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An Acoustic Study of Tone Contrasts in Manipuri
Language

ABSTRACT

Speech is a natural and intuitive mode of human communication, underscoring the
essence of interpersonal interaction. Automatic Speech Recognition (ASR) is a pivotal
innovation in digital technology, empowering devices to comprehend and process spo-
ken language seamlessly. ASR’s applications span various domains, including dictation
software, voice-activated assistants and automated call centers, thus revolutionizing
how we engage with technology. Its significance extends further to the development of
assistive devices for individuals with disabilities and the preservation of endangered
languages, wherein ASR catalyzes documentation and linguistic conservation.

Manipuri is a low-resource Tibeto-Burman tonal language primarily spoken in the
northeastern state of Manipur, India. Tone identification is crucial to speech compre-
hension for tonal languages, where tone defines the word’s meaning. ASR for those
languages can perform better by including tonal information from a powerful tone
detection system. Despite extensive research on tonal languages such as Mandarin,
Thai, Cantonese and Vietnamese, there is a significant gap in exploring Manipuri’s tonal
features.

This thesis presents the development of a meticulously crafted speech corpus called
ManiTo, explicitly designed to analyze the tones of Manipuri. Comprising 17,837 labeled
audio samples from twenty native speakers, ManiTo facilitates a nuanced examination
of Manipuri’s tonal contrasts. Initial investigations reveal the presence of two distinct
tones: Falling and Level. A comprehensive acoustic feature analysis was conducted to
differentiate between the two tones to deepen our understanding. Two sets of features,
focusing on pitch contours, jitter and shimmer measurements, were explored to delineate
Manipuri’s tonal nuances. Various classification algorithms were employed to validate
the selected feature sets, including Support Vector Machine, Long Short-Term Memory,
Random Forest and k-Nearest Neighbors. Results demonstrate that the second feature
set consistently outperformed the first, especially when utilizing the Random Forest
classifier. These findings provide crucial insights for advancing speech recognition
technology in low-resource tonal languages like Manipuri. This thesis contributes to
the broader understanding of tonal languages through the development of ManiTo and
the insights gained from acoustic feature analysis. It sets the stage for future research to
enhance speech recognition technologies in linguistically diverse and underrepresented
languages.
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Introduction

This chapter offers an overview of the thesis’s content and layout while highlighting the
key contributions discussed in the following chapters. Beginning with an introduction
to the fundamental concepts of tone, we provide an insightful overview of Manipuri and
its tone system. We then delve into the specific challenges posed by tone recognition in
Manipuri, considering variations in tone patterns, contextual influences and speaker
variability. Our motivation is driven by the need to address these challenges and con-
tribute to advancing technology and linguistic understanding. In the final sections, we
explore potential avenues to mitigate these challenges and summarize the research’s
contributions to tone recognition in Manipuri, aiming to facilitate technological progress

and deepen our comprehension of tonal languages.

1.1 Tone

In linguistics, tone refers to pitch patterns to distinguish between words or convey
grammatical information. Pitch variations can affect a word’s meaning in tonal languages,
unlike non-tonal languages, which could imply intonation or emotional emphasis.

Yip [93] defines tonal language as a language where an indication of pitch enters
into the linguistic realization of at least some morphemes. Each syllable or word in a
tonal language is associated with a specific pitch contour or tone, contributing to its

lexical or grammatical meaning.
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Tone can be associated with fundamental frequency (Fy) and pitch, the perceptual
correlate of fundamental frequency. Fj refers to the number of pulses per second
contained within a signal, where each pulse corresponds to a single vocal cord vibration.
This frequency is measured in Hertz (Hz), with one Hz representing one cycle per second.
Pitch, however, represents the perceived Fy, determining whether a signal is heard as
high or low in pitch. Therefore, pitch forms the foundational basis for understanding
tone.

For instance, in Mandarin Chinese, there are four lexical tones: flat high, rising,
falling-rising and falling. The word ‘ma’ with different tones can mean ‘mother,” ‘hemp,’
‘horse’ or “scold” depending on the tone. Similarly, in languages like Thai, Vietnamese
and Yoruba, among others, tones play a crucial role in distinguishing between words.

In essence, tone in tonal languages is a phonetic feature where variations in pitch
serve as meaningful linguistic elements, contributing to the overall structure and com-

prehension of the language.

1.2 Manipuri

Manipuri is one of the scheduled Indian Tibeto-Burman languages spoken predomi-
nantly in Manipur, a northeastern state of India [8]. It is recognized as one of the 22
official languages of India [52, 15]. Beyond its primary stronghold, Manipuri is spo-
ken by minority communities residing in two additional Indian states, namely Assam
and Tripura. Moreover, its influence extends across borders, with small populations
conversing in Manipuri in neighboring countries such as Bangladesh and Myanmar
(Burma).

Meetei Mayek is the script of Manipuri. It consists of 27 main alphabets called

Mapung Mayek, 8 unreleased characters called Lonsum Mayek, 8 vowel signs called

TH-3434_186101010



S o MANIPUR
\5’:3 b NEPAL J .:2_;_
Delhi : .
INDIA BURMA/
BANGLADESH |

Arabian Bay of }?""
Sea Benagal
IS f L
\Aaly
300 miles o=

Fig. 1.1: Manipur in the India map with neighboring countries

Cheitap Mayek, 3 punctuation marks including diacritics and Cheising Mayek for the
numerical. The phonological system of Manipur speech contains three significant types
of sounds: consonants, vowels and tones [74]. The balance of the phonological structure
has to do with the inter-relationships of these elements and systems and how they are
combined to form syllables and pause groups. The sound system of Manipuri consists
of twenty-four consonants, twelve vowels (six monophthongs and six diphthongs) and

two tones [13, 74, 76, 80]. The two types of tone in Manipuri are:
i) Falling tone
ii) Level tone

Every syllable bears one of these two tones. In the Manipuri transcript, the falling
tone is noted by the tone marker, lum mayek (-), just after the syllable and with the grave
accent (") symbol above the vowel in English representation, while the level tone is
unmarked. An example of a Manipuri tone contrast word pair is shown in Fig. 1.2 and
Fig. 1.3.

Figure 1.4 illustrates the pitch contour of the two tones in Manipuri. The orange line

represents the falling tone, whereas the level tone is depicted in blue. The falling tone

3
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Falling tone Level tone

Fig. 1.2: Of-/sin/ meaning firewood Fig. 1.3: Of/sin/ meaning ginger
== level
180 falling
¥ 160
£ 140
.,
120 x"“-x.,‘ ______
100 L, , , , , , R
0 5 1w 15 2 3 W 35

MNumber

Fig. 1.4: Pitch contour of two tones in Manipuri

initiates at a high frequency and gradually decreases, whereas the pitch of the level tone

remains relatively constant.

1.3 Motivation

Progressive research has been done on tonal languages such as Mandarin, Chinese, Thai
and Vietnamese and some work has been reported in Bodo, Mizo, Punjabi, Lithuanian,
Latvian, Hausa and Yoruba [73], but Manipuri needs to be explored. For tonal languages,
tone gives an implicit character to a word. So, a successful tone recognition system can
significantly improve Manipuri’s speech understanding tasks. Manipur is a hub for
tourism and trade in the northeastern region of India. A speech recognition system

for Manipuri can help boost the local economy by improving communication between
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tourists and locals, facilitating trade and commerce and empowering people by giving
them a tool to communicate and access information more effectively. It can improve
their quality of life and enhance their sense of agency and control. Manipuri is the sole
language of communication in Manipur among the 29 various ethnic communities [34].
Developing a speech recognition system for Manipuri can help facilitate communication
and improve accessibility for the people living in Manipur. Automatic Speech Recog-
nition (ASR) has the potential to improve accessibility, increase productivity, enhance
user experience and facilitate communication across a wide range of contexts and appli-
cations. Integration of tone recognition in ASR systems is vital for unlocking the full
potential of tonal languages in the digital landscape. This motivates us to study the tone
characteristics of Manipuri to develop a tone detection system for a robust ASR for the

Manipuri language.

1.4 Challenges in Tone Recognition for Manipuri

Tone recognition in Manipuri presents unique challenges due to low-resources, variations

in tone patterns, contextual influences and speaker variability.

¢ Limited Dataset Availability: One of the primary challenges in tone recognition
for Manipuri is the lack of comprehensive datasets. Developing robust tone recog-
nition systems becomes challenging without a diverse and well-annotated dataset
capturing the full range of Manipuri tonal patterns and variations. Limited data
availability hampers the training and evaluation of models, hindering progress in

tone recognition research.

¢ Complex Tone Patterns: Manipuri is a tonal language with intricate tone patterns,
where variations in pitch contour play a crucial role in distinguishing lexical and

grammatical meanings. Without sufficient data and prior research, accurately

5
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modeling these intricate tonal patterns remains a significant challenge.

* Contextual Influences: Various linguistic contexts can influence Manipuri tones,
such as co-articulation between syllables, sentence structure and syntactic patterns.
Without robust contextual modeling, tone recognition systems may misinterpret

tones or fail to capture subtle tonal variations, particularly in connected speech.

* Speaker Variability: Speaker variability encompasses many factors, including
accent, pitch range and speaking style differences. In tonal languages like Ma-
nipuri where pitch variations convey lexical and grammatical distinctions, gender
differences in pitch become particularly relevant. Typically, males and females
may exhibit distinct pitch ranges, with males often having a lower pitch than
females. Consequently, gender-related differences in pitch can influence the re-
alization of tones in speech, affecting the accuracy of tone recognition systems.
Without accounting for gender differences in pitch and incorporating gender-
balanced datasets, tone recognition models may struggle to generalize across
diverse speaker populations, reducing performance and accuracy in real-world

applications.

Without a comprehensive dataset and prior work on Manipuri tone recognition, devel-
oping tone recognition systems faces challenges in accurately capturing and modeling
the diverse tonal patterns and variations in Manipuri speech. Without sufficient data
and prior work to inform model development, addressing these challenges requires
concerted efforts to collect high-quality datasets, conduct linguistic analyses and develop

innovative methodologies tailored to the complexities of Manipuri tone recognition.
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1.5 Goals and Contributions

Tonal languages, in particular, pose unique challenges and opportunities for com-
putational linguistics, especially when confronted with limited linguistic resources.
Low-resource environments often need comprehensive linguistic datasets and well-
established infrastructures for training machine learning models. Recognizing tone
in such languages is paramount despite the inherent difficulties, as it directly impacts
communication, language preservation and performance of ASR systems. The following

is the outline of the goals and contributions of our study:

¢ Develop an isolated speech dataset consisting of tonal contrast words in Ma-
nipuri, a low-resource tonal language: We have initiated the creation of a hand-
crafted speech corpus focusing on tonal contrasts in Manipuri. This corpus was
developed from recordings of 20 native speakers, resulting in 17,837 samples.
Further, two variants of ManiTo are developed: ManiToSpc, which features spec-
trograms derived from ManiTo’s WAV files, providing a two-dimensional audio
representation and ManiToScl, containing scalograms generated from the audio
files. These variants offer potential applications for deep learning techniques
that leverage image-based approaches in the analysis of audio data. Our efforts
aim to address the limited availability of Manipuri speech data for tonal studies,

providing valuable resources for research and analysis in this linguistic domain.

* Analysis of Manipuri tones in the tonal contrast database, ManiTo: The ini-
tial Manipuri Tonal Contrast dataset analysis suggests pitch contour effectively
distinguishes between falling and level tones, with slope and height key factors.
Additionally, gender-based analysis reveals non-comparability between male and

female speech data, necessitating separate gender-based analysis.
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* Acoustic features analysis to disambiguate the tones of Manipuri: We have
proposed two feature sets: the first is derived from pitch contours and the second

augments the first with jitter and shimmer features.

