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Abstract

Objectives: To explore the advancements and challenges in the implementa-
tion of an Al-enabled Text-to-Speech (TTS) for the Assamese language (an Indo-
Aryan language) by discussing technological approaches, linguistic considera-
tions, and its potential applications. Methods: The developed system has been
experimented with 40K (approx) collected words of five different categories and
tested with different datasets for each model. Four prominent methods (Dictio-
nary, HMM, CNN & G2P) are commonly found used in TTS. With the Grapheme-
to- Phoneme (G2P) conversion technique, all phonemes are ordered sequen-
tially to generate a continuous voice by using a good synthesizer to translate
into words, letters, ligatures, and symbols of the language into sound. Findings:
Compared to the other three approaches, the G2P approach shows higher per-
formance (89%) in terms of accuracy. We experimented with our system using
different sample sizes from three Indian languages (Hindi, Assamese, and Ben-
gali) across four approaches. With a dataset of 1,000 words, the Dictionary-
based approach resulted in 60% accuracy, HMM in 70%, CNN in 85%, and
remarkably, the G2P approach reported 89% accuracy. Upon uploading the
input file into the system and listening to the system read words, we manually
calculated the number of words spelled correctly, incorrectly, or not producing
any sound. Precision, F1-score, and recall were analyzed and found to achieve
a 90% result, which may be considered a satisfactory conversion. Furthermore,
by giving additional thought to pronunciation generation, the accuracy level
might be improved. For experimental purposes, only female voices were used
in this study. The smaller database size and minimal word decomposition algo-
rithms utilized in this study account for the improved accuracy. Novelty: This
effort offers a unique solution for the Assamese language. It has been designed
with a pleasant voice and is in interactive mode which wais not found earlier.
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1 Introduction

The goal of a text to speech synthesis (T'TS) system aims to generate natural and comprehensible speech from the provided
text. Under NLP, numerous works in both Indian and non-Indian languages have been developed. However, very less amount
of work has been developed in regional languages, especially in the Assamese Language due to a lack of awareness. The highly
inflectional structure and intricate grammatical rules of Indian languages make feature selection and extraction incredibly
challenging. However, sentence construction conventions also differ among languages, geographical areas, etc. Different dialects
of different languages have different tunes. Additionally, morphology and syntactical category also extend their bounds. In
certain situations, a subject, verb, and object combination may take on distinct forms. The most intriguing thing is that many
structures can be used to preserve contextual information. Numerous such crucial elements that must be taken into account
for feature extraction are covered in this study.

Al-based TTS is more similar to human-based TTS, except for the acoustic generation module. All preprocessing tasks must
be compiled with a manual system where a machine learning approach (deep learning) is applied to develop the system to be
more realistic. The overview of the proposed system is given in Figure 1.

Text Preprocessing Prosody Modeling
- Tokenization - Intonation Modeling
START I;HEPUIT -Punctuation Handling - Rhythm and Stress pattems
X -Morphological Analysis >
" Tex Preprocessing

- Tokenization
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-Synthesis Lexical stress Assignment
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Post-processing
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-Vocoder Algorithm Output Audio End
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Fig 1. System Overview of the proposed research

Before rolling ahead to TTS, input text must be formatted with a text processing system that includes tokenization and
pruning for the removal of spurious attributes and unnecessary features. All special characters, symbols, punctuation markers,
and other rich text with smaller pictorial representation will be extracted in the text processing phase. It has been reviewed
that many authors experimented with their research with different approaches. It has been observed that TTS is done by using
four approaches and they are- Dictionary based approach (V). Hidden Markov model (HMM) ), Convolutional Neural Network
(CNN)® and Grapheme to Phoneme (G2P) ) conversion approach.

Word-by-word conversion methods, often known as dictionary-based approaches, are commonly employed in cases where
very short messages need to be converted into speech, such as OTP pronunciation or voice message reading. This method suffers
from limited database size and domain dependency. A novel method has been implemented to improve speed and make the
TTS system domain-independent, i.e., using graphemes, the smallest units of written text, and phonemes, the smallest units of
sound. The fixed size of the database and the formation of words from graphemes to further spell them with a pleasant voice
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is the primary goal of this research. There are many challenges in TTS conversion in regional languages. This research is an
attempt to expedite the work on regional languages, which are coded in a 16-bit format.

