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 A B S T R A C T

This survey provides a comprehensive review of existing Tamil Text-to-Speech (TTS) synthesis systems, 
synthesis approaches, evaluation approaches, and highlights state-of-the-art approaches and challenges in 
handling linguistic nuances. Voice-based interfaces are becoming part of life. Therefore, it is import to have 
an expensive TTS system which can make human experience better. Tamil, with its rich linguistic features and 
diagnostic nature, presents significant challenges to speech synthesis. In addition to the survey, importantly this 
work proposes a perceptual evaluation framework which consists of expressiveness, low listening fatigue, and 
overall quality, in addition to traditional intelligibility and naturalness, dimensions to evaluate better human 
experience. This study also uses the Comparative Mean Opinion Score (CMOS) for the subjective evaluation 
instead of the Mean Opinion Score. A dataset for the evaluation was also carefully prepared and six widely used 
Tamil TTS systems were evaluated using Word Error Rate and the subjective evaluation was done using the 
proposed evaluation framework with the support of 30 evaluators. The reliability of the subjective evaluation 
is also assessed using Krippendorff’s Alpha. The results indicate the existing systems have significant room 
for improvement in all perceptual dimensions. The study underscores the need for evaluation datasets and 
evaluation approaches that cater to subjective perceptual dimensions of speech synthesis for better human 
experience and lays a foundation for future research and development in Tamil and similar TTS systems.
. Introduction

Text-to-speech (TTS) systems are essential for human–computer 
nteraction, enabling the conversion of written text into a synthesized 
poken format. In recent years, advancements in deep learning have 
nabled TTS technology to evolve, producing more natural and human-
ike speech than ever before (Pratap et al., 2024). The TTS process 
egins with text analysis, where natural language processing (NLP) 
echniques break down and normalize the input text to ensure correct 
ronunciation. This includes transforming the text into phonemes (the 
asic sound units of speech) and processing them with prosody, which 
dds intonation, stress, and rhythm to make the speech sound more 
atural (Ahmad and Rashid, 2024).
The versatility of TTS systems allows for their use in various appli-

ations. For instance, they serve as vital assistive technologies for the 
isually impaired, allowing users to listen to screen content via auditory 
utput, significantly improving accessibility (Lăpuşteanu et al., 2024; 
harma et al., 2014). Additionally, TTS is widely implemented in 
ommercial services such as virtual assistants such as Hoy (2018), 
hich rely on speech synthesis to provide real-time spoken responses 
o user queries. Educational tools also benefit from TTS by helping lan-
uage learners practice pronunciation and gain exposure to appropriate 
anguage intonation (Gobinathan et al., 2024). Moreover, TTS plays a 
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crucial role in navigation systems, reading out real-time directions to 
drivers, and in automated customer service, where it powers interactive 
voice response (IVR) systems to handle routine inquiries (Inam et al., 
2017). 

By integrating deep learning models and natural language pro-
cessing, TTS systems have transformed from basic robotic-sounding 
voices to highly intelligible and expressive speech, finding widespread 
application across numerous industries such as audio books, virtual 
assistants, language learning platforms, accessibility tool for visually 
impaired and customer service chat bots.

1.1. Significance of Tamil language

Tamil, spoken by more than 86 million people globally (Zeidan, 
2020), holds the distinction of being one of the oldest classical lan-
guages with a rich literary tradition (Hart, 2000; Zvelebil, 2021). The 
development of text-to-speech (TTS) systems for Tamil is essential for 
promoting its usage in the digital age, contributing to the preservation 
of its cultural heritage (Pubadi et al., 2020).

Predominantly spoken in Tamil Nadu (India) and Sri Lanka, Tamil 
is also widely used among diaspora communities worldwide. It is 
the official language of Tamil Nadu, Sri Lanka, and Singapore, and 
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one of India’s 22 scheduled languages. Tamil speakers can also be 
found in countries such as Canada, U.S.A, U.K, Germany, Switzerland, 
Australia, Malaysia, South Africa, the UAE, and others, showcasing its 
global reach. Tamil is also taught globally, with standardized teaching 
methods emerging to support non-native speakers, further emphasizing 
its cultural and linguistic significance.

Despite its global presence, Tamil has unique challenges. Many di-
aspora members and migrants to Tamil-speaking regions, such as Tamil 
Nadu and northern Sri Lanka, as well as older populations in rural 
areas, may speak Tamil fluently but lack literacy. This gap highlights 
the importance of TTS systems in providing auditory access to Tamil 
content such as audio books and creative industry.

1.2. Motivation

Despite its linguistic, cultural, and historical significance, Tamil is 
considered underrepresented in the field of speech technology research, 
especially in the development of Text-to-Speech (TTS) systems. The 
distinctive linguistic characteristics of Tamil are often neglected during 
TTS system design and evaluation.

Currently, there is no comprehensive up-to-date survey that answers 
how far speech synthesis has been progressed in Tamil, what are 
systems cater to Tamil speech synthesis and how far they perform, 
what are the available datsets for training and evaluation and how a 
diverse dataset should be for TTS, what are the linguistic challenges 
of Tamil speech synthesis and how we can identify and evaluate the 
systems that perform Tamil language speech synthesis. Existing studies 
primarily concentrate on high-resource languages such as English and 
Mandarin, offering limited insight into the unique linguistic challenges 
and practical constraints faced by Tamil TTS development.

There is no standardized subjective evaluation framework specifi-
cally for perceptual dimensions of TTS systems. This absence of thor-
ough and systematic analysis obstructs the advancement of
high-quality, linguistically nuanced Tamil TTS solutions. Traditional 
TTS evaluations mostly focus on brief, isolated utterances, overlooking 
important perceptual factors valued by Tamil-speaking users such as 
expressiveness, low listening fatigue, and the naturalness of longer-
duration speech synthesis.

To bridge this gap, there is a pressing need for a Tamil-specific 
TTS survey, balanced dataset for evaluation and evaluation framework 
that integrates these perceptual dimensions, fostering the creation of 
more inclusive, expressive, and user-centric speech technologies for the 
Tamil-speaking population.

1.3. Research gaps

Based on the literature survey, this study identifies and aims to 
address three key research gaps in the domain of Tamil Text-to-Speech 
(TTS) systems: (1) the absence of a comprehensive and standardized 
subjective evaluation framework capable of assessing important per-
ceptual dimensions such as intelligibility, naturalness, expressiveness, 
listening fatigue, and overall quality; (2) the limited exploration of the 
unique linguistic challenges associated with Tamil speech synthesis; 
and (3) the lack of a comprehensive survey and standardized evaluation 
of existing Tamil TTS systems. These gaps collectively contribute to the 
obstacles in the development of high-quality, contextually appropriate, 
and practically deployable TTS solutions for Tamil.

While most current evaluation approaches for TTS systems empha-
size basic intelligibility and, to some extent, naturalness, they largely 
ignore other essential perceptual factors such as expressiveness and 
listening fatigue. This is particularly limiting in applications such as 
audiobook narration, virtual assistants, or storytelling platforms, where 
prosodic variation and emotional tone critically affect the user expe-
rience. The absence of a multidimensional, standardized evaluation 
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framework makes it difficult to benchmark and compare system perfor-
mance holistically. This research aims to propose a subjective evalua-
tion framework that addresses this need and supports the advancement 
of more expressive and user-friendly TTS systems.

The limited exploration of the specific linguistic challenges asso-
ciated with Tamil speech synthesis presents a significant obstacle in 
the advancement of Tamil TTS. Tamil phonology involves a range of 
subtle vowel and consonant distinctions, including retroflex sounds 
and nasalization, which require precise handling to produce natural-
sounding speech. The language’s prosodic features, such as stress pat-
terns and intonation contours, further complicate synthesis, especially 
since these vary across different dialects and speaking contexts. Despite 
these complexities, existing Tamil TTS research has only marginally 
addressed such linguistic nuances, often relying on generic or oversim-
plified language models. This insufficient focus limits the naturalness, 
intelligibility, and expressiveness of synthesized Tamil speech.

Although Tamil is a language spoken by more than 86 million 
people in the world, official languages of many countries and sev-
eral Tamil TTS systems have been proposed over the years, there is 
no unified and up-to-date survey that systematically evaluates their 
strengths, limitations, and relative performance. The existing literature 
is often fragmented, employing various methodologies and inconsistent 
evaluation metrics, making it difficult to accurately gauge the current 
state of the field. To address this critical gap, the present study conducts 
a comprehensive survey and evaluation of Tamil speech synthesis and 
TTS systems using a unified framework.

1.4. The objectives

The overarching objective of this survey paper is to report ap-
proaches for TTS development, comprehensively analyze and evaluate 
the current state of Tamil Text-to-Speech (TTS) systems, identify key 
challenges in developing expressive Tamil TTS, and provide insights 
into future research directions. To achieve this, the following research 
questions are addressed:

1. What are the approaches used in the TTS systems developed to 
date?

2. How do existing Tamil TTS systems perform in objective and 
subjective evaluation metrics?

3. What are the challenges in developing expressive Tamil TTS 
systems?

1.5. Contributions

One of the primary contributions of this study is the proposal of a 
multidimensional subjective evaluation framework for Text-to-Speech 
(TTS) systems. Traditional evaluation approaches often focus narrowly 
on intelligibility or naturalness, overlooking other important perceptual 
aspects that affect user experience. This study addresses this gap by 
extending the Comparative Mean Opinion Score (CMOS) metric to 
incorporate five perceptual dimensions: intelligibility, naturalness, ex-
pressiveness, low listening fatigue, and overall quality. This framework 
allows for a more user-relevant assessment of synthesized speech, par-
ticularly valuable in contexts such as audiobooks, virtual assistants, and 
education platforms where prosody and emotional tone are essential. 
To support consistent and linguistically informed evaluation, the study 
also involves the preparation and use of a balanced evaluation dataset. 
Building on this foundation, the study conducts a systematic evaluation 
of six widely used Tamil TTS systems, both commercial and open-
source. These include Google TTS, Google Cloud TTS, OpenAI TTS, 
Bhashini TTS, IIT Madras Indic TTS, and Meta’s MMS. Each system 
is evaluated using a dual approach: objective metrics such as Word 
Error Rate (WER) to assess transcription accuracy, and the proposed 
subjective evaluation framework to gauge perceptual quality. This com-
bined analysis offers a clear, comparative picture of the strengths and 
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weaknesses of each system, providing valuable insights for researchers 
and developers working on Tamil speech synthesis.

