start and end times of each sentence of this list, as shown in
Error! Reference source not found.. Next, an Arabic expert manually corrected the output of Aeneas
using Praat software, as shown in Error! Reference source not found.. We used the final time

boundaries to generate the audio file of each sentence and the corresponding transcript.

The previous steps were performed for the selected utterances of all 266 male speakers
(native and non-native) in session 1 from the KSU speech database. For speech annotation, we
focused only on the speech of non-native Arabic speakers, which included 60 speakers from 20
different nationalities. Error! Reference source not found. shows the nationalities and the
number of speakers from each nationality. We anticipate from the diversity of the speakers’
nationalities that the produced corpus will significantly contribute to the research community in
the Arabic-CAPT systems.

4.1.3. Word and phoneme level Segmentation
This is the last step before the annotation process, where we segment each utterance into words

and phonemes. For this task, we used the Montreal Forced Aligner (MFA) version 1.0.0 [56].

4.1.4. Annotation
First, three native Arabic experts annotated the utterances. Then, we used an edit distance

algorithm to align the canonical words and the annotator’s words, and from the output of
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alignment we identified the types of error of each phoneme. Finally, to combine the results of the
three annotators we took majority voting. If all annotators differed in their judgment, we took the
annotation of the most experienced annotator. The total percentage of the mismatch between all
annotators was 5.82% from the total number of mispronounced phonemes, which was 3006
phonemes. The mismatch was 104, 15, and 56 for substitution, deletion, and insertion errors,
respectively. We noticed that the highest mismatch between the annotators was in substitution
errors, which can be attributed to the fact that usually the original phoneme and the substituted
phoneme were very near and hard to distinguish. We followed the annotation scheme of L2-
ARCTIC [47] and annotated the substitution, insertion, and deletion errors in the following
forms: (canonical phoneme, substituted phoneme, S), (@, inserted phoneme, 1), and (deleted

phoneme, @, D), respectively.

Due to the lack of non-native Arabic corpora, in general, and the low number of
pronunciation errors in our Arabic-CAPT corpus, we generated synthesized non-native Arabic
speech. We trained the recent neural text-to-speech (TTS), FastSpeech2 [57], to produce high-
quality non-native Arabic speech that contains some predefined substitution errors. We selected
the FastSpeech2 model because it is state-of-the-art, fast, and supports multi-speaker embedding,
so we could generate a synthesized speech using the style of all non-native speakers of our
Arabic-CAPT corpus. Because the size of the Arabic-CAPT corpus is not efficient in training
FastSpeech2 from scratch, we pre-trained FastSpeech2 using an Arabic native corpus. We
selected 5 h of recording of Saudi speakers from the KSU speech database to train FastSpeech?2.
Then, we fine-tuned the model using the Arabic-CAPT corpus. Finally, we modified the
canonical text of the Arabic-CAPT corpus by embedding it with the most common pronunciation
errors of non-native Arabic speakers to produce text with substitution errors. Note that we
focused on embedding substitution errors in the synthesized corpus because they are common
errors in learning Arabic. Then, the generated text was fed to the trained TTS to generate high-
quality synthesized speech. Finally, we used the generated transcript and synthesized audio as
input to MFA to segment the synthesized Arabic-CAPT-S corpus at the word and phoneme
levels. Error! Reference source not found. shows the three steps of developing the Arabic-
CAPT-S corpus.
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4.1.5. Qualitative evaluation of the synthesized spectrograms
We present in this section examples of spectrograms of the synthesized speech and

spectrograms of the original corresponding speech. Error! Reference source not found. shows
the spectrograms of the real and synthesized speech for the Arabic text “Cil 3 Ua .4 using the
style of speaker NS251, from Senegal, and the Arabic text “Iil Y & using the style of
speaker NS218, from Nepal. By qualitative evaluation of the real and synthesized spectrograms
in Error! Reference source not found., we notice the high similarity between them, which
indicates the high quality of the synthesized speech in the developed Arabic-CAPT-S.

4.1.6. Analysis of Pronunciation errors in Arabic-CAPT and Arabic-CAPT-S
Table 4 shows statistics of Arabic-CAPT and Arabic-CAPT-S. It shows the total number of

phonemes, not including silence, and the total number of errors for the Arabic-CAPT and
Arabic-CAPT-S. For the Arabic-CAPT, we show the number of each of the three types of error,
while Arabic-CAPT-S has only substitution errors. We noticed that the number of pronunciation
errors in the Arabic-CAPT corpus was 2899, which represented 5.1% of the total number of
phonemes in the corpus, where substitution and insertion errors were more frequent than deletion
errors. The number of substitution errors in the synthesized Arabic-CAPT-S corpus was 17,422,
which represents 6.4% of the total number of phonemes, near the percentage of errors in the
Arabic-CAPT. In terms of duration in hours, we can see from Table 4 that the Arabic-CAPT-S
consisted of 7.11 recording hours and the Arabic-CAPT consisted of only 2.36 h. We expect that
training the proposed system using real and synthesized corpora will make it more generalized
and able to detect the most common pronunciation errors of non-native Arabic learners,

especially for the most important type of pronunciation error, which is the substitution error.

Table 4: Statistics of Arabic-CAPT and Arabic-CAPT-S.

Arabic-CAPT Arabic-CAPT-S
Type of data Real Synthetic
Speakers 62 62
Utterances 1611 7254
Recording hours 2.36 7.11
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Correct phonemes 54,171 255,502
Substitution Errors # 1080 17,422
% 2 6.4
Insertions Errors # 1139 -
% 2.1 -
Deletion Errors # 690 -
% 13 -
Total Errors # 2899 17,422
% 5.1 6.4

4.2. KSU-CAPT Non-Arabs Database-Session 1

4.2.1. Selection of text for recording of the speech corpus
A main issue in CAPT systems is to select the optimal words and sentences that can cover
the majority of errors in learning the pronunciation of L2. The selected texts must contain very
specific phonemes that are difficult to pronounce by the speakers, and useful in improving the
pronunciation. The text should have the following characteristics:

e Varied text containing rich diversity of phones and di-phones.
e Optimal number of sentences/words that can be pronounced by L2 Arabic learners in a
minimal amount of time.
ALI-T team is well qualified for this task, as they have years of expertise in teaching the Arabic
language for Non-Arabs, and conducted many research studies to enforce this expertise. Based
on this expertise they were able to advice for a methodology to construct the text most suitable
for the project, which took a considerable time and efforts. The proposed methodology is as

below.
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Methodology for the CAPT text selection
The selection of the CAPT sentences were subject to many conditions as follows:

a) Sounds
- Many repetitions of the same sound or phoneme are preferable.

- Appearance of the sound at the start, middle and end of the word.

b) Words
— Common: Common words are preferred over specific words.
- Diversity: words used in diverse Arabic countries are preferred.
- Affinity: Usual and daily words are preferred.

- Inclusion: Words used in many domains are preferred over words used in

specific domains.
- Importance: words needed by the learner are preferred.

- Purity: Original Arabic words are preferred over Arabized Arabic words.

c) Sentences of the text
- Sentences must be meaningful.
- Must have Arabic cultural aspect
- Must be valuable.
- Short sentences are preferred, to avoid boringness.
- Must be consistent and clear.

— Must be in accordance to and respect the Kingdom's beliefs and constants.

The selection of the CAPT text passed by two main steps. The first step, contributed by
ALI-T experts, consisted of applying the above methodology and suggesting sentences and
specific words that contain phonemes that learners of Arabic have problems in pronouncing
correctly, in addition to simple phonemes that can be found in other languages, such as ‘m’, 'n’,

...etc. The second step, conducted by the project team, was refining the text to the mobile app
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and testing it. This second step passed by 4 stages, the first three stages were completed before

starting the audio recording.

All the selected CAPT-texts were tested and adjusted over five main criteria:

Reasonable time to read all the content.

Complexity of the content, phoneme positions and length of words.

Richness of the phonemic content in every sentence.

Dual phones words must contain minimal pair diversity in phoneme pronunciations.

It is well known that the more the sentences become long, the more the speaker starts
damping his voice and is prone to more reading latency and stuttering, not in accordance

to what the CAPT system aims to correct.

Both CCIS and ALI teams checked all the sentences and agreed to select an optimal

number of 16 sentences with a minimum length of 21 words and a maximum length of 42 words.

In addition, they selected a set of 61 minimal dual phones pairs, to target the phoneme dualities

that can lead to pronunciation errors, these dual words differ by some phonemes but have a

similar structure. Arabic experts from the ALI-T team stressed on the fact that these short and

long dual phonetic words are very important in assessing and evaluating Non-Arabs

pronunciations.

Samples of two meaningful sentences and eight minimal dual phones pairs are presented in Table

5 below.

Table 5, Sample sentences and dual phonetic words

Sentence 1 Cpdll Al jiladall 5 dlaldll Jue ¥ Llatal ?1 ) Yo A o

Ol & sty e yall 5 Chaliall (5 shand laly il ) (sl
A3l sa Sl )

Sentence 2 hgib &0l G A Wi § ot plaha e CSJLL’ de YL &Gl

Aankl) Gy ool L il s 2 ey b dacadl e 538

by (e il
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Pair of minimal dual Cale /A #x A/ e kk 1 e/ pnd
phone words 1

Pair of minimal dual e)i;ﬁ /g,jis,g ok (-;_};/(5_\5 kk o QK /0B %k* Ky /a8y ek dg/dé
phone words 2

The intended recording setup in the proposal was designed to record the students in the
Arabic Language Institute at King Saud University, in a controlled live session, face to face. If
during the recording sessions, the speaker feels tired or bored, a short pause can be made, and the
recording can continue after the pause session. Unfortunately, the COVID-19 restrictions
imposed that students cannot come to the university, and we had to move to online recording,
through a newly developed mobile app, that will be described later in the section. This online

recording had some benefits and some drawbacks, as illustrated in Table 6.

Table 6, Benefits and drawbacks of the online recording solution

Benefits Drawbacks

Any screen can be easily recorded again in a new time if Speaker recordings had to be checked after
any error is detected without the need to for the student to | each speaker completion. This induced extra
come back to the recording room (once the admin allows costs, for the listening and checking stage.

re-recording)

Number of students at ALI was much lower than the Recording solution must be compatible with

number at time of submission of the proposal. Online diverse screens and phones, which increased
recording allowed us to record students from the time for the testing and tuning of the

inside/outside of Riyadh. App.
Diversity of the students, as students are not from one Decrease of the total number of recorded
location or university. phonemes. (see Figure 1)

Long sentences have been shortened, so the speakers Additional explanations and discussions

could complete the recording in shorter time. were necessary to make the students

understand the installation and the use of the

recording solution.

Due to the mobile recording constraints, the CAPT selected sentences have been
additionally shortened, in order to fit into the screens of the students. Selecting the text in the app

pages went into four versions. Statistics of the four versions of the texts are shown in Table 7. A
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detailed comparison, of the first three versions of the CAPT-Texts for each selection phase, is
illustrated in Appendix A. Appendix B lists the text for version 4 (Mobile version) after further

simplification and shortening so the read texts can be audio-recorded easily in the Mobile App.

Table 7, Statistics of the CAPT-Text selections for session 1

Statistics V1 V2 V3 V4 (mobile)
Number of sentences 29 28 16 25
Total number of words (sentences) 1100 767 474 463
Maximum number of words / per sentence 72 41 16 27
Minimum number of words / per sentence 20 20 21 11
Pairs of Minimal Dual words. 113 113 113 61
Number of Screens: sentences 29 28 16 25
Number of screens: words 28 28 28 16

The numbers of phonemes, within the sentences and words of all the text selections
versions, are presented in Figure 1. The phoneme distribution remained almost the same
although we reduced the total number of phonemes to half from V1 to V3. V4 Mobile version is
a reduced version of the V3, to fit in the screens of the Mobile, where sentences were shortened,

and 61 important dual pairs were kept for recording.
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CAPT Phoneme Distribution

‘JMLLL.JJJ. Al

Phonemes

EVersionl M®Version2 ™ Version3 B Version4 Mobile

Figure 1, Phoneme distribution in the sentences and dual pairs of the various text selections

A comparative table of the phonemes of each version is detailed in Table 8.

Table 8, Comparative between the text selections of the various versions

Phoneme
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Number of Phoneme occurencesin each version
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h 61 45 32 28
oa 8l 59 46 45
oa a7 40 32 27
2 51 43 30 28
5 31 27 22 22
€ 227 160 103 92
B 27 24 19 19
a 167 119 69 67
3 107 84 64 51
& 105 85 64 56
J 588 417 270 254
. 365 260 171 154
u] 311 218 128 125
3 325 219 131 127
> 230 154 105 101
P 348 245 144 136
3 5 5 2 2
s 26 21 19 13
Total
Phonemes 5248 3832 2578 2369

4.2.2. Database Specifications

The recording step started by recruiting some sample speakers from the ALI institute,
from the fourth level, in order to test the recording time and the quality of the reading. From the
initial speakers’ samples when recording version 3 of the text, we noticed that the duration of the
recording varied between 40 and 45 minutes. The time was still long and we had to reduce the 16
long sentences (in version 3) to 25 short sentences (in version 4) with a maximum of 24 words
and a minimum of 11 words per sentence. This was also a good consideration to fulfill the
display constraint in reducing the displayed text on the phone screen, as mobile screens do not
allow very crowded text and buttons in a convivial application. Sample screens from the

Tahadath Mobile App are shown in section 4.2.3.

Once the mobile app was developed and sent to diverse students at different geographical
locations, we noticed that Non-Arabs had huge problems in reading texts without diacritics; we
then updated the texts with a full diacritization. Screen shots of all the texts in the mobile app are
presented in Appendix C.
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A sampling rate of 8 KHz was decided upon two considerations:

1. Speech recorded at high sampling rates is in general reduced to 16 kHz or 8 kHz, for
easiness of manipulation, and simplicity of use in training large models.

2. Recording from the microphone of the mobile phone allows only 8 kHz. Sample metadata

of the recordings are shown in Table 9.

Table 9, Sample Metadata of the CAPT recordings

Input #0, 'mp3": [J filetype

com.android.version: 10

Duration: 00:00:06.74, start: 0.000000, bitrate: 20 kb/s

Stream #0:0(eng): Audio: amr_nb (samr / 0x726D6173), 8000 Hz, mono, flt, 12 kb/s (default)




4.2.3. Establishment of the recording system

As already mentioned, we opted to develop a mobile app instead of a computerized
application. We had two options, either use unity to develop the app or android using Java. The
development of the recording app was subject to the known software lifecycle, presented in

Figure 2.

