Journal of Advances in Information Technology, Vol. 16, No. 3, 2025

Text-Independent Speaker Identification Using
Arabic Phonemes

Samiha R. Alarjani ©**, Imran Rao

2 lram Fatima

3, and Hafiz Farooq Ahmad ©?

L Computer Science Department, College of Computer Sciences and Information Technology (CCSIT),
King Faisal University, P.O. Box 400, Al-Ahsa 31982, Saudi Arabia
2 Blue Brackets
3 Independent Researcher
Email: 222401728 @student.kfu.edu.sa, Same7a.567 @gmail.com (S.R.A.); imranrao@gmail.com (I.R.);
iram.fa@gmail.com (I.F.); hfahmad@kfu.edu.sa (H.F.A.)
*Corresponding author

Abstract—Speaker identification has become a fundamental
aspect of digital speech processing and user authentication.
However, challenges persist, including speaking in noisy
environments, variations in speakers’ emotions, and voice
length. Despite the improvements in speech processing
techniques, further enhancements are needed, especially in
text-independent Arabic speaker identification. Therefore,
this research aims to investigate the use of phonemes for
speaker identification, which has not been investigated
thoroughly in the Arabic language. This study involves using
three machine learning models, namely the Gaussian
Mixture Model (GMM), Support Vector Machine (SVM),
and Gaussian Mixture Model-Universal Background Model
(GMM-UBM). In addition, this research employs Mel-
Frequency Cepstral Coefficients (MFCC) features and
specially constructed datasets containing short Arabic
phonemes gathered from 104 speakers. The machine learning
models are evaluated using popular metrics such as accuracy,
precision, recall, and Fl-score. The results show that the
GMM model performs better in identifying speakers based
on 20 MFCCs, while the SVM model performs better for 40
MFCCs, with accuracies of 96.2% and 95.7%, respectively.
The results of the analysis indicate that there are three
minimum Arabic phonemes required to identify speakers
accurately. This research provides good insights into Arabic
speaker identification using short utterances, which can help
in the future development of reliable speaker identification
systems using short audio samples.

Keywords—speaker identification, Arabic, phonemes, Mel-
Frequency Cepstral Coefficients (MFCC), machine learning,
Gaussian Mixture Model (GMM), Support Vector Machine
(SVM), Gaussian Mixture Model-Universal Background
Model (GMM-UBM)

. INTRODUCTION

Speaker identification has drawn the attention of
researchers due to its significance in various domains,
particularly cybersecurity and voice biometrics [1]. This
technology involves using a machine to examine speech
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characteristics such as pitch, tone, cadence, and
pronunciation to verify the identity of an unknown
speaker [2]. Its applications range from voice-controlled
technologies like Google Assistant to healthcare, digital
assistants, voice-activated writing, and biometric
authentication. Despite the advancements in speaker
identification, the majority of these systems have primarily
focused on English and other widely spoken European
languages [3]. There remains a significant gap in research
and development for Arabic speaker identification. This
study aims to address this gap by proposing and evaluating
the performance of three machine learning models for
identifying Arabic speakers based on phonemes.

In any language, a phoneme is the smallest unit of sound
that can distinguish one word from another [4]. The Arabic
language has many different phonemes that contribute to
the unique sounds of words. In our work, using phonemes
for speaker identification can offer several advantages,
including minimizing the computational complexity of the
identification task compared to using complete words or
sentences. Additionally, phonemes are more robust in
noisy environments or with variations in pronunciation
than full sentences. Furthermore, focusing on phonetic
characteristics can help capture unique aspects of a
speaker’s voice that are consistent across different speech
utterances. This approach is suitable for a wide range of
applications in speech technology and biometric systems.

Arabic is one of the oldest and most significant
languages globally, spoken by over 422 million people
across 25 countries [5], making it one of the five most
spoken languages worldwide. Its significance extends
beyond the Middle East, impacting numerous languages,
such as Urdu, which exhibits several phonetic and
linguistic characteristics with Arabic. The study of Arabic
phonetics not only aids in developing robust speaker
identification systems but also contributes to the broader
understanding of language evolution and phonetic
diversity. Arabic has a complex phonetic structure, with
unique sounds and pronunciation rules, which presents
distinct challenges and opportunities for linguistic research
and technological development. Moreover, the emphasis
on Arabic speaker identification addresses a critical gap in
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current research, as most existing systems primarily focus
on English and other widely spoken languages. Enhancing
speaker identification systems for Arabic can significantly
impact cybersecurity, access control, and voice-activated
technologies in Arabic-speaking regions. This will provide
a more inclusive approach to global technological
advancements.

Arabic speaker identification remains a challenging area
of research due to its unique linguistic characteristics and
the complexity of phonetic analysis. Unlike languages
with simpler phonetic structures, Arabic, with its complex
phonetic structures, presents a wide range of phonemes
and varying dialects across different countries, posing
significant challenges for accurate speaker identification
systems. In addition, current research often relies on
complete sentences; however, this can be computationally
intensive and less effective in real-world scenarios where
short speech samples are most commonly used.
Furthermore, environmental factors, speaker health,
emotional state, microphone quality, and background
noise can adversely affect system performance [6].

Identifying Arabic speakers involves several technical
issues:

Phonetic Diversity: Arabic exhibits a wide range of
phonemes that vary significantly across different
dialects.

Environmental Factors: Background noise
recording conditions can introduce variability.
Speaker Variability: Speech characteristics can be
influenced by health, emotional state, and microphone
quality.