Another important contribution of the study is the in-depth analysis 
of Tamil-specific linguistic challenges that impact the quality and effec-
tiveness of TTS systems. Tamil exhibits significant dialectal variation, 
and the gap between its spoken (colloquial) and written (literary) forms 
known as diglossia creates difficulties in pronunciation modeling. In 
addition, the language includes phonetic features such as retroflex con-
sonants, nasalization, and gemination, which are often poorly handled 
in existing systems. These challenges are exacerbated by the limited 
availability of annotated speech datasets and the lack of dialect-aware 
models. This study explores these issues comprehensively, highlighting 
the need for linguistically grounded approaches to TTS development.

In addition to this, the study offers a comprehensive survey of 
existing Tamil TTS methodologies and systems, covering both classical 
approaches like concatenative and HMM-based synthesis, and modern 
neural architectures such as Tacotron2 and FastSpeech2. This survey 
identifies key methodological trends, persistent limitations, and emerg-
ing opportunities, providing a consolidated reference point for future 
research and development in the field.

The novelty of this study lies in its pioneering extension of the 
CMOS metric to evaluate five perceptual dimensions critical to user 
satisfaction. It is also the first to benchmark a diverse set of commer-
cial and open-source Tamil TTS systems using a combined objective-
subjective evaluation strategy, drawing on feedback from native Tamil 
speakers. Moreover, evaluation dataset is made publicly available. This 
dual-pronged and linguistically informed approach provides a holistic 
understanding of the current landscape, uncovering systemic limita-
tions particularly in expressive synthesis and setting a new standard 
for future Tamil TTS research.

1.6. Paper outline

The paper has six sections. Section 1 establishes the significance of 
Tamil TTS, identifies research gaps, and outlines the objectives and con-
tributions of the article. The background Section 2 provides linguistic 
and technical foundations of TTS systems, focusing on Tamil phonology 
and synthesis techniques. Section 3 presents a comprehensive review 
of existing Tamil TTS systems, spanning both commercial platforms 
and open-source projects. It discusses the data sources, pre and post-
processing steps, and model architectures employed in these systems. 
Section 4 outlines the evaluation framework and methodology used in 
this study and reports the results of our evaluation, focusing on both 
objective (Word Error Rate) and subjective (Comparative Mean Opinion 
Score) assessments. Results are analyzed across multiple dimensions, in-
cluding naturalness, intelligibility, expressiveness, low listening fatigue 
and overall quality. Section 5 explores the core challenges in devel-
oping Tamil TTS systems, including the language’s diglossic nature, 
dialectal variations, and contextual phonological complexity. Finally, 
Section 6 summarizes current limitations in Tamil TTS research and 
proposes directions for future improvement and development.

2. Background

This section introduces the key concepts required to understand 
the development of Text-to-Speech (TTS) systems and challenges in 
developing TTS for Tamil. TTS systems are designed to convert written 
text into speech by combining principles of linguistic analysis, signal 
processing, and machine learning. The development of the Tamil TTS 
system begins with a deep understanding of the language’s phonologi-
cal system. Tamil phonetics and phonology are characterized by distinct 
vowels, consonants, and features such as retroflex sounds and vowel 
length distinctions. These elements are significant in capturing Tamil 
pronunciation (Keane, 2004).

Due to the syllable-centric structure of the Tamil script and the 
presence of complex context-dependent pronunciation patterns such 
3

as allophonic variations and one-to-many mappings between letters, 
sounds—Grapheme-to-Phoneme (G2P) conversion mechanisms must 
account for context sensitive mapping to ensure accurate pronunciation 
modeling in TTS systems (Rajendran and Kumar, 2019).

Beyond pronunciation, prosody and intonation play important role 
in creating a natural flow in speech. Rhythm, stress, and pitch pat-
terns in Tamil require careful modeling to mimic natural intonations 
and emotional expressions. Incorporating these aspects enhances the 
realism and expressiveness of the TTS output (Jalin and Jayakumari, 
2017).

Modern advancements in TTS systems, particularly in deep learning, 
have revolutionized speech synthesis. Models such as Tacotron (Wang 
et al., 2017) generate mel-spectrograms from input text using sequence-
to-sequence learning, which are then converted into audio waveforms 
using vocoders such as WaveNet (van den Oord et al., 2016), where 
raw text can be converted into high-quality audio with minimal manual 
intervention.

Despite these technological advancements, the development of
Tamil TTS systems remains challenging. Adapting such architectures 
for Tamil involves addressing language-specific challenges, including 
complex grapheme-to-phoneme conversion and prosodic variations, 
and requires training on large, high-quality Tamil speech datasets. 
However, the increasing availability of open-source tools and col-
laborative research platforms offers promising opportunities for the 
creation of comprehensive datasets. By systematically addressing these 
challenges, the Tamil TTS systems can achieve high intelligibility and 
naturalness. These efforts not only make technology more accessible 
to Tamil-speaking communities but also contribute to preserving and 
promoting language in the digital era.

2.1. Tamil phonology & challenges

Tamil has a rich phonetic inventory consisting of vowels, and con-
sonants that contribute to distinct sounds. The language is noted for its 
differentiation between short and long vowels and its use of consonant 
gemination (Kuno, 1958). Tamil has five primary vowel qualities (/i/, 
/e/, /a/, /o/, and /u/), each of which has a length distinction, leading 
to ten phonemic vowels. This contrast in length is significant for 
distinguishing meanings between words (Kuno, 1958). Tamil’s conso-
nant inventory includes stops, nasals, fricatives, and liquids, with a 
notable distinction between voiced and voiceless obstruents. The lan-
guage’s phonological rules are highly context-sensitive (Krishnamurthy, 
1977), and consonant gemination further highlights the importance 
of phonological context (Balasubramanian and Asher, 1984; Hesel-
wood, 2013). Krishnamurthy (1977) rules also highlight the economy 
in Tamil’s orthographic system, where multiple sound values may be 
represented by a single symbol, depending on the context. This feature 
aligns with Zipf’s principle of least effort, which minimizes the number 
of symbols required while retaining phonological richness (Cherry, 
1957).

Tamil’s phonological system encompasses various factors, such as 
context-sensitive variations, dialectal influences, and the integration 
of loanwords, all of which shape its rich phonetic profile (Annamalai, 
1979; Keane, 2004; Suseendirarajah, 1993).

A notable feature is the behavior of obstruents (stops and frica-
tives). In Tamil, voiced obstruents typically occur internally after nasal 
segments. Conversely, voiceless plosives are predominantly found in 
word-initial positions, aligned with the pattern outlined by Caldwell’s 
law (Keane, 2004).

The dialectal differences in Tamil and Telugu significantly affect 
the treatment of certain sounds, such as retroflex consonants, which 
are articulated with greater retroflexion compared to other Indian 
languages such as Hindi (Ladefoged and Bhaskararao, 1983). Notably, 
these retroflex sounds do not appear in word-initial positions within 
the native Tamil vocabulary which is a characteristic shared among 
Dravidian languages (Keane, 2004).
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Tamil dialects also vary widely in their phonetic characteristics, 
leading to distinct realizations of sounds in different regions. For exam-
ple, the Kanniyakumari dialect emphasizes a phonetic and phonological 
distinction between dental and alveolar stops, such as  and (dental) 
versus t and d (alveolar) (Keane, 2004). These stops are not only 
different in articulation but also contrast in meaning, underscoring the 
diversity of Tamil phonology.

Such dialectal diversity poses challenges for phonetic transcription 
systems because a single model may struggle to capture the nuanced 
phonetic variations present across Tamil-speaking regions. Developing 
an effective transcription framework requires integrating regional pho-
netic data to ensure both inclusivity and accuracy, enabling the system 
to reflect Tamil’s linguistic spot.

The influence of loanwords, particularly from Indo-Aryan languages 
like Sanskrit and English, introduces additional complexities to Tamil 
phonology. In native Tamil words, voiced plosives such as /b/ and 
/d/ are not typically found in word-initial positions. However, because 
of borrowing of words from languages such as Sanskrit, Hindi, and 
English, these sounds are now present in their initial positions (An-
namalai, 1979). For example, words like  (baibel, ‘Bible’) 
and  (daaktar, ‘doctor’) begin with /b/ and /d/ respectively, 
reflecting English influence. Similarly,  (darmam, ‘dharma’) and 

 (bakthi, ‘devotion’) are borrowed from Sanskrit, introducing 
initial voiced stops /d/ and /b/ into Tamil’s phonological system. 
The inclusion of phonemes in such loanwords requires TTS systems 
to be adapted by recognizing these non-native phonetic elements. For 
example, voiced fricatives such as /v/ and /z/, which are uncommon 
in the native Tamil phonemic inventory, appear in borrowed terms. 
The TTS system must accurately identify and represent these sounds to 
maintain the integrity of loanwords while reflecting the native phonetic 
characteristics of Tamil.