Figure 2, Lifecycle of the Tahadath Mobile app

q Development

q Maintenance

We have already developed similar applications while recording speech datasets for a
previous KACST funded project [58]. The requirements step was deeply discussed between the
members of the team, and the first orientation was the use of a computerized application, but due
to the medical restrictions against gathering of students in the institutes, due to COVID-19, we

opted to use a mobile app.

The first tentative app was developed by a specialized developer in unity, and has been
tested for diverse criteria of screen sizes, colors, etc. We noticed, on the long run, that unity did
not support Arabic writing in a very smooth manner, and the app developer had to load and deal
with images in the application instead of writing Arabic texts directly in the app. A screenshot of

the initial application is presented in Figure 3.
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Figure 3, Unity APP screenshot
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Unfortunately, with the numerous changes of the texts and fonts, we had to move to the

development of another application in Java Android. The Java application felt more convivial to

Arabic texts and font variations. The Java developer made diverse versions, as per the team

requests (design-develop-test). The latest version is the 1.0.10 (10" version), in addition to a

second similar application that was also developed for Arabs, as we wanted to split at the

database level, Arabs from Non-Arabs recording, for a better management and checking. Some

sample screens from the developed Android App “Tahadath” are presented in Table 10, a

complete listing is also detailed in Appendix C.

Table 10, Sample screens from the Tahadath Mobile App

d{lrlefre

A A Sl ael Glas e G el olss
la iy Cpalell
A LAY e Sy M Slel 5.
s
b esle 3
slaslally

3 g ALY Gma b

ar. BEs MU . AT
B I8 em s 2 08

Gl S ) g BT

el o 2k Bl o8 A8

Ll o gl iyl

a3 s 0¥ O b 51
.8 0 yduall

G Ul S
shat lﬂ, Gh

Byl I8 Iyt

B EEEA R 1 UL A

BaLdl Sl

> o
glazl iy S

)

B35t an 2531
el 35 olazin 30 2. 53
Oy S g:‘i\ Gyde a3l
¢ ;fm ,:u, R

A Fs JE o6 ks b 2355,

«~ -
Sl Sl
> |
glazul blay| Jeass

The backbone of the Android application is the Google firebase, and the application was

subject to very strict access, as speakers are invited by their WhatsApp number and the access to
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the application is subject to a fixed name and password, generated by our database manager.
Access can be done only when a recording flag is enabled. Once the speaker reads all the lists
and approves its recordings, the recording flag is disabled, and no more access to the database is
allowed to that speaker, unless it is reactivated by the admin for checking purposes or recording

repetitions. A screenshot of the Google Firebase management platform is shown in Figure 4.

Figure 4, cs2r firebase real-time database

CsER v

P — Realtime Database

Data Rules Backups Usage

<4, Prototype and test end-to-end with the Local Emulator Suite, now with Firebase Au
Authentication

G2 https://cs2r-97c¢92. firebaseio.com/

Hosting
cs2r-97c92
Functions

&3 Sentences
i

Machine Learning

sentenceFontlsBold: false

Release and monitor sentenceFontSize: 27

sentenceFontType: 4

l.. sentencelineSpacing: 12

Analytics -

R & abase
- abdalla

- abdi

€ abdou

€3 abdullahf

Upgrade

We can notice from Figure 4, that the control of the display font and size can be easily

controlled from a centralized part of the app, in addition to the possibilities to change the display
sizes at the mobile level.

Additional tests have been also made by the database team, in order to test the app in
different mobiles and different versions of android. Some problems appeared in fonts and

positions and were fixed as per the maintenance step of the software lifetime cycle.

4.2.4. Additional Improvements to the app
The app that has been developed is a one-way communication, i.e., the speaker records then
the recordings are checked. This leads to many problems in terms of quality and recording
durations, see Table 6, for benefits and drawbacks of the distant recording. When a speaker
records his voice, we had to wait until he finishes his recordings to start checking because
different students may be recording at the same time. Hence it was not possible to control every

speaker in real time, because each speaker can record at his pace when he feels himself ready.
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4.2.5. Speaker Registration
In the project proposal, we intended to record 200 Non-Arabs in the whole project. In

order to manage such huge number of students, we followed a sample work methodology, where

we start by a small number then increase to the target quota.

To ease the enrollment of the students who were mostly at distant locations, a google
form, as shown in Figure 5, has been established and sent to the volunteers directly or to a
coordinator from each institute who will send to students that he recruits at his institute. Each
student needed to fill all the required fields and send it back. Once the forms are collected, the

students are contacted by our team for further explanation of the recording steps or to answer any

question.

Figure 5, Screen shot of the Google form sent to the students for the CAPT enrollment
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In the following part, we will present some statistics of the enrolled students. These

statistics include number of students, country of origin, language spoken, level of education, etc.

Most of the 371 collected google forms were from the Level 3 and Level 2. After many
checking and controls for the validity of the pronunciation of the speakers, and testing their
aptitude to pronounce Arabic even with errors, but with a minimal fluency, only 220 students

had valid recordings, as shown in Table 11.

Table 11, Number of students that enrolled via the Google Form App

Google Form Completed Valid
Academic level Enrolled Students Recordings
LEVEL 1 30 13
LEVEL 2 107 82
LEVEL 3 143 77
LEVEL 4 90 48
370 220

In Figure 6, we present the distribution of the speakers of the 59 nationalities that
participated in the recording of session 1.

Figure 6, Statistics of the Nationalities of the CAPT speech recording at session 1
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Statistics of the number of completed recordings per university are presented in Figure 7.

Figure 7, CAPT Completed Recordings per University

Completed CAPT Recordings per University
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In Figure 8, we present the number of recorded Non-Arab students from 47 different L1.

Figure 8, Statistics of the L1 of the CAPT speech recording for the session 1 — Non-Arabs
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4.2.6. Database Recording

The enrolled students at session 1, were contacted via WhatsApp or by phone in order to
officially make them understand the scope of the recording procedure. Each student was
provided with a multimedia video tutorial, as a demo of the whole recording made by our
database manager, in addition to a manual in Arabic and English, explaining all the steps of
the use of the app. Each student received all the items listed in Table 12. A copy of the

manual, in both Arabic and English, that was sent to every enrolled speaker is available in

Appendix F.
Table 12, Credentials received from /sent to the enrolled speakers (students)
Item Destination

Student ID: Ahmed-05555555555 Received within the Google form

Username: ahmed1 Sent to the student

Password: 123 Sent to the student

Android Application: Apk format (through WhatsApp) Sent to the student

Manual: Tahadath-Manual.pdf Sent to the student

Video: App-Demo-Tutorial.avi Sent to the student

Use of the recorded speech: Consent screen in the app. Within the Mobile App

In the manual and video, we tried to be as clear as possible, in order to avoid any

inconvenience in the use of the app.

4.2.7. Recording Constraints

& Due to the coronavirus, the decrease in the number of students at the ALI institute
forced us to turn to the Islamic University of Al-Madinah, as they have more than
1500 students at their premises from more than 117 nationalities, and this helped
us a lot in selecting the quality /quantity required by the project.

& The reason for selecting most of the students from outside of Riyadh, is that ALI
student dropped from 300 students at the time of writing the proposal to 70
students at recording time and half of them were not physically present in Riyadh.
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& The response from students at Islamic University of Al-Madinah was good at the

beginning then stalled, so we recruited students from other universities in KSA

4.2.8. Additional Remarks

& A consent text was written in Arabic in the app, the student needed to approve by
clicking a check box, before staring the speech recording session.

& The recording of each speaker was accepted, when it has been double-checked,
and passed the quality control criteria defined by the team.

& The student received an honorarium against his participation to the CAPT
recordings.

& Many students from the level 1 could not read the texts completely, and were

discarded from the recordings.

4.2.9. Recording Arab Speakers

Recording of Arab speakers started after recording of Non-Arabs. The project team
tried hard to recruit Arab volunteers by personal invitation and by sending the request to
participate in many WhatsApp groups. The response was very slow, hence the number of
those who registered in the system database is 58 and among them 32 recorded their

speech.

4.2.10. Error detection and analysis by human experts

Before sending the recorded wave files to the human annotators for error annotation,
many steps of cleaning and checking have to be realized. These steps range from checking the
data consistency to extra sounds removal. This step is a mandatory pre-processing step, and will
be described in details throughout the next paragraphs.

4.2.11. Pre-processing of the recorded wave files
Two specific tasks have been assigned to two different per-processing teams that were
required to check the content and mention any errors in separate files, and never alter the original

wave files by any manner. Details of the tasks of team A & B are described in Table 13.
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Table 13, Details of the per-processing teams.

Number of
Team ID Task Details of Tasks Software
Checkers per team

Content checking: Check the content of each wave file at the _
) ] 2 Audio reader
A content conformity or consistency level.
Detailed content
- Check for any additional words or sounds
analysis: Mark ELAN
Additional words or that are not part of the CAPT content, 3
sounds using the ELAN software. (Marking software

temporally the outlier segments)

The first Team A, had a huge load of daily work, as they were checking each day all the
recorded speech and were giving quantitative reports of the correctness and quality of each
recorded content. The task was very tedious and took a lot of efforts and time. Detailed samples
of the daily reports of team A is presented in Table 14. Where “Pxx” means paragraph number
xx (one to three sentences grouped all together), and “SPWyy” means list yy of Sequence of

Pairs of Words in the text to be recorded, (each list contains 2 to three pairs of words).
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Table 14, Sample reports of the content checking

RECORDING COMMENTS
NAME DATE VERIFICATION
STATUS (Coding Used : Pxx : Paragraph xx, SPWyy : List of Sequence of Pairs of Words yy)
17/11/2020 COMPLETE Done SPW6, SPWB, SPW13, and SPW15 are not complete (2 words missed at the end of each record)
M 17/M11/2020 COMPLETE Done
17/11/2020 COMPLETE Done SPW6, SPWB, SPW13, and SPW15 are not complete (2 words missed at the end of each record)
a Lot of stutter & repetitions in P1,P2,P3,P4,P5P10,P17,P18,P23,P25 | SPW6, SPW8, SPW13, and SPW15 are not complete
17/11/2020 COMPLETE Done (2 words missed at the end of each record)
171172020 INCOMPLETE
S 17M11/2020 COMPLETE Done Small noise in SPW14
17/11/2020 COMPLETE Done Small noise in P7
k 17/11/2020 INCOMPLETE
SPW6,SPWE,SPWO,SPW10,SPW11,SPW12,SPW14,SPW1E | missed the last 2 words in
e 17/11/2020 COMPLETE Done SPWB,SPW8,5PW13,.5PW15
17/111/2020 INCOMPLETE
d 17/11/2020 COMPLETE Done
17/11/2020 INCOMPLETE
repetitions & noise in P1,P8:/ SPW6, SPWS. SPW13. and SPW15 are not complete (2 words missed at the end of
17/111/2020 COMPLETE Done each record)
17/11/2020 INCOMPLETE
N 17/11/2020 INCOMPLETE
17/11/2020 INCOMPLETE
repetition in P5| repetition & noise in P13,P14.P19 | noise in P20 | P24 missed the first word | SPW6, SPW8, SPW13, and
a 17/11/2020 COMPLETE Done SPW15 are not complete (2 words missed at the end of each record)
18/11/2020 INCOMPLETE
m 18/11/2020 INCOMPLETE
18/11/2020 COMPLETE Done P1, P4 wrong record | stutter & repetitions P7, P8,P19 P21,P23. P24
e 18/11/2020 INCOMPLETE
18/11/2020 INCOMPLETE
18/11/2020 INCOMPLETE
S 18/11/2020 INCOMPLETE

bad stutter & repetitions P2, P3,P4.P5 P6.P12,P13.P14,P15,P16,P168,P19 P22 P23 P24 P25 SPW1,SPW14 SPW15 |
stutter & repetitions & noise P7,P8 P9.P10.P11.P17.P20.P21 | SPWE, SPWS, SPW13, and SPW15 are not

18/11/2020 COMPLETE Done complete (2 words missed at the end of each record)

stutter & repetitions P3,P20,P22.P23.P14,P16.P25, SPWT | SPW6E, SPW8, SPW13, and SPW15 are not complete (2
19/11/2020 COMPLETE Done words missed at the end of each record)
19/11/2020 INCOMPLETE
21112020 COMPLETE Done SPW6, SPWB, SPW13, and SPW15 are not complete (2 words missed at the end of each record)

stutter, repetitions & noise P1,P2.P3,P4,P3.P6.PT.P10.P11,P13.P14,P16.P17.P20,P23, P24, SPW9, SPW15 | SPWE,
21/11/2020 COMPLETE Done SPW8, SPW13, and SPWA15 are not complete 2 words missed at the end of each
21/11/2020 COMPLETE Done stutter repetition P11,P13,P14,P19,P24,5PW1.5PW13

stutier in P4,P10 | SPWrong sentences: P25 | SPWE, SPWS, SPW13, and SPW15 are not complete (2 words
21/11/2020 COMPLETE Done missed at the end of each record)

17/11/2020 INCOMPLETE

Incomplete records P2,P3,P4,P5,P7,P11,P12,P13 P14,P15,SPW5,5PW16 | wrong sentences: P8 | noise in: P21,P24,P25 |
empty record: SPW8 | SPW6, SPW7, SPW9, SPW13, and SPW15 are not complete (2 words missed at the end of each

21/11/2020 COMPLETE Done record)
stutter & repetition in P3,P10,P11,P21,P22,P25,5PW3 | SPW6, SPW8, SPW13, and SPW15 are not complete 2 words
211112020 COMPLETE Done missed at the end of each

empty record: P1 | stutter & repetition in
P2.P4 P5.PE.P7.PE PO.P10.P11.P14 P15 P16.P17 P16.P19.P20 P21 P22 P23 SPW9.SPW14 | wrong sentence:

22/11/2020 COMPLETE Done P24, P25 | SPWE, SPW8, SPW13, and SPW15 are not complete 2 words missed at the end of each

P1 wrong record | stutter & repetition in P3,P4.P10.P13.P14,P16 P19 P22 SPW7 SPW9 SPW15 | noise in:
21/11/2020 COMPLETE Done P3.P11.P23 | SPWB, SPWE, SPW13, and SPW135 are not complete 2 words missed at the end of each record
23M11/2020 INCOMPLETE 3 files missed while according to the apps he's finished

stutter repetition P7.P12,P16.P18.P20.P22 | SPWE, SPWE8, SPW13, and SPW15 are not complete 2 words missed
23/M1/2020 COMPLETE Done at the end of each record
22/11/2020 COMPLETE Done stutter repetition P3 | SPW6, SPW8, SPW13, and SPW15 are not complete 2 words missed at the end of each record

stutier repetition P2, P3 P9 P14 P15 P17 P20 P25 | noise P4,P6, P19 | SPWB, SPWE, SPW13, and SPW15 are not
23/11/2020 COMPLETE Done complete 2 words missed at the end of each record

At this stage, the recordings have been checked for correctness of global content, i.e.: the
content of each speaker directory should contain 41 wave files, as described in Appendix B.
Once Team A, has completed its task, Team B will continue the verification process by marking
each speaker speech for extra sounds that have been introduced during the App recording.
Examples of these sounds includes stuttering, door knocking, baby in background, etc..., as
many students were recording from home or from the university housing. The main objective of

this step in the pre-processing was to be sure that what was written in the App cards, regardless if
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it was correctly pronounced or not, is the only speech or sounds within the wave files.

