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ABSTRACT  

In today's digital age, text-to-speech (TTS) technology has become a crucial tool for increasing accessibility 
and enhancing user experiences across platforms, from devices for the visually impaired to smart assistants. 
Developing this technology efficiently and quickly is essential. This article focuses on developing a text-to-
speech analysis and synthesis system using client-side processing technology, an approach that enables TTS 
conversion to occur directly on a user's web browser, thereby reducing server load and increasing response 
speed. The work covers everything from the process of TTS, user interface (UI) development, to Web Speech 
API implementation. Furthermore, to ensure the quality of the synthesized voices, a systematic evaluation 
was conducted using the internationally-standardized Mean Opinion Score (MOS) for Thai voices from 
Microsoft client-side TTS voices, namely Pattara and Kanya, to measure clarity, naturalness, and fluidity. 
The results of this project not only serve as a prototype for an effective TTS system, but also provide valuable 
insights for the future development of synthetic voices that are more natural and closely approximate human 
speech. 
Keywords: Text to Speech (TTS), Client-Side Processing, Natural Language Processing (NLP) 
 
1. INTRODUCTION  
 

Text-to-speech (TTS) technology plays  
a crucial role in the digital age, particularly in the 
context of intelligent assistants, online education, 
and providing access to information for the visually 
impaired. TTS systems convert text into 
understandable speech by utilizing natural language 
processing (NLP) techniques in conjunction with 
speech synthesis. The development of TTS has 
evolved through several iterations. It began with 
Rule-Based and Concatenative systems, which use 
human-defined rules and concatenate phonemes 
from real sound libraries. However, these 
approaches have limitations in terms of fluidity. 
Next came the era of Statistical Parametric Speech 
Synthesis (SPSS), which uses statistical models such 
as Hidden Markov Model (HMM) and Gaussian 
Mixture Models (GMM) to mitigate the limitations 
of traditional methods. However, while they offer 
increased flexibility, they lack naturalness [1]. The 
advent of Deep Learning has given rise to new 
models such as Tacotron, FastSpeech, and VITS, 

that can produce high-quality synthetic speech 
closely resembling human speech. In particular, 
models in the Transformer-based group that use self-
attention and feed-forward blocks accelerate 
processing and improve synthesis efficiency [2], [3], 
[4], [5], [6], [7], [8]. Today, TTS systems have 
evolved to operate client-side, independent of 
servers or internet connections. This makes them 
ideal for applications requiring privacy and real-time 
response, such as screen reader systems. Research 
uses client-side TTS approaches on the user side, 
such as in the case of Ugan et al.’s design of speech-
to-speech translation applications. Psychiatric 
treatment involving refugees uses client-side TTS 
with speech synthesis for those who cannot read, 
enhancing patient confidentiality in terms of 
information disclosure [9]. Andersen et al. 
investigated methods to enhance voice services for 
new AI speech recognition systems - Vosk and 
Whisper - by incorporating transcription 
functionality to reduce network load, as the systems 
operate on the client-side TTS [10]. In 2018, the 
potential of client-side processing in the context of 
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AI processing increased, especially through 
WebAssembly on modern browsers [11]. Usher and 
Whitty describe the role of client-side project 
managers who not only oversee projects but also 
apply design thinking concepts to solve complex 
problems involving distributed computing [12].  
Motoo et al. proposed a network delay management 
technique for multiplayer FPS games, focusing on 
client-side processing to improve accuracy and 
fairness in gameplay [13]. An et al. presentation 
introduces a technique for controlling musical tone 
using a Variational Autoencoder (VAE) system. 
This addresses the problem of musical 
characteristics (such as pitch, loudness, and tempo) 
where adjustments often affect other parameters. 
VAE allows for direct and easily interpretable 
musical tone control, limiting the need for pre-
defined musical detail data [14]. Pamisetty & Sri 
Rama Murty’s presentation introduces a hybrid 
model that combines the advantages of statistics and 
neural networks to solve the problem of fine-tuning 
audio melody using a modular model. It simulates 
audio length and pitch values separately, making it 
ideal for tasks requiring high precision, such as 
automatic voiceovers that need to perfectly match 
audio length to the original video [15]. Despite the 
continuous advancements in TTS and client-side 
technologies, there remains a scarcity of studies on 
the voice quality of client-side TTS systems, 
particularly in the case of Thai. Therefore, despite 
the rapid development of TTS technology, 
particularly in client-side applications that address 
both privacy and real-time usability in the Thai 
context, there remains a lack of studies focusing on 
empirical voice quality assessment, specifically in 
terms of measuring the clarity, naturalness, and 
intelligibility of synthetic voices in real-world 
environments. This research aims to fill this gap by 
focusing on evaluating the quality of Microsoft's 
client-side TTS voices, namely Pattara and Kanya, 
using the MOS method to gain insights that can be 
used as guidelines for the development and 
improvement of Thai TTS systems in the future. This 
article consists of five sections: Section 1, Literature 
review, Section 2, Methodology, Section 3, Results, 
Section 4, Discussion, and Section 5, Conclusion. 
 