Overall, these phonological features of Tamil can be challenging 
factors in modeling TTS speech in Tamil.

2.2. Comparison of Text-to-Speech (TTS) techniques

Methods such as articulatory synthesis, concatenative synthesis, 
statistical parametric approaches, and neural synthesis have been em-
ployed for speech synthesis in studies. Among these, articulatory syn-
theses model the vocal tract system and articulators to simulate speech 
sounds, relying on the precise knowledge of human articulation or-
gans (Balyan et al., 2013). Although this method can theoretically 
produce high-quality speech with adjustable parameters (Jalin and 
Jayakumari, 2017), its adoption has been limited because of computa-
tional complexity and challenges in producing natural-sounding speech. 
Moreover, recent research activity in this area appears sparse, reflecting 
their reduced prominence in contemporary speech synthesis studies.

On the other hand, Neural TTS has emerged as the state-of-the-art 
approach, utilizing deep learning models to generate highly natural and 
expressive speech. By utilizing text and speech data pairs, neural mod-
els such as WaveNet (van den Oord et al., 2016) and Tacotron (Wang 
et al., 2017) can effectively produce speech. This paradigm shift to-
wards neural methods has been fueled by their ability to outperform 
traditional methods, such as concatenative synthesis and statistical 
parametric approaches, in both flexibility and naturalness (Panda et al., 
2020; Kim et al., 2024). However, the neural approach requires signif-
icant computational resources and extensive training data, making it 
more resource intensive than traditional techniques (Panda et al., 2020; 
Kim et al., 2024).

In summary, while articulatory synthesis remains an academically 
intriguing but underexplored method, neural TTS has firmly established 
itself as a leading technology in modern speech synthesis. A detailed 
comparison of the different text to speech techniques is presented in 
Table  1 (see Table  1).
4

2.3. TTS evaluation techniques

Evaluating Text-to-Speech (TTS) systems is essential to determine 
their effectiveness and quality. Various metrics were employed to assess 
the performance of TTS systems, each focusing on different aspects of 
speech as shown in Table  2.

3. Tamil Text-to-Speech (TTS) systems

3.1. Overview of Tamil TTS development approaches

Technological approaches to Tamil TTS have evolved significantly, 
incorporating advanced neural network architectures and
non-autoregressive models. Among the prominent methods are neural 
TTS systems developed by companies such as ElevenLabs (ElevenLabs, 
2024) and Google Cloud (Google, 2024a), which utilize deep learning 
techniques to generate highly realistic speech. These systems often 
rely on sequence-to-sequence models that convert text input into audio 
waveforms, thereby capturing the nuances of human speech through 
extensive training on diverse datasets.

Another notable model is FastSpeech2, utilized by AI4 Bharat and 
Bhashini IITM. This approach employs a non-autoregressive architec-
ture, allowing for faster and more efficient speech synthesis. Fast-
Speech2 enhances the quality of generated speech by leveraging a 
text-to-mel spectrogram conversion process, which is then transformed 
into audio using a vocoder. This architecture improves the fluency and 
expressiveness of the synthesized speech, making it suitable for various 
applications (Murthy and Umesh, 2023).

Additionally, Meta’s Voicebox represents an innovative
non-autoregressive model that utilizes FlowMatching techniques. This 
architecture allows for high-quality voice synthesis by matching the 
flow of speech patterns without relying on traditional autoregressive 
methods. Such advancements contribute to a more natural and fluid 
listening experience (Le et al., 2023).

Moreover, Meta’s MMS architecture leverages self-supervised learn-
ing techniques to reduce the reliance on large amounts of labeled 
training data. This approach allows the models to learn effectively from 
vast unlabeled audio data. The TTS model is built using state of the art 
neural network architectures that have been fine-tuned to handle the 
complexities of multilingual speech synthesis (Pratap et al., 2024).

HMM-based speech synthesis continues to be highly relevant, partic-
ularly in resource-constrained environments. A language-independent 
framework for Indian languages — including Tamil — has been pro-
posed to streamline the development of TTS systems across linguis-
tically related languages. By employing a common phone set and 
question set, this approach facilitates the reuse of monophone models 
from resource-rich languages like Hindi. As a result, Tamil TTS systems 
can be developed rapidly without compromising on intelligibility or 
naturalness. Experimental results show that the Degradation Mean 
Opinion Scores (DMOS) and Word Error Rates (WER) are comparable 
to those of language-specific models, highlighting the effectiveness and 
robustness of the method (Prakash et al., 2014).

The market landscape for the Tamil TTS consists of both commer-
cial providers and open-source initiatives. Major commercial players 
include Google Cloud, Microsoft Azure, Amazon Polly (Amazon, 2024), 
and ElevenLabs (ElevenLabs, 2024), all of which offer TTS solutions 
with voice libraries that feature both male and female voices. These 
services claim to cater to various Tamil dialects, including Indian Tamil, 
Sri Lankan Tamil, Malaysian Tamil, and Singaporean Tamil. On the 
other hand, research initiatives such as AI4Bharat (Kumar et al., 2023), 
Bhashini IITM (Bhashini, 2024a), and IndicTTS (Prakash and Murthy, 
2020) have focused on developing open-source solutions.
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Table 1
Comparison of speech synthesis methods.
 Method Inputs Description Advantages Disadvantages  
 Articulatory 
Synthesis (Jalin 
and Jayakumari, 
2017)

Vocal resonant frequencies, 
knowledge of human 
articulation organs (Balyan 
et al., 2013)

Models the vocal tract system 
and articulators (such as lips, 
tongue, jaw) to simulate 
speech sounds (Balyan et al., 
2013).

Produces high-quality speech 
when parameters are properly 
adjusted; allows modification 
of pitch and articulation (Jalin 
and Jayakumari, 2017).

Requires expert knowledge of 
articulation and demands high 
computational resources to 
generate natural speech (Jalin 
and Jayakumari, 2017).

 

 Concatenative 
Synthesis (Jalin 
and Jayakumari, 
2017; 
Karthikadevi and 
Srinivasagan, 
2014)

Pre-recorded speech segments 
(Jalin and Jayakumari, 2017; 
Karthikadevi and Srinivasagan, 
2014)

Pieces together pre-recorded 
speech to form complete 
utterances, applying signal 
processing to smooth the joins 
(Jalin and Jayakumari, 2017; 
Karthikadevi and Srinivasagan, 
2014).

Delivers natural speech with a 
large corpus; uses low 
computational resources (Jalin 
and Jayakumari, 2017; 
Karthikadevi and Srinivasagan, 
2014).

Requires a large speech 
corpus; introduces 
discontinuities may occur at 
concatenation, points (Jalin 
and Jayakumari, 2017; 
Karthikadevi and Srinivasagan, 
2014).

 

 Statistical 
Parametric 
Methods (Jalin 
and Jayakumari, 
2017; 
Karthikadevi and 
Srinivasagan, 
2014; 
Samuel Manoha-
ran, 2022)

Speech data, statistical models 
(HMMs) (Jalin and 
Jayakumari, 2017; 
Karthikadevi and Srinivasagan, 
2014; Samuel Manoharan, 
2022)

Generates speech parameters 
(mel-cepstra, F0) from 
statistical models, then 
synthesizes the waveform 
(Jalin and Jayakumari, 2017; 
Karthikadevi and Srinivasagan, 
2014; Samuel Manoharan, 
2022).

Supports flexible modeling of 
speaking styles; reduces 
storage requirements 
compared to concatenative 
methods (Jalin and 
Jayakumari, 2017; 
Karthikadevi and Srinivasagan, 
2014; Samuel Manoharan, 
2022)

Generates synthetic-sounding 
speech; reduces naturalness 
compared to other methods 
(Jalin and Jayakumari, 2017; 
Karthikadevi and Srinivasagan, 
2014; Samuel Manoharan, 
2022).

 

 Neural TTS 
(Panda et al., 
2020; van den 
Oord et al., 
2016; Wang 
et al., 2017; Kim 
et al., 2024)

Paired text and speech data 
(Panda et al., 2020; van den 
Oord et al., 2016; Wang et al., 
2017; Kim et al., 2024)

Employs deep learning models 
(neural networks) to generate 
speech by learning linguistic 
and speech patterns from data 
(Panda et al., 2020; van den 
Oord et al., 2016; Wang et al., 
2017; Kim et al., 2024).

Produces natural and 
expressive speech; captures 
linguistic nuances effectively.

Requires large volumes of 
training data; consumes high 
computational power during 
training (Panda et al., 2020; 
van den Oord et al., 2016; 
Wang et al., 2017; Kim et al., 
2024).

 

Table 2
Evaluation metrics for text-to-speech systems.
 Metric Description Our Interpretation  
 Word Error Rate (WER) 
(Henriksson, 2023; Murthy 
and Umesh, 2023; Łajszczak 
et al., 2024; Hu et al., 2024)

An objective measures that measures the accuracy of synthesized 
speech by comparing it to a reference transcript at word level 
(Henriksson, 2023).

Lower WER indicates better 
performance.

 

 Character Error Rate (CER) 
(Kumar et al., 2023)

Calculates the character-level errors between synthesized and 
reference text

Lower CER signifies higher 
textual accuracy.