We opted to use the ELAN software due to its capabilities in annotation and export
possibilities to text grids, further used by our other software applications. In order for the Team
B to work fluently and at fast pace, the technical team concatenated the wave files, to ease the
step of listening to the speech and marking the segments of text or special sounds that are not

within the original text.

This task was executed by the three checkers in team B and required a lot concentration
and repeated listening and required long time. For example, a checker in team B spent one hour

to process the speech of one speaker that was recorded in 10 min speech.

Table 15 to Table 17 present some statistics about the minimum, average, and maximum
speech duration for the 220 Non-Arabs recorded speakers. A very detailed speaker duration is
listed in Appendix D.

Table 15, Statistics about the session 1 speech recording

Item Details
Minimum time 6.37 min
Average time 12.06 min
Maximum time 37.4 min
Speakers <10 min 66 speakers : (Avg time: 8.98min)
Speaker Rec. >=10 min and <15min 128 speakers (Avg time : 12.13min)
Speaker Rec. >=15 min and <20min 19 speakers (Avg time : 16.96min)
Speaker Rec. >=20 min 7 speakers (Avg time : 26.43min)
Short Paragraphs duration 31.29hours
Sequence of pair of words duration 12.94hours
Total recorded time for all the speakers 44.23Hours
Number of volunteers who registered in the system 371
Number of Speakers who installed the app and started recording 235
Number of Speakers who completed Recording 224
Number of Speakers with valid recordings 220
Number of Speakers with completed transcription checking 132 (60%)
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Number of Speakers with completed phoneme level labeling 40 (18%)

Table 16, Additional deep statistics about the session 1 speech recording of Non Arabs: SPW

SPW ID Avg time (sec)|Min time (sec) [Max time (sec)|  Total time for the SPW(Sec)
SPW1 13.95 3.76 27.04 3068
SPW 2 8 3.02 22.02 1761
SPW 3 11.7 5.6 29.2 2574
SPW 4 10.29 5.22 20.86 2265
SPW 5 7.39 3.36 15.94 1626
SPW 6 16.02 6.92 30.56 3524
SPW 7 14.61 6.82 31.08 3214
SPW 8 15.99 6.46 30.16 3518
SPW 9 143 5.7 41.6 3146

SPW 10 14.06 1.28 23.68 3092

SPW 11 10.9 5.12 27 2399

SPW 12 10.01 3.7 23.8 2202

SPW 13 15.07 5.92 67.48 3315

SPW 14 15.38 6.5 57.3 3383

SPW 15 20.05 6.16 48.34 4411

SPW 16 14.08 2.7 38.08 3098

Table 17, Additional deep statistics about the session 1 speech recording of Non Arabs: Paragraphs (short paragraph)

Short Avg. time (sec) |Min time (sec) |Max time (sec) Total time per type of

P1 21.91 11.08 61.28 4820
P2 25.74 12.66 423.66 5664
P3 27.02 9.86 121.4 5944
P4 22.27 10.38 84.46 4899
P5 18.55 9.24 67 4080
P6 15.82 7.96 111.76 3480
P7 18.68 10.32 74.64 4109
P8 16.52 8.78 66.14 3635
P9 16.64 7.4 71.32 3661
P10 15.73 7.82 78.9 3462
P11 22.89 11.4 78.5 5035
P12 21.94 105 71.52 4827
P13 27.36 8.22 78.26 6020
P14 25.61 3.36 72.46 5633
P15 15.88 7.62 89.72 3495
P16 14.76 7.64 50.38 3248
P17 19.8 7.36 89.62 4355
P18 14.23 7.16 61.56 3130
P19 26.8 10.6 206.24 5896
P20 17.8 7.34 76.34 3915
P21 24.8 12.8 77.26 5455
P22 22.43 9.48 89.04 4934
P23 26.79 7.34 87.94 5894
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P24 19.26 9.1 100.08 4237
P25 12.81 5.06 82.68 2818

In order to check the conformity of the written transcription (i.e. displayed text in the mobile
screens) to the content of the wave file, we opted to use the ELAN annotation tool, which is known for its
labeling capability for both audio signals and video sequences, in a single or multi-tiers labeling. Hence
we used ELAN software as an aiding tool in speech segmentation. Using ELAN Team B listened
carefully to the wave files, and marked any additional noise, repeated word or background sound, by
putting time boundaries around them. This process kept the original files as is, and generated a PRAAT
TextGrid file, that was used later, by our technical team, for segmenting the wave files, where only the

valuable parts were kept.

In order to ensure that, Team B did a job without apparent errors, an additional effort of
rechecking 5% of the speakers is performed by the project technical team to recheck the conformity of the

content. If no error is detected, no further action is made, else more samples will be rechecked.

All intermediate work and results have a backup copy, in case of need for traceability of errors at

the labeling level.

Team B, followed a very strict protocol, from the wave file opening in ELAN to the text-grid
generated at the end of the checking session. A copy of the protocol is presented in Appendix E. In Figure

9, we present a screenshot of the ELAN software work for sentence P10.
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Figure 9, Screenshot of the ELAN screen work
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From the different reports submitted by teams A and B, we collected some remarks that

were taken into account while recording the speakers in the next session.
Conclusions from the written feedback of team B.
& The voices of some speakers were not very clear.
Some speakers had difficulties in reading, hence they read in a very low speed.

&
& Many stuttering and repetitions.
&

Difficulties in reading some sentences or words.
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4.2.12. Labeling of speech of session 1

The speech labelling is the process of time labelling the speech, at the sentences, word or
phoneme levels, where for each speech wave file a new time label file is produced, and this file
contains the timings, generally, the text content, the start time and end time of whatever required

modality (sentence, word, phoneme).

The output of Team B, which contains the timed marked errors, is used by our technical
team to clean the (concatenated) wave files. The technical team removed all the erroneous
segments from the (concatenated) wave files, then they were split back to single wave files as per
the initial App cards’ content. Next the content was transferred to the phoneme annotators and

error analyzers.

At the beginning of the annotation we gave the annotators 41 wave files, and an Excel
sheet, having the format shown in Table 18. This table was based on a previous study that we

conducted before.

Table 18, Annotator speech phoneme level segmentation sample (Empty form to be filled by annotators)

Please press here to listen to the speech

Comments Deletion Addition | Substitution | Pronounced text | Reference Text
o<
J

&

M



file:///D:/C:/Users/mohamed/AppData/Local/Microsoft/Windows/INetCache/Audio/P1_N.wav
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Speech annotation experts will listen to each wave file and check the phonemes of each

word:
- If aword is well pronounced, no remark is written.

- If the word is not well pronounced, by either addition, deletion or substitution of any
phoneme, the annotator will mark the location of the error compared to the reference

canonical text.

The final output of this step are excel files containing specific information of each wave
file, such as the phonemes present in the text (reference text), phonemes correctly pronounced
(correct phonemes), phonemes that were not pronounced (deleted), the phonemes badly

pronounced (substituted), or added phonemes (added).

After initial work by the annotators we realized there are more in speech labeling and
subjective evaluation than the information to put in Table 18. Hence with consultation of the

Arabic language experts we came a new format as in the next section.
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4.2.13. Subjective evaluation of the pronunciation of L2 learners
As we mentioned in the previous section in addition to the difference between the canonical
text and the pronounced speech due to substitution, insertion, and deletion, which are errors,
there are other ways of pronouncing that might be correct or wrong. Hence we had to add
notation for these differences. To make annotation faster we proposed a new table that will cover
speech labeling as well as subjective evaluation. For substitution and addition no symbol is used
and the annotators write the canonical and pronounced text as in Table 19, the other two columns

are explanation for the report only.

Table 19, Examples of annotating substitution and addition

(U520 09Y) .. ALY g Jadiad) Jiad 48y )b

faa g dshia) (all) zigaill yaill Uadl) g o5
Explanation Pronounced text Canonical text Type of error
e L el Jlasia Sl i) Jlasiay)
Ualls JIA) Sl e B Substitution
cakadll 3 yan 33y ) ALl A4 YER]
daa 53308 Jua¥l Addition
paall aSa A o )
(Lisa
Al a6l 300 ) 5 ykadl & ylad

For deletion and other operations, we used the symbols as in Table 20. The annotators write the

canonical and pronounced text as in in Table 20, the other three columns are explanation for the
report only.
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Table 20, Examples of annotating deletion and other speech processes

el cpfiaadial) Calida o Sgeal) ) da ) A Leda Aty 8 A1) o AY) A geal) ) glal) g cadall Juiad A8y )k
(55a ) aladinly) .. sUsdY) Aliadla

Example Process Symbol
Tl 5 dsbid palll | zigadll palll
aadi o Jlally bzl o Jladial — Gtta) (&=a) PREEH | #
Al
el akd — # ik ik
S GaE s - @ & 8 Al @
@S A (cpsull) AL o @l alea) | xad 3l * 0l A5G35 aleay! *
DAY (B (ol L) () 5l Cada
Al AL
L G (sl AL o5l oli) | a8 &drRa S A8aa sy &
U Uase (0 5ill) 2L ¢y i) 8 (o <Cflald o el SEY <
A
) Jyshall cilall juali:oldda L | xcax jdaall Cay jUaal) <sdal) X
A5 (bmsll) yuad cila ) (ASSL)
Jwaill Ciliall Cada g cidall (e g 5
A AT (e (Aadll)
a2y Jaa g Ll i JIl oy Al 36 AN s3G5 Aalal) A
P e JsY
sl e yainall aaal) RN g A ge p 8 e ~
Laall ) jaia)
G pall e
£l ) JEEY) 25 axad) aay i 53l &g A SAA cad gill gl Juadl) /



mailto:اللَّ@هِ
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LU ) DY) 5 apall ey a8 il

8/azkaY)

daxlay)

4.2.14. Error Analysis

Similar to the work of the researches in L2-Artic and due the budget limitation, we
decided to annotate 60 speakers from session 1. The 60 speakers were chosen to cover all
nationalities recorded in session 1. Two Arabic experts annotated all the recorded speech of the
60 speakers. Once, the two annotators finished the evaluation process, we check the agreement
between them, any utterances with disagreement between the annotators were sent to another
Arabic expert to evaluate it. In the following, we present analysis of the annotated pronunciation

errors.

Table 21 shows phonemes statistics of the annotated part. We can notice the large numbers of
phonemes in the recorded database. We can also notice that the percentage of pronunciation

errors is 10.5%, and that the ratios of the different types of pronunciation errors are very near to

each other.

Table 21: Phonemes statistics of session 1.

Type Number %
Corrections 209825 89.5
Substitutions error 8739 3.7
Insertions error 6626 2.8
Deletions error 9271 4.0
Total 234461 100
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Table 22: The top-10 and top-5 substitution errors in KSU-CAPT session 1.

Consonant phonemes
Canonical IPA Substituted IPA
Frequency
phoneme phoneme

¢ ¢ b b ? 325

U= s¢ o S 251

U= ds L of 215

8] n - h 195

L t¢ < t 188

c h - h 142

U= dc 3 d 139

L (o)) J z 102

5 n J | 91

& 0 o S 85

Vowel phonemes

L all a: datd a 598
A% a e al) a. 451

o 8 i daid a 237
datd a daa u 234
Aaid a B_uS i 230

In Table 22, the top-10 substitution errors are shown. We can notice that most substitution errors
were in the vowels phonemes, and we can attribute this to the fact that the non-native Arabic
speakers have difficulties in pronouncing the discretized text (ASi4ll (= saill), For the consonant
phonemes, the highest number of substitution errors were for substituting the phoneme /¢/ with
2/, phoneme /s¢/ with /s/, and phoneme /d¢ / with / & /, which agrees with the published research.
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The top-10 insertion and deletion errors are depicted in Table 23.

Table 23: The top-10 insertion and deletion errors in the KSU-CAPT session 1.

Insertion errors Deletion errors
Inserted phoneme Frequency Deleted phoneme Frequency
et 1721 dan 2410
[ 1201 O 2121
s S 992 B S 1258
) 401 ] 1140
J 337 < 584
o 231 B) 291
e all 223 J 271
J 213 B e 206
s 193 B 150
5 153 & 119

4.3. KSU-CAPT Non-Arabs Database-Session 2

4.3.1. Selection of text for recording of the speech corpus
A team member is a linguistic scholar who is also an experienced instructor of Arabic as a

second language proposed a new methodology to choose the text to complement the
methodology that we used to select the text of session 1. Below is the new methodology in
Avrabic.