2. LITERATURE REVIEW 

2.1 Text-to-Speech 
  Text-to-Speech (TTS) is the process of 
automatically converting text into spoken form, a 
feature that is very important in voice technology 
applications such as intelligent assistants (e.g., Siri, 
Google Assistant), assistance for the visually 
impaired, and conversational AI [3 ]  [ 5 ]  [ 7 ] .  

The basic principles of TTS processing include text 
processing/analysis(frontend), phonetic transcription 
/grapheme-to-phoneme conversion (G2 P), prosody 
generation/modeling, and waveform synthesis (backend) 
[1 6]  [ 1 7]  [ 1 8]  [ 1 9] .  In terms of voice quality 
assessment, TTS tasks involve a voice quality 
assessment process. The synthesis process is 
illustrated in Table 1. 
 

Table 1: TTS voice quality assessment. 
Evaluation 

Method 
 

Description 
 

References 
 

Mean Opinion 
Score (MOS) 

This is a rating of 
the listener's overall 
satisfaction with the 
assessment of the 
synthesized speech, 
ranging from 1 
(very poor) to 5 
(very good). 
 

[19], [20], 
[21], [22], 
[23], [24], 
[25] 
 

Comparison 
Mean Opinion 
Score (CMOS) 

This involves 
comparing two sets 
of sounds. The 
listener is asked to 
identify which 
sound is better and 
to rate the 
differences. 

[7], [26], 
[27], [28], 
[29] 

Intelligibility 
Test 

This tests the 
listener's 
comprehension by 
requiring them to 
listen to a word or 
sentence from the 
TTS audio and type 
or select the correct 
missing word. 
 

[28], [30], 
[32], [33], 
[36] 
 

Objective 
Evaluation 
(Automatic 
Metrics) 

This utilizes models 
or formulas such as 
PESQ, STOI, MCD, 
or MOSNet to 
automatically 
evaluate voice 
quality. 

[19], [29], 
[34], [35] 
 

 
Table 1 shows four methods for evaluating TTS 

voice quality: Mean Opinion Score (MOS). This is a 
rating of the listener's overall satisfaction with the 
assessment of the synthesized speech, with scores 
ranging from 1 (very poor) to 5 (very good). Method 
2: Comparison Mean Opinion Score (CMOS). This 
compares two sets of voices, asking the listener to 
determine which is better and scoring the difference. 
Method 3: Intelligibility Test. This tests listener 
comprehension, for example, by requiring them to 
listen to a word or sentence in a TTS voice and then 
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typing or selecting the correct word. Method 4: 
Objective Evaluation (Automatic Metrics). This 
utilizes models or formulas such as PESQ, STOI, 
MCD, or MOSNet to automatically evaluate voice 
quality. Comparing the pros and cons of each 
evaluation method reveals that MOS (Mean Opinion 
Score) utilizes real human data, but it is time-
consuming and requires a large number of 
participants. CMOS (Comparison MOS) offers a 
comprehensive comparative analysis, although it 
necessitates evaluating several sets of voice samples.  
Intelligibility tests can clearly measure 
comprehension, but they don't measure naturalness. 
Objective metrics are efficient and automated, 
although they may not always align with human 
perception. 