2 Methodology

As discussed, with three prominent approaches, pros and cons have been discovered with respect to the dataset adhered. Out
of these, G2P (Grapheme to Phoneme) conversion demanded more convenience and higher accuracy. It is a process that looks,
memorizes and recalls a part of written text and converts it into sound ®). The following section has discussed G2P approaches
and their practical implications in traditional system.

2.1 Grapheme Extraction in Unicode

The smallest unit of a printed text is called a grapheme. Each letter in the English language is referred to as a grapheme, and
each phoneme is pronounced differently. When a word in Indian language is broken down into its phonemes, several graphemes
may emerge. This is because the language’s grammatical structure prevents the word from being spoken correctly. In this work,
phonemes are denoted as /a/, /b/, etc., and the phonetic transcriptions will be denoted as [a], [b]. Symbolically, graphemes are
frequently notated as <a, <b> () etc. With this syntax, Grapheme analysis of an input Assamese sentence is explained in Table 1.

Table 1. Grapheme analysis of Assamese text Input sentence

Input sentence T (T YATRELTR

Grapheme L PO PN 3 (L L N T PR L P P . (0 S N R . SPT TPL (
Phoneme: fbal fral tha' fmad fpal ful M fral— fal ixal fmal frf I laed fonf foruel hal -t fnal (dES
Phonemes acoustic L L P S P PN L S L AL B PR PR A R L AL S 0 8

Assamese sound mapping /F% /5 (S8 &1 - [ (5 5 (<R & 12 - R - ISR

The gap (silent) created by whitespace in input sentences is represented by the phoneme /-/. As given in the table, the
word ‘bhahmaputra, can be heard as /barahama-p-u-ta-ra/ or /brah-ma-put-ra/ when converted to an acoustic sequence,
with an impression following /brah/. This impression was created during the breakdown of graphemes. One encoder-decoder
architecture has been used with a supervised approach. In this structure, each input sequence is represented by the encoder as a
text (Grapheme), and the decoder uses the learnt representation to produce an output sequence in the.wav format (Phoneme).
The block diagram of this process model is as given in Figure 2.

Input Text —» BN Botfleneck memmg oo > Supervised > Phoneme
Features Approach

Fig 2. Block diagram of G2P

2.2 Encoder- Decoder

The primary concept of the encoder-decoder techniques consists of two stages: first, the input sequence is mapped to a vector,
and then, using the learnt vector representation, the output sequence is generated. After the encoder processes the entire input
sequence, encoder-decoder models produce an output that allows the decoder to learn from any portion of the input without
being constrained by fixed context windows”). Each phoneme is entered into an encoder once the decoded grapheme from
the input text has been input into the phoneme creation phase. Based on the learnt representation, the encoder used bottleneck
features to encode the output phonemes, which are in the.wav format (Phoneme), to produce continuous audio. Morphological
dissemination of an Assamese word [Kkitaap}fasrer is explained in Figure 3. From the given word, how a phonetic conversion
has accomplished is explained below.
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In the initial phase of our system, graphemes are decomposed with a small program coded with Python, and phonetic
syntheses were composed with the help of audio mixing software (‘FL Studio 20’used in this experiment). In level 1,
each character of the word decomposed with an iteration. Here, the output is termed as grapheme for each character that
disseminating with punctuation markers.

Fig 3. Morphological dissemination of Assamese words

2.3 Grapheme extraction difficulties

Tokenization is used to extract individual words from a phrase. Following tokenization, a loop structure breaks down each
distinct word to extract the character before recovering the graphemes. It is possible to extract a single character in a
single iteration; however, complicated characters could need more than one iteration®. To determine the real graphemes,

composition-decomposition techniques are utilized. These issues emerge because they are inflectional. Table 2 summarizes a
few observations.