To address these challenges, we suggest conducting a
study on text-independent speaker identification for the
Arabic language. The study will utilize three machine
learning models: generative, discriminative, and hybrid
models. This research aims to make a significant
contribution to the field by proposing a robust framework
for Arabic speaker identification. The framework utilizes
Mel-frequency cepstral coefficients (MFCCs) for feature
extraction and incorporates three classification algorithms:
Gaussian Mixture Models (GMM), Support Vector
Machines (SVM), and GMM-Universal Background
Model (GMM-UBM).This study is a revised and expanded
version of a paper entitled “Arabic Speaker Identification
Based on Phonemes,” presented at Proceedings of ARSSS
International Conference [7]. This study provides more
investigation of the Arabic phonemes for speaker
identification tasks. As compared to the conference paper,
this study provides a comprehensive analysis of the
literature. Additionally, it examines the effect of using
three and four phonemes on the accuracy of the
classification models. Moreover, it provides a
comprehensive analysis of all the results and suggests the
best classification model for speaker identification.

This research aims to investigate the effectiveness of
using short speech utterances, such as Arabic phonemes,
to identify speakers. In addition, the study evaluates the
effectiveness of the aforementioned machine learning
models in different recording conditions and offers
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insights into the top-performing models for Arabic speaker
identification.

To overcome these challenges, we investigated three
types of machine-learning classification models:
Generative Models (GMM): These models estimate the
probability distribution of speech features for each
speaker.

Discriminative Models (SVM): These models find the
optimal boundary between different speakers’ feature
distributions.

Hybrid Models (GMM-UBM): These models combine
the strengths of generative and discriminative
approaches.

These algorithms were specifically selected because of
their effectiveness in previous speaker identification
studies such as [8-10] of various languages. In addition,
these algorithms are adaptable to Arabic phonetic
complexities. Moreover, these algorithms can handle the
complex distributions of Arabic speech data. Therefore,
these classifications help to ensure robust performance
across several Arabic dialects.

We comprehensively compared these models using
real-world datasets to identify the most effective approach
for Arabic speaker identification. The models were
assessed based on their capacity to recognize speakers
from a variety of unknown speech utterances recorded
under different conditions. The major contributions of this
paper are:

Dataset Construction: We constructed four subsets of a
dataset comprising Arabic phonemes spoken by 104
speakers. Each subset increases in complexity, with one
to four phonemes per record.

Model Evaluation: We evaluated the performance of
three machine-learning models, GMM (generative),
SVM (discriminative), and GMM-UBM (hybrid), using
20 and 40 MFCC feature sets.

Model Recommendations: We recommended the most
appropriate machine learning algorithms for speaker
identification based on various MFCC feature sets.
Phoneme Analysis: We investigated the smallest
number of phonemes needed to accurately recognize an
Arabic speaker.

The rest of the paper is organized as follows: Section 11
reviews related work, Section Il explains the materials
and methods, Section IV evaluates the performance and
discusses the results, and Section V concludes this paper
with the findings.

Il. LITERATURE REVIEW

This section provides an overview of audio feature
extraction methods for speaker identification using
machine learning. It also includes a review of recently
proposed systems for Arabic speaker identification.
Analyzing audio feature extraction methods is crucial for
speaker identification tasks as it directly influences the
system’s accuracy and reliability. Hence, by evaluating
various feature extraction techniques, researchers can find
out the features that are good enough to capture the
fundamental and unique characteristics of the speaker to
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ensure perfect modeling of unique voice attributes. In
addition, being updated on recent advancements in the
field of speaker identification is essential for researchers
as it provides a clear understanding of the emerging trends
and new techniques and methods to identify potential
improvements and the current challenges in speaker
identification.

A. Feature Extraction Methods

According to Tirumala [2], in any speaker identification
system, the feature extraction methods can be classified
into Mel Frequency Cepstral Coefficients (MFCC)-based
methods and non-MFCC-based methods. Moreover, the
researchers reported that the speaker identification systems
that apply MFCC-based methods such as Pure MFCC,
MFCC Fusion, and Linear Prediction achieve better results
as compared to the systems that depend on non-MFCC-
based methods. However, the performance of the MFCC-
based speaker identification systems can be degraded,
particularly when the speech signal is contaminated with
background noise.

1) MFCC-based methods

Chowdhury et al. [11] addressed the problem of speaker
identification using degraded speech signals by combining
two feature extraction methods: MFCC and Linear
Predictive Coding (LPC). In addition, they utilized a 1D
Triplet Convolutional Neural Network (1D-Triplet-CNN)
in order to combine both of these feature extraction
methods in a novel way which enhanced the performance
of the speaker recognition process in some challenging
conditions. Also, Ruirui et al. [12] proposed a text-
independent speaker identification system that can learn
from limited training data by utilizing few-shot learning.
Furthermore, an adversarial learning process is performed
to improve the robustness and generalization of the
speaker identification model. The proposed system
achieved significant improvements in performance as
compared to some baseline methods. Moreover,
Ashar et al. [13] proposed a novel text-independent hybrid
architecture based on CNN and MFCC methods that can
be used to identify a speaker even in a noisy environment.
The system improved the performance with an accuracy of
87.5%. Furthermore, Samia et al. [14] proposed a text-
independent speaker recognition system that is robust to
degradation effects such as reverberation and
environmental noise. The MFCCs method along with the
spectrum and log-spectrum were all used for the process of
feature extraction. After that, the Long-Short Term
Memory Recurrent Neural Network (LSTM-RNN)
classifier is used as a classification technique to complete
the task of speaker recognition. The overall recognition
rate of the proposed system reached about 95.33% when
using the MFCC method, and 98.7% when using the log-
spectrum method. Hourri et al. [15] proposed a novel
speaker recognition method that is based on Deep Neural
Networks (DNNs). The main goal of this system is to
enhance the extracted MFCC feature vectors in an
unsupervised manner. These enhanced features are
denoted as Deep Speaker Features (DeepSFs). In addition,
this proposed method outperformed the i-vector/PLDA
and some baseline systems in noisy and clean
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environments. Al-Qaderi et al. [16] proposed a speaker
identification architecture that contains a generative model
called the Gaussian Mixture Model (GMM) and a
discriminative model called the Support VVector Machine
(SVM). The proposed architecture is composed of two
stages: the first model exploits the prosodic features. In
addition, the second classifier contains two kinds of short-
term features which are MFCC and Gammatone
Frequency Cepstral Coefficients (GFCC).