* Modeling tone recognition system for Manipuri: We have adopted four classi-
fiers, Support Vector Machine, Long Short-Term Memory, k-Nearest Neighbors
and Random Forest to evaluate their effectiveness of Manipuri tone recognition
in gender-dependent and speaker-dependent scenarios. It is found that the pitch
variation between the gender and the variation induced by co-articulation between
syllables influence the tone recognition rate of the Manipuri tones. Comparative
experiments demonstrate that when integrated with the second feature set, the
Random Forest classifier exhibits superior performance in high accuracy, simplic-

ity and robust learning capabilities for the Manipuri tone recognition system.

This study aims to propel Manipuri tone research forward by constructing a comprehen-
sive speech corpus and determining optimal feature sets to evaluate tone recognition
model performance. This endeavor addresses a critical gap in current research on

Manipuri tone, laying the groundwork for enhanced understanding and analysis.

1.6 Thesis Layout

The thesis consists of seven chapters organized as follows:

¢ Chapter 1 introduces the thesis’s content layout and emphasizes its key contribu-

tions.

¢ Chapter 2 provides background information on fundamental concepts essential

for later discussions in the thesis.

* Chapter 3 offers an overview of related works on tone recognition.

8
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* Chapter 4 details the development of the ManiTo speech corpus.

¢ Chapter 5 performs the preliminary analysis of the Manipuri tones in the tonal

contrast dataset, ManiTo.

* Chapter 6 investigates features and models for tone detection, experimental anal-

ysis and results.

¢ Chapter 7 concludes the thesis by summarizing the findings and discussing future

research directions.
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Background

Speech is one of the most natural and convenient means of communication, allowing
individuals to convey thoughts, emotions and intentions effortlessly. With its roots
deeply embedded in human history, speech is a fundamental mode of interaction across
cultures and societies. From everyday conversations to public speeches and profes-
sional presentations, the power of spoken language permeates every aspect of human

interaction, facilitating the exchange of ideas and the building of relationships.

2.1 Automatic Speech Recognition

Technological advancements have revolutionized how we interact with speech in recent
years, paving the way for the development of Automatic Speech Recognition (ASR)
systems. ASR systems enable the conversion of spoken language into text or commands,
offering unprecedented convenience and accessibility in various domains. By harnessing
the capabilities of machine learning, natural language processing and signal processing,
ASR systems can accurately transcribe spoken words, even in noisy environments or

with diverse accents.

2.1.1 Applications of ASR

Automatic Speech Recognition has applications in various domains, facilitating numer-

ous tasks and enhancing user experiences. Here are some key applications of ASR:

10
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* Virtual Assistants: ASR powers virtual assistants like Siri, Google Assistant
and Amazon Alexa, enabling users to perform hands-free tasks such as setting
reminders, sending messages, making calls and controlling smart home devices

through voice commands.

* Transcription Services: ASR technology transcribes spoken audio into text format
and facilitates tasks such as meeting minutes, lecture notes, interview transcripts
and legal documentation. Transcription services powered by ASR enhance effi-

ciency and accuracy in data processing and documentation.

¢ Customer Service and Call Centers: ASR is employed in customer service ap-
plications to automate call routing, provide Interactive Voice Response (IVR)
systems and enable voice-based inquiries and transactions. ASR-driven call cen-

ters streamline customer interactions, reduce wait times and improve service
quality.

¢ Language Learning and Accessibility: ASR technology supports language learn-
ing by providing pronunciation feedback, vocabulary drills and language exercises
based on spoken input. Additionally, ASR enhances accessibility for individuals
with disabilities by enabling voice commands for operating computers, smart-

phones and other assistive devices.

¢ Dictation and Voice-to-Text: ASR enables hands-free dictation and voice-to-
text conversion, allowing users to dictate emails, documents and notes into text-
based applications directly. Voice-to-text functionality enhances productivity and

facilitates multitasking in various professional and personal contexts.

* Navigation and Directions: ASR is integrated into navigation systems and map-

ping applications to enable voice-guided directions and real-time traffic updates.

11
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Voice-activated navigation enhances driver safety and convenience by minimizing

distractions and providing hands-free interaction.

* Voice Search and Information Retrieval: ASR powers voice search functionality
in search engines, mobile apps and smart devices, allowing users to retrieve
information and perform online queries using spoken queries. Voice search
enhances user experiences by providing fast and convenient access to relevant

information.

¢ Entertainment and Media: ASR technology is utilized in entertainment and
media applications for voice-controlled media playback, interactive storytelling
and voice-activated content discovery. Voice-enabled entertainment systems offer

immersive and personalized experiences for users across various platforms.

¢ Healthcare and Medical Transcription: ASR systems are employed in healthcare
for medical dictation, transcription and documentation of patient records, proce-
dures and clinical notes. ASR-driven medical transcription services streamline
administrative tasks, improve documentation accuracy and enhance patient care

coordination.

¢ Security and Authentication: ASR technology is utilized for voice-based authen-
tication and identity verification in security systems, access control and biometric
authentication applications. Voice-based authentication enhances security by
providing an additional layer of identity verification based on unique vocal char-

acteristics.

¢ Education and accessibility tools for individuals with disabilities: Education
and accessibility tools powered by ASR technology enhance inclusively in learn-
ing environments. These tools enable individuals with disabilities to access ed-

ucational content through speech-to-text transcription and real-time captioning

12
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services. By integrating ASR, educational institutions promote equal access to
learning opportunities and empower diverse learners to engage actively in the

educational process.

Overall, ASR technology continues to drive innovation across diverse industries, revolu-
tionizing how we interact with technology, access information and perform everyday

tasks through the power of spoken language.

2.1.2 Architecture of ASR

The typical architecture of an ASR system [50] is shown in Fig. 2.1, which comprises four

main modules: preprocessing, feature extraction, classification and language model.

) R Clean
\‘ E:,(\);und Feature
. ave
""\vw’~0wll\hW'd||h||+|\wlnnnuu» P e
J Module
Input Sound Wave Extracted
Features
Classification
Language Model Model
Predicted Text

Fig. 2.1: A typical architecture of an ASR system

* Preprocessing: The preprocessing module aims to reduce noise in the input

signal. Various methods such as segmentation, framing, endpoint detection and

normalization are applied to the input audio to prepare it for feature extraction.
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* Feature Extraction: Preprocessed speech undergoes feature extraction, where
the extracted features significantly influence the efficiency and performance of
the classification module. Commonly used methods include Discrete Wavelet
Transform (DWT), Linear Predictive Coding (LPC) and Mel Frequency Cepstral
Coefficient (MFCCQ), etc.

* Classification: The classification module predicts the transcript of the input
speech. It employs three classification methods: acoustic-phonetic, pattern recog-
nition and artificial intelligence approaches. The first method is the acoustic-
phonetic approach, which forms the joint probability distribution using the train-
ing inputs and uses it to predict the output. Hidden Markov Model (HMM) and
Gaussian Mixture Model (GMM) are commonly used. The second approach is
pattern recognition. It involves pattern training and pattern comparison. Dynamic
Time Warping is one of the pattern recognition algorithms. The third is the artifi-
cial intelligence approach, which calculates the parametric model using the input
dataset and their respective output vectors. Typical examples of this approach

include Artificial Neural Networks (ANN) and Support Vector Machines (SVM).

* Language Model: The language model module recognizes the phonemes pre-
dicted by the classifier. It encompasses various semantics and language rules.
While ASR systems can function without language models, their performance

improves significantly with their integration [10].

These modules work together to process and analyze spoken language, enabling accurate

transcription and interpretation of speech in ASR systems.
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2.1.3 Tone Recognition

Tone recognition refers to identifying and categorizing the pitch patterns and variations
in spoken language, particularly in tonal languages where pitch differences convey lexical
or grammatical distinctions. Tone recognition in ASR systems is critical in accurately
transcribing and interpreting spoken language, particularly in tonal languages such as
Mandarin Chinese, Thai and Manipuri, where pitch variations convey a word’s meaning.
Incorporating tone information into ASR models enables them to capture the nuances
of tonal languages, facilitating more precise transcription and interpretation of speech.
By analyzing pitch contours and patterns, ASR systems can identify and distinguish
different tones, enhancing the accuracy and effectiveness of speech recognition. The goal
of tone recognition is to accurately interpret the tonal characteristics of spoken language
and correctly identify the intended meaning conveyed by the speaker. Tone recognition
has applications in various fields, including ASR, language learning, linguistic research
and human-computer interaction. As ASR technology evolves, advancements in tone
recognition algorithms and techniques contribute to more robust and reliable speech
recognition systems, further enhancing their usability and applicability across various

domains.

2.2 Manipuri

Manipuri (Meiteiron) stands out as India’s sole scheduled Tibeto-Burman language,
distinguished by its unique script known as Meitei/Meetei Mayek, commonly called the
‘Meitei script.” Unlike others, this language enjoys the privilege of having its indigenous
writing system. It enjoys widespread usage in the northeastern Indian state of Manipur,
with smaller communities also conversing in Manipuri in the states of Assam and

Tripura, as well as in neighboring countries like Bangladesh and Myanmar. Spoken by
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approximately 1.5 million people [8], Manipuri is traditionally written using Bengali and
Meitei script. The Meitei script, utilized for writing the Manipuri language from 33 AD
until the early 18th century [54], underwent a significant shift in 1717. Under the directive
of Manipur’s then-ruler, the Meitei script was supplanted by the Bengali script for official
Manipuri documents. Despite efforts by researchers to reintroduce a modernized version
of the ancient Meitei script in 1980, it was not until 2009 that the script was officially
encoded in Unicode. Since then, the Meitei script has gradually gained prominence in
various domains, including education, administration and commerce, alongside the
Bengali script. The original Meitei script is anticipated to reclaim its position as the

primary script for composing Manipuri documents in the coming years.

2.2.1 Manipuri Script

The indigenous script of Manipuri, Meitei Mayek, comprises 27 main letters, commonly
known as Mapung Mayek, 18 of which are indigenous and 9 exotic. Additionally, there
are 8 Lonsum Mayek, referred to as unreleased letters, 8 Cheitap Mayek encompassing
vowel signs including matra and 3 Khudam Mayek, incorporating punctuation marks
including diacritics. Notably, Manipuri features a numerical system called Cheising
Mayek [76, 1]. Table 2.1 illustrates the Mapung Mayek with its phonetic representation,
while Table 2.2 displays the Lonsum Mayek. In Table 2.3, the Cheitap Mayek is presented,
followed by the Khudam Mayek in Table 2.4 and finally, Table 2.5 exhibits the Cheising
Mayek.