Tpguls goaly sl e doam O S5 @1y (Data Base) dbe Sty 3458 J) x5 &gl Slged! gl dulyy SNy b
A (B39t Ba) 858 G Al DU a3l dulyd dganad Ifaig WBlgul o Badl of 18 bWl il Bl eolad Al By e
Earinoll Ba 39ud-1g SUSY £50 G S8 p ol gag (DL ) u gl gt lad Akl dggualt alglall i B BUIYY faas
e Joss Ued (lia oy OSGYI puB Al dggeall palghall fodd Eot BUYI o delin dis jlast 1) doell) A1 Slis i)
(g8 s @ a1 Bl 3ot s 8 b W) ) dpdl) g0t gl Al jalglalt Lot BUT jlast ol W) oda 3aond 350!
Gt W ovas @) —obsl A= gt Olgladly doodall ¥V £LIL Led Eom (Lo 3E3S cppie 8 Wi Y ot OLUSUN 61
Sl By o8 iad (8 bWl g Aol ) golas Sy el il J1 Al Slull gl J) g J1 iy 3y (Bl s

BNty Aoyl Adguall jalslalt § dlylall 4 pnay

Table 24 shows an example of the selected text for the Arabic phonemes (/&/</#/), which consists
of isolated phonemes, words, and minimal pairs. The same procedure has been done for the

remaining Arabic phonemes.

Table 24, Sample sentences for session 2
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The phoneme /&/

3 /3

G/ 3

S /s
35/ s

o o8 S -
Bfn [ Aad

_o
St S o-s

Gy / Gule

Minimal pairs of phoneme
18

(WY Lad

‘EJ/%.;/ 6/0:.’

Words of phoneme /z/

el el

s /¢!
EVE

G/ A5
g/ Ll
5 /A
GE3EA) ) alal
cin/ gl AL

io Gal/.@;‘
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Minimal pairs of phoneme Cans/ Ccala
Words of phoneme /z/

585 3ad
ks ¢ sla

Statistics of the selected text of Session-2 is shown in Table 25.

Table 25, Statistics of the CAPT-Text selections for session 2

Statistics
Number of words 579
Total number of phonemes 3199
Maximum number of phoneme / per word 14
Minimum number of phoneme / per word 112
Pairs of Minimal Dual words. 61
Number of Screens : words 31

The numbers of phonemes, within the words and minimal words of all the text of session

2, are presented in Figure 10.
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Frequency
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Phoneme

Figure 10: Phoneme distribution in the words and dual pairs of the text of session 2.

After we selected the text of session 2, we updated the mobile recoding app to be suitable for the new

text. Screen shots of all the texts of the mobile app are presented in Appendix G.
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4.3.2. Speaker Registration
In session 1, we collected the information of 450 non-native volunteers from 10 universities,
from these numbers, only 220 speakers completed the speech recording correctly. In session 2,
we sent an invitation to all the previous 450 speakers to participate in the new recording, and
only 230 speakers accepted and recorded their speech. This time we provided a training sample
hosted on a website to allow the speakers to listen to the recordings of an Arab expert, before
recording the 42 screens of the mobile app. The average recording duration ranged between 15

and 20 min per speaker.

In the following, we will present some statistics of the recorded speakers. The statistics include
number of students, country of origin, language spoken, level of education, etc. Table 26 shows
the distribution of the recorded speakers for each academic level. We can clearly see that most of
the 230 speakers were from the Level 3, Level 4, and Level 5. This distribution met our objective
which is to enroll more students from the middle levels rather than the students from low levels
who have some difficulties in pronouncing Arabic language correctly, and students from
advanced levels who have fluent Arabic pronunciation.

Table 26, Number of students that recorded in session 2

Completed Valid
Academic level Recordings

LEVEL 1 8
LEVEL 2 22
LEVEL 3 40
LEVEL 4 68
LEVEL 5 74
LEVEL 6 5
LEVEL 7 13

230
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In Figure 11, we present the distribution of the speakers of the 51 nationalities that

participated in the recording of session 2.

Number of speakers by nationality
30

25
20
15
10 |
5
ﬂl.‘ll..lll..ll...” | ||.‘|| ..l 01,
_g_g::—eg:r: w5 O @ C E:'_J: a'l:l_g mn_ﬁﬁ_&mﬂ::,gmna
BRI NI I
EVEno 5" == S8 =5 R =@ p 23 a -*!—_-1_¢cnr|u:;-,|:‘,;|
g8 EYER £ $85 &% fgf fa NS 23
£ é =3 @ 5 27 s8¢ ]
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France m

Kyrgyzstan =

Figure 11: Statistics of the Nationalities of the CAPT speech recording at session 2.

Statistics of the number of completed recordings per university are presented in Figure 12.

Distribution of the number of speakers according
to the university

1
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King Saud University m King Abdulaziz University = King Faisal University
m Umm Al Qura University = Tabouk university m Taibah University

® Najran university

Figure 12: CAPT-Session 2 Completed Recordings per University.
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In Figure 13 we present the statistics of the L1 of the speakers of CAPT speech recording for the
session 2, where the speakers were from 51 L1.

Distribution of the number of speakers according to the native language
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Figure 13: Statistics of the L1 of the CAPT speech recording for the session 2.

4.3.3. Errors annotation and analysis
In session 2, we followed the same process of annotation of session 1, and we annotated 60

speakers as in session 1. Based on the experiments on session 1, we noticed that the 60 speakers
were sufficient to train the CAPT system. Number of corrected and mispronounced phonemes in
this session is shown in Table 27.

Table 27: Phonemes statistics of session 2.

Type Number %
Number of corrections 137475 88.11
Number of substitutions 6268 4.02
Number of insertions 10804 6.92
Number of deletions 1483 0.95
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Total

156030

100

Table 28 shows the top 10 substitution errors in consonant and vowel phonemes in the KSU-

CAPT session 2, where the occurrences

of vowels’ substitution decreased dramatically

compared with session 1. We can attribute this to the fact that the text of session 2 was words

with no diactrics at the end which will produce less number of errors in vowels.

Table

errors

Consonant phonemes

Canonical IPA Substituted IPA E
phoneme phoneme requency
t ¢ h ? 2043
I st HZ S 563
Z ds z ¢ 298
D n Z h 146
T ) t t 130
D d 86
Z TH 82
n m 77
TH z 74
o} k 72
Vowel phonemes
a az2 99
u a 98
az2 u?2 86
az2 a 83
a i 78

28: The top-10
substitution

in session 2.
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Insertion errors

Deletion errors

Inserted phoneme Frequency Deleted phoneme Frequency

HZ 2891 a 267
a 2866 u 115
u 780 r 109
h 424 I 105
i 349 w 91
n 281 n 90
t 231 T 89
y 200 t 81
r 149 HZ 78
m 173 i 71

ion and deletion errors in session 2.

Table
29:
The

most

frequ
ent

insert
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5. Design and development of the phoneme recognition and AFs
detection for CAPT system.

When we submitted the proposal, we proposed to use the conventional way in speech
recognition systems, which consisted of the following steps: feature extraction, feature reduction,
and classification. With the great advancement of deep learning and huge improvement in
computation power, many of state-of-the-art systems in the current literature are using deep
learning to construct end-to-end high performance speech recognition systems. Hence in our
work in the first year we investigated using deep learning networks for phoneme recognition
system and for mispronunciation detection and diagnosis system (MDD). We proposed a new
way of using deep learning for detection and recognition of phoneme and articulatory features
(AF). In the new proposed method, we treat the phonemes and AFs as objects in 3 channels
spectral images of the speech. By this proposed method we were able to recognize the sequence
of phoneme from the whole utterance of the non-native Arabic speakers. Then we used the

detected phonemes for mispronunciation detection and diagnosis task.
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Providing feedback to non-native learners is very important especially at articulation
level. Hence, by the proposed method we detect and recognize the AFs as objects in the 3
channels spectral images, then we use the detected AFs for mispronunciation correction and
providing feedback at articulatory level. Figure 16 shows the general architectures of the
proposed Arabic CAPT system. In the following sections, we explain the details of the proposed
Arabic CAPT system.

Database Recording

Deep learning based Phoneme
] e = Sequence of phoneme ]

Mispronunciation
Detection and Diagnosis

Mispronunciation
correction and feedback

!

Deep learning based AFs detection Sequence of AFs ]

Figure 14: General Architecture of the proposed Arabic CAPT system.
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5.1. Proposed method for phoneme recognition in CAPT

The proposal was based on state of the art techniques at time of submitting the proposal,
and we mentioned deep neural networks (DNN) as something to investigate. When we started
working in the project DNN was widely used in speech recognition, hence we focused on DNN
and proposed a new method of using object detection techniques, based on DNN, to detect the
phonemes. The proposed method gave excellent results compared to state-of-art techniques and
we published our work in [59]. This shift meant that we will not investigate many hand crafted
speech features, as we did on some of our previous researches, as the DNN is powerful and has
the ability to work in raw data. This also resulted in combining task 3.2.2 of the proposal with

task 3.2.3 of the proposal, since the DNN will perform the reduction in its initial layers.

Before presenting the accomplished results and systems of this project and to put our work in
the project in prospective we will very briefly summarize our work and results in [59] where we

proposed using object detectors to detect the phonemes as objects in an image.

In [59], we proposed the use of object detection techniques for recognizing sequence of
phonemes from the whole spectrogram. We converted the utterance of speech to a three channel
spectral image then we used a deep object detection models for detecting the phonemes from the
spectral image. The novelty of the proposed system is represented by treating of phonemes of
utterance as objects in spectral images. We chose YOLO and CenterNet, two cutting-edge object
detectors, based on a trade-off between detection accuracy and speed. Our study is the first study
in literature, to the best of our knowledge that used object detection for phoneme recognition
system. We evaluated the proposed system using native English and non-native Arabic speech

corpora. For English phoneme recognition, we used the TIMIT dataset [60] which is a well-
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known English speech corpus. For non-native Arabic phoneme recognition, we used a small part
of the KSU speech database [61] [58] [62].

Due to the small size of the databases, we investigated using different types of transfer

learning techniques as follow:

e Transfer learning from image to speech databases (DTS)

e Transfer learning between speech corpora within the same language (1aTS)

e Transfer learning between speech corpora within the different language (1eTS)
Table 30 shows the result of the two proposed systems DTS and 1aTS for the test set of the
TIMIT corpus. We can see that the performance of the transfer learning improved the results. We
achieved the best PER using the 1aTS based on CenterNet detector with DLA backbone network
which was 15.89%.

Table 30: PER for the TIMIT test set.

System Object Detector Model PER
DTS YOLO YOLOv3-tiny 28.25
DTS YOLO YOLOvV3 20.2
DTS CenterNet ResNet 21.09
DTS CenterNet DLA 19.06
1aTS YOLO YOLOv3-tiny 25.57
1aTS YOLO YOLOvV3 16.34
1aTS CenterNet ResNet 17.16
1aTS CenterNet DLA 15.89

Table 31 presents the performance of the proposed system IeTS for non-native Arabic phoneme
recognition. In this experiments, we used speech of 15 non-native speakers and 5 native speakers
for training and 11 non-native speakers for testing. The total number of phonemes in training and
testing utterances is 14413. The phoneme recognition system based on YOLO detector tiny
version achieved 10.15% PER and the one based on CenterNet detector achieved a 7.58% PER.
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Table 31: PER for non-native Arabic Speech (Small-Arabic-CAPT).

System Object Detector Model PER
1eTS YOLO YOLOV3-tiny 10.15
1eTS CenterNet DLA 7.58

HMM [62] 28.8

The results in [59] are comparable or better than state of the art published researches.
5.2. Proposed method for AFs detection in CAPT

In this part we will present the main results of this task out of the project within the first
year. The details of the work and the results were published in [63]. In the following we will try
to highlight the main work, findings and results in the paper. The paper title is “Deep learning-
based detection of articulatory features in Arabic and English speech”, nonetheless it also
investigated detection of the phonemes in two ways. It detected the phonemes either directly
from the spectral images or based on the detected AFs. To detect the AFs, we proposed using
object detection techniques to recognize sequence of AFs from speech utterances by treating AFs
of phonemes as multi-label objects in spectral images. Note that for phoneme recognition we
treated the phonemes as single label objects. We tested the proposed system on English corpus,
TIMIT, and on Arabic speech corpus, KAPD [64]. Figure 15 sows the general overview of the
proposed systems, where the system to detect the AFs is called AFD-Obj and the system to
detect the phonemes is called PD-Obj. By detecting the AFs, we can provide feedback to the
non-native Arabic learners at articulatory level. This is a new important and beneficial feature
that we included in our Arabic-CAPT system, though it was not in the proposal. Moreover, we

studied the effects of the number of detection levels of YOLOv3-tiny detector on AFs detection.
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Speech utterance

Y
Speech to image
conversion

Articulatory features
detection based object
detector (AFD-Obj)

Phoneme detection based
object detector (PD-Obj)

Sequence of multi-AFs Sequence of phonemes

Mapping the detected AFs to phonemes

L 4

Sequence of phonemes |

Figure 15, Proposed System of the AFD-Obj and the PD-Obj

5.2.1. Feature extraction
We used the speech-to-image transformation that we presented in detail in [59]. We

concatenated the power Mel-spectrogram and the first and second derivatives to generate a three-
channel image. Then, using the time boundaries calculated by MFA, we calculated the bounding
box of each object. Figure 16 shows a detailed example of the process of creating spectral
images with annotations. It shows the process of generating a spectral three-channel image from
the speech and creating the associated bounding boxes for the utterance (GHSBGMA) from the
KAPD training set [63].
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Second derivative (AA)

2
3

5 ] 5 -
First derivative (A)

Audio

Time boundaries

Training utterance

Mel spectrogram (static)

I.!---Il*—

Y vy ¥ A T

Concatenate to 3-channel image

.
Bounding box ‘ Bbox1 Bbox2 ‘ Bbox3 ‘ Bbox4 ‘ Bbox5 ‘ Bbox6 ‘ Bbox7
Phoneme labels
sb20
Rhonsmellapel sil 2510 as10 (sb20 converted to as10 2510 sil
» (KAPD symbol) sb10)
Phonemes
Phoneme label . 3 Py e aaid 3 .
(Arabic writing)
AF labels
BERio=CE || oon 13-63 63-97 97-155 155-197 197-265 o
frame] 269
Alveodental
Anterior
Nveode_ntal Continuant Consonant Continuant Alveode_ntal
Anterior Anterior
Coronal Continuant Coronal
Consonant Short Coronal Sr Consonant
AF label Silence | Continuant - . e Continuant | Silence
Voiced Emphatic Voiced
Coronal Coronal
I Vowel Fricative Vowel P
Fricative Fricative
- High a
voiced 4 voiced
Unvoiced

Figure 16, Example of converting the detected AFs to the corresponding phonemes.