2) Non-MFCC-based methods

Zhang et al. [17] proposed some weighting algorithms
for calculating the statistics of Baum-Welch during i-
vector extraction. The weights are incorporated for the
computation of mean vectors, covariance matrices, and
posterior probabilities of Gaussian Mixture Models
(GMM) which generate new updating rules. The
conducted experiments demonstrated that the proposed
technique has significantly enhanced the performance of
speaker recognition systems that are based on the i-vector
method and operate in noisy conditions. As compared to
the GMM i-vector baseline, the equal error rate of this
algorithm has reduced from 5.75 to 4.72. Shihab et al. [18]
proposed a speaker identification that is based on a hybrid
Gated Recurrent Unit (GRU) and CNN feature extraction
method. The GRU and CNN model is used to process the
spectrogram, and then transform some part of it to
optimize the extraction of the best feature vector. Finally,
the most significant features are combined and selected by
using a statistical method.

Jia et al. [19] proposed a self-organizing feature map
SOM (AC-SOM)-based adaptive clustering algorithm.
This algorithm is used to set the number of neurons that
are present in the competition layer based on the number
of speakers that the system has to recognize until the
number of clusters matches the number of speakers.
Experiments have demonstrated that the suggested method
can greatly improve both training and recognition speed
without having a major impact on recognition rate.

Dhakal et al. [20] presented a new pipelined real-time
speaker identification architecture that improves the
performance of speaker recognition by using hybrid
feature extraction techniques which include CNN, Gabor
Filter (GF), and statistical parameters. For the
classification process, standard classifiers such as Random
Forest (RF), Support Vector Machine (SVM), and DNN
were investigated. Feng et al. [21] proposed a DNN model
based on a 2-D CNN and a Gated Recurrent Unit (GRU)
for speaker identification. In the proposed model, the
convolutional layer was used to extract the voiceprint
feature and reduce dimensionality, enabling faster
computations at the GRU layer. Chauhan et al. [22]
proposed an interesting optimization technique for feature
extraction that utilizes various dimensionality reduction
methods. The optimization is performed using Genetic
Algorithms (GA) and the Marine Predator Algorithm
(MPA). Their approach provided significant enhancement
in the performance of speaker recognition across multiple
classification methods.
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B. Recent Arabic Speaker Identification Systems

Over the past few years, many Arabic speaker
identification systems have been proposed; however, most
of these systems are text-dependent-based systems.
Shahin et al. [23] proposed a novel cascaded Gaussian
Mixture Model-Deep Neural Network (GMM-DNN)
classifier. The proposed text-independent speaker
identification system improved the performance at several
emotions. The experiments demonstrated that the
proposed system outperformed the other conventional
classifiers, such as Support Vector Machine (SVM) and
Multilayer Perceptron (MLP). However, the performance
of the proposed classifier needs further enhancements,
particularly in noisy and hostile speaking environments.
Also, the author in [24] proposed a speech-based
authentication system that can recognize the identity of
Arabic speakers based on the Arabic word (1,83). The
MFCC method was used to extract biometric features, and
the classification process involved feature selection and
Radial Basis Function Neural Network (RBFNN). The
proposed system achieved 97.5% accuracy during the
speaker identification phase. Meftah et al. [25] proposed a
speaker recognition system taking into consideration the
following three states: neutral, emotional, and without
considering the state for both Arabic and English
languages. The proposed system has high overall accuracy,
as it can recognize speakers regardless of their language.
However, it was found that type of emotion affects the
accuracy of the system. Rawia et al. [3] proposed a speaker
identification system  consisting of two phases: the
training phase and the testing phase. The features were
extracted by mixing the MFCC, voice frequency, and
voice fundamental frequency. In addition, many
classification techniques such as Sequential Minimum
Optimization, K-nearest neighbors and Logistic Model
Tree were used during the classification process. The K-
nearest neighbors method outperformed the other methods
as it the highest precision which is approximately 94.8%.
In reference [26], the author proposed a text-dependent
speaker recognition system which can identify a speaker
based on the shortest utterance, vowels, and consonants of
Arabic language. The experiments demonstrated that for
any Arabic text, the utterance that includes the
combination of (- J ¢) will produce a high-performance
speaker identification system. Roumiassa et al. [26]
presented a text-dependent speaker identification system
for both Arabic and Berber languages. They utilized
various feature extraction and reduction methods including
MFCC, principal component analysis (PCA), and LPC.
The experiments showed that the system achieved a high
recognition rate for speaker verification and identification.
Our proposed model differs from the above systems. In
Ref. [23], the performance of the proposed classifier needs
further enhancements, especially in noisy and angry
talking environments whereas our classification model
performs well even in noisy environments. In addition, our
proposed model doesn’t require the speaker to speak a
specific word to be identified as in [26, 27]. Most previous

1 https://drive.google.com/file/d/1yirdAMLmTDIUgFMg8614mdOONSig
ylISm/view?usp=sharing
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research studies have focused on methods utilizing
complete sentences with limited research studies on the
efficacy of phoneme-based speaker identification. Recent
studies such as [3] and [22] have addressed the challenges
of achieving high accuracy with long speech samples.
However, this study aims to fill a crucial gap in the
literature by investigating the performance of speaker
identification using Arabic phonemes. Therefore, this
research is expected to develop more accurate voice-based
technologies and optimize user authentication processes in
Arabic-speaking countries.

Our identification system can reliably recognize
speakers regardless of the phonemes they speak.
Moreover, the performance of the proposed system in [25]
is affected by the emotions of the speakers. Furthermore,
our model doesn’t require extensive computations for
feature extraction as in [3]. Instead, we only need to
compute MFCC to reliably identify the speakers.