This article presents the MOS assessment 
method. The MOS assessment questions are 
presented in a synthesis table of the MOS process, as 
shown in Table 2. 

 
Table 2: Results of the synthesis of MOS assessment 

questions. 
Assessment 

Topics 
 

MOS Assessment 
Question 

Description 
 

References 
 

Clarity of 
Speech 

Evaluates whether 
speech is clear, 
audible, and 
complete, with no 
background noise or 
interference that 
makes it difficult to 
understand. 
 

[2], [4], [7], 
[18], [19], 
[23], [33], 
[37], [39], 
[40], [41], 
[42], [43], 
[44]  

Naturalness Evaluates whether the 
speech sounds like a 
real human voice, is 
natural in nature, and 
does not sound harsh 
or synthetic. 
 

Fluency Evaluates whether the 
speech is continuous, 
has a smooth rhythm, 
and does not have 
inappropriate pauses 
or interruptions. 
 

Tone and 
Rhythm 
(Prosody) 

Assesses the control 
of tone, pitch, and 
tempo appropriate to 
the mood and context 
of the sentence. 

 
 According to Table 2, the MOS assessment 
questions involve four steps: Clarity, Naturalness, 

Fluency, and Tone and Rhythm. The equation for 
calculating the mean opinion score [2 3] [44] is as 
follows: 
 

MOS = 
𝟏

𝑵
 ∑ 𝒔𝑵

𝒊ୀ𝟏 I         

(1) 
 
where si is the score of the ith evaluator. 
 
2.2 Client-Side Processing 

Client-Side Processing refers to performing 
computations or data processing on the user's 
(client’s) device instead of on the server. This 
enables faster system response times, conserves 
server resources, and enhances user privacy. It 
reduces processing latency by eliminating the need 
to wait for a response from the server, thereby saving 
server resources. It improves user data privacy and 
supports partial offline functionality [11].TTS User-
Side: TTS is a sophisticated form of speech synthesis 
designed to convert any textual input into audible 
audio output. This technology serves as a crucial 
bridge between written and spoken communication, 
significantly increasing user accessibility and 
interaction. TTS was developed as an assistive 
technology, primarily intended to assist individuals 
with visual impairments or reading difficulties by 
enabling them to listen to written content [4 5] [4 6]. 
Distinction: This refers to the distinction between 
Client-Side vs. Server-Side Processing. In the 
widely used client-server architecture model, the 
"client" usually refers to the front-end user. The 
server handles data, business logic, and complex 
processing behind the scenes.  The front-end 
consists of the graphical user interface (GUI) and all 
visual elements such as buttons, text fields, and 
images, that the user interacts with directly. This 
front-end manages user interactions, including 
displaying data and validating input. Complex 
requests are sent to the back-end. Client-side TTS 
refers to the entire speech synthesis process, from 
text analysis and phonetic transcription to melody 
generation and waveform synthesis, which is 
performed directly on the user's device, such as a 
Windows computer or an Android smartphone. A 
key feature of client-side TTS is its ability to operate 
without the need for a constant internet connection 
for core synthesis functions. In contrast, a 
server/client approach to TTS involves the core 
model and computationally-intensive tasks residing 
on a remote server (a cloud service). In this model, 
the client sends input text to the server, which then 
returns the synthesized speech. Examples include 
cloud-based TTS services such as Azure AI Speech, 
OpenAI's Audio API, Google Cloud TTS, and 
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Amazon Polly. These services typically require an 
active internet connection and may incur usage-
based charges. This distinction is particularly 
important, as offline functionality and low latency 
are key advantages of client-side TTS processing 
[47][48][49].  