5.2.2. Deep Learning Based AFs Detection System (AFD-Obj)
We selected the yolov3-tiny detector for this investigation because of its real time

property and its support of multi-label detection. The real time property will allow our CAPT

system to be used online on mobile devices. The detector consists of two main parts: backbone

network and the detection layers. We started by training the backbone network of yolov3-tiny

detector, which is darknet-reference, for the task of speech command classification using Google

speech command corpus (V2) [65]. Then, we used the weights of the backbone network to

initialize the weights of yolov3-tiny detector for the task of AFs detection. We trained the

proposed system AFD-Obj for AFs detection in the Arabic corpus and for AFs detection in the
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English corpus. For each task, we investigated different models of AFD-Obj system by changing
the number detection’s scale which are: YOLOv3-tiny-1S, YOLOv3-tiny-2S, and YOLOv3-tiny-
3S for one scale, two scale, and three scale of detection, respectively. In the following sections,
we will present the results of AFD-Obj for detecting AFs in Arabic and English corpora.

5.2.3. Results of AFD-ODbj for Detecting AFs in Arabic Corpus

We used the KAPD corpus in this section to detect Arabic AFs and recognize Arabic
phonemes from the detected AFs. KAPD was developed by King Abdul-Aziz City for Science
and Technology at 2003. In our experiments, we used the latest version of KAPD corpus, which
was developed by [64], where the total number of phonemes is 20283 for training and 8138 for
testing. For mapping phoneme to AFs, we used the mapping table of [66]. The results of
applying YOLOv3-tiny with its three different scales for the AFs detection task in KAPD is
presented in Table 32.

Table 32, Performance metrics of the proposed system AFD-Obj for the Arabic AFs.

YOLOvV3-tiny-1S YOLOv3-tiny-2S YOLOv3-tiny-3S

GM F-measure GM F-measure GM F-measure
affricative 0.929 0.927 0.931 0.929 0.931 0.929
alveodental 0.988 0.982 0.989 0.986 0.992 0.989
alveopalatal 0.938 0.936 0.927 0.925 0.945 0.943
anterior 0.980 0.982 0.985 0.986 0.989 0.990
aspirated 0.988 0.907 0.978 0.918 0.994 0.941
bilabial 0.954 0.876 0.930 0.868 0.940 0.908
consonant 0.998 0.998 0.997 0.997 0.999 0.998
continuant 0.992 0.993 0.994 0.994 0.993 0.994
coronal 0.977 0.975 0.980 0.978 0.984 0.983
emphatic 0.904 0.891 0.912 0.900 0.913 0.904
fricative 0.992 0.990 0.993 0.991 0.990 0.990
glottal 0.968 0.903 0.984 0.915 0.975 0.933
high 0.932 0.918 0.939 0.923 0.927 0.920
interdental 0.856 0.775 0.865 0.811 0.879 0.833
labiodental 0.795 0.721 0.838 0.776 0.803 0.729
labiovelar 1.000 0.967 0.988 0.953 0.988 0.966
lateral 0.960 0.922 0.960 0.897 0.969 0.873
nasal 0.979 0.963 0.951 0.929 0.978 0.973
palatal 0.978 0.967 0.978 0.977 0.967 0.945
pharyngeal 0.984 0.984 0.966 0.960 0.967 0.961
plosive 0.960 0.913 0.961 0.926 0.965 0.936
rounded 0.982 0.940 0.987 0.949 0.990 0.966
semivowel 0.989 0.967 0.994 0.983 0.989 0.972
short 0.997 0.995 0.999 0.998 0.999 0.998
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silence 0.999 0.999 0.998 0.998 1.000 0.999
trill 0.955 0933 0.954 0.932 0.919 0.874
unvoiced 0.985 0.964 0.983 0.972 0.982 0.971
uvular 0.960 0917 0.953 0.932 0.938 0.926
velar 0.989 0.958 0.968 0.928 0.989 0.948
voiced 0.995 0.996 0.996 0.996 0.996 0.997
vowel 0.999 0.999 1.000 0.999 0.999 0.999
Average 0.965 0.941 0.964 0.943 0.964 0.945

For all AFs, the systems achieved a geometric mean (GM) greater than 80%, except for
labiodental. For the F-measure of all AFs, the systems achieved accuracies greater than 80%,
except for labiodental, which had an F-measure of 72.1%, 77.6%, and 72.9% using YOLOv3-
tiny-1S, YOLOv3-tiny-2S, and YOLOv3-tiny-3S, respectively, and interdental, which had an F-
measure of 77.5% using YOLOv3-tiny-1S. In general, we achieved GM and F-measure average
accuracies of 96.5% and 94.1% for the YOLOv3-tiny-1S model, 96.4% and 94.3% for the
YOLOv3-tiny-2S model, and 96.4% and 94.5% for the YOLOv3-tiny-3S model. These results
are better than those of state-of-the-art results [66], where approximately 45% of the AFs
obtained less than 80% for GM and approximately 61% obtained less than 80% for the F-
measure using their best model (i.e., DBN-DNN). It is to be noted that, we achieved our results
using a single network for all AFs, while Ref. [66] used a different network for each AF.
Moreover, our testing input is a whole utterance without time boundary information, while their
testing input was speech phonemes. We also detected the time boundaries of each AF; therefore,

we can calculate the accuracy at the frame level.
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5.2.3.1

Extraction of the Arabic Phonemes from the Detected AFs

Each phoneme has a unique vector representing the existences or absences of each AF;

thus, we can detect the phonemes and their boundary from the AF vectors of each frame. We

used the lookup table provided in [66] to produce the corresponding phoneme from the vectors

of the detected AFs. The output of our proposed system is a sequence of AFs; hence, the length

of the output sequence is may not be equal the length of the canonical form, hence we calculated

the correction rate and the PER by applying sequence alignment between the vector of detected

phonemes and the vector of the canonical phonemes. Figure 17 shows an example of recognizing

the phonemes from the detected AF vectors and calculating the correction rate.

Detected frames faufa ff fiafes forfea I A foe-foe
[start-end] 1-10 9-37 36-68 66-155 70-157 157-170
Alveodental Consonant
Anterior Vowel Anterior Continuant | Silence
Consonant | Continuant Coronal Alveadental
cted multi AFs | Silence Continuant Coronal Fricative
Coronal Short Interdental
Fricative Voiced Unvoiced
Voiced
| sl 2510 aslo | sil
| sil | 2510 l as10 l ss10 I

The canonical phonemes

The corresponding phonemes from
lookup table (100% similarity)

Alignment using

HE.esult
LaB: sil | zs10 | as10 | ss10 sil
REC: sil | zs10 | as10 sil
------------------------ Overall Results ---crerecones
SENT: SCorrect=0.00 [H=B, S=1, N=1]
WORD: WCorr=80.08, ACC=BO.88 [Hed, D=1, S=0, D=8, NsS]

pel [ % / %e]

Confusion Matrix

Figure 17, Testing example of converting the detected AFs using the YOLOv3-tiny-1S model to the corresponding phonemes and

calculating the percentage of correct phonemes using the HResults tool (file “CMSSSFA”) from the KAPD corpus test set. X sign

means invalid output, which occurs when the minimum hamming distance is greater than threshold (threshold = zero in case of

100% similarity).
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We considered the detected phonemes correct when there is an exact match of 100%
similarity between the predicted AF vector and the reference vector for each phoneme. Ref. [66]
reported their result for a 3-bit difference between the detected AFs and the lookup table, which
amounted to approximately 90% similarity between the predicted and actual vectors. We
compared the correction rate of our proposed method and that of [66] using the 100% and 90%
similarities. For our best model (i.e., YOLOv3-tiny-1S), we outperformed the matching rate of
their best classifier (i.e., DBN-DNN) by almost 40% at 100% similarity and by approximately
4% at 90% similarity [66]. Using 100% similarity, we achieved correction rates of 86.04%,
88.06%, and 89.35% for YOLOvV3-tiny-3S, YOLOv3-tiny-2S, and YOLOv3-tiny-1S,
respectively, compared to 64% correction rate (which they called matching rate) for the model in
Ref. [66]. These values increased to 91.16%, 92.38%, and 92.59%, respectively, when using
90% similarity for all three models compared to 89% for that in Ref. [66]. This increase can be
attributed to the fact that the correction rate measure ignored the insertion errors; hence, we
ignored many insertion errors when using only 90% similarity.

For 100% similarity, our models obtained PERs of 14.13%, 12.09%, and 10.84%,
respectively, which increased to 20.1%, 15.53%, and 12.57%, respectively, for 90% similarity.
Ref. [66] did not provide the PER result. Another point to highlight is that these observations
confirmed our postulation for not needing the second and third scales of the YOLO detector in
the AF detection and phoneme recognition. The PER results also illustrate that using 90%
similarity during AF matching to generate the corresponding phonemes is not acceptable because

wrong phonemes can be recognized as correct, as shown in Table 33.

Table 33, PER (%) and correction rate (%) for our proposed AFD-Obj system and results of [66].

Matching rate

. Model PER (%) Correction rate (%)
(# bits)

YOLOv3-tiny-3S 14.13 86.04
) YOLOV3-tiny-2S 12.09 88.06

100% (O bit)
YOLOV3-tiny-1S 10.84 89.35

DBN-DNN [66] - 64.00 (Exact matching rate)

YOLOV3-tiny-3S 20.1 91.16
) YOLOV3-tiny-2S 15.53 92.38

90% (3 bits)
YOLOv3-tiny-1S 12.57 92.59

DBN-DNN [66] - 89.00 (Mmatching rate)
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5.2.4. Results of the AFD-Obj System for Detecting AFs in the English Corpus
This section presents the results of applying our proposed system for detecting the English

AFs using the TIMIT corpus. To be able to compare the performance of our proposed system
with other published research for detecting AFs in TIMIT, we used accuracy at the frame level,

where we considered the bounding box coordinates as the start and end frames. Figure 18 shows

an example of calculating the frame level accuracy from the detected output.

fu-fa fs2-fe2 fs3-fed fsd-fed
Reference frames ) . .
| (phonel) = (phome2) ~  (phome3) |  (phomed) | |
tart-end
fstart-end] 037 | 38-4 50-56 5771
:\lf"er.l o Central Alveolar
bilabial =
Mapping phonemes to the Consonantal Close Anterioe
2 " ) " Ref AFs | Sil " Continuant | Consonantal
A corresponding AFs elerence Al's REROR \’jﬂF Tense Stop
by Joiced .
g Voiced
g Vowel
= . .
Creating MLF file for each AF from the canonical transcript U
Silence Anterior Bilabial Stop (MLF)
(MLF) (MLF) (MLE)
§ 0 True 0 False 0 False 0 False
o 1 Troe 1 False 1 False 1 False —
] 2 aen oo e
2 T e
E i 37 False 37 False e 56 False HResults analvsis tool
7] W"' 38 True 38 True 57 True
= 37 True 39 True 39 True 58 True
E 38 False Calculating accuracy
F 49 True 49 True 70 True and correction rate
Detected frames | fs1-fel fs2-fe2 fs3-fed fsd-fed
[start-end] | 031 37-46 48 -57 57-67
e Anteri Close Consonantal | ...
'E C- nterior Central Alveolar
. onsonantal . .
< Spectrogram AFD-Obj Silence Voiced Continuant | Anterior
¥ : Detected AFs ’ olce Tense Stop
unage system |[ ;
Voiced
Vowel
Creating MLF file for each AF from the predicted output G
Silence Anterior Bilabial Stop (MLF)
(MLF) (MLF) QLF)
0 True 0 False 0 False 0 False
1 True 1 False 1 False 1 False
2 True
37 True 37 False 56 False
31 True 38 True 38 False 57 True
- 3
37 False 39 True 30 False 58 True
- 45 True 49 False 67 True

Figure 18, Testing phase of the AFD-Obj system: calculating the frame level accuracy of the detected outputs.

We compared the results of the proposed system with that of the state-of-art published work
in AFs detection using TIMIT [67], called LAS-MTL-M. We considered for our comparison the
results of LAS-MTL-M which were reported at frame level. Authors of [62] calculated the

accuracy in two ways. They used the TIMIT segments markup (time boundaries) to calculate the




92

accuracies of the column “markup frames” and the DTW algorithm to convert soft attention to
hard attention to calculate the accuracies of the column “frames”. In both cases, they dealt with
the different number of predicted and target frames by taking the minimum length of target and
prediction, as shown in the code they provided. For better comparison, we calculated the
accuracy of our proposed system using the coordinates of the detected bounding boxes as
markup frames, after taking the minimum length of the predicted and target frames. This result is
presented in the column “bounding box coord.” of Table 34, which can be compared to the
column “markup frames” in [67]. To compare with the column “frames” of [67], we used
HResults analysis tool to align the predicted and target frames, then we calculate the accuracy.
Moreover, HResults accuracy is more precise because it considers the insertion errors. This
accuracy is presented in column “HResult align.” of Table 34 . In Table 34, we also show the
results of [67], which detected only some of the AFs in TIMIT.

Table 34 presents the result of our proposed system AFD-Obj with the three models. The
table shows that our system achieved results comparable to the published result for all AFs. Our
models had an average accuracy (with bounding box coord.) of 94.29%, 95.04%, and 95.13%,
and average accuracy (using HResult) of 93.23%, 93.47%, and 93.66% for YOLOV3-tiny-3S,
YOLOv3-tiny-2S, and YOLOv3-tiny-1S, respectively. In [67], phones-las-frames model had an
average detection accuracy of 95.5% using markup-frames. Since the test results of the “markup-
frames” of [67] depend on segmenting the speech into markup frames, while our system doesn’t
depend on any segmentation, hence we think fair comparison should be with the result of the

“frames” column of [67].

Table 34, Detection accuracy of all 28 English AFs using the proposed system AFD-Obj and state-of-the-art methods.