I11. MATERIALS AND METHODS

In the field of machine learning, supervised learning can
be thought of as an approach where the algorithm learns
and gains insights from labelled data. This allows the
algorithm to make predictions for new and unseen
data [28]. This methodology has been employed in this
research to facilitate the ability of the algorithm to learn
from the provided dataset. In this study, we evaluate and
examine several machine learning models to determine
which one performs the best for reliable speaker
identification based on Arabic phonemes. The upcoming
subsections will explain the details of the evaluation
process.

A. Dataset Construction

The main aim of this study is to perform an auditory
classification of Arabic speakers; therefore, the system
being evaluated is required to learn and acquire knowledge
from audio data. Hence, four different versions of an audio
dataset are constructed of 104 speakers who speak Arabic
phonemes?. Each of these versions of the dataset contains
a varying number of phonemes per audio record of each
speaker. This means that each dataset contains 104
different classes that represent 104 adult male Arabic
speakers aged between 7 and 40 years. Each version of the
dataset contains 104 folders representing 104 different
speakers. The first version of the dataset contains
approximately 29 audio files per speaker. In addition, the
second version of the dataset contains 14 audio files per
speaker, whereas the third version contains 11 audio files
per speaker and the fourth version contains 7 audio files
per speaker.

In order to construct these four different versions of the
original dataset, a number of steps were followed as shown
in Fig. 1. These steps began by collecting audio records of
different speakers speaking Arabic alphabets/ phonemes
regardless of the presence of background noise. The audio
data of Arabic phonemes was collected from speakers
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among different Arabic countries. In fact, there are 29
Arabic alphabets including Hamza (=) [29]. In our case,
each speaker recorded his voice speaking all Arabic
alphabets in a single .wav file. After that, we followed a
systematic and organized procedure of preparing the audio
files, such as splitting the audio files to contain one, two,
three, or four phonemes per record using an online tool that
doesn’t degrade the quality of the audio file. Then we
converted all the resulting files to .wav extension and
organized the datasets to have the same structure so that
we have all the resulting datasets with the same settings.

== )
Double mes —
L® ) ese P

itprocsss.

Speaker Onginal Data

Guadruple Phonemes
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EEEE T
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Fig. 1. Construction of first, second, third, and fourth versions of the
dataset.

For the construction of our initial dataset version, we
segmented each speaker’s .wav file into subfiles, with each
containing one alphabet or phoneme. For splitting the files,
we used an online tool [30] to perfectly split the files
without affecting the quality of the original file. As a
result, there are approximately 29 files per speaker as
presented in Fig. 2 where N = 29 in this version. However,
to improve the accuracy of the identification process, we
thought of increasing the number of alphabets/phonemes
per record. As for the second version of our dataset, for
every speaker, we segmented the whole .wav file into
subfiles, with each containing two alphabets or phonemes.
As a result, we have approximately 14 files per speaker as
shown in Fig. 2 where N = 14 in this version. Moreover,
the third version of the dataset consists of audio files
containing three alphabets. For every speaker, we

segmented the whole .wav file into subfiles, with each
containing three alphabets or phonemes. As a result, we
have approximately 11 files per speaker as illustrated in
Fig. 2 where N = 11 in this version. Furthermore, the fourth
version of the dataset consists of audio files containing
four alphabets. For every speaker, we divided the
whole .wav file into subfiles, with each containing four
alphabets or phonemes. As a result, we have
approximately 7 files per speaker as presented in Fig. 2
where N = 7 in this version. The data that support the
findings of this study are available from the corresponding
author, S.R.A., upon reasonable request.

Class 1 Class2 eee Class 104
Audio-1.wav [ Audio-1.wav } Audio-1.wav ]
-
Audio-2.wav { Audio-2.wav e Audio-2.wav J
e e eee eee
Audio-N.wav { Audio-N.wav ] Audio-N.wav J

Fig. 2. Structure of the dataset.

B. System Design and Development

The technological architecture of our system comprises
both powerful hardware and software components.
Regarding the hardware components, we utilize a high-
performance computer equipped with large storage
components to manage the datasets efficiently. Our
software architecture is based on Windows 11 operating
system, and Python is the primary programming language
used for developing machine learning algorithms for
speech data processing. This setup allows for robust
speaker identification performance and efficiency.

Vs

Data processing

Dataset

Feature Engineering

=N

Madel Training and Evaluation

|
GMM-UBM Speaker Model

v

Prediction

N

Vi

[

Speaker ID

] J

Fig. 3. Architecture of the speaker identification system.

Furthermore, the proposed speaker identification
system follows a general framework which consists of two
main phases, namely, the training/enrolment phase and the
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testing/identification phase. During the enrolment phase,
the classification system undergoes training using
provided labelled speech examples. In contrast, the testing
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phase involves presenting an unknown speech sample to
the classification system, which then identifies or verifies
the identity of the speaker. For the speaker identification
system to perform the above-mentioned phases, the system
is made up of two main components: feature extraction (or
front-end processing) and speaker modeling (or back-end
processing), as illustrated in Fig. 3. The following
subsection will provide a detailed explanation of each
component of the system.