Table 2. Complexity of Grapheme formation due to inflection of secondary form of vowels

Inflections Composition Decomposition
Coenscnant with Vowel K+ A-=kd (F = H-F) ka->k+... (not a valid character, secondary form)
K+l-=KI(F + 551 kl-=k = ... (not a valid
Consonant to Consonant ktk-=kk (F + =7 ) kallol- k + I+ l+o+] /[ PTEFI—F +77 + F1+ ** +¥1 (not valid)
k+l-KI{(F +T=F) Mote: ** symbelic representation of vowel
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2.4 Dataset Preparation

Although Indic TTS corpus (developed by Indian Language Technology Research Center (ILTRC)) is available online with
several Indian Languages including Assamese, it could not meet the requirement due to its limited size. A self-styled new
dataset has been developed by these authors for experimental purposes collecting data from various domain specific sources.
This dataset consists of 40,000 audio clips of different Assamese graphemes (vowel, consonant, compound character, features,
words etc) in standalone machine. Performance is measured based on the result set observed with this standalone dataset.
As mentioned earlier, Al-enabled TTS systems require large amounts of high-quality training data with pairs of text and
corresponding speech recordings, our data set is very small as required for which variations are observed in the output. During
the training process, the neural network learns to capture the complex relationships between text and speech features, such as
phonetics, prosody, and intonation patterns.

-/ START \ Input / Intermediate signal < ‘_ = ..4 " , ; }
kl/ Text/ construction by TTS E!g l i ;L

Spectrogram

l

Finalization x Heration < Initialization
Calculate Gabor i —b[ Convergence Rate a = 0.2 ]
Transform of ¢

l th = Pe.(Pe.(c..)), —b| lteratori=0 ]

Cch=t, +a(t,-t,1).

_M 4, &m__ Ubdatnics b 4—[ Coefficient Matrices ¢, t ]

Waveform i=i+1. —>| Number of Iterations n ‘

Fig 4. GLA algorithm

In this experiment, Griffin-Lim algorithm (GLA), Figure 4 is used for phase reconstruction in audio signal processing,
particularly in the context of audio waveform synthesis from magnitude spectrograms. This process is iterative. In this work, a
simplified Python implementation of the Griffin-Lim algorithm has been used for reconstructing an audio waveform from its
magnitude spectrogram as suggested by ).

GLA follows the following four steps for Audio generation:

Step 1: Initialization

i. For each time-frequency bin in the magnitude spectrogram of the input audio, start with a randomly initialised phase
estimate.

ii. Utilising the initialised phase estimate and the magnitude spectrogram, compute the complex-valued spectrogram.

Step 2: Iteration Refinement

Follow these procedures again until you reach convergence or a predefined number of iterations.

i. Inverse Fourier transform: To estimate the signal in the time domain, compute the complex spectrogram’s inverse Fourier
transform.

ii. Magnitude spectrogram calculation

iii. Phase update

iv. Complex-valued spectrogram reconstruction

Step 3: Convergence Check

After examining the convergence criteria, it finds the difference between successive waveform estimates or the change in
spectrogram magnitude and stops iterating if the criteria given are satisfied.

https://www.indjst.org/ 4458


https://www.indjst.org/

Nath & Sarma / Indian Journal of Science and Technology 2024;17(42):4454-4461

Step 4: Output
Output the final reconstructed waveform when convergence is reached, or the maximum number of iterations is reached.

3 Results and Discussion

In order to synthesize voice directly from text, we used Tacotron2 neural network architecture'®. This produced a

corresponding sequence of spectrograms, which were subsequently transformed into audio waveforms using a vocoder such
as WaveNet of the Griffin-Lim technique. It is composed of two parts: a modified version of WaveNet that creates time-
domain waveform samples conditioned on the predicted mel spectrogram frames, and a recurrent sequence-to-sequence feature
prediction network with attention that predicts a sequence of mel spectrogram frames from an input character sequence. These
models could be trained on large datasets of text and corresponding speech recordings to generate high-quality synthetic speech.

Several factors, like data size, learning rate, batch size, number of epochs, etc., are taken into account when training this
model. Accuracy is the metric used to assess training and test model performance in machine learning algorithms. The
examination of additional characteristics, such as recall rate (defined in equation 3 as properly predicted value to total prediction
value) and accuracy (defined in equation 1 as number of correctly predicted values to total number of predictions), is used to
determine performance.

The F1-Score in equation 4 is the ratio between average mean recall and precision.

Total size of Dataset: 40000 (approx) (Self-created)

Target language: Assamese

Experimental dataset: Five categories from different domain

Aceuracy X = ng I ZKL Fn)
Recall R = %
Precision = %

F Score F1 — 2% Precession x Recall

Precession + Recall

Where, Tp- True positive, Tn- True Negative, Fp- False positive, and Fn- False negative.