 

 Mean Opinion Score (MOS) 
(Shahid et al., 2016)

A subjective measure where listeners rate the quality of speech 
on a scale from 1 (bad) to 5 (excellent) (Shahid et al., 2016).

Higher MOS indicates better 
perceived quality.

 

 Comparative Mean Opinion 
Score (CMOS) (ITU-T, 1996)

A subjective measure that allows listeners to compare two 
speech samples and rate them on a scale from −3 (much worse) 
to +3 (much better) (ITU-T, 1996).

Positive scores indicate 
preference for one sample 
over another.

 

 Degradation Mean Opinion 
Score (DMOS) (Prakash et al., 
2014)

Subjective measure of degradation by comparing degraded 
speech with a reference.

Lower DMOS indicates less 
perceived quality loss.

 

 Fundamental Frequency Error 
(F0) (Kumar et al., 2023)

Measures error in pitch contours between synthesized and 
natural speech.

Lower F0 error reflects better 
pitch and prosodic quality.

 

 Segmental Intelligibility Test 
(Shahid et al., 2016)

A subjective measure that tests intelligibility that focuses on the 
correct identification of consonants in both initial and final 
positions within monosyllabic words (Shahid et al., 2016).

A higher percentage of 
correctly identified words 
indicates better segmental 
intelligibility.

 

 Sentence Level Intelligibility 
(SUS Test) (Shahid et al., 
2016)

A subjective measure where subjects are asked to transcribe the 
sentences they hear, which are grammatically correct but lack 
inherent meaning. This minimizes the possibility of using 
contextual information (Shahid et al., 2016).

A higher percentage of 
correctly transcribed words 
indicates better intelligibility 
at the sentence level.

 

 Comprehension Test (Shahid 
et al., 2016)

A subjective measure that assesses the understanding of the 
underlying message in the synthesized speech. Subjects listen to 
a paragraph and then answer questions about its content 
(Shahid et al., 2016).

Higher scoring shows better 
performance on the 
comprehension test.

 

 Mel Cepstral Distortion (MCD) 
(Sailor, 2013; Salesky et al., 
2021; Behdad and Gharavian, 
2023; Baljekar and Black, 
2016)

An objective measure that uses a distortion metric to measure 
the difference between the Mel-Frequency Cepstral Coefficients 
(MFCCs) of synthesized and reference speech (Sailor, 2013; 
Salesky et al., 2021; Behdad and Gharavian, 2023; Baljekar and 
Black, 2016).

Lower MCD values indicate 
that the synthesized speech is 
closer to the reference speech 
in acoustic properties.
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3.2. State-of-the-art techniques

Regarding Tamil TTS systems, researchers have employed various 
approaches to enhance the speech synthesis quality. One commonly 
used method is the concatenative approach, which involves concatenat-
ing short speech units recorded by human speakers. This approach has 
shown promising results in producing natural-sounding Tamil speech. 
Additionally, deep learning techniques, such as WaveNet (van den Oord 
et al., 2016) and Tacotron (Wang et al., 2017), have led to significant 
advancements in the performance of Tamil TTS systems by generating 
more natural intonations and accents.

3.3. Review of available Tamil TTS systems

This comprehensive analysis of TTS systems highlights the diverse 
methodologies, datasets, and performance metrics used in developing 
and evaluating TTS solutions, particularly focusing on Tamil and mul-
tilingual speech synthesis. The surveyed systems show a broad range 
of approaches, including concatenative synthesis, neural models such 
as Tacotron2 and FastSpeech, and advanced generative models such as 
Glow-TTS and non-autoregressive techniques.

Several models, such as AI4Bharat-TTS and IndicTTS, emphasize 
leveraging the Indic language datasets to achieve higher intelligibility 
and naturalness. Meanwhile, efforts such as the bilingual Tamil–English 
TTS and Thirukkural II focus on specific linguistic challenges, ad-
dressing phonetic richness, prosody, and co-articulatory coherence to 
enhance Tamil speech synthesis. Additionally, techniques like diphone 
insertion, pitch smoothing, and time-scale modification demonstrate 
qualitative improvements in speech quality (see Table  3).

Emerging systems from global tech leaders, such as Google Cloud 
TTS, ElevenLabs, and Voicebox by Meta have extended the potential of 
TTS with multilingual capabilities. Several TTS platforms claim to cater 
to multiple language support including Tamil. Listen2it (2024), Respon-
siveVoice (2024), and TTSFree (2024) claim to provide various voices 
for Sri Lankan, Indian, Malaysian, and Singaporean Tamil. However 
there is no benchmark dataset to assess the dialect wise performance. 
Even within the same country, multiple regional dialects prevail. Sim-
ilarly, Speechify (2024) offers different Tamil male and female voices, 
while Speakatoo (2024) claim to focuses on natural-sounding speech 
synthesis. Kapwing (2024) and Veed.io (2024) include Indian Tamil 
male and female voices along with other regional variants. Platforms 
such as Play.ht (2024) and eSpeak (2024) continue to support mul-
tilingual TTS solutions with flexible voice options, while Flite (2024) 
provides a lightweight alternative for speech synthesis. Furthermore, 
AI (2024) utilizes neural TTS with large language models to offer over 
100 languages and accents, including 27 emotional voices, showcasing 
advancements in expressive and personalized speech synthesis.

Despite the considerable progress in Tamil Text-to-Speech (TTS) sys-
tems, several limitations remain. Firstly, expressive speech synthesis is 
still underexplored—most models prioritize intelligibility and natural-
ness, but fall short in conveying nuanced emotions, which are essential 
for applications such as audiobooks, voiceovers, and storytelling. Sec-
ondly, there is limited dialectal coverage, with many models trained 
predominantly on standard Indian Tamil, often overlooking regional 
variants such as Sri Lankan, Malaysian, and Singaporean Tamil. This 
lack of dialectal representation reduces the adaptability and inclusivity 
of current systems.

Moreover, many models rely heavily on proprietary datasets or the 
IndicTTS corpus, which lacks phonetic and prosodic diversity across 
speakers and dialects. This results in a generalization gap, especially 
when synthesizing speech for underrepresented dialects or speaker 
types. Gender imbalance in datasets is another concern, as some models 
are trained only on male or female voices, limiting their range and 
expressiveness.

Evaluation practices is also challenging as there is no standard-
ized benchmarking framework specifically to Tamil or other Indic 
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languages, making it difficult to assess system performance consistently 
across models. Lastly, limited transparency in commercial systems re-
garding training data, model architecture, and evaluation metrics hin-
ders reproducibility and academic comparison, slowing down progress 
in the open research community.

Addressing these limitations requires a concerted effort toward 
building more inclusive datasets, creating Tamil-specific evaluation 
protocols, and advancing research in expressive and dialect-aware TTS 
synthesis.

3.3.1. Tamil TTS data sources
Government programs focused on digital inclusion, such as Bhashini 

(2024b) and IndicTTS (2024), are instrumental in generating speech 
data across multiple languages. These initiatives typically operate un-
der Creative Commons licenses, promoting accessibility and collabora-
tion in research and development. Platforms such as  OpenSLR (2023) 
and the Linguistic Data Consortium (LDC) (Linguistic Data Consortium, 
2023) host extensive speech datasets, which are valuable resources for 
researchers and developers in the field of speech technology. Platforms 
such as Mozilla Common Voice collect speech data through crowd-
sourcing, where volunteers contribute recordings. These datasets are 
typically released under open licenses allowing for their free use and 
modification (Ardila et al., 2020).

3.3.2. Pre-processing
In the pre-processing phase, several key techniques are employed 

to prepare raw text for efficient speech synthesis. One such technique 
is text normalization, which involves converting Tamil text into a 
format more accessible to the TTS system by removing punctuation, 
expanding abbreviations, and converting numbers into words (Jalin 
and Jayakumari, 2017; Bhavi and Kumar, 2015).

Another critical step is phonetic transcription, in which the Tamil 
text is transformed into its phonetic representation through grapheme-
to-phoneme conversion. This ensures more accurate speech generation 
by mapping Tamil characters to their phonetic sounds. For instance, a 
syllable-based phonetic transcription was implemented to enhance the 
accuracy of Tamil speech synthesis and effectively managed a unique 
set of Tamil phonemes (Karthikadevi and Srinivasagan, 2014).

Because Tamil is a syllable-based language, syllabification, dividing 
words into syllables is another crucial pre-processing technique. It aids 
in generating smooth prosody and maintaining rhythmic consistency 
in the synthesized speech. Samuel Manoharan (2022) employed syl-
labification in their Tamil TTS system to ensure improved pacing and 
pronunciation, which is essential for natural-sounding speech output.

3.3.3. Post-processing
In the post-processing phase, the quality of the synthesized speech 

was significantly enhanced through various methods. Prosody adjust-
ment is a technique in which pitch, duration, and volume are modified 
to make the speech sound more natural. This process ensures that 
the speech output is fluid and engaging. Additionally, smoothing tech-
niques are applied to reduce abrupt transitions between sounds, further 
enhancing the naturalness of the speech output (Arulprakash et al., 
2023; Prakash et al., 2023; Sharma et al., 2014).

Emotion recognition and synthesis play a pivotal role in post-
processing by adding emotional context to the synthesized speech, 
making it more expressive and improving listener engagement (Arul-
prakash et al., 2023). After synthesis, techniques such as noise reduc-
tion, voice modulation, and compression are used to refine the overall 
voice quality. For example, Prakash et al. (2023) utilized FastSpeech2 
models to enhance the voice quality of Tamil TTS systems using voice 
compression and smoothing algorithms.