AFD-Obj system LAS-MTL-M
3 LAS-MTL-M
Articulatory markup- KT
- - - frames
features YOLOvV3-tiny-1S YOLOvV3-tiny-2S YOLOv3-tiny-3S frames [67] [68]
Bounding HResult Bounding HResult Bounding HResult [67]
box coord. align. box coord. align. box coord. align.
Alveolar 91.05 90.22 90.92 90.01 89.31 88.96 95 7
Anterior 89.69 89.34 89.55 89.02 87.92 88.08 90 69 90
Approximant 97.12 95.39 97.17 95.32 96.87 95.39 98 94 68
Bilabial 97.70 95.89 97.53 95.57 97.30 95.78 98 93
Central 93.73 92.31 93.73 92.18 93.36 92.27 99 91
Close 94.13 92.65 94.02 92.46 93.36 92.33 97 88 86
Consonantal 88.97 88.75 88.75 88.42 87.32 87.64 88 64 90
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Continuant 91.37 90.46 90.88 90.04 88.60 88.38 89 68 86
Fricative 96.03 94.56 95.73 94.21 95.04 94.06 95 83 88
Front 93.33 91.96 93.42 91.92 92.06 91.12 95 89 84
Glottal 98.67 96.69 98.62 96.48 98.42 96.82 99 98
labiodental 98.88 96.89 98.80 96.71 98.57 96.94 99 96
Lateral
98.21 96.34 98.11 96.07 97.88 96.31 99 96
approximant
Mid 90.28 89.09 90.04 88.77 88.87 88.3 97 82
Nasal 97.59 95.95 97.55 95.72 97.15 95.74 99 93 84
Non sibilant
97.60 95.8 97.50 95.58 97.22 95.74 97 94
fricative
Open 96.09 94.31 95.83 93.98 95.63 94.23 98 91 93
palatal 99.60 97.54 99.63 97.4 99.57 97.81 99 99
postalveolar 99.18 97.12 99.17 96.94 98.96 97.21 99 97
Round 94.99 93.36 94.70 92.97 94.30 93.04 98 91 92
Sibilant
X 99.50 97.41 99.51 97.29 99.38 97.64 99 99
affricate
Sibilant
97.97 96.1 97.81 95.95 97.37 96 98 90
fricative
Silence 96.79 95.21 97.05 95.29 96.68 95.35 80 63 89
Stop 95.03 93.74 95.05 93.61 94.46 93.53 97 85 96
Tense 89.63 88.46 89.92 88.73 88.65 87.94 97 81 87
Velar 98.37 96.47 98.31 96.25 98.01 96.37 99 95
Voiced 90.86 89.9 90.71 89.69 88.62 88.19 84 72 93
vowel 91.31 90.69 91.19 90.57 89.29 89.26 92 70 92
Average 95.13 93.66 95.04 93.47 94.29 93.23 95.5 86

An important observation from Table 34 is that our models detected silence within the

utterance with a high accuracy compared to [67], which achieved only 63% and 80% for frames

and markup frames, respectively. This high performance in detecting silence in continuous

speech is very promising and can be looked at as an important achievement by itself. Our three
models, YOLOv3-tiny-1S, YOLOv3-tiny-2S, and YOLOv3-tiny-3S had an average accuracy
detection of silence equal to 95.13%, 95.04%, and 94.29%, respectively. These results reinforce

our previous assumption for not needing the second and third scales of YOLO detection for our

specific application.
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5.2.5. Results of PD-Obj for Detecting phonemes in Arabic Corpus
Table 35 presents the results of investigating the proposed PD-Obj system for phoneme

recognition using the KAPD corpus. Our proposed system using the YOLOv3-tiny-2S model
achieved the lowest PER of 5.63%, while the YOLOvV3-tiny-1S and YOLOv3-tiny-3S models
achieved 5.79% and 6.29% PER, respectively. These results are remarkable and show that our
proposed system has an excellent potential compared to the recent state-of-the-art systems on the
whole KAPD corpus [69]. Ref. [69] used the HMM for the Arabic phoneme recognition using
the DPF elements. The results also reinforced our previous assumption for not needing the
second and third scales of the YOLO detection for our specific application.

Table 35, PER and correction rate of the Arabic phoneme recognition using the proposed models.

Model PER (%) Correction rate (%)
PD-Obj (YOLOV3-tiny-3S) 6.29 93.94
PD-Obj (YOLOv3-tiny-2S) 5.63 94.56
PD-Obj (YOLOV3-tiny-1S) 5.79 94.34
AFD-Obj ( YOLOV3-tiny-1S) 10.85 89.33
PDF-HMM [69] 39.57 70.68

We observe from Table 35 that the PD-Obj system obtained better results than the system
based on the AFD-Obj. However, detecting the AFs is important in building a versatile CAPT
system because it allow the CAPT system to provide pronunciation error correction and
diagnosis. Moreover, the AFs are universal between many languages. An interesting point for
future work is to see how to improve the accuracy of the system that performs phoneme
recognition based on the detected AFs.

We also calculated the correction rate of each phoneme for the YOLOvV3-tiny-1S model. We
found that 79% of the Arabic phonemes had a correction rate greater than 80%, while 44% had a

correction rate greater than 90%.
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6. Design and development of the CAPT system for L2 learners of the
Arabic language.

In this section, we present the complete Arabic CAPT system and its results. We start by
presenting proposed models for MDD task in the CAPT system, then the obtained results using
the Arabic-CAPT speech database is presented, and then we will present the findings using the
developed database KSU-CAPT. Note that the results of using Arabic-CAPT database in this
section have been published in ISI journal [70], while the result of using KSU-CAPT databases
will be published later.

6.1. Proposed methods for CAPT

Building the project database was anticipated take a long time, and in fact it took even
longer than anticipated as explained in chapter 4. Hence to be able to do our investigation in new
techniques for building high performance Arabic CAPT system, we built Arabic-CAPT and
Arabic-CAPT-S databases as explained in details in section 4.1. We used Arabic-CAPT and
Arabic-CAPT-S to continue our investigation of using object detectors for building CAPT
systems. In section 5.1 and 5.2, we investigated using object detection for phoneme and AFs
detection, while in this section we will investigate using object detection for building high
performance MDD system that recognize phonemes and AFs, which is the core of the CAPT

system.

We investigated three MDD systems. The first is a proposed MDD system based on
object detection and we called it MDD-Object. The second is state-of-the-art end-to-end MDD
system that was used in languages other than Arabic but was not used before for Arabic
language, and we called it MDD-E2E. The third system is a fusion between MDD-Object and
MDD-EZ2E. In the following, we will present the details of these three systems and we present
their results in section 6.2. More details of the proposed systems and results can be found in
[70].

6.1.1. MDD-Object

In MDD-Object, we propose object detection technique to build a high-performance

versatile CAPT system for MDD and articulatory feedback generation for non-native Arabic
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learners. The proposed system can locate the error in pronunciation, recognize the
mispronounced phonemes, and detect the corresponding articulatory features (AFs), not only in

words but even in sentences.

We formulate the recognition of phonemes and corresponding AFs as a multi-label object
recognition problem, where the objects are the phonemes and their AFs in a spectral image. The

proposed MDD-Object system consist of the following steps.

Table 36: Mapping phonemes to their corresponding AFs.

AFs Categories

Place Manner Manner-Voice Manner-Emphatic Vowel

/f/  Labio-dental Fricative Unvoiced Non-emphatic -

4 /a/ - - - - Vowel
g

_§ /H/ Pharyngeal Fricative Unvoiced Non-emphatic -
o

/S/ Alveo-dental Fricative Unvoiced Emphatic-fricative -

6.1.2. Spectral Image Generation and Annotation

We propose addressing the phonemes and the associated AFs of utterances as objects in spectral
images and applying object detection techniques to detect them. To accomplish this, we
converted the speech utterances into three-channel spectral images to fulfill the requirements of
object detectors, as presented in more detail in section 5.2. For each phoneme, we extracted the
corresponding AF labels based on the mapping of Table 36. For example, the Arabic word
“;=38” consists of the following phonemes (/f/, /a/, /H/, IS/), and each phoneme is represented by
multi-label AFs, as presented in Table 36. Then, using the time boundary of each phoneme, we
calculated the bounding box coordinates of the phoneme and its corresponding AFs to create the

annotation file of each utterance.
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6.1.3. Multi-Label Object Detector: Selection, Optimization, and Training

The selection of the object detector for our proposed system was based on two conditions: the
system should operate in real-time and should be able to detect multi-label objects. Based on our
observations in section 5.2, we selected the tiny version of the third YOLO (YOLOv3-tiny) as
the detector of our proposed system, since it best satisfied the above two conditions. We trained
different models from the YOLOv3-tiny with and without different types of transfer learning, as

presented in the following.

We constructed an MDD system based on the YOLOv3-tiny, with default parameters, as a
baseline, and we called it the MDD-Object model. We trained the MDD-Object model using
only real non-native speech without any initial training. In the second model, we fine-tuned the
YOLOv3-tiny parameters using genetic algorithms and we called the system MDD-Object-G.
We trained the model from scratch without any initial training using the developed Arabic-CAPT
corpus. Then, we trained various versions of it by initially training the detector using native
speech, synthesized speech, and a combination of native and synthesized speech, and we called
these versions MDD-Object-G/N, MDD-Object-G/S, and MDD-Object-G/NS, respectively, as
shown in Table 37. In the MDD-Object-G/N model, we initially trained using native speech, and
then we transferred the weights by freezing the first four layers of the backbone network of the
detector and fine-tune the remaining layers using the real non-native Arabic-CAPT corpus. In
MDD-Object-G/S, we trained the model using synthesized speech from the Arabic-CAPT-S
corpus, which is approximately four times the size of the original Arabic-CAPT corpus, as
shown in Table 38, then, we transferred the weights of the detector and fine-tuned them using the
real Arabic-CAPT corpus. Finally, in MDD-Object-G/NS, we initially trained the model using
the combination of native speech and synthesized speech. Then, we also transferred the weights

of the detector and fine-tuned them using the real Arabic-CAPT corpus.
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Table 37: Speech type for the proposed MDD-Object models. (N: Native, S: Synthesized, and NN:
Non-Native)

Initial Training Phase Fine Tuning Phase

Training Set Validation Set Training Set Validation Set Testing Set

MDD-object (baseline) - -

MDD-object-G - -

MDD-object-G/N N N
NN NN NN
MDD-object-G/S S S
MDD-object-G/NS N+S N+S
MDD-object-G-Large/NS N+S N+S

Table 38 presents the statistics of non-native, synthesized, and native corpora that were used for
the training, validation, and testing of the proposed models. For the Arabic-CAPT corpus, we
used 67% of speakers for training, 8% for validation, and the remaining 25% for testing. All
speakers in training, validation, and testing were distinct. We wanted to map the diversity of the
nationalities in the database in the test set; hence, the 15 speakers of the test set belonged to 12
different nationalities. In Arabic-CAPT-S, we used the synthesized speech of the speakers of the
training and validation sets of Arabic-CAPT, as shown in Table 38. In native speech, we used all
146 Saudi speakers in session 1 from the KSU speech database and divided them into 132 for
training and 14 for validation.

Table 38: The KSU speech corpora used in the training and testing phases

Arabic-CAPT Arabic-CAPT-S Native Speech
Set Train Valid Test Train Valid Train Valid
Speakers 42 5 15 42 5 132 14
Utterances 1091 130 390 4914 585 3426 361
Duration
1.65 0.16 0.54 4.79 0.6 4.11 0.43

(Hours)
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6.1.4. Decoder phase of the MDD-Object model

The output of the MDD-Object model is a sequence of bounding boxes, where each box has a
multi-label (i.e., phonemes and AFs), and some of these boxes overlap and lead to duplicate
phonemes and AFs. To deal with this, we propose using decoding techniques that are used in
sequence-to-sequence acoustic models, such as CTC. These decoding techniques need a matrix
of probabilities for the phonemes of the frames, and so to accomplish this, we started by
converting the confidence scores matrix to a matrix of probabilities by applying softmax so that
the sum of the probabilities in each frame is equal to one. In this study, we investigated the fast

and simplest decoding technique, which is greedy search decoding.

6.1.5. Scoring Metrics Evaluation

In scoring phase, we aligned the detected phonemes of the proposed system, the canonical
phoneme, and the annotated phoneme of the human experts to calculate the system performance
and evaluation metrics. We calculated the performance metrics of the proposed models for the
non-native phoneme recognition task and MDD task as follows:

For the phoneme recognition task, we used a well-known metric in this field, PER, and
calculated it as in Equation (1) [71].

N-5-D-1

PER = 100 —
N

where N, S, D, and | are the number of samples, substitution errors, deletion errors, and insertion
errors, respectively. Once we detected any mispronounced phonemes, these phonemes were sent
to the mispronunciation correction and feedback module to provide corrective feedback.

For the MDD task, we used a hierarchical evaluation that was presented in [72] and used in many
MDD studies such as [49] [73], where the phonemes of the sequence annotated by the experts
were classified as correct or mispronounced. By comparing the output of our proposed models
with the annotations of the experts, we obtained four cases: true acceptance (TA), false
acceptance (FA), false rejection (FR), and true rejection (TR). TR was divided into correct
diagnosis (CD) and diagnosis error (DE). CD corresponded to the annotator agreeing with

system in the recognized mispronounced phoneme, while DE corresponded to the annotator

1)
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disagreeing with system in the recognized mispronounced phoneme. We calculated the

performance metrics of the MDD task using the following equations:

. TR
recision = TR + FR

Recall R
T TR+ FA

- , Precision x Recall
1= 2%
Precision + Recall

FAR = 1 — Recall

FRR = ———
TA+FR

Diagnosis Accuracy (DA) = D = DE

6.1.6. Mispronunciation Correction and Feedback

The goal of this phase is to correct the mispronunciation of the learner and provide feedback at
the articulatory level. The mispronounced phonemes were detected in the previous step and the
purpose of the current step is to compare the detected AFs of the mispronounced phoneme with
the AFs of the canonical phoneme. From this comparison, we provided corrective feedback to
the learner at the articulatory level. As shown in the example in Figure 19, the canonical phoneme
/S/ has the following AF classes, fricative, unvoiced, emphatic-fricative, and alveo-dental, and
the detected phoneme /s/ has the detected AF classes, fricative, unvoiced, non-emphatic, and
alveo-dental. Hence, the learner had a problem with an emphatic class, while he did not have
problem with other classes. Therefore, textual feedback can be provided and a 2D/3D animation
of the correct pronunciation of phoneme /S/ can be shown to the learners.

()

@)

(4)

(5)

(6)

(7)
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ispronunced
phoneme

{Phoneme Alignment

Canonical phoneme Detected phoneme
wa [S] wa /st
Feedback Canonical AFs Detected AFs
generation Fricative Fricative Al
Unvoiced Unvoiced
Emphatic Non-emphatic
Alveo-dental Alveo-dental

Figure 19: An example of feedback generation.