Five different datasets have been chosen from different sources as Set1 (collected from newspaper, 10k words), Set2 (collected
from Scientific article, 8k words), Set3 (collected from E-journal), Set4 (collected from Books), Set5 (collected from Magazine).
The parametric analyses of experimental results are shown in Table 3. With these five datasets, out of 40000 records, 36000
(approx) has been utilized for acoustic generation which 83 pc accuracy level has been maintained irrespective of data size. In
this experiment, with earlier development of these authors (CNN model), the system was tested with collected text from three
different Unicode languages and compared its performance with English language keeping the size of database as standard. The
comparative results are shown in Table 4. The observed discrepancies in accuracy can be attributed to the greater inflectional
nature of Indian languages. Second, the dictionary’s size is yet another crucial consideration. As would be expected, greater
population size leads to improved accuracy.

Table 3. Parametric analysis of experimental results
Size of Dataset TP ™N FP FN  Accuracy (%) Recall Precision F Score

9950 7000 1100 900 880 81.98 0.89 0.89 0.89
8300 6000 900 770 560  83.84 0.91 0.89 0.90
6700 4600 800 480 400 85.99 0.92 0.91 0.91
6120 4300 660 350 490 85.52 0.9 0.92 0.91
4700 3000 700 160 450 85.85 0.87 0.95 0.91
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Table 4. Parametric analysis of experimental results

Target Language  Volume of database ~ Sample size (input)  Correctly Spelled ~ Accuracy in %

English 412 88 66 70%
Hindi 334 56 18 32%
Assamese 450 197 84 42%
Bengali 243 68 19 29%

Accuracy comparison of correctly spelled word searching in the sound database with single word input in ASCII vs Unicode
languages

Next, using the CNN method, we evaluated our system using the same database with input as a plain text file that had
roughly the same word count. Table 5 shows the second succession’s performance. Finally, based on their performances, it has
been discovered that the Assamese language accuracy level displays somewhat higher with G2P in comparison to the current
CNN method as shown Table 6.

As given in Table 6 with three categories of data sets from Assamese language, it has been observed gradual improvement
in accuracy among these four approaches where G2P claimed up to 89% accuracy which is higher than earlier development
by Sharma and Kumar during 2020. However, this is the first endeavor for Assamese language (a regional 16-bit language with
rich ligatures) where words are spelled based on their syllable using graphemes.

Table 5. Percentage of Accuracy experimented with CNN model

Target Language  Sample input size =~ CorrectlySpelled  Accuracy in %

English 112 62 56%
Hindi 140 55 40%
Assamese 163 58 36%
Bengali 98 31 32%

Table 6. Comparison chart of different approaches

Input size Dictionary HMM CNN G2P
Data Set A(100) 40 60 70 80
Data Set B(300) 50 66 83 86
Data Set C(1000) 60 70 85 89

4 Conclusion

The first step towards developing NLP in Unicode languages is the development of Al-enabled TTS for regional languages like
Assamese. T'TS conversion in Assamese language is found very rare in public platforms. It can be difficult to develop TTS for
digital humans, especially when it comes to producing speech that sounds authentic and natural depending on the language
and place. This is due to the possibility that speech produced by TTS systems built using conventional and statistical methods
will sound robotic or mechanical, which consumers may find offensive. Furthermore, producing flexible and adaptive speech
is necessary for digital human applications. This can be difficult because TTS systems depend on various elements, including
datasets and the kinds of models and modules that are employed. This model will be further developed considering other
parameters like male voice, female voice, sound quality, speech duration, pits intensity, impression etc. The dataset used for
training purposes is considerably very small for machine learning and has to be increased three times the existing one.

In our first attempt, only manually recorded female voices were accumulated to produce an audio file with 40k sample
sounds of different graphemes, ligatures, and some words. We compared this with three other languages (16-bit format) and
English. Due to the structural similarity of this target language with other languages, there is scope to enhance the quality
and performance with a fully Al-enabled system. The key challenges will include generating pronunciations for similar words
and the addition or deletion of ending graphemes. While reading, a word ending with a vowel may be pronounced differently,
resulting in different meanings. These problems must be addressed in the next development phase with larger ML tools.
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