Tamil TTS systems often employ unit-selection or HMM-based con-
catenation methods to assemble speech segments, ensuring a natural 
flow of speech (Jalin and Jayakumari, 2017). Additionally, techniques 
such as post-emphasis filtering and smoothing are applied to reduce 
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Table 3
Comparison of text-to-speech models.
 TTS Name Details  
 DON Lab’s Model (Prakash 
and Murthy, 2020)

Voice & Acoustic Characteristics: Male and Female Voices available 
Model/Approach Used: Tacotron2 with WaveGlow 
Dataset: IndicTTS Dataset 
Reported Evaluation Score: MOS: 3.01, MCD: 11.92, F0: 0.35, CER: 0.245 
Review: The core idea is to build robust TTS models by combining data from multiple languages within the same language family 
(Indo-Aryan and Dravidian). This approach leverages shared phonotactics across related languages, improving synthesis quality, 
especially in low-resource scenarios. 
Limitations: Lower MOS (3.01) and higher MCD (11.92) compared to AI4Bharat-TTS.

 

 AI4Bharat-TTS (Kumar et al., 
2023)

Voice & Acoustic Characteristics: Trained with male and female voices 
Model/Approach Used: FastPitch with HiFi-GAN V1 
Dataset: IndicTTS Database (2̃0.33 hours: Male: 10.3 h, Female: 10.03 h) 
Reported Evaluation Score: MOS: 3.84, MCD: 10.57, F0: 0.38, CER: 0.107 
Review: The paper investigates TTS systems for Indian languages, evaluating various acoustic models and vocoders. FastPitch was 
identified as the best acoustic model and HiFi-GAN V1 as the best vocoder across 13 languages. The resulting monolingual 
multi-speaker models significantly outperform existing open-source TTS models in naturalness and intelligibility. The models and code 
are open-sourced on the Bhashini platform. 
Limitations: The evaluation focused mainly on naturalness (MOS) and intelligibility (CER). Other aspects such as expressive speech, 
voice cloning, and generalization to unheard speakers were not thoroughly explored.

 

 Vakyansh’s Model (Open 
Speech EkStep, 2021)

Voice & Acoustic Characteristics: Not explicitly specified 
Model/Approach Used: Glow-TTS with HiFi-GAN 
Dataset: IndicTTS Dataset 
Reported Evaluation Score: MOS: 2.59, MCD: 7.28, F0: 0.108, CER: 0.134 
Review: Vakyansh’s model uses Glow-TTS with HiFi-GAN, targeting Indian languages via the IndicTTS dataset. While intelligibility is 
acceptable (CER: 0.134), the model scores low in naturalness (MOS: 2.59) with high MCD. Pitch accuracy is moderate (F0: 0.108). It 
needs refinement to enhance naturalness. 
Limitations: Lower MOS (2.59) indicates less natural-sounding speech compared to other models.

 

 Bilingual Tamil and English 
TTS (Ramakrishnan et al., 
2010)

Audio Feature: Phonetically rich, segmented and annotated at the phone level; varied and natural distribution of prosodic and spectral 
characteristics of speech sounds; includes smoothing the pitch contour 
Model/Approach Used: Concatenation-based with polyphone as the unit of concatenation; unit selection algorithm and prosody-based 
unit selection algorithm; grapheme-to-phoneme converter module 
Dataset: CIIL Tamil text corpus, resulting in 1026 sentences; 5 h of Tamil sentences recorded by a male professional Tamil speaker 
Reported Evaluation Score: High mean opinion scores from native Tamil evaluators; Intelligibility of the TTS is quite high and it is 
also acceptably natural 
Review: The developed TTS engine handles unlimited vocabulary for Tamil and Kannada using a unit selection based framework with 
phonetic rules and a recorded database 
Limitations: Limited dataset size (1026 sentences, 5 h of recordings). Focuses only on a male speaker, lacking gender diversity. cannot 
handle numerals, proper nouns, or foreign words, and struggles with intonation for questions/exclamations and natural pausing in long 
sentences.

 

 Thirukkural II (Prathibha 
et al., 2002)

Voice & Acoustic Characteristics: Voice quality, prosody, intelligibility, co-articulatory coherence, fundamental frequency of voicing, 
duration, energy, and formant positions 
Model/Approach Used: Concatenative speech synthesis using unit selection, pitch modification using Discrete Cosine Transform (DCT), 
voice transformation, text normalization, and prosodic rules 
Dataset: Not specified 
Reported Evaluation Score: Claiming to have intelligible and acceptably natural speech , no scores reported 
Review: According to authors, it has the capability to produce different voice types such as female, child, and elderly male. 
Additionally, it can synthesize many proper nouns derived from other languages. It is also capable of reading digits present in the text. 
The synthesized speech is claimed to be acceptably natural by incorporating prosodic rules, but no scores reported.
Limitations: Emotional synthesis is yet to be done.

 

 Google Cloud Text-to-Speech 
(Google, 2024a)

Voice & Acoustic Characteristics: Indian Tamil, Human-like intonation, Near human quality, API available 
Model/Approach Used: DeepMind 
Dataset: Not Specified 
Reported Evaluation Score: Not Specified 
Limitations: Not Specified

 

 Bhashini IITM (Bhashini, 
2024a)

Voice & Acoustic Characteristics: Male and female voice for Indian Tamil, Indic TTS for Indian Languages 
Model/Approach Used: FastSpeech2 with hybrid segmentation 
Dataset: Indic TTS Dataset 
Reported Evaluation Score: Not Specified 
Limitations: Not Specified

 

 OpenAI TTS (OpenAI, 
2024b,a)

Voice & Acoustic Characteristics: 6 built-in voices 
Model/Approach Used: tts-1 and tts-1-hd models 
Dataset: Not Specified 
Reported Evaluation Score: Not Specified 
Limitations: Users can only choose from six built-in voices, with limited control over pitch, speed, or prosody. The dataset and training 
details are not publicly available, limiting transparency and customization.

 

 (continued on next page)
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Table 3 (continued).
 TTS Name Details  
 Improved Tamil 
Text-to-Speech Synthesis 
(Krithiga and Geetha, 2004)

Voice & Acoustic Characteristics: Linear Predictive Coefficient (LPC) and residuals, syllable pitch were considered 
Model/Approach Used: Concatenative speech synthesis using syllable units with diphone insertion for smoothing; time scale 
modification for pitch adjustment 
Dataset: A diphone database of Tamil speech was recorded from a female speaker. Around 1000 diphones (CV–CV combinations) have 
been created, with a target of 3000 
Reported Evaluation Score: Qualitative improvements in speech quality and smoothness 
Review: This model employs concatenative speech synthesis using syllable-based units, enhanced by diphone insertion for smoother 
transitions. It incorporates Linear Predictive Coefficients (LPC), residuals, and syllable-level pitch modifications, contributing to 
improvements in synthesized speech quality and naturalness. The primary strength lies in its careful attention to pitch and prosodic 
adjustments through time-scale modification. However, the approach is limited by a relatively small dataset comprising around 1000 
diphones recorded exclusively from a single female speaker, limiting generalizability and speaker variability. Future extensions would 
benefit significantly from expanding the database size, incorporating multiple speakers, and diversifying gender representation to 
enhance robustness and wider usability.
Limitations:Limited dataset size (1000 diphones from a female speaker). Focuses only on a female speaker, lacking gender diversity.

 

 Unit Selection and 
HMM-Based Tamil Speech 
Synthesizer by SSN (Prakash 
et al., 2014)

Voice & Acoustic Characteristics: Caters to male and female speakers 
Model/Approach Used: Unit Selection and HMM; an Android application has been developed with the Tamil HMM-based Speech 
Synthesis System (HTS) in a male speaker’s voice 
Dataset: Not Specified 
Reported Evaluation Score: Not Specified 
Review: Not Specified Limitations: Not Specified

 

 Narakeet (Narakeet, 2024) Voice & Acoustic Characteristics: Different male and female voices 
Model/Approach Used: Not Specified 
Dataset: Not Specified 
Reported Evaluation Score: Not Specified 
Limitations: Not Specified

 

 Dubverse (Dubverse, 2024) Voice & Acoustic Characteristics: Different voices in SL, Indian, Malaysian, Singapore Tamil 
Model/Approach Used: Not Specified 
Dataset: - Proprietary AI Voice Model: NeoDub 
Reported Evaluation Score: Not Specified 
Limitations: Proprietary model and dataset

 

 ElevenLabs (ElevenLabs, 2024) Voice & Acoustic Characteristics: Emotionally rich audio and natural AI voices, Multilingual model (32 languages) 
Model/Approach Used: Eleven multilingual v2, Eleven Flash v2 
Dataset: Not Specified 
Reported Evaluation Score: Not Specified 
Limitations: Proprietary model with limited transparency on dataset and evaluation metrics.