2.2.2 Phonological System of Manipuri

Phonology is the study of sound patterns that occur within languages [7]. In phonology
and linguistics, a phoneme is a distinct sound in a specified language that distinguishes

one word from another [88]. Phonological features can be used effectively in an ASR
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Table 2.1: Mapung Mayek (main letters)

. Phonetic
SI. No. Script Name Representation
1 Vi kok k
2 ® sam S
3 c lai 1
4 353 mit m
5 D)|[¢ paa p
6 &4 naa n
7 bN¢ chil C
8 » til t
9 n khou Kh
10 Al ngou n
11 & thou il
12 W wai w
13 R yang y
14 7 huk h
15 3 un u
16 » i i
17 E pham ph
18 T atiya a
19 m gok g
20 %  jham i
21 a rai r
22 3 baa b
23 [4 jil j
24 b dil d
25 & ghou gh
26 d dhou dh
27 | bham bh
17
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Table 2.2: Lonsum Mayek (unreleased characters)

. Phonetic
SI. No.  Script Name Representation
1 m kok lonsum k
2 3 lai lonsum 1
3 F mit lonsum m
4 D[ pa lonsum p
5 4 na lonsum n
6 % til lonsum t
7 m ngou lonsum n
8 » ilonsum i

Table 2.3: Cheitap Mayek (vowel signs including matra)

. Phonetic
SL. No. Script Name Representation
1 ) aatap a
2 f inap i
3 . uunap u
4 ° yetnap e
5 i cheinap ol
6 > otnap 0
7 ¥ sounap ou
8 ’ nung D

Table 2.4: Khudam Mayek (Punctuation Marks including Diacritics)

Sl. No. Script Name Use
1 I cheikhei full stop
2 _ apun cluster mark
3 . lum tone marker
18
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Table 2.5: Cheising Mayek (numerals)

SI. No. Script Name International
numeral
1 0] phul 0
2 S ama 1
3 3 ani 2
4 S ahum 3
5 3 mari 4
6 ? manga 5
7 e taruk 6
8 L] taret 7
9 ¢ nipan 8
10 ¢  mapan 9

system for pronunciation training [3]. A phonological feature-based ASR system allows
the authors to perform a sub-phonemic analysis at the feature level, providing more
effective feedback to reach the acoustic goal and perceptual constancy. It constrains

what can be expected in the speech stream [87]. The phonological system of Manipuri

Table 2.6: The place of articulation in Manipuri consonants.

Places

Bilabial Alveolar Palatal Velar Glottal

Manner

Plosive p b t d ¢ 35 k g

Plosive h h h h h h h
Aspirated e ok e

Nasals m n n

Fricative S h

Approximant w 1 j

Lateral
Approximant

speech encompasses 38 phonemes, consisting of 36 segmental and 2 suprasegmental

phonemes. Of these 38 phonemes, 24 are consonants, 6 are monophthongs, 6 are
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diphthongs and 2 are tones [76, 74, 75]. The segmental phonemes include consonants,

monophthongs and diphthongs, while the suprasegmental phonemes pertain to tones.

This comprehensive phonemic inventory forms the foundation of Manipuri language

structure and communication.

* Consonant: The Manipuri consonant inventory consists of twenty-four conso-

nants. Table 2.6 shows the place of articulation in Manipuri consonants.

* Vowel: There are six vowels in Manipuri.

Close

Close-mid

Open-mid

Open

Fig. 2.2: Monophthongs chart

Front Central

Back

i

e

o

a

u

Front Central

Back

Close i -
u1

Close-mid ol au

Open-mid

Open

Fig. 2.3: Diphthongs chart

— Monophthongs: Manipuri features six monophthongs representing single

vowel sounds. Their mapping to the International Phonetic Alphabet (IPA)

chart is illustrated in Fig. 2.2.

- Diphthongs: Additionally, there are six diphthongs in Manipuri, where two

single vowel sounds are combined. The mapping of these diphthongs to the

IPA chart is depicted in Fig. 2.3.

¢ Tone: Manipuri is classified as a tonal language, with a lexically significant and

contrastive pitch on each syllable. It distinguishes between two tones:

- A level tone, which is unmarked in the transcript.

- A falling tone, identified by the lum mayek diacritic symbol “e”.
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Table 2.7: A list of few Manipuri tonal contrast word pairs and their meanings

Sl. No. Falling Tone Word Meaning Level Tone Word ~ Meaning
1 3T skin T ice, Snow
/un/ /un/
2 - door °m bridge
/thon/ /thon/
3 m-3 to borrow M to bring
/puba/ /puba/
4 - wax / X tea
/ca birthmark /ca/
5 %S navel %S bee /
/Khoi/ /khoi/ tishing hook
6 ofm- firewood ofm ginger
/sin/ /sin/
7 NE eating NE swim visibly
/caba/ /caba/
8 c3¥ clear [eh:1 difficult
/1ubo/ /luba/
9 CHF-¥ heavy CH3T warm
/lumbe/ /lumbe/
10 eS8 touch ST fly
/paiba/ /paibo/

Table 2.7 shows some tone contrast word pairs of Manipuri.

In Manipuri, the pitch contour of each syllable holds lexically significant and con-
trastive properties, contributing to the overall semantics of the language. Unlike
non-tonal languages, where pitch variations may serve primarily as intonation

markers or grammatical elements, in Manipuri, subtle tone changes can completely

change a word’s meaning.

For instance, consider the word “un’ in Manipuri, which can have different mean-

ings based on its tone. When pronounced with a falling tone, /tun/ signifies ‘skin,’

TH-3434_186101010
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whereas a level tone transforms it into ‘snow.” The tonal nuances in Manipuri thus
necessitate precision in pronunciation and acute sensitivity to pitch variations

during communication.

Understanding the tonal intricacies of Manipuri is not only essential for native
speakers but also for learners and linguists interested in the language’s phonolog-
ical structure and cognitive processes. Research into Manipuri tone recognition
and production sheds light on the broader study of tonal languages, contributing
valuable insights into human language perception, processing, communication

strategies and developing a robust ASR system of Manipuri.
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Literature Survey

Exploring natural language and human-machine interaction presents a widespread
and intricate research avenue. The primary aim is to develop systems capable of or-
ganized communication with humans across various operational environments. Tone
recognition in tonal languages has been a subject of extensive research driven by these
languages’ linguistic intricacies and computational challenges. Tonal languages are
characterized by pitch variations, where pitch changes can alter a word’s meaning.
Understanding and accurately recognizing tones are crucial for various applications, in-
cluding speech recognition systems, language preservation efforts and linguistic studies.
Tonal languages can be categorized based on their language family. Table 3.1 provides
an overview of the characteristics of the phonological features of tonal languages [73].
The focus presents previous efforts on tone recognition for tonal languages such as
Chinese, Thai, Vietnamese, Mandarin, Mizo, Bodo, Punjabi and Yoruba. Significantly,
the inquiry underscores a notable research gap concerning Manipuri tone recognition.
This chapter delves into the progress of tone recognition methodologies across various

tonal languages.

3.1 Mandarin Chinese

A technique was developed to recognize lexical tones in Mandarin speech, utilizing

vector quantization and Hidden Markov Model (HMM) [49]. The method involved
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Table 3.1: An overview of the phonological features of tonal languages

Language Tonal No. of Types of

Family Language Tones Tones Consonants  Vowels

falling, high,

Mizo 4 . 32 5
rising, low
low-falling rising,
. . . neutral, high,
Sino-Tibetan Chinese 6 . L 19 5
high-rising,
high-falling
falling-rising,
Mandarin 4 rising, high, 22 7
falling
Tibeto-Burman Bodo 2 high, low 16 6
Manipuri 2 falling, level 24 8
rising, high,
Tai-Kadai Thai 5 low, mid, 20 18
falling

drop, rising,
Austro-Asiatic  Vietnamese 6 curve, broken, 25 11
falling, level

Indo-European Punjabi 3 iﬁgﬂmld' 25 10
) low, mid,
Niger-Congo Yoruba 3 high 17 11

extracting features from the fundamental frequency contour and constructing Markov
models. Remarkably, the average recognition rates were 91.00% for trisyllabic words,
92.90% for disyllabic words and 97.90% for isolated monosyllabic words. However, the
accuracy declined due to tone variation and coarticulation effects. Fu et al. [23] explored
using temporal envelope cues in Mandarin Chinese speech recognition. The speech
was partitioned into frequency analysis bands and amplitude envelopes were extracted
from each band. The findings indicated a gradual increase in recognition rates for
vowels, consonants and sentences as the number of bands increased, mirroring trends
observed in English speech recognition. Notably, tones were consistently identified at an
80% correct level, significantly influencing sentence recognition. Additionally, a strong
correlation between tone recognition and sentence comprehension was observed. In a

study by Li et al. [47], the fuzzy C-mean algorithm was utilized for recognizing the four

24

TH-3434_186101010



Mandarin tones. Pitch features were detected using discrete wavelet transform (DWT).
The experiment revealed a detection error of 187 syllable characters out of 1177 charac-
ters in Mandarin. This approach enhanced accuracy by eliminating false fundamental
frequency values and leveraging maximum memberships. Zhang et al. [94] investigated
the tone statistics of Mandarin Chinese names and the issue of tone-confusable names in
a Chinese voice tag dialing system. Leveraging a Chinese name database comprising 1.6
million names, the investigators devised a tone enhancement method to transform an En-
glish speech recognizer into a tonal language speech recognizer. Benchmark testing and
pseudo-recognition analysis indicated that augmenting the English version of the speech
recognizer with tonal recognition capabilities could enhance the recognition of Chinese
names and decrease recognition error rates by 10-20%. Li [48] introduced a speech
recognition technique employing Linear Predictive Coding Cepstra (LPCC) vectors for
representing each syllable. Utilizing a simplified Bayes decision rule with weighted
variance, the method effectively classified 408 speaker-dependent Mandarin syllables,
achieving a recognition rate of 94.36% instead of 79.78% obtained using HMM. Notably,
the system outperformed other known techniques in speed and accuracy, including the
HMM system. Tang and Yin [82] introduced a speaker normalization algorithm to miti-
gate the impact of Mandarin tone variations on speaker-independent tone recognition
systems. They employed a Multi-Layer Perceptron (MLP) model and extracted six fea-
tures from the Fundamental Frequency (Fy) contour. Tone variations were classified into
neutral tone, isolated syllable, disyllable and polysyllable. Notably, the neutral tone, a
unique tonal sandhi, typically exhibited low recognition rates in existing systems. When
employing these novel methods, experimental findings demonstrated an impressive

accuracy rate of 96.64% in Mandarin tone recognition when using these novel methods.
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Table 3.2: Work done on tone recognition of Mandarin Chinese

Auth
uthor and Dataset Features Model Result
Year
Collected from
7 male speakers Recognition
Liu et al. Total no. of F 3 HMMs accuracy (%)
1989 utterances - cgntour for each type Monosyllabic: 97.90
[49] Monosyllabic: 1512 of syllable Disyllabic: 92.90
Disyllabic: 1680 Trisyllabic: 91.00
Trisyllabic: 1344
Collected from
12 native speakers
Fuetal. Test material includes: Temporal J .\
LM Power-function Recognition
1998 21 initial consonants, envelop model accuracy: 80%
[23] 35 final vowels, cues ¥ ot
4 tones, 200 daily-life
sentences
. Detected error of
Lietal. . Fo
1177 Mandarin Fuzzy C-means 187 syllables
b labl curve lgorith (including 95 syllabl
rithm in in
(47] syllables fitting algo cluding 95 syllables
segment error)
Zhang et al. s With information
1.6 million o
2002 Chinese names MFCC HMM reduce the recognition
i
[94] rate by 10-20%
- 408 Mandari Simplified B R iti
andarin implified Bayes ecognition
2003 LPCC P h & .
(48] syllables decision rule accuracy: 94.36%
1254 monosyllabic
Tang and Yin words, 150 6 features - -
2006 disyllabic words, derived from MLP & 96.64%
T N . ()
[82] 123 quadrisyllabic Fo 4
words, 60 passages
Collected from
5 male and 6 femal N lized
Xie and Miao e - ormatze Average recognition
speakers. Every Fo
2010 MLP accuracy across
speaker pronounced curve and
[91] 4 4 tones: 93.66%
4 times 1588 syllables energy
with tones
Spectral /t 1
Wu et al. ff;i:; /eir;p el HMM and Recognition accuracy
2013 RASCS63 o 24 NN HMM: 60.3%
ntour:
[89] confonrs NN: 71.7%

and pitch contours.