 
2.3 Natural Language Processing 

Natural Language Processing (NLP) is a branch 
of artificial intelligence that focuses on enabling 
computers to understand, process, and reproduce 
natural language as used by humans [50]. NLP is 
widely used in intelligent assistants (e.g., Siri, 
Alexa), including summarizing, language 
translation, and social media sentiment analysis. 
Early NLP research relied on human-written rules, 
such as POS tagging with rule-based systems. 
However, with the advent of big data, statistical NLP 
approaches such as Hidden Markov Models 
(HMMs) and Conditional Random Fields (CRFs) 
have become popular for learning from large 
samples of data [5 1]. Advances in deep learning 
have revolutionized NLP, particularly following the 
success of word embeddings such as Word2Vec [52] 
and GloVe [53], which enable words to be 
represented as semantic vectors. Subsequently, 
Recurrent Neural Networks (RNNs) and Long 
Short-Term Memory networks (LSTMs) were 
developed for handling sequential data, which is 
suitable for continuous languages, utilizing the 
Transformer architecture that revolutionized the 
entire NLP system and the industry [54]. This has 
become the foundation for Large Language Models 
(LLMs) such as BERT [55], which is an encoder-
based model for tasks such as classification and 
question-answering; GPT [56], which is a decoder-
based model used for text generation; and T5 [57], 
which is a unified framework for multiple NLP 
tasks. NLP applications include machine translation 
(e.g., Google Translate), and deep learning (based on 
Transformer), sentiment analysis (e.g., 
positive/negative/neutral); question-answering (e.g., 
ChatGPT), and BERT QA, together with 
information extraction (e.g., extracting specific 
information from articles, such as organization 
names, dates, times, and events).  

Current literature is predominantly concerned 
with enhancing the accuracy and naturalness of TTS 
models. Despite these advances, there remains  
a notable gap in research addressing TTS system 
design for user-side processing, systemic analysis of  
synthesized speech results, and real-time operation 
within real-world environments. This research 
directly addresses these gaps by presenting a TTS 
system that integrates client-side analysis and 

processing, thereby enabling improved speed, 
flexibility, and data privacy. 

3. METHODLOGY  

3.1 Synthesizing the Text-to-Speech Process 
The synthesizing process for text-to-speech 

analysis from national and international databases 
can be illustrated as shown in Table 3. 

 
Table 3: Synthesis of Text-to-Speech Process. 

Process Description References 
Text Analysis Analysis of source  

text, such as word  
tagging, POS  
tagging, and text  
normalization. 
 

[31], [58], 
[59], [60], 
[61], [62] 

Phoneme 
Embedding 

Converting  
phonemes  
to vectors for use in  
models. 
 

[7], [32], 
[64], [65], 
[66], [67] 

Language 
Embedding 

Converting  
language  
or accent data into a  
vector that the  
model  
understands. 
 

[68], [69], 
[70], [71], 
[72], [73], 
[74] 

Positional 
Encoding 

Adding word 
position 
information in the 
sequence so that the 
Transformer can 
understand the data 
sequence. 
 

[58], [75], 
[76], [77], 
[78], [79] 

Encoder 
(Transformer) 

Creating deep 
representations 
from embeddings 
with the Self-
Attention 
mechanism. 
 

[6],[41], 
[49], [80], 
[81], [82], 
[83], [84], 
[85], [86], 
 

Variance 
Predictors 

Predicting  
parameters  
Such as duration,  
pitch, and energy. 
 

[7], [23], 
[87], [88], 
[89], [90] 

Transformer 
Decoder 

Decoding the 
encoder and 
variance parameters 
to create a sound 
spectrogram. 

[6], [41], 
[49], [80], 
[81], [82], 
[83], [84], 
[85], [86] 
 

Vocoder 
(Voice 
Encoder) 

Converting 
spectrograms into 
audible waveforms, 

[25], [27], 
[91], [92], 
[93], [94], 
[95] 
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Process Description References 
such as WaveNet 
and  HiFi-GAN. 
 