 

 LOVO AI (AI, 2024) Voice & Acoustic Characteristics: 100+ languages/accents, 27 emotional voices 
Model/Approach Used: Neural TTS with large language models 
Dataset: Not Specified 
Reported Evaluation Score: Not Specified

 

 Micmonster, Listen2it, veed.io, 
playht (Micmonster, 2024; 
Listen2it, 2024; Veed.io, 2024; 
Play.ht, 2024)

Voice & Acoustic Characteristics: Sri Lankan, Indian, Malaysian, Singapore Tamil 
Model: Not specified 
Dataset: Not specified 
Evaluation: Not specified

 

 Kapwing (Kapwing, 2024) Voice & Acoustic Characteristics: : Claim to generate multiple accents and regional variations 
Model/Approach Used: Partnered with Elevenlabs 
Dataset: Not Specified 
Reported Evaluation Score: Not Specified

 

 eSpeak (eSpeak, 2024) Voice & Acoustic Characteristics: more than hundred languages and accents 
Model/Approach Used: formant synthesis
Dataset: No Dataset requires 
Reported Evaluation Score: Not Specified 
Reported Evaluation Score: naturalness is relatively low

 

 Flite (Flite, 2024) Voice & Acoustic Characteristics: worser than festival 
Model/Approach Used: light weight version of festival 
Dataset: Not Specified 
Reported Evaluation Score: Not Specified

 

sharp transitions in the audio waveform, resulting in more natural 
and cohesive speech output. Sharma et al. (2014) discussed how these
post-processing techniques are instrumental in optimizing the natural-
ness of Tamil TTS systems.

4. Evaluation of existing available Tamil TTS systems

To evaluate available Tamil TTS systems, we use Word Error Rate 
(WER) and Comparative Mean Opinion Score (CMOS) as primary
metrics. WER provides an objective measure of intelligibility at the 
word level, which is more relevant than Character Error Rate (CER) for 
assessing spoken output as it penalizes the error more than character 
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error rate. CMOS is preferred over MOS as it enables more reliable 
comparisons between systems by reducing listener bias through direct 
audio pair comparisons.

4.1. Evaluation of existing available Tamil TTS using word error rate 
(WER)

OpenAI TTS (OpenAI, 2024a,b), Google Cloud TTS (Google, 2024b), 
Google Text-to-Speech (gTTS) (Google, 2024c), Meta’s MMS (Pratap 
et al., 2024), Bhashini-IITM TTS for Tamil (Bhashini, 2024a), and IIT 
Madras Indic TTS (Prakash and Murthy, 2020; IIT Madras, 2024) were 
evaluated using the Word Error Rate (WER).
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Fig. 1. Word Error Rate (WER) of different TTS systems.
4.1.1. Data collection and creation
The text for this dataset was sourced from Oru Yogiyin Suyasarithai

(Paramahansa Yogananda, 2024) and Ezhuna media articles (Ezhuna, 
2024), ensuring a diverse and balanced selection across multiple do-
mains, including business, medical, science, agriculture, and education. 
This approach prevents the overrepresentation of any single field, 
making the vocabulary coverage more representative of real-world 
language use. To further increase the representativeness and coverage, 
the dataset includes numerical data and code-switched content, both 
of which are commonly found in everyday speech. Numbers frequently 
appear in financial, medical, and technical contexts, requires TTS sys-
tems to correctly pronounce different formats. Code switched reflects 
the natural way Tamil speakers integrate English words, making the 
dataset more realistic for multilingual and code-switched speech syn-
thesis. Additionally, proper names also included. The collected text was 
synthesized into audio using multiple TTS systems such as Bhashini, 
IITM, OpenAI, GoogleCloud, MMS, and gTTS.

4.1.2. Methodology
The synthesized audio was transcribed using the Automatic Speech 

Recognition (ASR) system—Bhashini-IITM ASR (wav2vec) Tamil v1.0
(Ministry of Electronics and Information Technology, India, 2024) and 
ASR errors referring to the synthesized audio were manually corrected. 
Subsequently, the original transcription was used for an accurate com-
parison. Before calculating WER, pre-processing the text included Uni-
code normalization, punctuation, and extra space removal was carried 
out. The word Error Rate (WER) was calculated by comparing the 
transcriptions from TTS systems with the original transcription, using 
a formula that accounts for substitutions, insertions, and deletions 
relative to the total reference words.

4.1.3. Interpretation of results
Fig.  1 illustrates the average Word Error Rate (WER) for various 

Text-to-Speech (TTS) systems, where lower WER values indicate better 
performance and higher intelligibility. Among the evaluated systems, 
Google Cloud TTS achieves the lowest WER, demonstrating the highest 
accuracy and most reliable performance. gTTS and MMS also show 
strong performance with relatively low WERs, placing them among the 
top-performing systems. In contrast, OpenAI TTS, IIT Madras Indic TTS, 
and Bhashini IITM TTS exhibit higher WER values, indicating reduced 
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accuracy and a need for further improvement. Overall, Google Cloud, 
gTTS, and MMS stand out for their superior intelligibility, while other 
systems show varying degrees of performance, with OpenAI TTS being 
the least accurate among the compared models.

4.2. Evaluation of existing Tamil TTS using comparative mean opinion 
score(CMOS)

The OpenAI TTS (OpenAI, 2024a,b), Google Cloud TTS (Google, 
2024b), Google TTS (Google, 2024c), Meta’s MMS (Pratap et al., 2024), 
Bhashini TTS (Bhashini, 2024a), IIT Madras Indic TTS (Prakash and 
Murthy, 2020; IIT Madras, 2024), and human voices were evaluated 
by performing user surveys to calculate the Comparative Mean Opinion 
Score (CMOS). The evaluation compares the perceived quality of voices 
pairwise across naturalness, intelligibility, expressiveness, low listening 
fatigue, and overall quality, as described in Table  4.

4.2.1. Speech data collection
Human voices were collected from Oru Yogiyin Suyasarithai

(Paramahansa Yogananda, 2024) and Ezhuna media (Ezhuna, 2024). 
These voices contain vocabulary from different domains, loan
words, and various expressions such as questions, anger, and declar-
ative sentences. TTS voices are synthesized using the text corpus 
of human speech chosen for evaluation. The dataset includes words 
and phrases from various domains such as livestock farming,
climate, geography, politics, news, agriculture, and business.
This diverse vocabulary ensures that TTS systems are evaluated on 
a broad linguistic spectrum, enhancing their robustness and
generalization capabilities. The dataset incorporates sentences
exhibiting different emotional tones, such as anger 

Bagavathi, ni unnidam velai seibavarudan miga kadumayaka irukrai ‘‘Bha-
gavati, you are being very harsh with the person working under you’’., 
and various sentence structures, including interrogative and declarative 
forms. This inclusion facilitates the evaluation of TTS systems’ ability 
to generate expressive and prosodically accurate speech.

4.2.2. Survey participants selection
The study involved 30 participants above 18 years of age. Partici-

pants were selected from key districts where Tamil spoken in  Sri Lanka 
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Table 4
Evaluation aspects of TTS systems.
 Evaluation 
Aspect

Meaning Use Case in TTS Evaluation  

 Naturalness Naturalness encompasses aspects such as smooth 
transitions between sounds, appropriate speaking 
rate, and absence of robotic or distorted artifacts

Used to evaluate whether the TTS output sounds 
natural and human-like. Essential for applications 
requiring seamless human interaction (e.g., virtual 
assistants).

 

 Intelligibility Assesses how easy it is to understand the words 
and meaning conveyed by the synthesized speech. 
Intelligibility depends on factors such as clear 
articulation, correct pronunciation, and lack of 
mispronunciations or unintelligible sounds.

Critical for TTS systems used in navigation aids, 
accessibility tools for the visually impaired, and 
emergency response systems.

 

 Expressive-
ness

Evaluates the system’s ability to produce the 
rhythm, stress, and intonation of the synthesized 
speech. Prosody includes variations in pitch, 
loudness, timing, and pauses that contribute to the 
expressiveness and natural flow of the speech

Important for applications such as storytelling, 
audiobooks, or character voices in gaming where 
emotional context is crucial.

 

 Listening 
Fatigue

Listening fatigue means any discomfort caused in 
your ear and the tiredness caused by listening to 
the voice for a long period, not due to any device 
or meaning of the audio

Relevant for scenarios where users need to listen 
for extended periods, such as online learning 
platforms, podcasts, audio books or customer 
service.

 

 Overall 
Quality

Overall quality of speech defines how well the 
speech is perceived and understood by listeners, 
audio quality how natural speech lookalike.

Useful for benchmarking TTS systems in 
general-purpose applications such as voice 
assistants, IVR systems, and entertainment 
platforms.

 

including Jaffna and Vavuniya (Northern Province), Batticaloa and Am-
para (Eastern Province), Kegalle (Central Province), and Gampaha and 
Colombo (Western Province). This distribution was carefully designed 
to reflect the major dialectal distinctions identified by  Kailainathan 
(1999), who classifies Tamil dialects in Sri Lanka primarily along 
geographical and racial (ethnic) lines rather than caste-based divi-
sions. According to Kailainathan, geographical dialects vary between 
regions such as the Northern, Eastern, Western, and Central provinces, 
while racial dialects arise from differences between ethnic commu-
nities, particularly between Sri Lankan Tamils and Muslims. Tamil-
speaking Muslims, who are predominantly located in the Eastern and 
Western regions, exhibit speech patterns distinct from Tamil-speaking 
non-Muslim communities. Despite the ethnic and regional diversity, 
Kailainathan emphasizes that caste-based dialectal variation is not a 
prominent feature in Sri Lankan Tamil, distinguishing it from Tamil 
dialects in South India, where caste distinctions in speech such as Brah-
min vs. non-Brahmin Tamil are more pronounced (Kailainathan, 1999). 
A visual representation of the participants’ regional origins (districts) 
is provided in 2, highlighting geographical spread. The participant 
pool encompassed a representation of a mix of genders (43.33% male 
and 56.66% female), age groups (ranging from 18 to 65 years), from 
various professions including linguists and it ensured the evaluation 
of synthesized speech from multiple perspectives. To ensure informed 
and reliable feedback, only individuals aged 18 years and above were 
included in the study. As until 18, according to Sri Lankan education 
system, participants will be school students. This age criterion was 
selected based on the assumption that individuals within this range 
have adequate exposure to Tamil in both formal and informal contexts, 
making them well-suited to evaluate the synthesized speech. A total of 
30 participants were recruited for the study, a sample size aligned with 
established practices in subjective evaluation studies for TTS systems. 
Prior research suggests that a participant group of 20–30 individuals is 
typically sufficient to yield statistically meaningful results while main-
taining feasibility in terms of time and resource constraints (Shahid 
et al., 2016). Participants were recruited through university networks 
and social media platforms. Invitations to participate in the study 
were disseminated through email and social media messages, providing 
potential participants with a brief overview of the study’s objectives 
and evaluation procedures. A total of around 40 individuals were 
invited to take part in the survey, of whom 30 responded positively 
and completed the evaluation process.
10
Fig. 2. Major Tamil speaking regions in Sri Lanka from where evaluators are selected.