TH-3434_186101010

26



Table 3.2: Work done on tone

recognition of Mandarin Chinese (continued)

Auth
uthor and Dataset Features Model Result
Year
Huane et al RNN Recognition accuracy
meera LDA RNN: 70.70%
2017 863 corpus DNN-RNN
371 MLLT GMM-HMM DNN-RNN: 70.40%
GMM-HMM: 75.7%
Chao et al. Prosodic and Recognition accurac
i :
2019 863 corpus articulatory SVM 83 03%/ Y
[11] extracted by DBN o
Gao et al.
ToneNet: Recognition accuracy:
2019 SCSC Mel-spect:
CTOPECHOBTEM  CNN Network  99.16%
[25]
Peng et al. . . ",
2021 Hi-Tech Project Mel-spectrogram CNN Recognition accuracy:
(63] 863 corpus cepstrogram 88.06%
Yan etal Recognition accurac
i :
2023 scsC FFSs RF . Y
[92] Y

Xie and Miao [91] introduced an algorithm for speaker normalization and a neural
network-based tone recognizer designed specifically for Mandarin. The primary focus
was to tackle the challenge posed by the varying tone behavior across different speakers.
The system incorporated an enhanced pitch detector and a robust tone identification
method to standardize each utterance’s Fy contour. Employing a 15-layer MLP pattern
recognizer, the system effectively classified the four tones. The training process utilized
a backpropagation rule to minimize the mean squared error between the outputs and
targets. Additionally, the paper discussed various tone recognition approaches based on
artificial neural networks, including a tone pitch detector and a smoothing scheme. The
system achieved an average accuracy rate of 93.66% across all four tones in Mandarin
speech recognition.

Wu et al. [89] assessed the efficacy of automatic systems in classifying and recogniz-
ing tones from continuous Mandarin Chinese speech. Native Mandarin speakers and

two automated methods, neural networks and Hidden Markov Models were employed
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in the study. The findings indicate that humans require context to accurately recognize
tones, whereas non-native speakers struggle significantly with this task. While machine
recognition and human recognition exhibit similar levels of accuracy, they demonstrate
distinct error patterns. The study reveals that reasonably accurate tone classification
and recognition can be achieved without pitch features. Huang et al. [37] introduced
an Encoder-Classifier framework for Mandarin tone modeling employing Recurrent
Neural Networks (RNN). This framework extracts features for tone classification and
transforms them into fixed-dimensional vectors (tone embeddings) via a softmax layer.
The model can be improved through pooling, feature splicing and incorporating syllable-
level tone embeddings. Experimental findings demonstrate enhanced tone classification
accuracy with the proposed network configurations. The framework exhibits promise
for accommodating both sequence-based and segment-based features.

Tone recognition of Chinese syllables was proposed based on the Support Vector
Machine (SVM) and Deep Belief Network (DBN) model [11]. The DBN was used to
extract the prosodic and articulatory features and SVM was used for the tone classi-
fication. The method was applied on the 863-data corpus with an average accuracy
rate achieved of 83.03%. A multi-scale model was proposed to capture the features
of tone variation of Mandarin affected by complex linguistic and phonetic rules [63].
Cepstrogram and Mel-spectrogram were used as the input features of the speech data
and a multi-scale Convolutional Neural Network (CNN) was employed to recognize the
tone. Experimental analysis showed the method achieved state-of-the-art results on the
Corpus 863 data. Yan et al. [92] proposed a method for Mandarin tone identification
based on Random Forest (RF) and three feature fusion sets (FFSs). The Syllable Corpus of
Standard Chinese (SCSC), a speaker-independent Mandarin monosyllable corpus, was
used to assess the methodology. The findings demonstrate that, even with unbalanced

data, the tone recognition algorithm can achieve high tone recognition accuracy and
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exhibit strong generalization and classification capabilities. The SCSC dataset is again
used to evaluate the model designed using CNN named ToneNet [25], which applies
Mel-spectrogram as features, achieving a tone recognition rate of 99.16% accuracy. Table

3.2 shows the summarised work done on tone recognition of Mandarin Chinese.

3.2 Thai

Potisuk et al. [64] proposed a Thai tone recognition system using an extension of Fu-
jisaki’s model [24] that incorporates tonal declination and assimilation, achieving an
accuracy rate of 89.1%. Maliyaem et al. [51] proposed a method for improving Auto-
matic Speech Recognition (ASR) for continuous Thai words using a combination of
MFCC and tone information as input feature vectors. Artificial Neural Network (ANN)
multilayer perceptrons are employed to estimate the posterior probabilities of a class
model given a sequence of observation inputs. The performance of the ANN method is
compared against the Gaussian Mixture Model (GMM) utilized in the Hidden Markov
Model Toolkit (HTK). Experimental evaluations involve using 2-gram and 3-gram lan-
guage models, revealing that the proposed technique effectively enhances Thai-ASR
performance by reducing the word error rate.

Theera-Umpon et al. [84] investigated a phoneme recognition system designed
for Thai speech, specifically targeting phonemes and tonal accents. The system used
discrete Markov models to identify Thai phonemes encompassing initial consonants,
vowels and final consonants. A comparison between Mel frequency with perceptual
linear prediction and Mel frequency cepstrum coefficients for phoneme recognition
purposes is drawn. Neural networks are leveraged to classify tonal accents by analyzing
pitch frequency variations across syllables. Encouraging results indicate promising

recognition performances for both phonemes and tonal accents. The study suggests
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Table 3.3: Work done on tone recognition of Thai language

Author and

Y Dataset Feature Model Result
ear
Potisuk et al. Collected from 5 Normalized .
Extended Recognition accuracy:
1999 speakers of total Fo Fuiisaki Model ~ 89.10%
[64] 625 utterances contour ) e
WER (%)
GMM-
Maliyaem et al. MECC GMM 2-gram: 26.35
2010 809 words 3 Tone ANN 3-gram: 24.76
[51] Features ANN-
2-gram: 25.20
3-gram: 23.35
Collected from
Tonal accent
20 speakers for accuracy
Theera-Umpon et al. speaker-dependent Pitch Speaker-dependent:
2011 and 10 speakers for ANN o
- MEPLP 89.69%
[84] speaker-independent .
Speaker-independent:
of total 2700 3
89.14%
syllables
Collected from Accuracy on
Srijiranon and Eiamkanitchat 7 male and syllable data
2015 7 female PLP Neuro-Fuzzy Male: 91.25%
[78] speakers, 9 words Female: 84.69%
in different styles Mix: 78.99%
Kertkeidkachorn et al. Energy and Recognition Accuracy
2015 LOTUS Spectral HCRF Energy based: 94.24%
[42] based Spectral based: 71.01%

that speakers adhering to the pronunciation patterns outlined in the training set tend to
achieve superior recognition outcomes. Srijiranon and Eiamkanitchat [78] investigated
the performance of the Neuro-fuzzy system as a speech recognition algorithm. Eight Thai
words were recorded in different environments, syllables and pronunciations. The aim
is to apply this method to instruments for disabled people. Initial findings indicate that
each variable exerts distinct influences on recognition accuracy. However, experimental
outcomes demonstrate the robustness of the Neuro-fuzzy system against noise, yielding
superior recognition rates compared to prevalent algorithms. The research underscores
the suitability of the Neuro-fuzzy system for speech recognition applications owing
to its heightened classification accuracy. Another study in Thai tone recognition was

presented by Kertkeidkachorn et al. [42]. Hidden Conditional Random Field (HCRF) was
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used as a tone classifier, applying energy-based and spectral-based features, including
Linear Prediction Coefficients (LPC), Mel-Frequency Cepstral Coefficients (MFCC) and
Perceptual Linear Prediction (PLP). In isolated words, energy-based systems provide
an error rate reduction of 22.40% and in the continuous-speech, PLP-based features
achieved an error rate reduction of 13.90%. Table 3.3 shows the summarised work on

tone recognition of the Thai language.

3.3 Vietnamese

Nguyen et al. [55] introduced a novel approach to integrating Vietnamese language
characteristics into a Large Vocabulary Continuous Speech Recognition System (LVCSR).
This method utilizes a HMM for tone recognition and employs a transformation tech-
nique to convert monosyllabic words into polysyllabic words. Through adaptation
specifically tailored for Vietnamese, experiments conducted on the VNSPEECHCOR-
PUS dataset demonstrated a notable increase in accuracy alongside a remarkable 46%
reduction in word error rate. Incorporating polysyllabic words and tone information
notably enhances performance by 46%. Nguyen Van Huy [59] introduced a Multi Space
Distribution Hidden Markov Model (MSD-HMM) approach tailored for Vietnamese
recognition. Their prototype incorporates four independent streams designed to model
Vietnamese phonemes alongside tonal information corresponding to syllables. This
innovative approach exhibits a notable improvement of 2.49% in accuracy compared to
the baseline system. Furthermore, including a tonal phoneme set enhances accuracy by
approximately 1% when contrasted with non-tonal phoneme sets. The results under-
score the effectiveness of MSD in Vietnamese recognition, showcasing enhancements
of 2.49% and 0.54% in accuracy compared to the best baseline system. These findings

emphasize the significance of tonal features in recognizing tonal languages. Nguyen et al.
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Table 3.4: Work done on tone recognition of Vietnamese language

Author and

Y. Dataset Feature Model Result
ear
Nguyen et al. Fo, 46.00% relative
2008 VIC\IOSrP?fsCh short-time HMM reduction of
[55] P energy WER
MFCC,
Nguyen Van Huy Pitch features . .
2014 VOV using MSD-HMM 1;3%%‘%/“1“0“ Accuracy:
[59] AMDF and oue
NCC
10172013,
Nguyen et al. VOV, GMM-
2015 GlobalPhone, BNF HMMs WER (%): 9.14
[58] VoiceTra,
BTEC
Nguyen et al. DBNFs LVCSR 19.25% improvement
Neural ;
2016 VOV + observed in tonal
. Network
[56] pitch features phoneme
sytem
22 types of .
Nguyen and Cao.  voice command CNN Reducg "
SVM recognition to-
2020 of total features > o
[57] 2350 extraction S0 SVM: 7.08%
: CNN: 5.15%
recordings

[58] introduced an algorithm to convert Viethamese words into tonal phoneme-based
pronunciations, resulting in a notable improvement in word error rate (WER) by 1.54%.
This approach used a tonal phoneme set to construct acoustic models incorporating
tone information and tonal features. Leveraging the Kaldi toolkit, the researchers de-
veloped a Vietnamese LVCSR system and extracted bottleneck features from a trained
deep neural network tailored for Vietnamese. Incorporating tonal features led to a
significant reduction in WER by 4.65%. Nguyen et al. [56] investigated tone modeling
in Vietnamese LVCSR systems, focusing on the tonal structure of Vietnamese syllables.
Results indicate a notable enhancement in performance, with a 19.25% improvement
observed when employing tonal phonemes compared to non-tonal phoneme systems.
Additionally, incorporating tonal features as input to neural networks led to an 18%
increase in performance. In another study, Nguyen and Cao. [57] introduced a novel

method for identifying Vietnamese voice commands by leveraging the results of the
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Google Speech Recognition (GSR) service. The study involved the construction of a
comprehensive voice command dataset and the development of a correction system
employing Support Vector Machine (SVM) and Convolutional Neural Network (CNN)
models. The findings underscored the significant enhancement in recognition accuracy
achieved by the CNN model, which substantially reduced command error rates from
35.06% to 7.08%. Moreover, the method demonstrated the potential for deploying de-
vice control applications via voice command on Android devices. Table 3.4 shows the

summarised work done on tone recognition of the Viethamese language.