6.1.7. MDD-E2E

Many of the researchers in end-to-end MDD methods [35] [74]-[76], used CNN-RNN-CTC
[77]; hence, we selected it as the end-to-end method to investigate and compare with our MDD-
Object. The original CNN-RNN-CTC was proposed for the end-to-end MDD task for Chinese
learners of English using the CU-CHLOE corpus. We used the implementation provided by [78]
to train and evaluate the CNN-RNN-CTC using our developed corpora. To the best of our
knowledge, this is the first investigation of applying end-to-end deep learning techniques in an
MDD system for non-native Arabic speech. Furthermore, we enhanced the performance of the
CNN-RNN-CTC model by using different combinations of native, synthesized, and non-native
speech. We trained the baseline model CNN-RNN-CTC using only the non-native Arabic-CAPT
corpus, while we trained other models, namely CNN-RNN-CTC/N, CNN-RNN-CTC/S, and
CNN-RNN-CTC/NS, using combinations of the data, as shown in Table 39.
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Table 39: Speech type for the proposed MDD-E2E models, N: Native, S: Synthesized, NN: Non
Native.

Training Set Validation Set Testing Set
CNN-RNN-CTC NN NN NN
CNN-RNN-CTC/N N + NN NN NN
CNN-RNN-CTC/S S+ NN NN NN
CNN-RNN-CTC/NS N+S+NN NN NN

6.1.8. Fusion

Our MDD-Object system and MDD-E2E system have different structures and are based on
different principles, and hence to benefit from the performance of the two systems, we propose
applying the fusion technique between the MDD-Object system and MDD-E2E system. We used
the decision level fusion between the best model of the MDD-Object system, which is MDD-
Object-G-Large/NS, and the best model of the E2E-MDD system, which is CNN-RNN-CTC/NS.
To achieve this, we calculated the weighted average of the output probabilities of the two models
before decoding the final output (i.e., sequence of phonemes).

To make the output of the two models more consistent in the number of frames in the output,
we set the frame length and number of Mels of the CNN-RNN-CTC system to the same values
used in the MDD-Object system. This change in the CNN-RNN-CTC system made it necessary
to change the size of the input RNN layer. These changes improved the performance of the
CNN-RNN-CTC system, as will be shown later.

Another point that we addressed to achieve fusion between the two systems is that the CNN-
RNN-CTC model reduces the number of frames by a factor of 4. We dealt with this by down
sampling the output of the MDD-Object by a factor of 4. Next, we applied a weighted average to

the probabilities of the two models as in Equation (8).
Probs;pe = a® Probsg.; + (1 —al ¥ Probsyg, (8)

where Probs is the log softmax array output with the dimensions number of frames x number of
phonemes.
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6.2. Results using the Arabic-CAPT Database
6.2.1. Results of MDD-Object

For our proposed MDD-Object system, the PER of the baseline MDD-Object model was 7.56%,
as shown in Table 40. This value improved to 4.93% when we used the GA to select the optimal
parameters of the model in MDD-Object-G. When we used native and synthesized speech for the
initial training of the model, the PERs improved to 4.75% and 4.71% using MDD-Object-G/N
and MDD-Object-G/S, respectively. The result of the MDD-Object-G/S confirmed our
anticipation of the benefit of using synthesized speech in transfer learning to deal with the
scarcity of non-native speech. When we used the combination of native and synthesized speech
for the initial training of MDD-Object-G/NS, we achieved PERs of 4.54% resulting in relative
improvements of 40% compared to the baseline. Though using the native and synthesized speech
did not offer a better result than MDD-Object-G/N, it resulted in a better performance in the
MDD metrics. The best performance of our proposed system was achieved by MDD-Object-G-
Large/NS, which achieved 4.05%, resulting in relative improvements of 46.42% compared to the

baseline.

For the MDD metrics, we can see that the results for our baseline model MDD-Object for
FAR, FRR, and P were 29.33%, 5.26%, and 40.29%, respectively. These results improved to
24.16%, 2.04%, and 65.06%, respectively, using our best model MDD-Object-G-Large/NS. Our
baseline model obtained 76.99% diagnostic accuracy (DA), while our best model MDD-Object-
G-Large/NS achieved a DA of 84.97%. Our best model MDD-Object-G-Large/NS obtained a
70.04% F1-score with relative improvement of 36.47% compared to our baseline model which
achieved an F1-score of 51.32%.

Table 40: MDD results and PER of the proposed MDD-object models.

TA FAR FRR DA DER P R F1
System Model PER
(%) (%) (%) (%) (%) (%) (%) (%)

MDD-object 94.74 2933 526 76.99 23.01 40.29 70.67 51.32 7.56
(baseline)

MDD-
Object
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MDD-object-G  97.55 29.79 2.45 82.68 17.32 59.0 70.21 64.12 4,93

MDD-object- 97.99 32.83 2.01 81.22 18.78 62.70 67.17 64.86 4.75
G/N

MDD-object- 97.63 30.55 2.37 81.62 18.38 59.51 69.45 64.10 4.71
G/S

MDD-object- 97.84 28.88 2.16 84.19 15.81 62.32 71.12 66.43 4.54
G/NS

MDD-object- 97.96 24.16 2.04 84.97 15.03 65.06 75.84 70.04 4.05

G-Large/NS

As we mentioned earlier that our proposed system MDD-Obiject is trained for multi-
labels: phoneme and AF detection, so in the following we present the performance of the
proposed model for the AF detection task. As a performance metric, we used the detection error

rate (DER), which was used in some previous works, such as [78]. Figure 20 shows the DER of

the five AF categories using our six proposed models.
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Figure 20:Detection error rate (DER) for each AF category using our proposed models.

We can see from Figure 20 that our best model MDD-object-G-Large/NS achieved DERs of 3.47,
2.71, 2.09, 2.5, and 2.19 for all five categories: place, manner, emphatic, voice, and vowel,

respectively. Similar to the phoneme recognition task, we can clearly notice the usefulness of




105

fine-tuning the hyper-parameters and using synthesized speech to enhance the performance of

the proposed system.

Figure 21 presents the confusion matrix of each of the five AF categories using our best
model, MDD-object-G-Large/NS. These confusion matrices show the ability of the proposed
system to distinguish between the different classes within the categories with little confusion. In
the matrices, we can see that the confusion is between near classes. For example, for the place
category, the highest confusion occurs in the (glottal vs. pharyngeal) and (alveo-dental vs.
interdental) classes, and these two pairs of places are near to each other. Another example is that
in the manner category, the highest confusion occurs between stop and fricative classes, which
are near to each other, and this is consistent with what was shown on English AF detection in
[68]. From these interesting results, we can see that our proposed system gives us the capability
to teach non-native Arabic learners the correct pronunciation by providing the ability of suitable

feedback at the articulatory level.
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Place category Bilabial Labio-dental Inter-dental Alveo-dental Palatal Alveo-palatal Welar Uvelar Pharyngeal Glottal Del
Bilabial 1324 0 0 4 0 0 0 0 0 2 12
Labio-dental 1 427 0 2 0 0 0 1 0 1 2
Inter-dental 0 0 321 9 0 0 0 2 1 0 2
Alveo-dental 8 4 16 3231 0 4 0 0 0 1 33
Palatal 0 0 0 1 179 0 0 0 0 0 S
Alveo-palatal 0 0 0 1 0 265 0 0 0 0 0
Velar 0 0 0 0 0 0 194 | 2 0 0 5
Usular 0 0 0 1 0 1 2 | 302 3 2 1
Pharyngeal 1 0 0 0 0 0 0 4 555 10 9
Glottal 3 0 0 3 1 0 1 17 1044 | 29
Ins 6 3 11 34 1 2 1 g 21
Manner category Stop Fricative Affricate Nasal  Laterals Trill Del
Stop 1553 13 2 0 0 0 19
Fricative 13 2909 2 3 0 1 38
Affrictae 0 0 148 0 0 0 0
Nasal 1 2 0 1524 4 0 26
Laterals 2 1 0 3 823 0 7
Trill 0 0 0 1 1 464 3
Ins 20 23 0 12 6 2
Emphatic category |[Emphatic: Emphatic-fricNon-emphatic Del
Emphatic-stop 103 0 2 2
Emphatic-fricative 1 171 3 6
Non-emphatic 3 14 7659 83
Ins 3 8 43
Voice category Voiced Unvoiced Del
Voiced 4792 15 54
Unvoiced 16 3126 44
Ins 37 35
Vowel category Vowel  Semi-vowel Del
Vowel 5472 3 68
Semi-vowel 2 470 12
Ins 45 2

Figure 21: Confusion matrix of each of the AF categories using our best model MDD-object-G-
Large/NS.

6.2.2. MDD-E2E Results

In this section, we will present the results of MDD-E2E different models using Arabic-CAPT
database.

Table 41: MDD results and PER of the proposed MDD-E2E models

TA FAR FRR DA DER P R F1
System Model PER
(%) (%) (%) (%) (%) (%) (%) (%)
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CNN_RNN_CTC 94.14 20.67 5.86 75.10 24.9 40.47 79.33 53.59 8.93
(baseline)
CNN-RNN- 97.62 24.32 2.38 82.53 17.47 61.48 75.68 67.85 5.17
CTC/N
MDD-E2E
CNN-RNN- 96.44 23.40 3.56 82.74 17.26 51.91 76.60 61.88 6.17
CTC/S
CNN-RNN-
CTC/NS 98.09 24.92 1.91 84.01 15.99 66.31 75.08 70.42 4.59

Table 41 shows the results of the MDD-E2E system for phoneme recognition task and MDD
task. For phoneme recognition task, the baseline model CNN-RNN-CTC achieved 8.93% PER.
This value decreased to 5.17%, resulting in a relative improvement of 42.1% when we added
native speech for training the CNN-RNN-CTC/N model. The same observation occurred when
we added synthesized speech for training the CNN-RNN-CTC/S model, where we achieved a
PER of 6.17%, resulting in a relative improvement of 30.9% compared to the baseline. This
improvement confirms our anticipation of the usefulness of synthesized speech for solving the
scarcity of non-native speech. When we added native speech and synthesized speech for training
the CNN-RNN-CTC/NS model, we achieved a 4.59% PER, which was a relative improvement
of 48.6% compared to the baseline.

For MDD metrics, we can see from Table 41 that the CNN-RNN-CTC/NS model
achieved the best result among the CNN-RNN-CTC models in FAR, FRR, P, and F1 with values
of 24.92%, 1.91%, 66.31%, and 70.42%, respectively. The model also achieved the best result in

the mispronunciation diagnosis, where the DA was 84.01%.

6.2.3. Decision Level Fusion between MDD-Object and MDD-E2E

Table 42 shows the results of the fusion model. The system with fusion between the CNN-RNN-
CTC/NS and MDD-Object-G-Large/NS models achieved the best PER of 3.83% amounting to
16.5% relative improvement compared to the performance of CNN-RNN-CTC/NS and 5.4%
relative improvement compared to the performance of MDD-Object-G-Large/NS. This result
demonstrates the benefit of applying the decision-level fusion. Moreover, we noticed that our
fusion system achieved the best performance in all MDD metrics, which indicates the usefulness
of applying fusion.
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MDD results and PER of the fusion model.

Table 42

F1

FAR FRR DA DER

TA

PER

Model

System

(%) (%) (%) (%) (%) (%) (%)

(%)

98.12  25.08 1.88 8519 1481 66.62 7492 70.53 3.83

YOLO-CNN-
RNN-CTC

Fusion

d

Figure 23 the confusion matrices of our best model MDD-object-G-Large/NS and the fusion
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Figure 23: Confusion matrix of the phoneme detection task using the YOLO-CNN-RNN-CTC

model.

The confusion matrix of Figure 22 asserts the effectiveness of the proposed system, where

most of the phonemes were correctly classified. The percentage of confusion was very small and

confusion occurred between similar Arabic phonemes. For example, the phoneme /Z/ is wrongly

classified 4 times as /TH/, where the two phonemes have the same place, manner, and manner-

emphatic. This agrees with the statistics of the errors in the

voice, and they differ only by manner

Arabic-CAPT corpus that was presented in chapter 4, where the substitution of phoneme /Z/ by

/TH/ is from the top 10 highest substitution errors. The same observation is valid for the

phoneme /h/ which was wrongly classified 12 times as /H/.

Figure 23 shows the confusion matrix of the output of the fusion of the two proposed

systems. By comparing the matrices in Figure 22 and Figure 23 we notice the effectiveness of the

fusion model. For example, the number of deletions reduced from 238 to 210. Nonetheless, this

assert the power of our proposed method since the fusion increased the recognition only slightly

that our proposed method.
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6.3. Results using the KSU-CAPT Non-Arabs Database-Session 1 and Session 2

From the different models of the proposed systems, MDD-Object and MDD-E2E, we selected
the best models based on the results of section 6.1. We applied the selected models to the two
sessions of the developed database. In this section we present and discuss the result of the two

systems.

6.3.1. Results of KSU-CAPT Session 1
The number of annotated speakers of this session is 60, hence we split this number to 45, 5, and

15 speakers for training, validation, and testing respectively. The total numbers of phonemes in

the test set is 37943, without silence.

The performance of the proposed systems are shown in Table 43, where we see that the
MDD-Object obtained PER of 18.24%, while MDD-E2E obtained 14.65%. The two proposed
systems got good results compared to the average PER of the published results of non-Arabic
benchmarking databases. We notice that the MDD-E2E obtained better results than MDD-
Object, and we attribute this to the fact the MDD-Object used segmented data in training phase,
but in our work we did not use segmented data and the segmentation was done automatically
using MFA due to budget and time limitation. Moreover, MDD-Object can be used for phoneme

and AFs recognition while MDD-E2E can be used only for phoneme recognition.

In terms of MDD metrics, the MDD-EZ2E achieved a 53.39%, 93.92%, and 68.08% for
precision (P), recall (R), and F1, respectively. In contrast, the MDD-Object achieved a 32.74%,
83.77%, and 47.08% for precision (P), recall (R), and F1, respectively. The diagnosis accuracy
(DA) of the proposed systems was 74.24% and 77.45% for MDD-Object and MDD-EZ2E,
respectively. The results in Table 43 indicate to the quality of the proposed two Arabic CAPT

systems in mispronunciation diagnosis.
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Table 43: Performance of phoneme recognition task and MDD using KSU-CAPT session 1.