4.2.3. Survey methodology
To ensure unbiased results, the speech data both TTS and human 

voices were shuffled and presented to participants without labeling, 
thus keeping the identity of the voices anonymous. Before participating, 
respondents provided demographic information, including age, gender, 
native language (Tamil), previous experience with TTS technologies, 
and how frequently they engaged with recorded or automated speech, 
such as audiobooks or virtual assistants. The participants were asked 
to rate given voices on multiple dimensions by pairwise comparison. 
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Fig. 3. CMOS between tested audios on Expressiveness.
Each sub-section of the survey denotes an aspect of the speech that 
we assess. Participants were tasked with rating the voices based on 
these dimensions, using a scale from −3 to +3. This scale indicates 
their preferences: −3 indicates a strong preference for the first voice, 
0 indicates no preference, and +3 indicates a strong preference for the 
second voice.

4.2.4. Interpretation of results
The scores for each compared audio pair were averaged among all 

participants to calculate the mean CMOS for each criterion, providing a 
comprehensive view of the preferences between the voices. The CMOS 
revealed the overall tendency of participants towards specific voices in 
each pair based on various assessed criteria.

Fig.  3 presents the CMOS for tested systems and the human speech 
on the aspect of expressiveness, where the System 2 is Comparandum 
(The entity being compared) and the System 1 is Comparatum (The 
entity it is compared to).

The rows represent System 1, and the columns represent System 
2. The intensity of the color indicates the mean CMOS scores:warmer 
tones (red) suggest that System 1 is preferred and cooler tones (blue) 
suggest that System 2 is preferred. The neutral values were near-white. 
Each cell displays the mean CMOS Score, providing precise quantitative 
details for the comparison. Human voices remained significantly better. 
The IIT Madras Indic TTS performs slightly lower than human in terms 
of expressiveness. MMS and Google Cloud shows moderately lower 
performance than human in expressiveness. OpenAI and Google cloud 
moderately lower in expressiveness than human. Google and Bhashini 
performs relatively low in expressiveness compared to human speech. 
Fig.  4 presents the CMOS for tested systems and the human speech 
on the aspect of listening fatigue. This heatmap reveals human speech 
outperforms or performs equally in most comparisons. Only Human vs 
Google TTS resulted Google TTS perform good in one instance. Fig.  5 
illustrates the heatmap for mean CMOS Scores on Intelligibility and 
highlights notable trends across various TTS systems. Human speech 
outperforms all the TTS systems in intelligibility. OpenAI is relatively 
less intelligible compared to other systems.

Fig.  6 illustrates CMOS between tested items on Naturalness. The 
heatmap for mean CMOS Scores on Naturalness highlights that human 
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speech almost outperforms all the TTS evaluated in naturalness. IIT 
Madras Indic TTS performs comparatively higher than the other TTS 
systems. OpenAI performs lesser comparatively to other TTS systems.

Fig.  7 illustrates CMOS between tested items on Overall Qual-
ity. ‘‘Human’’ generally outperforms most synthetic systems. Generally 
OpenAI TTS performs less compared to all the TTS systems.

4.2.5. Inter-rater agreement score calculation
In subjective evaluations like the CMOS, inter-rater agreement is 

important to ensure the reliability of human ratings, especially when as-
sessing perceptual qualities that are prone to individual interpretation. 
We computed inter-rater agreement measuring consistency both glob-
ally and across specific perceptual dimensions. While global evaluation 
provides an overall reliability snapshot of the evaluation process, per-
aspect evaluations values help identify which attributes are consistently 
interpreted and which, may require improved rater training. Thus, 
inter-rater agreement analysis not only validates the results but also 
guides the refinement of evaluation protocols for future studies.

To evaluate the reliability of the subjective evaluation metric CMOS, 
we considered several inter-rater reliability measures: Percentage
Agreement, Cohen’s Kappa (𝜅) (Cohen, 1960), Fleiss’ 𝜅 (Fleiss, 1971), 
the Intraclass Correlation Coefficient (ICC) (Shrout and Fleiss, 1979), 
and Krippendorff’s Alpha (Krippendorff, 2004).

Percentage Agreement offers a straightforward computation of the 
proportion of identical ratings between raters. However, it fails to 
adjust for chance agreement, making it unreliable for scientific eval-
uations and often overestimating the degree of consensus among raters
(Gwet, 2014).

Cohen’s 𝜅 is a widely used statistic for measuring agreement be-
tween two raters assigning categorical labels. It adjusts for chance 
agreement and is relatively simple to interpret. Nonetheless, its ap-
plicability is limited to two raters and cannot be extended directly 
to multi-rater setups without averaging multiple pairwise agreements. 
Furthermore, Cohen’s 𝜅 treats labels as nominal, meaning it considers 
only whether raters agree or disagree, not how far apart the disagree-
ments are. This is problematic for ordinal data such as CMOS, where 
disagreement between −1 and −2 is less severe than between −3 and 
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Fig. 4. CMOS between tested audios on Listening Fatigue.
Fig. 5. CMOS between tested audios on Intelligibility.
3. Nominal treatment ignores this gradation, thus misrepresenting the 
severity of disagreement (Carletta, 1996).

Fleiss’𝜅 generalizes Cohen’s 𝜅 to handle more than two raters and is 
suited for nominal-scale data like Cohen’s 𝜅, Fleiss’ 𝜅 does not account 
for the ordered nature of ordinal data, limiting its appropriateness for 
CMOS-style evaluations (Fleiss, 1971).

The Intraclass Correlation Coefficient (ICC) is better suited for con-
tinuous or interval-scale ratings and is not appropriate for ordinal data, 
12
which are common in subjective evaluations like CMOS (Shrout and 
Fleiss, 1979).

Therefore, we used Krippendorff’s alpha, a flexible and robust met-
ric of inter-rater agreement. Krippendorff’s Alpha supports any number 
of raters, accommodates missing data, and allows for various data 
types including ordinal, which makes it especially suitable for the 
CMOS scale (Krippendorff, 2004; Artstein and Poesio, 2008). In our 
evaluation, Krippendorff’s Alpha was computed overall global and per 
perceptual aspect, enabling an accurate measurement of inter-rater 
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Fig. 6. CMOS between tested audios on Naturalness.
Fig. 7. CMOS between tested audios on Overall Quality.
consistency in a multi-rater, ordinal-rating environment. The overall 
global agreement provides a single summary measure of consistency 
across all perceptual aspects evaluated. It helps to assess the general 
reliability of the entire rating process rather than focusing on individual 
aspects alone. Considering the global Alpha is important because it 
reflects how much raters agree overall, indicating the trustworthiness 
of the subjective evaluation as a whole. By calculating Alpha for each 
perceptual aspect, we can assess which qualities were consistently 
perceived and which might require clearer definitions or better rater 
13
training. High Alpha values indicate strong agreement and reinforce 
the validity of the conclusions drawn about TTS system performance. 
Conversely, low agreement flags aspects that may need clearer defini-
tions. Thus, Krippendorff’s Alpha serves not only as a reliability check 
but also as a diagnostic tool to improve future evaluation design and 
system development.

The calculation of Krippendorff’s Alpha involves comparing the 
observed disagreement among raters calculated using Eq.  (1) with the 
disagreement expected by chance calculated using (2), using a distance 
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Table 5
Krippendorff’s alpha for each perceptual aspect in TTS evaluation.
 Perceptual Aspect  Krippendorff’s Alpha 
 Expressiveness 0.5799  
 Intelligibility 0.5899  
 Listening Fatigue (Low) 0.1226  
 Naturalness 0.5545  
 Overall Quality 0.5220  
Global Krippendorff’s Alpha: 0.4848.

function appropriate to the scale of the data. For ordinal ratings, 
we employed a squared difference function to penalize larger rating 
discrepancies more heavily. A coincidence matrix was constructed to 
capture how often rating pairs co-occurred across raters, and Alpha was 
computed using all valid pairings. This procedure was applied both per 
aspect, to assess consistency in individual perceptual dimensions, and 
globally, by aggregating all ratings into a single analysis (Krippendorff, 
2004) using Python library krippendorff (Castro, 2017).
Observed Disagreement (𝐷𝑜)

The observed disagreement is computed by averaging the pairwise 
distances across all voice pairs (items): 

𝐷𝑜 =
∑

𝑖
∑

𝑐
∑

𝑐′ 𝑁𝑖,𝑐𝑐′𝛿2(𝑐, 𝑐′)
∑

𝑖 𝑛𝑖(𝑛𝑖 − 1)
(1)

 (Krippendorff, 2011)
where:

• 𝑖 indexes the items being rated,
• 𝑁𝑖,𝑐𝑐′  is the number of times categories 𝑐 and 𝑐′ were used by 
different raters for item 𝑖,

• 𝑛𝑖 is the number of raters who rated item 𝑖.