3.4 Exploration on other Tonal Languages

Mizo is a tonal language with four tones, is understudied and requires significant
resources. To address this, Sarma et al. [68] developed a tone detection method for
Mizo using quantitative analysis of acoustic features. Unlike conventional modeling
techniques that necessitate extensive datasets for training, their approach introduces a
novel method based on slope and height values. Tones are classified into High/Low
and Falling /Rising categories, achieving a 70% accuracy rate. This classification relies
on pitch values, height and slope parameters, effectively mitigating the consonantal
effect by excluding the initial and final 20% of pitch values. Dey et al. [17] created a
speech corpus for the under-resourced Mizo language, accompanied by implementing a
phone recognition system utilizing advanced acoustic modeling techniques. The corpus
comprises passages spoken by 81 native Mizo speakers, encapsulating 36 phonetic
units that capture the acoustic nuances of the speech signal. Through exploration, the
researchers investigated the efficacy of Hidden Markov Models (HMM) and Deep Neural
Networks (DNN) in phone recognition. Results indicate a reduction in phone error rates

(PERs) to 13.9% and 15.7% following the integration of language model information.
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Incorporating language model data significantly enhances the overall performance of the
phone recognition system. Another tone detection of Mizo was proposed using features
derived from pitch contour and applied on SVM-based and Deep Neural Network
(DNN) based models, achieving an accuracy of 73.39% and 74.11% respectively for the
two models [27]. Gogoi et al. [28] proposed a novel approach incorporating Rising tone
sandhi alongside four lexical tones, leveraging a 1D-CNN model to learn tone-specific
features directly from FO contours. Experimental findings reveal that the proposed
1D-CNN model achieves an accuracy of 68.18%. Additionally, the study aimed to detect
five Mizo tones using a baseline model with six FO features. Comparative analysis
showecases the superiority of the 1ID-CNN model over the baseline system, yielding 63%
accurate results.

Bhattacharje [4] undertook the recognition of tonal words in the Bodo language,
aiming to explore modifications to speech recognition systems for incorporating tonal
features, often overlooked during system development. Two distinct approaches were
proposed: a feature-level solution and a model-level solution. Experimental investi-
gations revealed a significant degradation in speech recognition system performance
when applied to tonal words, attributed to removing pitch-related information during
feature extraction techniques. Although the addition of prosodic features led to an
improvement of nearly 8% in recognition accuracy, overall accuracy remained relatively
low. To address this challenge, the utilization of two separate tone recognizers was
proposed, resulting in a substantial enhancement in system performance.

ODéloBi [95] studied the automatic recognition of Standard Yoruba (SY) language
tones utilizing Artificial Neural Networks (ANN) and presented a fundamental ap-
proach to tone recognition for Yoruba. The models leveraged the fundamental frequency
profile of SY syllables to characterize and discriminate three Yoruba tones. Results

demonstrated promising performances for Recurrent Neural Network (RNN) and Multi-
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layer Perceptron (MLP), with the RNN model achieving higher accuracy rates at 76.00%.
A.A. Sosimi and Fakinlede [2] introduced a context-dependent (CD) tone acoustic model
tailored for Standard Yortba (SY), a language characterized by syllables with tones. The
model utilizes the amplitude magnified difference function (AMDF) to derive wide
F-contours, automatic syllabification and tri-syllable forced alignment. The training
involved the Multi-class Support Vector Machine (MSVM) for tri-tone classification.
Results indicated that the MSVM tri-tone system surpassed the hidden Markov model
tri-phone system regarding word error rate (WER), achieving an overall accuracy of
97.5678% with optimized parameter tuning through 10-fold cross-validation. Specif-
ically, the MSVM CD tri-tone system exhibited a superior WER of 44.47% compared
to the hidden Markov model tri-phone system. However, the study highlights the
need for further exploration into the SY CD tone recognition system’s ability to model
time-sequential nature and handle dialectic variations.

Punjabi is a regional language with variant pronunciations and tones. Conven-
tional research uses basic extraction techniques like Mel Frequency Cepstral Coefficients
(MFCC) and Perceptual Linear Prediction (PLP). Kaur and Singh [41] introduced a novel
feature extraction technique called Power-Normalized Cepstral Coefficients (PNCC) for
Punjabi ASR. The study employed phone-based modeling to train 158 words in noisy
and noise-free environments. Performance analysis revealed an accuracy of 83.05% in
noise-free environments and 71.92% in noisy environments. Guglani and Mishra [29]
explored enhancements to ASR systems for tonal languages, particularly in Punjabi,
emphasizing pitch-dependent features and estimated features of the probability of voic-
ing. Their study evaluated the performance of various pitch features using word error
rate (WER). The findings indicated that the Kaldi pitch tracker outperformed other ASR
systems, achieving a 1.5% reduction in WER compared to the Yin feature-based ASR.

Utilizing the Kaldi pitch tracker facilitated the extraction of tone-related pitch features,
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thereby improving the overall performance of the ASR system for Punjabi. Table 3.5

summarised the work done in tonal languages Mizo, Boro, Yoruba and Punjabi.

Table 3.5: Work done on tone recognition of other tonal languages

Auth d
utioran Language Dataset Feature Model Result
Year
ODéloBi Collected from Fo MLP Accuracy
2008 Yoruba 4 speakers RNN MLP: 71.00%
ur
[95] of total 475 data curve RNIN: 76.00%
. Accuracy
. Collected from Single RNN R
Bhattacharje Single RNN:
2013 Bodo 25 speakers MEFCC, based, 74.200%
of total Prosodic Separate RNN o
(41 3500 words based Separate RNN
83.57%
Collected from
5 Mizo
speakers of Classify based
Sarma et al. 672 high tone, itch on variance, A
i racy:
2015 Mizo 2254 low tone, piic height and o,
X contour 70.00%
[68] 808 falling slope of
and pitch
650 rising
tones
150 distinct
words
Noise-free:
Kaur and Singh 16 01sekree ¢ Accuracy (%)
2016 Punjabi Spearers o PNCC HMM Noise-free: 83.05
[41] 700 audio files Noisv: 71.92
oisy: 71.
Noisy: 12 y
speakers
672 files
Collected from
81 nati
Dey et al. s er:(eIZ: DNN PER reduces to
2017 Mizo . passa ” MFCC o DNN: 13.9%
[17] passages, SGMM: 15.7%
38 sentences/
passage
A.A. Sosimi and Fakinlede RBCOM A )
2019 Yoruba sy 3 MSVM ;;‘;r:jy
[2] database R
. Collected from Recognition
Gogoi et al. K
. 19 native Fo SVM Accuracy
2020 Mizo
27] speakers of contour DNN SVM: 73.39%
31950 syllables DNN: 74.11%
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Table 3.5: Work done on tone recognition of other tonal languages (continued)

Auth d
utaoran Language Dataset Feature Model Result

Year

lani and Mish: llected f Kaldi pitch

Guglani and Mishra o Collected from aldi pitch, . WER reduces
2020 Punjabi 100 speakers, Fo Kaldi Decoder by 1.5%
[29] total of 12.5h variation y Lo
. Collected from

Gogoi et al. 19 speakers Accuracy:
2021 Mizo P FO contour 1D-CNN Y
28] of 68.18%

1.8h

3.5 Research on Manipuri in Various Domains

This section provides an overview of the research and contributions to studying the
Manipuri language across various domains. A comprehensive review highlights the
diverse scholarly endeavors and initiatives that explore and promote the Manipuri
language and its associated heritage.

Kh Raju Singha and Singha [43] introduced a Manipuri Part-of-Speech (POS) tagging
model utilizing Hidden Markov Models (HMM). They generated a small set of tagged
sentences from the Manipuri Rule-based Tagger. This system has potential applications
in Manipuri language processing, speech recognition and machine translation. Fur-
thermore, 80% of the sequences generated automatically for the test set were correct
compared to the manually tagged result of those sentences. Sagolsem Poireiton Meitei
[66] developed an Electronic Manipuri Bilingual dictionary, combining English-Manipuri
lexicographic data and conceptual information. The user-friendly, vibrant and robust
JAVA-MYSQL database-based dictionary streamlines teaching and learning, capturing

students’ interest and aiding instructors in achieving pedagogical objectives.
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Table 3.6: Work done on Manipuri in different domain

1 Author and Year Domain Method Result
Kh Raju Singha and Singha 2012 [43] Speech Tagging HMM Accuracy: 80.00%
Implement
Developed
Electronic Bili 1 ing JAVA
Sagolsem Poireiton Meitei 2012 [66] ec r(.)m.c tingua using J Electronic-
Dictionary and Dictionar
MYSQL y
POS tagging Recall: 71.30%
Kishorjit Nongmeikapam 2014 [45] Speech Tagging using Precision: 77.36%
CRF F-measure: 74.21%
Gyanendro Singh et al. 2016 [32] Automatic Syllabification EPS Accuracy: 98.00%
HMM PLP and MFCC
Dutta et al. 2017 [19] Phonetic Engine using MFCC, are superior to
LPCC, PLP LPCC
ASR and WER: 13.57%
Patel et al. 2018 [62 DNN-HMM
il aba KWS N EER: 7.64%
PPRLM,
Gha 2021 [26] Language Identification Accuracy: 95.00%
HMM
J . Speech to Text GMM-HMM,
S Meetei et al. 2021 [67 WER: 2.53%
mek Skl [67] Translation System TDNN
Gurumayum Robert Michael 2022 [31] Emotion Recognition CNN Accuracy: 71.00%

Kishorjit Nongmeikapam [45] explored the chunking process of Manipuri, a no-
tably agglutinate language. Employing Conditional Random Field (CRF) for Part of
Speech (POS) tagging, their system achieved a refined Manipuri text with a recall rate
of 71.30%, precision of 77.36% and an F-measure of 74.21%. Gyanendro Singh et al. [32]
presented data-driven methods for automatically syllabifying words in the Manipuri
language using Entropy Based Phonotactic Segmentation (EPS). The methods include a
language-independent rule-based approach, sequence labeling and a hybrid approach.
Experimental observations show that the proposed methods outperform the baseline
rule-based method, with a word accuracy of 98%.

Dutta et al. [19] evaluated a Phonetic Engine (PE) designed for the Manipuri lan-
guage, employing phonetic transcriptions and Hidden Markov Model (HMM) modeling.

The study utilized symbols from the International Phonetic Alphabet (IPA) and a 5-
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state HMM featuring 32 mixtures in each state. They analyzed the performance of
the Manipuri PE across three widely used spectral features: Mel-Frequency Cepstral
Coefficients (MFCC), Perceptual Linear Prediction (PLP) and Linear Predictive Coding
Cepstral Coefficients (LPCC), with dimensions of 13, 26 and 39 coefficients. The results
indicated that PLP and MFCC outperformed LPCC across all conditions.