DA P R F1
System PER
(%) (%) (%) (%)
MDD-Object 74.24 32.74 83.77 47.08 18.24
MDD-E2E 77.45 53.39 93.92 68.08 14.65

The confusion matrix of the proposed MDD-Object system is presented in Figure 24, where we
can see that the number of deletions is higher than number of substitutions and insertions. We
can attribute this to the fact that some phonemes cannot be represented in the image of
spectrogram due to the speed of the speech of some speakers or the noise in the recording, hence
will not be present in the image of spectrogram and cannot be detected which amounts to
deleting them from the recognized phonemes. In terms of substitutions, we can notice that most
substitutions occur between two similar phonemes, such as the phoneme /H/ is substituted with

phoneme /h/ 30 times, and phoneme /T/ substituted 33 times with phoneme /t/.
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In Figure 25, we show the confusion matrix of the MDD-E2E system. By comparing Figure 24 and

Figure 25 we can notice that the number of deletions in MDD-Obiject is higher than in MDD-EZ2E,

ion in

which can be justified as in the previous paragraph. We can notice that the most substitut

MDD-E2E were in vowels, such as the phoneme /a/ substituted 103 times for /a2/ and the

phoneme /a2/ is substituted 126 times for /a/.
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Figure 25: Confusion Matrix of the MDD-E2Eusing KSU CAPT Session 1.

6.3.2. Results of KSU-CAPT session 2

In this section, we repeat the investigation of section 6.2.1 using the data of session 2 of the

developed KSU-CAPT database. We can clearly see that the performance of the proposed

systems using session 2 is almost identical to the performance of session 1. This performance

shows that the proposed method gave excellent results for two different databases with different

Figure 26 and Figure 27 show the confusion matrices of the proposed

text and constructions.

systems. From the two figures we get same remarks that we got for session 1.

Table 44: Performance of phoneme recognition task and MDD using KSU-CAPT session 2.

PER

19.6

14.52

F1

(%)

77.47

84.79

(%)

92.65

94.58

(%)

66.57

76.84

DA

(%)

74.91

77.85

System

MDD-Object

MDD-E2E
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Figure 27: Confusion Matrix of the MDD-E2E using KSU CAPT Session 2.

Building a Pilot Arabic CAPT system (GUI and Examples)

6.4.

In this section, we present the Arabic-CAPT system in an application form. We used the

proposed MDD-Object because it can detect the phonemes and associated AFs, hence we can

detect the pronunciation errors and provide feedback at articulatory level, concurrently. To

design the graphic user interface (GUI) for the proposed Arabic CAPT system, we used the

python tool called Streamlit. Figure 28 shows the GUI of the proposed system, where the user can

select testing his pronunciation either by using already saved wav file or by recording online.

Then the user has to select the canonical text that he wants to learn its correct pronunciation. As

we can see from Figure 28, the proposed system detected the consonant and vowel phonemes, and

the PER of the detected text is 7.14%.
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Figure 28: GUI of the proposed Arabic CAPT system, and the first example of using Arabic-CAPT
database.

Regarding the mispronunciation analysis and diagnosis, the system shows the detected
phonemes in color format: black for correct phoneme, green for substitution error, blue for
insertion error, and red for deletion error. For a substitution error, the system provides the details

of the error and articulatory feedback to the user once he clicks on the phoneme in error.

Figure 29 shows an example of the system display when pressing on the phoneme with
substitution error. The substitution error was in the phoneme /%/ of the word “4«lky”, By pressing
on the phoneme in error the system displays the box of messages as in the Figure 29. First
message is the canonical phoneme. Second message is the detected phoneme which was %7
which mean the system cannot assert if the detected phoneme is “%” or “” because it detected
that the phoneme as /%/ with score 61% and /./ with score 56%. This confusion is because the
speaker pronounced this phoneme in a manner that have the characteristics of both “%” and “”.
This information is displayed to the user in the diagnosis error in the third message in the box.

As we mentioned before that our proposed system has the ability to detect the phoneme
and the AFs simultaneously from the whole utterance, hence by comparing the detected AFs

with the canonical AFs, the system has the ability to inform the user of the reason for this error.
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This information is passed to the user in the fourth message in the box, hence in this example in
the Figure 29, the system tells the user that the main problem to cause the pronunciation error in
the phoneme /%/ is that the pronounced phoneme has the alveo-dental feature which is not in the

canonical phoneme /%/.
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Figure 29: Example of mispronunciation diagnosis and feedback generation in Arabic-CAPT

database.

Figure 28 shows an example of mispronunciation diagnosis and feedback generation in MDD-
Object system using Arabic-CAPT database. Now, we will show an example from the KSU-
CAPT session 1 database using the proposed system MDD-Object. The proposed system
detected the pronounced phonemes in the whole utterance as shown in Figure 30. We can notice
that the phoneme /<y in the word /< was pronounced as /u+/, hence the system detected it as

/u+l. The details of the box of messages in this substitution error is shown in Figure 31.
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Figure 30: Example of MDD in the proposed Arabic CAPT system using KSU-CAPT session 1
database.
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Figure 32:Example of MDD in the proposed Arabic CAPT system using KSU-CAPT session 2

database.

Figure 32 shows an example of testing the proposed MDD-Object system for recognizing a
speech sample from KSU-CAPT session 2. We notice an interesting point, which is that when
the user pronounces the word “3_+%” he replaced the phoneme “” by “»” following the Tajjweed

rules of the Holy Quran and this was detected by the system. The details of the box of messages

®0E
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in this substitution error is shown in Figure 32.
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7. Future work

We successfully achieved the project objectives, by developing a comprehensive non-
native Arabic speech databases and proposing an effective MDD systems for phonemes and AFs
detection. Our aim is to continue in this research area because it has a huge need by non-native
Arabic speakers. We can investigate enhancing the performance of proposed MDD systems by
annotating the speech of more speakers. We may investigate building a word-based MDD system
which is suitable of beginner learners and children. To do that, we have to segment all recorded
speech to word level. Moreover, in the direction of converting the project outcomes to a real
product, we will upgrade the proposed Arabic CAPT application to work on mobile devices.

We may investigate completing the annotation of the session 1 and session 2 using the
proposed system to save time and budget. In terms of the feedback, the propose system can be

enhanced by adding the following types of feedbacks: text, 3D, and video animation.
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Appendix E- ELAN Annotation CAPT protocol

, Each ELAN-Checker was asked to follow the following

lanatory video in Appendix F)

In order to unify the checking procedure

ing an exp

lud

inc

(

protocol
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STEP 1:
1. Open a new eaf file :
2. Include the wavefile of the speakers
3. Import the TextGrid of the same speakers

4. Save the work an speaker EAF file, SAME DIRECTORY
STEP 2:

1. Remove default tier

2. Activate the To_Remove tier

Figure E.1: Elan Tier Selection

=

Listen to the whole segment of the file.
The Arabic text is inside the Sentences tier.
3. If any repeated speech is heard:

a. Try to locate the left and right boundaries of that segment.

N

b. Select the tier To_Remove,
c. Insert the left boundary split
d. Insert the left boundary split

4. Move to next Speech sentence.

Please mark whenever you can:
- Any word not in the text
- Any additional text, at start or end of file.
- Any extra sound (baby, cat, door opening/closing, phone notification,)

- If any speaker is not worth hearing, or understanding, do not continue on its
speech, but put a remark in an additional file. (problems.docx).
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Appendix F - Tahadath Application User Manual

Tahadth Application User Manual
Gaad guadatl aadiceal) Jula

(Il

i )l ) a\,,i;,wr:\.;sg,..\, ol
s s Cpabolil

LAl Ol Al dgna S oy il 5,
Sleglally Culdl pgle 28

3y S Gnale
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The application "Tahadth" is used to record some Arabic
texts.

® Toinstall the “Tahadath” application,

* Click on the application, the following screen will appear:

This APK file might contain unsafe content.
Make sure you trust the sender before you
open and install it. |

CANCEL OPEN

Ignore the message content, this application is safe.

® Click on the “OPEN" button,
appear:

the following screen will

il
i

Saamd

Instaliation source: WhatsAps

Hew permissions

Al pormissions

Allow WhatsApp to install apps?

Downlonding apps lrom external Sourees miy
put your device and personal data at greater
rink, By touching ALLOW, you indicate that you
accept these rizks.

Cheik appa fie
petendial nsks

s @ lEF T SEURCEE 10 il
before installation

Bt ask me again

DENY ALLOW

¢ Click on the “ALLOW" button, then the following
will appear:

Screen

lifefu

Mew permissions

All permissions

CANCEL HSTALL

asatll e sl a0si " Tahadth st 50l o
Al

& oy ¢ aull o Lo "Tahadth Gt
P i PP BN PG B

E v

=z .'.'1.| il e
1o i .4‘-..' 5

bl 38l pui gsema lia APK ilo adaey a8
Aigig amad LB Loyally B3

i cah Ll ol gulall o tun o Al g e Jalas
A3 g me Aga e bl
Al Al el lhaey 5 "aB 5 o i) e

uans
Deani
ity 2ol i1

Bagaall Sgd
gl ey

FO el = nny "aladl s Bodadd plall ay0F la
i J b s ol o Oliall L gages

|

9
¥
3 phens Jasip ol aa ellgele 8

i Ry gl gl L)

3 ey

it el A Anlall Lels 5 e rle 3 o Lozl e

ikl
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# Click on the “INSTALL"” button to install the application,

application:

Zramd

Installation successiul

DONE OPEN

* To open the application, click on the “Open” button, the
application has been

installed on the device as
"Tahadth", the following screen appears

[lifo]ee
(223

PR .;.I,..il_;.;fg..d-gl}..h plls
La e ool

CRP O VR T S ICA PO FIF o4
Slaglally bl sl 187
agmen LU Al

* Wait until the following login screen appears:

after that the following screen appears to open the

PR N

rlady gl

]

i o1 K ulall of Cua 728 5 e Led suldl 2l e

ekt okl wnfi e elgBY s gTeud 55 e ko) e

-kl il Al alal)

o

A Al gl 23 ey« "Crad” sy gl e

| [l
O

Lo iy el

Rl Al e

3gnae AL Gnalen

Tl ) il 5l ) gkl

L by ) el £,
Sl ably el e 3

Al Joaal) Jmad 2ol ks ta ki) e

naha
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® Enter the user name and password, usually the
username is in lowercase letters. (credentials are sent
privately to you)

® After the login, the following screen will appear, click on
the check box of the phrase "I agree to allow the use of
my recordings for research purposes”, which confirms
your approval to use your recordings for research studies,
after that click on "e2l J&il" button:

AU e gl 81

iy oty O] plasiusly zlawdly 31

eadl @il

® The first screen of the application appears, where the
text to be recorded appears in a card:

edrd=E008 [ElcE

sr B3 b b & o s om
e 8 Fiade 208
15 s et e

£ o pE
dojld b o Gan OF
GO 2 E

colall e Lagl jb 3 opalll 55 pull 20K 5 asafinell ol Jasl
ERYENIN EVRTIRC) {JU P PR WA RV [ C D £ T3

Slo il 6 L alal 2slal ek JAd des ddes 2w
Ly Al M el et el Jasids Fladlls 20" s e
boaws o Ll galpe? dlidia st o ol 5 ol )3
el @ 5 el

LW o gl 143l

o ol 32 Ol placiialy Flaally il

el ol gaa ey A gl e 0 Al ks
4l

hdtd=uee s R $6% 0937

i/4

£ A Y
.E}lﬂicl.l:l'lgi-_'q.:-{.a‘h,
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* Two buttons on the recording screen, a microphone-
recording button "t=5" and a button to stop recording as
a red square “ 34", To start the recording process, click
on the microphone button and read the text shown on the
screen, after you finish click on the stop recording button.

* The recorded sound is automatically approved, and the
sign end of recording appears at the top of this screen” &3
thadll” as shown in the following screen:

R @ R5%

110:04

1/8

* To move to the next text, click on the “J4" button, or
by swiping the screen to the left. You can also listen to
your recorded voice by clicking on the “#Lad” button.

TG 55 s S K Jimas 5 ek Qi) 4205 i e
s Kol 5 e L« el fag el « o) e ol
Je el die ; maaly ey dalall e galEl el 50l 5
Aol i) el "G 5 o e el sel3

(e la delew g 8.

o] il (Ll Zadie gk, W Jasedl ol sl e
o skl o) 5 dasatl o) ols Ay el Sl bl
Al 23l gamge o LS " pml

.= . T
s

il .l

L N N=F 1

Sl A 5 el Sl S panll Ja)
Joeeal i) Ly Jamy) Js ey bl 4slal
plaad 55 e ezl
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® Once all the recordings are complete, the following L | N | V= VO P . T Y )

MEsSags appears: oo dB S Ala 5 288 LAl pas it e elgBY) 2 e
Al A Al Sl g s il renl Ol

o 1552

Ayplnall S3bonutll meax b o esgasl il <l 135
Ayplaall OS] pan Lo o ool a8

¢ Click on "a2" button. If you are sure that all screens have

Eeen ’recor.ded, please: click on t!‘le approval button m e lac)e

JLael | which appears in the following screen:
Ll il b jellell sldel 5 Je lesee) (hawdl daicy e
Al 5l B mam sl
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® When you click on the approval button “:icl”, a

confirmation screen appears as follows:

Jematl slazel

el o lee g 1 PR »
Tlaslaze] soyig SV Baao- pa SaslE

® The previous screen represents the recording approval.

® Press the "yes ~" button, you confirm that you have
completed the recording, then you are automatically
logged out of the application and back to the login screen.

¢ Click on the “ ¥ No” option, if you want to listen to the
previous recordings. Press the previous buttons to scroll

back over the recordings.

s Note: If you don’t press "2 yes”,
approved.

the recordings are not

L

® When you press the "Approval _:ldc!” button, and you

have some screens that have not been recorded, a pop-
up message will appear to inform you of the number of
screens that you have not recorded, as in the following
example:.

Jummastll slazel

Maslazed SlBladl poan Lo gl oo
2 i dlovia yudll Slaladl PLQ'J'!

® Press on the "Yes =" button, as you will be kept on the
last screen. You can return to screens that you did not
record by using the * &l Previous" button to maoves

between screens

* Once you finish recording all the required texts, go to the

) ]
e

last screen and press the approve button

approved to your recordings.
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U0 aheatuly @i, 3EL ol e g Il ) ne €y o g
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Appendix G - Screen Content of Tahadath App for Session-2