1) Feature extraction

In any speaker identification system, feature extraction
plays a crucial role as it is required to transform the input
speech signal into a relevant feature vector to be used for
the modelling process. There are two main categories of
feature extraction techniques: modelling human voice
production and modelling peripheral auditory hearing. In
the former, linear prediction cepstral coefficients (LPCC)
are commonly used, while in the latter, Mel frequency
cepstral coefficients (MFCC) and relative spectral
perceptual linear predictive coefficients (RASTA-PLP)
are popularly used [31]. MFCC is widely adopted as an
outstanding speech feature. In our study, we employed
MFCC and Delta-Mel Frequency Cepstral Coefficients
(AMFCC) for their common usage and effectiveness in
speech processing tasks.

a) Mel Frequency Cepstral Coefficients (MFCC)

In fact, human perception of sound frequency doesn’t
align with a linear scale. However, the Mel scale, which is
designed to approximate human auditory perception,
exhibits linearity up to 1 KHz and becomes logarithmic
beyond that [32]. The process of MFCC is like the process
of Real Cepstral Coefficients (RCC) in which the power
spectrum undergoes filtering through a non-uniform space
of frequency band. Therefore, the logarithm of the signal
is calculated. Moreover, these frequency filters which are
known as Mel frequencies, mirror the logarithmic
distribution which reflects the human ear’s hearing
characteristics. The relationship between the logarithmic
frequency distribution and the actual frequency is
explained in the below equation:

1000 L)
1n(1+§) 700

As illustrated in the above equation, f is calculated in
Hz. In order to derive the Mel Spectral coefficients as per
Eg. (1), the following steps are undertaken: First, perform
the Fourier transform on each window frame of the signal.
Second, map the powers of the spectrum onto the Mel scale
by using triangular overlapping windows in each frame.
Third, calculate the logarithms of the powers at each of the
Mel frequencies. Fourth, compute the discrete cosine
transform (DCT) of the list of Mel log powers. Finally, the
MFCCs are represented by the amplitudes of the resulting
spectrum.

b) Delta-Mel
(AMFCC)

In fact, the human ear is responsive to both the static and
dynamic attributes of a signal and the MFCC features
primarily capture the static characteristics of the audio
signal. To address this issue, the first-order derivative of

Mel(f) =

xIn (1+ 1)

Frequency Cepstral Coefficients
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the MFCC, which is known as AMFCC, is added to the
traditional MFCC to include the dynamic information in
every frame. Therefore, this combination improves the
reliability and robustness of MFCC [33]. For further
enhancements of identification accuracy, the extraction of
second and third-order derivatives can also be employed to
capture additional characteristics of the signal. The
equation of AMFCC is presented below.

1

2) Classification methods

In the classification phase of the system, a classification
model is built and created using the training data and the
required machine learning algorithms. Subsequently, the
resulting model is utilized to predict and identify the
speakers’ identities in unknown utterances. This
implementation of various machine learning algorithms
contributes to the process of performance evaluation and
comparison of automatic speaker identification systems.
The machine learning algorithms used for classification
process in this study speaker identification can be divided
into three categories: Generative models, such as Gaussian
Mixture Model (GMM), Discriminative Models, such as
Support Vector Machine (SVM), and Hybrid models, such
as (GMM-UBM) [34]. To cover all the above-mentioned
types of classification algorithms, each of these models has
been employed and evaluated in the proposed system. The
following subsections explain each of these models in
detail.

a) Gaussian Mixture Model (GMM)

In general, GMM can be viewed as a machine learning
method for modelling multivariate  probability
distributions which performs well, specifically at handling
arbitrary distributions. In addition, it stands out as one of
the most common and popular techniques employed for
the classification process in speaker identification systems.
Furthermore, for speaker “s”, the GMM representing the
distribution of feature vectors is constructed as a weighted
linear combination of M unimodal Gaussian densities [35],
where each Gaussian density is characterized by mean
vectors (i) and a covariance matrix ( X7 ). These
parameters together form a speaker model which is
represented by the notation { pf,ui Y5 3L, . Here,
picorresponds to the mixture weights with respect to the
stochastic constraint Y2, p =1. When considering a
feature vector x, the density mixture for the speakers is
then determined as:

P(xlys) = XLy p7b7 (x)

AMFCC(m,n) = > (X MFCC(mn+1)) (2)

3)
where,

bs(x) = e CRO-HDIED THE-uD (g

1
and where D refers to the dimensions of the feature vector.
b) Support Vector Machine (SVM)
Over the past years, SVM has been widely implemented
as a primary algorithm for developing speaker
identification systems and classifying the speakers in
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unknown utterances [36]. During the training process of
the model, SVM constructs and builds a binary class
classifier based on the convex optimization theory. In
addition, it is required to use an optimum hyperplane
which expands a decision boundary between the two target
classes [37]; however, the recent developments of SVM
implement a structured risk minimization model as shown
in the following equation.

mr/neﬁ] 1(w, %) (5)

The linear method of SVM works by projecting an input
feature vector x into a function f(x) as shown in the
following:

1
~whwtc T, K,

f(x) = sign[TiL aik(x; x;) + B] (6)

where X; represents the support vectors, £ refers to a bias,
a; represents the weights and N is the total number of the
support vectors of SVM.

¢) Gaussian Mixture Model-Universal Background
Model (GMM-UBM)

In fact, UBM in the speaker identification system is an
important Gaussian Mixture Model that is trained to
represent and model the speaker-independent distribution
of features [38]. In order to determine the parameters
mean, variance, and weight of the UBM model, the
Maximum Likelihood Linear Regression (MLLR)
algorithm [39] is utilized to combine the data from all
utterances of the speakers. After that, the hypothesized
speaker-specific model is formed by adapting the UBM
parameters using the speaker’s training speech samples
and employing Bayesian Maximum A Posteriori (MAP)
adaptation instead of MLLR training. To identify a speaker
from a given set of speakers S = {1, 2, ..., s}, each speaker
is characterized by a model derived from the UBM model
through MAP adaptation. In addition, the MAP adapted
models for S speakers are represented as al, o2, ..., as.
Also, the speaker model that maximizes the a posteriori
probability for a given sequence of speech utterances can
be expressed as:

S = arg_max
1<kss

X lax)r(@aum)
p(X laypm)

Y]

3) Evaluation metrics

The evaluation metrics are utilized to assess the
effectiveness of trained models and their accuracy on a
specific dataset. In fact, the most widely used performance
measures in the speaker identification field are accuracy,
precision, recall, and F-measure [34]. In this study, we
evaluated the trained ML models using metrics such as
accuracy, precision, recall, and f1-score. Furthermore, we
conducted a comparative analysis of results from the three
trained classification models to identify the most effective
model for our dataset. In the below subsections, we briefly
explain and elaborate on each metric and its corresponding
equation.
e Accuracy