Patel et al. [62] engineered an ASR and Keyword Search (KWS) system tailored for
Manipuri. Leveraging over 90 hours of transcribed speech data contributed by over 300
speakers, the team employed the KALDI speech recognition toolkit for system devel-
opment. The Manipuri ASR system and KWS have been seamlessly integrated into a
visual interface for demonstrative purposes. Using a DNN-HMM model, the system
achieved remarkable performance metrics, boasting a Word Error Rate (WER) of 13.57%
for ASR and an Equal Error Rate (EER) of 7.64% for KWS. Another work by Patel et al.
[61] introduced an extensive methodology for building speech technology applications
tailored to Manipuri, encompassing Language Identification, Speech-to-Text, Keyword
Search and Speaker Diarization frameworks. The platform accommodates Manipuri
and English languages with the potential for extension to other linguistic domains. A
user-friendly interface facilitates demonstration, while future developments aim to inte-
grate diarization with Speaker Identification and Machine Translation to support native
English language functionality. Gha [26] introduced a spoken language identification
system for under-resourced languages such as Hindi and Manipuri. The system demon-
strates accurate language identification capabilities and undergoes testing for real-time
identification scenarios. Phonetic tokenization and acoustic modeling are employed in
the system’s front-end and back-end processes. Furthermore, integrating acoustic and
language models enhances the system’s performance for real-time identification tasks.

Sanayai Meetei et al. [67] developed speech-to-text translation systems for Manipuri-

English. A dataset comprising a Manipuri-English parallel corpus alongside its audio
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version is established. Benchmark assessments are conducted using two methodologies:
pipeline models integrating ASR and Machine Translation (MT) and end-to-end transla-
tion employing the Gaussian Mixture Model - Hidden Markov Model (GMM-HMM)
and Time Delay Neural Network (TDNN) Acoustic models. Both approaches surpass
the end-to-end translation model. The experimental findings reveal that the TDNN
model exhibits superior performance over the GMM-HMM model by a considerable
margin of 2.53% Word Error Rate (WER).

Emotion recognition is vital in enhancing Human-Computer Interaction systems and
finding applications across diverse domains such as education, gaming, medicine and
automobiles. Gurumayum Robert Michael [31] conducted a study where they trained
a Convolutional Neural Network (CNN) model using a Manipuri speech dataset to
identify four primary emotions. Their model achieved an initial accuracy of 46%, which
increased to 71% with data augmentation techniques. Table 3.6 summarised the work

done on Manipuri in different domains.

3.6 Research on Manipuri Tones

Research on Manipuri language and phonology has yielded valuable insights into its
tonal system and linguistic structure. Thoudam’s doctoral thesis [85] includes a chapter
dedicated to Manipuri phonology, proposing the existence of only two distinctive tones:
falling and level tones. L. [46] similarly argued for the presence of two tones, falling and
level, in his master’s thesis. Chelliah [12] studied the morphology and phonology of
Manipuri, explaining several phonological rules. In 1997, Chelliah [13] clarified the tone
system in Manipuri, introducing a framework that accurately described Manipuri’s two-
way tonal contrast: low tone and high tone. In her experiments, she utilized fundamental

frequency contours as phonetic representations of the underlying tone pattern. Devi [16]
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examined loanwords (foreign words) in Manipuri and their impact, providing insights
into Manipuri phonology, which consists of six vowels, six diphthongs, twenty-four
consonants and two tones. She observed that Manipuri loanwords primarily originate
from Indo-European languages such as Sanskrit, Bengali and Hindi, which have altered
the phonological structure of Manipuri. Singh et al. [76] addressed issues related to
Meiteiron writing using the Bengali script and advocated using the Meitei Mayek Script
to resolve orthographic challenges. Singh and Singh [75] investigated the phonemes in
Manipuri, identifying 24 consonant phonemes, with 15 indigenous consonant phonemes
occurring in various syllable positions (initial, central and final) and 9 exotic phonemes
used exclusively in central positions. Shastri and Uppunda [70] delineated the attributes
of lexical tones in monosyllabic and bisyllabic words in Manipuri through acoustic
analysis. They utilized pitch contours to discern the tones and observed variations in
pitch contours for the same words across different speakers. Nevertheless, despite these
variations, the meaning of the words remained correctly identified. The researchers
posited that listeners engaged in the normalization of lexical tones produced by diverse
speakers.

However, despite extensive linguistic research, work has yet to be done on the tone
recognition of Manipuri, indicating a gap in exploring its tonal characteristics and

highlighting an area ripe for further investigation.
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Development of ManiTo: A

Manipuri Tonal Contrast Dataset

Tone is a defining feature of tonal languages, encompassing the pitch patterns that
carry meaning distinctions within words. In tonal languages, such as Manipuri, Mizo,
Punjabi, Mandarin Chinese, Thai, Vietnamese and Yoruba, variations in tone can change
the meaning of a word, leading to a system where the same sequence of vowels and
consonants can have different meanings based solely on the pitch contour. Typically,
tonal languages utilize distinct pitch patterns applied to syllables or words to differentiate
lexical or grammatical meanings. These tones can vary in number and complexity across
different tonal languages. The study of tones in tonal languages involves analyzing
pitch contours, understanding tone types and investigating how tones interact with
other linguistic features. These languages pose unique challenges and opportunities
for linguistic research and technology development. One crucial aspect of advancing
our understanding and leveraging the potential of tonal languages is the development
of comprehensive datasets tailored to their specific linguistic characteristics. Creating
comprehensive tonal language datasets can contribute significantly to linguistic research,
language preservation and technological innovation in speech and language processing.

This chapter details the development of a tonal contrast word pair dataset for Ma-
nipuri, ManiTo. It is imperative to have a well-constructed dataset demonstrating tonal

contrasts in words to study and develop a tone recognition system for Manipuri. Af-

42

TH-3434_186101010



ter extensive search and investigation, it has been discovered that no such dataset is

available for Manipuri. Therefore, we have taken the initiative to develop the dataset.

4.1 Description of Data

Manipuri is a tonal language predominantly spoken in Manipur, a northeastern state
of India and in a few neighboring countries. Its script is known as Meitei Mayek. The
language consists of two tones: the level and the falling tones. Each syllable in Manipuri
is assigned one of these two tones. In written transcripts, the level tone is left unmarked,
whereas the falling tone is indicated by a diacritical mark lum mayek (-), placed after
the syllable carrying the falling tone.

Understanding tones of tonal languages requires in-depth studies of minimal pairs
of words that differ just by pitch. Pitch is a perceptual quality of sound that correlates
with the vibration of the vocal cord. It carries the meaning of the word in tonal languages.
Fifty-four tonal contrast word pairs are collected from different sources [74, 18, 13, 80, 85,
44] to investigate the two-way contrastive tones. Each word pair is meticulously selected
to highlight specific tonal patterns and contrasts, providing valuable insights into the
tonal system of the language. The words and their corresponding meanings are listed in

Table 4.1.

Table 4.1: List of Manipuri tonal contrast word pairs with their respective meanings

S1. No. Falling Tone Meaning Level Tone Meaning

1 <-C . [T ice,
skin
/un/ /un/ snow
5 »E. sh »C a
WT.
/in/ P /in/ P
LW i)
3 d brid
Jthon/ oor Jthon/ ridge
f. f
4 /iﬁ / person /:ﬁ / spider
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Table 4.1: List of Manipuri tonal contrast word Pairs with their respective meanings (continued)

Sl. No.  Falling Tone Meaning Level Tone Meaning

5 -3 to S to
/puboa/ borrow /pubo/ bring
6 ” R t
wax ea
/ca/ /ca/
- »
7 blood thatch
/i/ /i/
RS- %
1 b
8 JKhoi/ nave /khoi/ ee
9 g wide (e} banana
/la/ basket /la/ leaf
ofm- ofm
10 firewood inger
/sin/ /sin/ §ns
OF- OF
11 hai basket
Jsdm/ air Jsom/ aske
- ;311)
12 dream rave
/m3p/ /mon/ &
HD- . ifuf Manipur
13 t
/kan/ mosquto /kan/ game
14 e worm IE saliva
Vi
/tin/ /tin/
f- ymf
15 ive tear
/pi/ 8 /pi/
Y- Y°m
16 1 1
/Ko / & /Khon / cans
HEC-¥ HTYE
17 h tect
/konbo/ ard /konbo/ protec
»3 »F
18 to h to fall
/tabo/ ofear /tabo/ e
19 -3 i W3 swim
eatin
/caba/ 8 /cabo/ visibly
HF-3 HFZ over
20 killi
/kambo/ -3 /kemba/ ripen
c°m-3 cmy making
21 t
/Bobo, OV by row
TOD-T TeOomy green
22 tod
/asdnbo/ o dye /asenba/ color
-3 H3
23 to climb burnt
/kabo/ o e /kaba/ urn
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Table 4.1: List of Manipuri tonal contrast word Pairs with their respective meanings (continued)

Sl. No.  Falling Tone Meaning Level Tone Meaning

" SM-F raised hLIIN: vidin
/tonba/ platform /tonba/ &
BF-3 it
25 - 1 - diluted
/timbo/ sieep /tumbo/ Hute
[oh1 T¥
2 = 1 = ifficul
6 b/ clear Jlabo/ difficult
03 (V)1
27 hot to mak
/sabs/ R /sabo/ o make
g%-® wide o34
28 = == hout
/latiba/ open /lauba/ s
HX-3 ibre:s
29 = to kick = to forget
/kawba/ o xie /kawbo/ oforge
30 58 to sa 758 to swin,
/haibs/ Y /haibo/ J
w3 m'E
31 hort 1l
/katibo/ shor /kaubo/ “
M- [eidii} finishing
32
/lon/ spear /lon/ net
B bI¢:4
33 thi d
/pabo/ n /pabo/ .
®.3 »¥
34 5 tailori - fall
/tiibo/ arormg /tubs/ a
of-3 break ofs
35 death
/sibo/ down /sibo/ e
0% (WY
36 istak tti
/soibo/ fustake /soibo/ cuting
(51 [o21
37 ivid 1
/labo/ Vvt /labo/ "
% dT-® ) T3
Crossin; Wron,
/lanbs/ & /lanbo/ J
H5-% HST long
39 travelli
/koibo/ Ve E o L Ikbibay way
TH-3 THT
40 = h =
/lumbo/ eavy /lumbo/ warm
OT-¥ OTY
41 k hanti
/sonbo/ wea /sonba/ chantinig
0 wefm- lower wefm measuring
/cMsnin/ abdomen /cMonin/ unit
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Table 4.1: List of Manipuri tonal contrast word Pairs with their respective meanings (continued)

Sl. No.  Falling Tone Meaning Level Tone Meaning

(Vh1 (Vg
4 N hi - h i
3 Jsitbo/ wasiing Jsubo/ ammering
k3 i
44 " t - black
/muibs/ roas /muba/ ac
MOS8 I[65Y:1
45 touch fl
/paiba/ one /paiba/ Y
- Jm
46 " drum B hour
/pun/ /pun/
i iiid
47 ti
/Xi/ e /koi/ ger
7S B
48 " d - ivet
/hiti/ °8 /hui/ N
[ (il
49 ey purchase ot/ tongue
Iee- e
50 N grimace umbrella
/pe/ /pe/
ef. cf
51 Y to narrate Yy old
c- c
52 / 1}1 / fishing trap /1:1/ head
53 d 1d
/wa/ wor /bamboo/ °
k- ®
54 Jma/ bedbug /ma) third person

4.2 Speakers’ Information

The dataset comprises recordings from 20 native speakers, consisting of 11 males and 9
females, aged between 19 to 70 years. All speakers are native Manipuri speakers, with
three of them (two males and one female) employed in the Linguistic Department of
Manipur University, Imphal. Their recordings were conducted in the Audio, Visual,

Language and Phonetic Laboratory Complex of Manipur University. The remaining

46

TH-3434_186101010



recordings were performed in a small studio, a quiet office and a home environment.
Additionally, two speakers are employed at a radio station, known for their excellent

pronunciation skills, while others hold professorships in the Manipuri language. The

details of the speakers and their recording locations are provided in Table 4.2.