Expected Disagreement (𝐷𝑒)
Expected disagreement is calculated based on the marginal proba-

bilities of each category across the entire dataset: 
𝐷𝑒 =

∑

𝑐

∑

𝑐′
𝑝𝑐𝑝𝑐′𝛿

2(𝑐, 𝑐′) (2)

 (Krippendorff, 2011)
where 𝑝𝑐 and 𝑝𝑐′  are the proportions of ratings assigned to categories 

𝑐 and 𝑐′, respectively.
The interpretation of Krippendorff’s Alpha values follows estab-

lished guidelines indicating the strength of inter-rater agreement. An 
Alpha value of 0.80 or higher signifies almost perfect reliability, sug-
gesting that the ratings can be considered highly reliable across raters. 
Values ranging from 0.667 to 0.80 allow for tentative conclusions, 
implying moderate reliability where findings may be cautiously inter-
preted but require further validation. When Alpha falls below 0.667, 
reliability is considered low to draw trustworthy conclusions (Krippen-
dorff, 2004).

According to Table  5,based on the computed Krippendorff’s Al-
pha values for each perceptual aspect, we observe varying levels of 
inter-rater agreement. For expressiveness, intelligibility, naturalness, 
and overall quality, the agreement among raters can be considered 
moderate agreement. However, all of these values remain below the 
commonly accepted threshold of 0.667, indicating that it may be 
not reliable to draw any trustworthy conclusions. In the case of low 
listening fatigue, the alpha value is notably low, reflecting very slight 
agreement, which suggests substantial variability in rater judgments for 
this aspect. Alpha values below 0.667 indicate that the reliability of the 
ratings is limited, and caution should be exercised when interpreting 
results based on such data (Krippendorff, 2004).

The low Krippendorff’s Alpha values below 0.667 across percep-
tual aspects indicate limited reliability in the ratings, likely due to 
the subjective nature of evaluating synthetic voices. Factors such as 
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varying exposure to synthetic speech, differences in linguistic expertise 
(linguists vs. non-linguists), and diverse geographic backgrounds can 
influence how raters perceive voice qualities. Additionally, individual 
differences in familiarity with other languages and personal sensitivity 
to voice characteristics make judgments more human-dependent and 
less reliable. This is especially true for low listening fatigue, where the 
very low value reflects the highly personal and variable experience of 
fatigue, influenced by individual auditory tolerance and prior exposure 
to synthetic voice and podcasts, leading to greater inconsistency in 
ratings compared to other perceptual aspects.

5. Linguistic challenges in Tamil TTS

Tamil, with its rich linguistic qualities, presents significant chal-
lenges for Text-to-Speech (TTS) systems due to its phonology and 
diglossic nature (Catherine and Abirami, 2023). While these features 
enhance the language’s cultural richness, they introduce complexities 
for computational modeling in TTS systems (Madhavaraj et al., 2022).

5.1. Dialectal variations

Tamil features extensive dialectal diversity influenced by regional 
and social factors. These dialects vary in pronunciation, vocabulary, 
and syntax, requiring TTS systems to model a broad spectrum of 
linguistic nuances. Studies in computational phonology highlight the 
importance of large-scale speech datasets that reflect this variability 
across regions and social groups (Renganathan, 2008).

Dialectal variation affects how TTS systems synthesize regionally 
appropriate pronunciations. Phonetic features like vowel harmony and 
regional sound shifts can significantly influence the perceived natural-
ness of generated speech, making robust modeling essential (Ramakr-
ishnan et al., 2007).

5.2. Diglossia

Tamil’s diglossic nature, characterized by distinct formal and col-
loquial varieties, introduces another layer of complexity. TTS systems 
must be capable of generating both formal and colloquial speech, which 
often requires separate training datasets. This challenge is compounded 
by the lack of standardized orthography in colloquial Tamil, where 
spelling and usage vary across regions and social groups (Catherine and 
Abirami, 2023).

For example, the formal sentence  avan po-
vaan ‘‘He will go’’ may appear colloquially as  
avan poan, requiring TTS systems to learn flexible phoneme–grapheme 
mappings to ensure natural synthesis.

5.3. Phonetic complexity

Tamil’s phonetic system includes a one-to-many grapheme-to-
phoneme mapping, meaning the same character can be pronounced 
differently depending on context. Stops and fricatives can change 
articulation within words (Ronanki et al., 2016).

Tamil also features five basic vowels with length distinctions, which 
are phonemic and affect meaning. Proper modeling of coarticulatory 
effects and vowel harmony is essential for producing natural and 
intelligible speech (Madhavaraj et al., 2022).

5.4. Unique phonemes

Tamil contains phonemes not common in other languages, such as 
retroflex consonants and the distinctive letter  zha ó . Synthesizing 
these accurately requires high-quality acoustic modeling. HMM-based 
approaches have shown success in improving the intelligibility of such 
sounds (Srinivasan et al., 2010).
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5.5. Limited digital resources

Tamil lags behind rich resourced languages like English in TTS 
research primarily due to the scarcity of large, annotated linguistic cor-
pora. This limits the training and evaluation of advanced models. Re-
cent work on subword grammar modeling emphasizes the importance 
of rich, representative datasets for effective synthesis (Madhavaraj 
et al., 2022).

5.6. Prosody and intonation

Prosodic features such as vowel/consonant length, stress, and into-
nation play a crucial role in meaning. For instance, the length difference 
between  kal ‘‘stone’’ and  kaal ‘‘leg’’ is meaningful. Sim-
ilarly, intonation distinguishes between declarative and interrogative 
statements, as in  avan vandhaan ‘‘He came’’ vs. 

 avan vandhaanaa? ‘‘Did he come?’’ (Geetha 
and Raja, 2007).

TTS systems must model these subtle prosodic patterns to produce 
expressive, natural-sounding speech. This includes handling rhythmic 
patterns and tonal shifts, which are crucial to semantic interpreta-
tion (Catherine and Abirami, 2023).

5.7. Linguistics related limitations of current Tamil TTS systems

Overall, the development of Tamil Text-to-Speech (TTS) systems 
encounters numerous challenges stemming from the linguistic complex-
ities of Tamil. Dialectal variations, influenced by regional and social 
factors, create significant variability in pronunciation and vocabulary, 
complicating the design of universal TTS systems. Tamil’s diglossic 
nature, characterized by distinct formal and colloquial forms, necessi-
tates separate datasets and processing techniques, further adding to the 
complexity. Phonetic challenges, such as the precise modeling of vowel 
length distinctions, retroflex consonants, and co-articulatory effects, 
hinder the production of natural-sounding speech. Limited annotated 
datasets exacerbate these issues, thereby restricting the training of high-
quality models. Furthermore, current systems struggle with prosodic 
modeling, making it difficult to model natural rhythm, stress, and 
intonation. The lack of standardized linguistic subjective evaluation 
methods designed such as proper segmental intelligibility test, sentence 
level intelligibility test specific to Tamil TTS further complicates the 
comparative assessment of system performance. Without proper evalu-
ation mechanisms, it becomes challenging to identify and address the 
underlying linguistic issues, thereby impeding the development of more 
effective and linguistically sound Tamil TTS systems.

6. Conclusion

This paper presents a survey of Text-to-Speech Systems for the Tamil 
Language and evaluation of widely used Text-to-Speech Systems for 
the Tamil Language. The survey covers development methodologies, 
system performance, and linguistic challenges. Traditional approaches 
such as concatenative and statistical parametric synthesis have been 
largely replaced by neural models like Tacotron2 and FastSpeech2, 
which offer improved naturalness and scalability.

A critical evaluation of existing Tamil TTS systems revealed that 
while some systems like MMS and Google Cloud TTS deliver strong 
performance, others still lag in intelligibility, naturalness, and ex-
pressiveness. The study employed both objective (Word Error Rate) 
and subjective (Comparative Mean Opinion Score) evaluation metrics 
to benchmark performance across dimensions such as intelligibility, 
naturalness, expressiveness, listening fatigue, and overall quality. Re-
sults indicate substantial room for improvement, especially in handling 
expressive and emotionally nuanced speech.

Additionally, the paper highlighted core linguistic challenges in-
cluding Tamil’s diglossia, dialectal diversity, and phonetic complexity, 
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which are often underrepresented in existing TTS models and datasets. 
These challenges, coupled with the lack of dialect-sensitive evaluation 
frameworks and diversity in training data, hinder the development of 
inclusive and robust Tamil TTS systems.

Addressing these gaps will require the creation of diverse, anno-
tated datasets, improved evaluation protocols, and greater emphasis on 
modeling regional and stylistic variations. This survey thus provides a 
foundation for future research aimed at building expressive, intelligible, 
and dialect-aware Tamil TTS systems.

Future directions for Tamil Text-to-Speech (TTS) systems include 
the development of large-scale, diverse datasets, which are paramount 
to addressing Tamil’s phonetic and dialectal diversity. Enhancing mul-
tilingual integration will further improve TTS systems by enabling 
seamless transitions in code-switched speech. Research on advanced 
prosodic modeling is essential for improving the naturalness and emo-
tional expressiveness of synthesized speech, making interactions more 
engaging and human-like. And, the integration of Automatic Speech 
Recognition (ASR) and TTS technologies can pave the way for au-
tomatic dubbing solutions, improving educational and entertainment 
content accessibility in multilingual contexts.
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