Accuracy is considered as a widely adopted
performance measure which is simply used to describe the
count of accurately classified instances by a specific

336

classification algorithm [40]. The mathematical
representation and equation of the accuracy is illustrated
by the following equation:

Number of Correctly Predicted Instances

®)

By measuring the systems’ accuracy, researchers and
developers can then gain insights into the system’s overall
performance which enables them to fine-tune the used
algorithms and address potential weaknesses of the
system.

e Precision

Precision refers to the calculation of the ratio of true
positive instances to the sum of both true positive and false
positive instances [41]. The mathematical formula that
represents the precision is shown in the following
equation:

Accuracy =
y Total Number of Instances

TP
(TP+FP)

9)

By prioritizing precision metrics, developers can gain
insights into the system’s ability to precisely classify and
identify speakers, especially in scenarios where false
positives can lead to serious effects, such as in security or
authentication-related scenarios.

o Recall

In fact, recall is also known as True Positive Rate (TPR)
or Sensitivity. It measures the ability of the ML classifier
to correctly predict and identify positive instances[41].
This metric indicates how well the model captures and
predicts all the actual positive cases. The mathematical
formula of the recall is represented by the following
equation:

Precision =

TP

Recall = NP

(10)

Recall is calculated to evaluate the system’s proficiency
in identifying all speakers who should be identified as
positive regardless of any false negatives. In addition,
recall has been proved to be crucial, especially in scenarios
where missing a positive identification could lead to
significant impacts, specifically in security or forensic
contexts.

e F1-Score

The Fl-score metric refers to the calculation of the
harmonic mean of precision and recall which provides a
balance between both of these metrics[41]. In fact, a higher
value of F1-score indicates a better balance between
precision and recall, representing the model’s overall
performance in predicting positive instances while
minimizing both false positives and false negatives.
Moreover, the mathematical formula of the F1-Score is
calculated using the following equation:

(Precesion x Recall)
F1 —Score = 2——=
(Precesion + Recall)

(1)

As a matter of fact, measuring the F1-score is important
to ensure the reliability and accuracy of the speaker
identification system in real-world applications and across
various scenarios and datasets.
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II. RESULTS AND DISCUSSION

The details of the experiments performed using the three
classification methods mentioned in the previous section
are presented in the following subsequent sections. It
begins by explaining the experimental configuration,
followed by an illustration of the experiment’s outcomes
and results of each of the trained ML models.

A. Experimental Setup

In our experiments, we divided the data as follows:
about 70% of the data for training and 30% for testing. In
addition, we test each of the classification models, GMM,
SVM, and GMM-UBM on the same dataset using the same
training and testing data. This uniform setting allows us to
fairly compare the performance and results of each model
in our experiment. The details of the experiment of each
classification model are explained in the following
subsections.

For the proposed architecture, we trained our three
models which are GMM, SVM, and GMM-UBM on the
same dataset (first, second, third, fourth versions) of the
original Arabic dataset. We set the number of mixtures of
the GMM model and GMM-UBM model to 16 for all the
GMM-related experiments. In addition, we set the
Regularization Parameter C of the SVM model to 1 for all
the SVM-related experiments. Moreover, for each of the
three classification models, we conducted model training
twice, once on a 20 MFCC feature set and another time
using a 40 MFCC feature set by combining 20 MFCCs
with 20 delta MFCCs. Therefore, for every model GMM,
SVM, and GMM-UBM, we performed eight experiments
which are One-Letter-20MFCCs, One-Letter-40MFCCs,
Two-Letters-20MFCCs, Two-Letters-40MFCCs, Three-
Letters-20MFCCs,  Three-Letters-40MFCCs,  Four-
Letters-20MFCCs, and Four-Letters-40MFCCs.

B. Experimental Results

In our speaker identification experiments, we started by
conducting experiments related to the 20 MFCCs of our
three classification models: GMM, SVM, and GMM-
UBM. After training these models, we evaluated their
performance with several evaluation measurements which
are accuracy, precision, recall, and F1-score. Moreover,
Fig. 4 presents the accuracy results of the 20 MFCCs-
based experiments.

One Phoneme

w

Accuracy Results pf 20 MFCC

Three Phonemes Four Phonemes

87.50%
94.23%
92.31%

S5 =
g 2 &
‘l ;

Two Phonemes

78.30%
69.82%

mGMM  m SYM  m GMM-UBM

Fig. 4. Accuracy results of 20 MFCCs.
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In addition, Fig. 5 demonstrates the precision results of
the 20 MFCCs-based experiments. Furthermore, Fig. 6
illustrates the recall results of the 20 MFCCs-based
experiments. Additionally, Fig. 7 presents the F1-score
results of the 20 MFCCs-based experiments.

o% 2

Three Phonemes Four Phonemes

Precision Results FCCs

Two Phonemes

95.19%

100%

91.81%
92.24%
85.06%
88.24%
95.19%
94.05%

90%

81.53%
78.88%

70.87%

One Phoneme

® GMM = SVM = GMM-UBM

Fig. 5. Precision results of 20 MFCCs.

Recall Results of ZQE MLFCCS

Two Phonemes

89.42%
96.15¢
94.23%
95.19%
92.31%

=
o

78.30%
76.91%
89.10%
84.29%
87.50%

69.82%

One Phoneme Three Phonemes Four Phonemes

Four Phonemes

® GMM ®SVM = GMM-UBM

Fig. 6. Recall results of 20 MFCCs.
F1- -score Results oﬁ 20 MFCCs

One Phoneme Two Phonemes

94.74
93.91%
94.78%

Three Phonemes

78.54%
88.91%
88.85%

84.38%
87.68%
92.94%

69.92%

uGMM ®mSVM = GMM-UBM

Fig. 7. F1-score results of 20 MFCCs.