Table 4.2: Details of the speakers and the locations where the recordings were conducted

k R i
Speaker Gender Age ecording Occupation
ID Place
Audio, Visual, Language and . s
Ph.D. Scholar, L tic Dept.,
1 Male 34 Phonetic Laboratory Complex of C. o.ar. 1nguls .1c‘ P
. ) . Specialist in Linguistics
Manipur University
Audio, Visual, Language and . -
Ph.D. Scholar, L tic Dept.,
2 Female 32 Phonetic Laboratory Complex of C_ o.ar. mguls .1c. P
. ; . Specialist in Linguistics
Manipur University
Audio, Visual, Language and . g
R h Officer,
3 Male 45 Phonetic Laboratory Complex of Junior RESEgEC ~
. ; . Doctorate
Manipur University
iet in th ker” id
4 Female 29 e Peaker's reiigi Lecturer in BCA Dept.
at Imphal
5 Male 19 Quiet room in the speaker’s residence College Student
at Imphal
iet in the ker” id
6 Female 27 R o Ph.D. Scholar in Speech Recognition
at Imphal
7 Male 29 Quiet office room at the IIT Guwahati ~ Ph.D. Scholar in Center of Linguistics.
8 Male 29  Quiet office room at the IIT Guwahati Ph.D. Scholar in EEE Dept.
9 Male 29  Quiet office room at the IIT Guwahati Ph.D. Scholar in EEE Dept.
E i d in Hosting Radio Sh
10 Female 55 Quiet Home Studio at Imphal xperienced IoRegs 1ng a 19 Shows,
good pronunciation skills
11 Female 56 Quiet Home Studio at Imphal Transcribing Officer
E i d in Hosting Radio Sh
12 Male 55 Quiet Home Studio at Imphal pr-riencegaig 103 1ng a 19 Shows,
good pronunciation skills
13 Male 55 Quiet Home Studio at Imphal Assistant Professor
14 Female 63 Quiet Home Studio at Imphal Retired Lecturer
15 Male 55 Quiet Home Studio at Imphal Businessman
16 Male 56 Quiet Home Studio at Imphal Businessman
17 Female 49 Quiet Home Studio at Imphal Assistant Professor
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Table 4.2: Details of the speakers and the locations where the recordings were conducted (continued)

Speak Recordi
PeaXer " Gender Age ecorcing Occupation

ID Place

18 Female % Quiet room in the speaker’s residence Master’s Student
at Imphal

19 Female 64 Quiet room in the speaker’s residence Retired Teacher
at Imphal

20 Male 70 Quiet room in the speaker’s residence Retired Librarian

at Imphal

4.3 Recording Software and Set-up

A total of 54 tonal contrast words, featuring five to ten instances of each pair with pauses
between word utterances, were recorded individually for each participant. A laptop
microphone (MMDEVAPI/AudioEndpoints) and a Logitech headset (H151) were used
to record the participants’ speech. The Cool Edit 2000 (v1) [79] tool records the utterances.

While recording, the following three parameters have been set in Cool Edit 2000:

* Sampling rate: The number of samples per second to be captured by the microphone

into the system. The sampling rate is set to 44,100 Hz.

* Channel: Mono channel is selected. In mono, all audio signals are routed through

a single audio channel.
* Resolution: Each sample is represented using 16 bits.

 Format of saving the audio: .wav

4.4 Annotation

Data annotation is essential for converting raw data into actionable insights and ad-

vancing sophisticated machine learning algorithms. A meticulous manual analysis
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Fig. 4.1: Recording scenes in the laboratory and quiet home studio environment
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un_L_1_1.wav

un_L_2_1.wav

Fig. 4.2: ManiTo directory structure

and segmentation process is employed in the context of the recorded speech sounds.
Approximately, 1000 silence samples are added at the beginning and end of each word to
ensure comprehensive coverage. Each utterance is then meticulously labeled, including

details such as:
¢ Word name
¢ Tone type: L for level tone and f for Falling tone
¢ Utterance number: 1 to 10
* Speaker ID: 1 to 20

For instance, the file ‘un_f_2_1.wav’ corresponds to the annotation, word: un, tone:

falling, utterance no.: 2, speaker ID: 1.
The labeled isolated words are subsequently stored in the designated directory,

following a “.wav’ format, as illustrated in Fig. 4.2. This structured annotation process
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Gathering list of Laboratory / quiet Cool Edit wav file snapshot of 5-10 utterances of each
el (et il office environment tonal contrast pair of a speaker

[oCers nosEnnEn-Co ConEnsEs a6k

pairs in Manipuri

Cool Edit Parameter
Sample Rate: 44100 Hz
Channel: Mono
Resolution: 16 bit

Recording using
Cool Edit 2000

Annotate each segment using:

* Word

* Tone Type (f/L)

e Utterance No. (1-10)
¢ Speaker ID (1-20)

ex.un_L_3 1

Fig. 4.3: Flowchart showing the creation of ManiTo

enhances the data’s richness and relevance, contributing to the effectiveness of subse-
quent machine-learning endeavors. The flowchart for building the dataset ManiTo is

shown in Fig. 4.3.

4.5 Variants of ManiTo

Working directly with raw audio data in deep learning poses challenges due to its com-
plex and high-dimensional nature. To address this, a common practice is transforming
the raw audio signals into a 2-dimensional representation, such as spectrograms. These
representations capture the frequency and temporal characteristics of the audio, making
it more amenable to processing by standard convolutional neural network (CNN) archi-
tectures, which are typically designed for image data. We have developed two variants
of the audio dataset ManiTo to accommodate this approach. The following subsections

explore these two variants of ManiTo in detail.
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Fig. 4.4: Spectrogram of Falling Tone ‘un’ Fig. 4.5: Spectrogram of Level Tone ‘un’

451 ManiToSpc: Spectrogram of ManiTo

A spectrogram visually represents a signal’s strength over time at various frequencies
present in a waveform. Widely used in audio signal processing, voice analysis and
music analysis, spectrograms offer insight into how the frequency components of a
sound evolve over time. Given the complexity of raw audio data, many deep learning
techniques opt to convert it into a 2D representation, often using spectrograms. This
conversion allows for the utilization of standard convolutional neural network (CNN)
architectures, which are adept at processing image data. Spectrograms offer advantages
over traditional handcrafted features by preserving more audio signal information while
maintaining a lower-dimensional format [90]. The audio files of ManiTo are converted
into their respective spectrogram [38], saved in PNG format and labeled the file with
the word name, tone type, utterance number, speaker ID and sp denoting spectrogram,
for example, un_f_1_12_sp.png where this png file contains the spectrogram of the
utterance ‘un,” falling tone, utterance 1 spoken by speaker ID 12. Fig. 4.4 and Fig. 4.5
show spectrograms of the falling and level tone words “un” spoken by speaker ID 1.
Finally, ManiToSpc consists of labeled spectrogram images of tonal contrast words of

Manipuri for 2.18 GB.

52

TH-3434_186101010



4.5.2 ManiToScl: Scalogram of ManiTo

Scalogram is another representation of visualizing signals. It is the absolute coeffi-
cient value of a signal’s Continuous Wavelet Transform (CWT). Transforming a one-
dimensional signal from the time domain to the frequency domain using a wavelet helps
analyze the high-resolution signal. By visually representing signals at various scales
and frequencies through CWT, hidden features can be detected in the frequency-time
domain. These features can adopted in machine learning and deep learning models
[33]. Scalogram of ManiTo wav files are obtained using the python package ssqueezepy
(v 0.6.3) [53], saved in png format and labeled with word name, tone type, utterance
number, speaker ID and sc denoting scalogram, for example, un_f _3_5_sc.png, where
this png file contains the scalogram image of word un, falling tone, third utterance,
spoken by speaker ID 5. Fig. 4.6 shows the scalogram of the falling tone word “un” and
Fig. 4.7 shows the scalogram of the level tone word ‘un’ spoken by speaker ID 1. Finally,
ManiToScl consists of labeled scalogram images of tonal contrast words of Manipuri, a

total of 2.05 GB of data.

(22T A

Fig. 4.6: Scalogram of Falling Tone ‘un’ Fig. 4.7: Scalogram of Level Tone ‘un’
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Table 4.3: The count of utterances made by each speaker and their ages

Sp?lajker Gender  Age utlt\i(l?s;lr?cfes sp?lajker Gender  Age utlt\i(l?s;lr?cfes
1 Male 34 524 11 Female 56 1033
2 Female 32 474 12 Male 55 1041
3 Male 45 515 13 Male 55 1029
4 Female 29 513 14 Female 63 989
5 Male 19 538 15 Male 55 970
6 Female 27 533 16 Male 56 1010
7 Male 29 1241 17 Female 49 727
8 Male 29 1188 18 Female 26 1119
9 Male 29 1234 19 Female 64 1080
10 Female 55 1059 20 Male 70 1020

4,6 Conclusion

The developed speech corpus ManiTo is a handcrafted database comprising 17,837
samples of isolated Manipuri tonal contrast words from 20 native speakers of size
1.03 GB. Table 4.3 presents the number of utterances made by each speaker and their
corresponding ages. Two variants of the dataset have been created. The first variant,
ManiToSpc, comprises spectrograms extracted from the WAV files in ManiTo, providing
a two-dimensional representation of the audio data. The second variant, ManiToScl,
consists of scalograms generated from the audio files in the ManiTo corpus. These
representations pave the way for adopting deep learning techniques that treat audio
data as images, offering future research and analysis opportunities in audio processing
and classification.

Developing the dataset for Manipuri tones marks a significant step towards facilitat-
ing research and technology initiatives in understanding and processing the Manipuri
language. Through meticulous recording, annotation and organization, the dataset now
offers a valuable resource for studying tonal contrasts and patterns within Manipuri

speech. Including speakers of diverse ages and recording environments enhances the
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dataset’s robustness and applicability across various linguistic contexts. Researchers and
developers can leverage this dataset to advance speech recognition, language processing
and linguistic studies focused on Manipuri tones. Moving forward, continuous updates
and expansions to the dataset will ensure its relevance and effectiveness in supporting

future research and technological advancements in Manipuri language processing.
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Analysis of Manipuri Tones in

ManiTo: A Tonal Contrast Database

The analysis of tone in Manipuri is crucial for several reasons. Firstly, Manipuri is a tonal
language, meaning the tone of words can change meanings. Understanding the tones
used in Manipuri is essential for accurate communication and comprehension among
speakers. Secondly, tone analysis in Manipuri aids in linguistic research and documenta-
tion. It allows linguists and language scholars to study the phonological characteristics
of the language, including its tonal system and patterns. This research contributes to
the preservation and documentation of Manipuri culture and heritage. Moreover, tone
analysis is valuable for language education and literacy programs in Manipuri-speaking
communities. By understanding and teaching the tones of the language, educators can
improve language learning outcomes and promote linguistic diversity. Additionally,
tone analysis in Manipuri is relevant for developing language technologies and tools.
Speech recognition systems, machine translation algorithms and other language process-
ing applications can benefit from accurate tone analysis to improve their performance
in understanding and generating Manipuri speech. Overall, the importance of tone
analysis in Manipuri lies in its role in communication, linguistic research, education and

technological development within Manipuri-speaking communities and beyond.
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5.1 Work on Manipuri Tones

Research on the Manipuri language and its phonology has provided significant insights
into its tonal system and linguistic structure. Thoudam’s doctoral thesis [85] dedicated
a chapter to Manipuri phonology, proposing the existence of only two distinctive tones:
falling and level tones. Similarly, Mahabir [46] argued for the presence of two tones,
falling and level, in his master’s thesis. In 1997, Chelliah [13] clarified the tone system
in Manipuri, introducing a framework that accurately described Manipuri’s two-way
tonal contrast: low tone and high tone. In her experiment, she utilized fundamental
frequency contours as phonetic representations of the underlying tone pattern. Meiraba
[80] asserted that the rhyme in Manipuri serves as the tone-bearing unit. The paper
reported Manipuri’s relatively simple tonal system results from a rich consonantal in-
ventory that can occur in the coda position and impact how tonal contrast is perceived.
Yashawanta [74] categorized the two tones of Manipuri as level and falling, presuming
that the tonal feature was gradually losing prominence. Automated Speech Recognition
(ASR) plays a pivotal role in supporting language learning by providing feedback on
pronunciation and intonation. Incorporating tonal information is crucial for tonal lan-
guages like Manipuri to build robust ASR systems. Consequently, identifying features
that can effectively disambiguate between the two tones of Manipuri becomes impera-
tive. Furthermore, ASR aids in documenting endangered languages by recording and
transcribing spoken language, creating a valuable resource for linguists, anthropologists

and other researchers interested in language and culture.