  
 Table 3 provides an overview of the steps 
involved in the Text-to-Speech analysis process: 
Step 1: Text Analysis, Step 2: Phoneme Embedding, 
Step 3: Language Embedding, Step 4: Positional 
Encoding, Step 5: Encoder (Transformer), Step 6: 
Variance Predictors, Step 7: Transformer Decoder, 
and Step 8: Vocoder (Voice Encoder).  Then, the 
approach proceeds to the next step in the Text-to-
Speech analysis process.  
 
3.2 Development System  
 Development of a Text-to-Speech (TTS) system 
with Client-Side Processing. The design of the text- 
to-speech analysis was carried out in line with the 
synthesized steps. The details are as follows:  
Step 1: Text Analysis (Linguistic Front-end): 
Linguistic analysis of the text is performed by 
breaking down the text into words (tokenization). 
Each word obtained through the tokenization 
process is then assigned a sentence type (POS) such 
as noun, verb, adjective, etc. Next, the "letters" are 
converted into "phonemes" (G2P) (Grapheme-to-
Phoneme) sounds. 
Step 2: Phoneme Embedding and Language 
Embedding: This involves representing phonemes 
with numeric vectors (Phoneme Embedding) in a 
machine-readable and processable format. Language 
Embedding is added, as this system can receive text 
and select the resulting audio in multiple languages. 
Step 3: Adding Positions to the Vector (Positional 
Encoding): Since the Transformer architecture lacks 
a sequence structure, the Transformer doesn't know 
which word comes first or last. Therefore, it adds 
positional encoding to each token's vector to help the 
model understand the "order" of words in a sentence. 
Step 4: Encoder (Transformer): The encoder in the 
Transformer architecture consists of the following 
internal processes: 

1) Multi-Head Self-Attention; Self-attention is the 
process of assigning weights to words in the same 
sequence, determining how important each word is 
to the other. Multi-Head refers to dividing the 
embedding into multiple heads to learn the 
relationships between multiple perspectives 
simultaneously, enabling contextual understanding 
of the word. The main calculation method uses three 
vectors: the query keyword (Q), the key attribute 
(K), and the actual returned value (V) obtained by 
transforming the embedding with weight matrices. 

Attention: The self-attention weight is calculated 
[46], [95], [96] using the equation:  

 

Attention (Q, k, V) = SoftMax (
ொ௄೅

ඥௗೖ
) V (2) 

 
Where dk is the size of the key vector (used for 
normalization). 
The results of each head are then concatenated and 
passed through a linear layer. 

2) Add & Norm: Add the results from the multi-
head self-attention to the original input (Residual 
Connection) and perform layer normalization. 

Add: makes the model learn more easily and 
more deeply without vanishing gradients. This 
allows the model to "remember" information from 
the original input even after multiple layers have 
been introduced.  

Norm: This process adjusts the vector values to 
have a mean of 0 and a standard deviation of 1 at 
each layer, resulting in faster and more stable 
learning for the model. 

3) Position-wise Feed-Forward Network 
processes the data of each position (token) by 
working on each token vector separately (i.e., not 
related to other tokens). The equation [97], [98] to 
calculate the position of each vector is as follows: 
 

FFN (X) = max (0, xW1 + b1) W2 + b2 (3) 
 

Where W1  and W2  are the weight matrices of 
layers 1 and 2  
b1  and b2  are the bias vectors, and max (0 ,.) is the 
ReLU (Rectified Linear Unit) function. 

4) Add & Normalize again. Take the results 
from the Feed-Forward and add them to the Feed-
Forward input (which is the output of the previous 
step), and perform another layer normalization. 