The results of one phoneme-based experiment
demonstrate that the GMM model achieved the highest
accuracy of 78.30%, followed closely by the SVM model
with an accuracy of 76.91%. In addition, GMM-UBM-
based model achieved the lowest accuracy of 69.82%.
Similarly, for two and three phonemes-based experiments,
both GMM and SVM maodels performed comparably well;
nevertheless, the SVM maodel slightly outperformed the
GMM in some cases. However, during the four phonemes-
based experiments, all models achieved high values of
accuracy. However, the SVM and GMM-UBM models
perform better than GMM. Moreover, across all
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experiments of different numbers of phonemes, the GMM
model consistently achieved higher precision, recall, and
F1-score as compared to SVM and GMM-UBM. This not
only implies higher performance and accuracy, but also
indicates that the GMM model maintained a better balance
between precision and recall across all experiments.
However, the performance of the SVM and GMM-UBM
models varied slightly depending on the number of
phonemes per record. Overall, experiments with SVM
showed robust performance, closely matching the
accuracy of the GMM model, especially for experiments
involving two or more phonemes. On the other hand,
GMM-UBM showed competitive performance, especially
in cases with fewer phonemes. This suggests that its
accuracy decreased as the task’s complexity increased.
After conducting experiments using 20 MFCCs for
evaluating the performance of speaker identification using
the three ML models, we proceeded to evaluate the
performance of these models on a higher-dimensional
feature set consisting of 40 MFCCs. The results of these
experiments are summarized in Fig. 8, Fig. 9, Fig. 10, and

Fig. 11.
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92. 799/
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77.01%
71.54%
89/42%
86.54%

One Phoneme

= GMM = SVM = GMM-UBM
Fig. 8. Accuracy results of 40 MFCCs.
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Fig. 9. Precision results of 40 MFCCs.
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Fig. 10. Recall results of 40 MFCCs.
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Fl-score Results of 4% MFCCs
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Fig. 11. F1-score results of 40 MFCCs.

As shown in the above figures, the SVM model
consistently performs slightly better than the GMM model
or same in some cases across all phoneme categories from
the accuracy point of view. However, the GMM-UBM
model exhibits the lowest accuracy as compared to the
other two models. This implies that incorporating the
universal background model with the GMM model might
not have significant improvements on the performance in
this scenario. Similarly, when considering the precision,
we observe a similar pattern where the SVM model tends
to achieve higher values of precision as compared to the
GMM model across all different numbers of phonemes.
However, the GMM-UBM model exhibits the lowest
precision as compared to the other two models other which
indicates a higher rate of false positives. Moreover, in
terms of recall, the SVM model also consistently
outperforms the GMM model. In addition, the GMM-
UBM model shows lower recall values as compared to the
other two models, suggesting a higher rate of false
negatives. Furthermore, for F1-score evaluation metric,
the SVM model generally achieves competitive F1-scores
as compared to the GMM model across all phoneme
categories. In addition, even though the GMM-UBM
model shows improvements over the GMM model in some
cases, it is not better than the SVM model in terms of F1-
score.

A summary of the numerical results from the
experiments based on 20 MFCCs is outlined in Table I. In
addition, the outcomes of the experiments using 40
MFCCs are presented in Table Il. Examination of the
tables reveals that the GMM model outperformed the SVM
and GMM-UBM models for the 20 MFCCs dataset. On the
other hand, for the 40 MFCCs feature set, the SVM model
exhibited superior performance across all speaker
identification cases and tasks.

C. Discussion

As shown in Table | and Table 11, the minimum number
of Arabic phonemes required for accurate and reliable
Arabic speaker identification is three. Table | illustrates
that for the 20 MFCC feature set, the GMM-based model
exhibits remarkable performance with an accuracy of
96.2%, precision of 96.6%, recall of 96.2%, and F1-score
of 95.7%. One reason for this success could be the
suitability of GMM for a lower number of MFCCs, which
is 20 in this case, as it is considered a statistical model. On
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the other hand, Table 1l demonstrates that the SVM-based
model is better for the 40 MFCC feature set as it achieved
an accuracy of 95.67%, precision of 95.19%, recall of
95.67%, and F1-score of 94.74%. The strength of SVM
models, especially in higher-dimensional feature spaces
(such as 40 MFCC in this case), lies in their ability to
capture complex decision boundaries. This makes them

advantageous for handling complex patterns in speaker
audio data. Furthermore, the consistent and linear
correlation of the evaluation metrics across different cases,
including varying recording conditions, underscores and
ensures the robustness of the trained ML models for
speaker identification tasks.

TABLE I. RESULTS OF 20 MFCC FEATURE SET

Classification Method Generative Models (GMM)

Discriminative Models (SVM)

Hybrid Models (GMM-UBM)

# of letters per record 1 2 3 4 1 2 3 4 1 2 3 4
Accuracy 783% 89.1% 96.2% 942% 76.9% 89.4% 95.7% 95.1% 69.8% 84.3% 87.5% 92.3%
Precision 81.5% 91.8% 96.6% 95.1% 78.9% 922% 951% 95.1% 70.9% 85.1% 882% 94.1%

Recall 783% 89.1% 96.2% 942% 76.9% 89.4% 95.7% 95.1% 69.8% 843% 87.5% 92.3%
F1-score 785% 88.9% 95.7% 93.9% 759% 88.9% 94.7% 948% 69.9% 844% 87.7% 92.9%

TABLE Il. RESULTS OF 40 MFCC FEATURE SET

Classification Method Generative Models (GMM)

Discriminative Models (SVM)

Hybrid Models (GMM-UBM)

# of letters per record 1 2 3 4 1 2 3 4 1 2 3 4
Accuracy 77.6% 88.8% 928% 947% 7% 89.4% 95.7% 952% 715% 86.5% 89.4%  93.8%
Precision 815% 924% 93.1% 95.2% 79.3% 915% 952% 952% 72.1% 87.3% 91.6% 95.5%