5) Send the results to the next layer. The data 
that has passed through one encoder layer becomes 
the input for the next encoder layer. 
Step 5: Variance Predictors: Predict Duration 
(Pitch), Energy (Energy), and Energy (Duration) to 
determine how long each phoneme should be, and 
how much pitch (pitch) and energy (loudness) it 
should have. 
Step 6:  Transformer Decoder to Mel-Spectrogram: 
The model generates a mel-spectrogram (a graph 
representing the sound energy at each frequency) 
from the above data. 
Step 7: Vocoder (Voice Encoder): Convert the mel-
spectrogram to a waveform (representing real 
speech).  
TTS analysis and workflow are shown in Figure  
1-2 
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Figure 1: Example of Text-to-Speech Analysis 
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Figure 2: Working Process of Text-to-Speech (TTS)

4. RESULTS 
The results of the Text-to-Speech analysis 

process can be summarized in the form of eight 
steps: Text Analysis, Phoneme Embedding, 
Language Embedding, Positional Encoding, 
Encoder (Transformer), Variance Predictors, 
Transformer Decoder, and Vocoder (Voice 
Encoder). The design and development of a TTS 
analysis system with client-side processing is as 
follows: 

4.1 Creating a user interface (UI) with HTML, 
CSS, and JavaScript to facilitate user interaction.  

4.2 Develop a TTS system using the Web 
Speech API to convert text to speech, leveraging 
large-scale AI language models to process questions 
and analyze content. 

4.3 Use File Processing to handle PDF and text 
files using PDF.js and the FileReader API. 

4.4 Use Server-Side Processing using PHP to 
handle requests and to communicate with the AI 
model's API.  

4.5 The Text-to-Speech (TTS) analysis system 
is tested with regard to client-side processing as 
follows: Step 1: Prepare documents as PDF files to 
test the system. Step 2: Import the PDF file into the 
system so that the system can analyze the text and 
synthesize speech. Step 3: Set the questions for 
evaluating the overall sound quality using the MOS 
(Mean Opinion Score) method. This consists of 4 
questions as follows: Clarity of speech (Clarity): 
Speech is clear, can be heard completely, with no 
noise disturbance. Naturalness: The voice sounds 
human, not harsh or synthetic. Fluency: The voice 
is continuous, with a smooth rhythm and no 

interruptions. Tone and Rhythm: The tone and 
rhythm are appropriate and consistent with the 
mood. Step 4: The 30 listeners rated the items on a 
5-point Likert scale, where 5 - Excellent,  
4 - Good, 3 - Fair, 2 - Poor, and 1 - Very Bad. 

 

 
Figure 3: Text-to-Speech (TTS) system screen with  

client-side processing. 
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Table 4: Results of Text-to-Speech (TTS) system with Client-side Processing. 

System / Language Clarity Naturalness Intelligibility Fluency 
Average MOS 

(Total) 
Microsoft Pattara (TH) 4.33 ± 0.80 3.33 ± 0.71 3.93 ± .14 3.93 ± 1.11 3.88 ± 0.79 
Microsoft Kanya (TH) 4.10 ± 0.92 3.30 ± 0.88   3.90 ± 1.11 3.91 ± 1.17 3.81 ± 0.75 

The results of system development are shown in 
Figure 3, and the results of using the Text-to-Speech 
(TTS) analysis system with client-side processing 
are as shown in Table 4.  Table 4: Client-side TTS 
system evaluation, summarizing the Mean Opinion 
Score (MOS) and preliminary analysis of two 
different Microsoft Thai voices. The evaluation 
results revealed that Pattara’s (male) voice 
performed slightly better than Kanya’s in all aspects, 
particularly in clarity. The difference between the 
two voices was not significant, indicating that 
Microsoft's voice reproduction standards were 
relatively similar. Naturalness was lower in both 
systems compared to other aspects, suggesting a 
need for further development to create more human-
like voices. 