Recall 77.6% 88.8% 92.8% 94.7% 7% 89.4% 957% 95.2% 715% 86.5% 89.4% 93.8%
F1-score 78% 88.6% 91.8% 94.2% 76.3% 88.6% 94.7% 948% 71.6% 86.7% 90% 94.4%

Even though all three models provide good results and
can be used for speaker identification using 20 MFCCs, the
GMM model outperforms the other two models with
consistently high accuracy and robust precision-recall
performance across all experiments based on varying
number of phonemes. Nevertheless, in some scenarios
where there are specific requirements and computational
limitations, both SVM and GMM-UBM models could be
used as alternatives, especially in cases involving multiple
phonemes. Moreover, additional experimentation and
fine-tuning might be required to optimize the performance
of each model, specifically for certain use cases and
datasets. Furthermore, the SVM model shows slightly
better performance as compared to the GMM model for
speaker identification using 40 MFCCs. In addition, the
GMM-UBM model does not provide significant
enhancements of the performance over the GMM model in
the context of speaker identification.

Upon evaluating the performance of trained ML models
for speaker identification against existing research [8-10,
42, 43], we observed notable similarities and differences.
Our results show that GMM-based models outperformed
SVM-based models when using a 20 MFCC feature set as
it achieved an accuracy of 96.2%. This aligns with the
findings from previous studies where GMMs proved to be
effective in similar contexts. However, for the 40 MFCC
feature set, our SVM-based models achieved the highest
accuracy of 95.67% which proved the robustness of SVMs
in  handling higher-dimensional  feature  spaces.
Furthermore, while our findings prove the effectiveness of
these classification models in  Arabic speaker
identification, further analysis is required to understand the
behavior and complexity of the models and then optimize
them for use in a wider range of scenarios.

The studies mentioned above share similarities such as
using GMM or SVM as classification models in addition
to utilizing MFCCs features for speaker identification
tasks. When reviewing the literature, we observed a
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significant gap in research focused on phoneme-based
speaker identification for the Arabic language. When
comparing our proposed approach to those discussed
in [44, 45], our approach demonstrates lower
computational complexity. In addition, the proposed study
achieved notable accuracies without the need for removing
background noise which proves the robustness and
feasibility of our methodology in real-world scenarios.
Furthermore, our research addresses challenges
encountered in everyday environments, ensuring the
applicability and reliability of our speaker identification
system. Therefore, the contribution of our research
highlights the effectiveness of our feature extraction and
modelling methods in extracting unique speaker
characteristics, regardless of environmental variability,
which help in developing more robust speaker
identification systems. Moreover, this study can also help
in related domains, such as speech recognition and natural
language processing, which rely on similar audio data
analysis principles.

Furthermore, when comparing our results with recent
Arabic speaker identification research [3], our study shows
better performance. Previous research recommended the
use of KNN model in addition to complete sentences to
reliably identify speakers, which achieved a precision of
94.8%. However, our findings emphasized that using short
utterances or even Arabic phonemes (3 phonemes) instead
of full sentences, which makes the system more complex,
is sufficient for accurate speaker identification.
Furthermore, our study proves that GMM or SVM models
outperform KNN based on our experiments. Details of the
KNN model’s performance are presented in Table I1I.

One may argue that we should try and compare our
results with more advanced classification schemes such as
High-level CNNs [46] or the transformer model [47]. The
justification is that a 20 or 40 feature set is not a very
complex or large problem set, so using the advanced
schemes will be overkill.
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TABLE I1l. RESULTS OF APPLYING KNN USING ARABIC PHONEMES

Classification Method

K-Nearest Neighbors (KNN) using 20 MFCCs

K-Nearest Neighbors (KNN) using 40 MFCCs

# of letters per record 1 2 3 4 1 2 3 4
Accuracy 62.19% 76.92% 87.98% 92.79% 61.65% 76.92% 87.5% 91.82%
Precision 70.62% 79.62% 86.92% 91.83% 72.13% 80.66% 87.72% 91.57%

Recall 62.19% 76.92% 87.98% 92.79% 61.65% 76.92% 87.5% 91.83%
Fl-score 60.51% 75.01% 85.65% 91.28% 60.06% 75.09% 85.65% 90.42%
and H.F.A.; visualization, S.R.A.; project administration,
I11. CONCLUSION H.F.A; funding acquisition, S.R.A. All authors had

Speaker identification is an important authentication
technique. This research investigates the performance of
Arabic phonemes for speaker identification. The research
provides a comprehensive comparison of the performance
of three machine learning models used for Arabic speaker
identification based on phonemes. A crucial part of this
study involves investigating the feasibility of using short
audio samples such as Arabic phonemes or alphabets to
accurately identify the speakers, regardless of the presence
of background noise. The research findings show that it is
necessary to have at least three Arabic phonemes for
reliable speaker identification. The analysis of the results
emphasizes the robustness of using Arabic phonemes for
speaker identification. The findings of the analysis provide
valuable insights into  phoneme-based  speaker
identification. The examination of all the speaker
identification models proves that the GMM models
perform better for identifying the speakers based on 20
MFCC feature set with an accuracy of 96.2%. On the other
hand, accuracy of 95.67% was achieved using SVM-based
models for 40 MFCC feature set. Moreover, the GMM-
UBM model does not offer significant improvements of
the performance over the GMM model in this context. This
conflicts with the findings of previous research which
recommended the use of KNN model along with complete
sentences for reliable speaker identification. In contrast,
our study proves that GMM and SVM models outperform
KNN model based on experimental results. Even though
our trained models achieved good results, this can be
improved in the future by expanding models on words or
sentences. In the future, we plan to consider adding words
or sentences from each speaker to our dataset.
Furthermore, we plan to expand our dataset by adding
more speakers from more Arabic countries with varying
dialects. This research can help improve user
authentication in various domains such as customer
services, and voice-activated devices.
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