5.  DISCUSSION 

 This article involves the design and development 
of a text-to-speech (TTS) analysis system with 
client-side processing. The process is divided into 
two aspects: synthesizing the text-to-speech process 
and designing and developing a text-to-speech 
system with client-side processing. The researchers 
used an eight-step text-to-speech process to design 
and develop a client-side text-to-speech system. This 
process involved text analysis, converting "letters" 
into "sounds or phonemes" (G2P). The next steps 
were Phoneme Embedding and Language 
Embedding, which represent phonemes and 
languages with numeric vectors. The positions were 
then added to the vector (Positional Encoding) to 
prepare for the Transformer model. This then went 
to the Encoder (Transformer), which performed 
various operations until the Variance Predictors 
process predicted the duration (Pitch), the energy 
(Energy), and the duration (Energy). The predictions 
were made with regard to the length of each 
phoneme, its pitch (Pitch), and the energy 
(Loudness). This then went to the Transformer and 
the Decoder to decode the sound. Finally, the 
Vocoder (Voice Encoder) converted the mel-
spectrogram into a waveform, or actual speech. The 
web development system consisted of the following 
components. User Interface (UI) development, using 
the Web Speech API to convert text to speech, and a 
large-scale AI language model for question 
processing and content analysis, file management 

using PDF.js and the FileReader API, and server-
side processing using PHP to handle requests and 
communicate with the AI model's API to display the 
results. This system operates on the client side and 
can function without a constant internet connection. 
Voice quality was assessed using MOS in all four 
dimensions: Clarity, Naturalness, Fluency, and 
Prosody. The evaluation results showed that 
Microsoft Pattara’s (male) voice had a slightly 
higher MOS quality than that of Kanya's (female) in 
all dimensions. Specifically, in terms of Clarity, this 
study is consistent with work by Georgia Maniati 
[100], who used MOS assessment to assess 
naturalness by brainstorming with a group of people 
to elaborate on the design of a speech dataset with 
the aim of developing a model that better resonates 
with human raters in a speech-level TTS assessment 
task. Furthermore, Yamagishi et al. [101] indicated 
that clarity is an important factor affecting 
comprehension, especially in tone languages such as 
Thai. In addition, Pattara's (male) voice may have a 
vocal characteristic that listeners assess as being 
clearer and more solid, which may affect the MOS 
score for naturalness. The scores of both voices are 
not particularly high (around 3.3), which may be due 
to the limitations of user-side processing using a 
smaller TTS model than the server-side, in line with 
Shen Jonathan et al. [102], who proposed that the 
Tacotron 2 model combined with WaveNet provides 
smoother and more natural voices but is resource-
intensive in terms of Intelligibility and Fluency. 
Both voices received similarly high scores, 
reflecting the effectiveness of the Microsoft Neural 
TTS system, which maintains high voice quality 
even when operating on the user side. This aligns 
with Andersen [10], who studied ways to improve 
voice services for new-generation AI speech 
recognition systems to reduce network load by 
operating on the client-side TTS. Furthermore, using 
client-side TTS helps maintain user confidentiality. 
This aligns with Ugan et al. [9], who designed a 
speech-to-speech translation application for 
psychiatric treatment in cases where refugees could 
not read, to maintain patient confidentiality when 
disclosing information.  
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6. CONCLUSION 
 The results of this study can be applied to 
selecting synthetic voices for educational, assistive 
technology, and accessibility applications. A Text-
to-Speech (TTS) Analysis System with Client-side 
Processing is suitable for applications requiring 
confidentiality and speed. Client-side TTS can be 
applied because it operates without requiring an 
internet connection. This approach can be applied to 
other programming languages and operating 
systems, enhancing natural speech. This approach 
can be used to enhance speech clarity, naturalness, 
fluency, tone, and rhythm, enabling greater 
utilization. Although previous research, such as 
Tacotron 2 [103], has been able to generate highly 
natural-sounding speech, and the work of An et al. 
[14] has been able to efficiently control prosody 
through speech component separation and reduction 
of mutual information between speech features, both 
approaches remain model-oriented and heavily 
reliant on server-side processing. In contrast, this 
research presents a user-side processing-based TTS 
analysis system that reduces response time, enhances 
data privacy, and efficiently supports real-time 
applications. 
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