5.2 ManiTo: A Tonal Contrast Database

ManiTo is a comprehensive isolated tonal contrast speech database explicitly designed

to investigate the Manipuri language’s two tones, level and falling. It comprises 54
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tonal contrast word pairs collected from 20 native speakers, including 11 males and 9
females aged 19 to 70. The samples are recorded with 16-bit resolution, a sampling rate
of 44,100 Hz, using a mono channel utilizing Cool Edit 2000 (v1) [79]. Each recorded
speech segment is meticulously analyzed, manually segmented and labeled with the
corresponding word name, tone type, utterance number and speaker ID. Presently,
the dataset encompasses 17,837 samples of labeled speech data, providing a valuable
resource for further research and analysis in studying Manipuri tonal contrasts and

related linguistic phenomena.

5.3 Amplitude Normalization

Amplitude normalization is a critical process in speech analysis to ensure consistent
and balanced audio loudness across various speakers and recordings. As outlined in
Algorithm 1, this normalization technique is integral to extracting relevant features from
speech samples and minimizing the audio signal’s dynamic range. In the context of
ManiTo’s speech samples, which were recorded at a sampling rate of 44.1kHz using
16-bit Linear Pulse Code Modulation (LPCM), the signal’s magnitude typically spans
from -32768 to +32767, with the peak magnitude set at a level of 10,000. The goal of
applying normalization to all speech samples is to standardize the amplitude levels
across different recordings and speakers. The process involves adjusting the amplitudes
to a uniform scale, facilitating consistent analysis and interpretation of the speech data.

Algorithm 1 describes the process of amplitude normalization for an audio sample.
Initially, the audio file is read (line 2) and its data is extracted using the Linear Pulse Code
Modulation (LPCM) technique, accomplished with the scipy.io.wavfile.read function
available in the SciPy [40] library for Python. This function enables the retrieval of

sample values from the WAV file. The algorithm then identifies the highest value within
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Algorithm 1: Amplitude Normalization of Audio Sample

Input: audio: audio file
Output: norm_wav: amplitude normalized audio sample
1 begin
2 in_wav <« ReadAudio(audio)
3 smp_value < GetDataLPCM(in_wav)
4 peak_value «— GetHighest(smp_value)
5 norm_value « 10000/ peak_value
6 for value in smp_value do
7 | norm_data < value + norm_value

8 norm_wav <« ConvertToAudio(norm_data)
return norm_wav

the sample (line 4), representing the peak magnitude of the audio signal. Subsequently,
a normalization factor is computed by dividing 10,000 by the peak value. This factor
is used to scale each sample value in the audio file to ensure that the peak magnitude
reaches the desired level of 10,000. The algorithm iterates through each sample value,
multiplying it by the normalization factor to obtain the normalized data. Finally, the
normalized data is converted into an audio file format and the resulting normalized
audio sample, norm_wayv, is returned.

Figure 5.1 visually represents the waveform of speech samples captured from two
speakers before and after the normalization process. This illustration highlights the suc-
cessful balancing and equalization achieved through amplitude normalization. Speaker
1 is noted for having a loud voice, with recordings conducted in a laboratory environ-
ment, while Speaker 7 possesses a softer voice, with recordings captured in a quiet office
setting. Following the amplitude normalization procedure, both speakers’ recordings
are adjusted to reach the same level, effectively mitigating the volume disparity between
the speakers and environments.

This algorithm effectively standardizes the amplitude levels of the audio sample,

ensuring consistent loudness levels across different recordings and speakers.
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Fig. 5.1: Cooledit interface: waveform of before and after amplitude normalization of 2 speakers’
speech utterances.

5.4 Fundamental Frequency and Pitch

The tone is closely related to the fundamental frequency (Fy) and pitch, which is the
perceptual interpretation of the fundamental frequency. Fundamental frequency refers
to the rate at which our vocal cords vibrate per second when producing voiced sounds.
This frequency is quantified in Hertz (Hz), where one Hz signifies one cycle per second.
Pitch, on the other hand, represents the perceived Fj, determining whether a signal is
perceived as high or low in pitch. Thus, pitch serves as the fundamental element for
understanding tone. It is important to emphasize that pitch and fundamental frequency
(Fo) are used interchangeably in this context.

Praat (v 6.1.51) [6] is a tool that can analyze, synthesize and manipulate speech
data. The speech samples from the developed dataset are analyzed using the Praat
software. In tone analysis, features reflecting the pitch contour hold lexical significance.

The fundamental frequency, denoted as F, indicates tone. In the preliminary study
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Fig. 5.2: Praat interface.

conducted on the ManiTo dataset, pitch or F0 is extracted using Praat for further analysis
and examination.

Figure 5.2 displays a screenshot illustrating the extraction of pitch listing values for a
specific WAV file in Praat. The upper portion depicts the waveform of the speech sample,
while the lower portion presents the spectrogram. Within the spectrogram, the blue line
visually represents the pitch contour. On the right side, a list of numbers indicates the
pitch (Fo) listing values in Hertz (Hz) alongside their respective time points.

Pitch is primarily determined by the frequency of the sound waves produced, which
corresponds to the rate of vibration of the vocal cords or the source of the sound. Am-
plitude normalization primarily affects the volume or loudness of the signal by scaling
the amplitude values while preserving the relative frequency information. However,
it is essential to note that certain forms of amplitude normalization, particularly those
involving aggressive compression or equalization, may indirectly affect the perceived
pitch by altering the spectral balance of the sound signal. In such cases, careful atten-
tion should be paid to the specific methods and parameters used in the normalization

process to minimize unintended alterations to the pitch. We ensured that amplitude
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Fig. 5.3: lllustrating absence of pitch contour alteration in post-amplitude normalization.

normalization performed in Section 5.3 does not affect the pitch by plotting the pitch
contour corresponding to the speech sample before and after normalization, as shown
in Fig. 5.3. By examining the graphs, we can confirm no discernible alteration in the
pitch. Hence, it is demonstrated that the amplitude normalization performed in Section

3 does not impact the pitch of the audio signal.

5.5 Analysis of the Pitch Variations in Manipuri Tones

To investigate the tonal variations in Manipuri, explicitly focusing on the falling tone
and level tone distinctions, our initial analysis was conducted with a single speaker and
a pair of tonal contrast words in Manipuri: ‘un” where the falling tone 8-T/tin/ signifies
‘skin” and the level tone 8T /un/ denotes ‘snow.” We choose Speaker 1 for this analysis.

We gathered five utterances of the falling tone word and five of the level tone word
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from Speaker 1. Subsequently, we extracted the pitch using Praat, equipped with a
highly precise pitch extraction algorithm [5]. The pitch values obtained from all ten
utterances were collected and stored in separate files.

Next, we generated pitch contours for the five utterances of the falling tone word
and the five of the level tone word, as illustrated in Fig. 5.4a and 5.4b, respectively. The
graphs show that the pitch contours vary in length and commence at different times
across utterances. This disparity underscores the necessity for pitch normalization to

ensure comparability and consistency in analyzing the tonal variations.

Algorithm 2: Normalization of length of pitch contour

Input:
fO[L]: Pitch listing containing L values
Lyax: Maximum Pitch listing length
Output:
Norm o[ Lyax]: Pitch listing with L, values
1 begin
Step1: k < 0 > f0 index
Step2:j 0 > track insertion point
Step 3: if L < L4y then
insertroc = L/ (Lyax — L)
fori <« 0to L, do
Normgoli] < fO[k]
if j = insertr,. then
ie—i+1
Normygg|i] « fO[k]
<0
k—k+1
je—j+1

© @ g O Ul R W N

=
= o

=
N

o
»

else
| Normgg < f0

= e
16 B

Pitch normalization is essential for tone analysis to guarantee that the pitch contours

of various utterances are comparable and consistent, simplifying the interpretation
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of tonal patterns in speech data. The normalization process involves treating each
extracted pitch listing value to enable efficient comparison of the five utterances of each
tone type. This normalization ensures that utterances of the same tone type possess
uniform starting points and lengths of pitch listing values.

Algorithm 2 outlines normalizing a pitch contour to ensure it fits within a specified
maximum length, denoted as Lyax. Ly is the maximum length of pitch listing values
among the compared utterances. The algorithm begins by assessing whether the original
length (L) of the pitch contour of the utterance to be normalized is less than L,,y. If
equal, the normalized pitch listing, Norm o, remains identical to the original pitch
listing values, f0. If the original length, L is less than L,,,,, the algorithm calculates the
location after which the pitch values need to be inserted to reach the total length of L4y,
denoted as inserty,.. For every insertr,., the algorithm repeats the current value of the
original pitch in the Norm f0, resulting in a normalized pitch listing with L, values.
The algorithm’s output is the normalized length pitch listing, Norm o, comprising Lyax
values. Thus, the algorithm normalizes a pitch contour by inserting values from the
original pitch listing at regular intervals to achieve a specified maximum length. This
process helps standardize pitch contours for consistent analysis and comparison.

Figure 5.4 comprehensively compares the tonal contrast pair ‘un’ spoken by Speaker
1. In Fig. 5.4a, the pitch contours of five utterances of the falling tone word are displayed,
where each line represents the pitch trajectory of a single utterance. Similarly, Fig. 5.4b
showcases the pitch contours of five utterances of the level tone word. Figures 5.4c and
5.4d present the pitch contours of the falling and level tones after pitch normalization.
This normalization ensures consistency in pitch lengths across the same tone type
utterances, enabling accurate comparison. Furthermore, in Fig. 5.4e, the average pitch
listing between the falling tone, represented by the orange line and the level tone,

represented by the blue line, is compared. This comparison provides valuable insights
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into their respective characteristics and differences. Initial observation reveals that
the pitch of the falling tone tends to be higher than that of the level tone. The falling
tone typically begins with a high Fy value and steadily decreases, while the level tone
maintains a relatively constant pitch. This graphical representation allows for a detailed
analysis of pitch characteristics associated with the two tones of Manipuri, facilitating a

deeper understanding of tonal variations and patterns across utterances.
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Fig. 5.5: Pitch analysis of Falling and Level Tones in three male speakers for the tonal contrast pair
‘sing’

Further pitch analysis is conducted based on gender, involving three male speakers
(Speaker ID 1, 3 and 5) and two female speakers (Speaker ID 2 and 4). The tonal contrast
word ‘sing’ is selected, where the falling tone ( fII) signifies ‘firewood’ and the level

tone ( MfM) denotes ‘ginger’ in Manipuri. Pitch values from 15 utterances of each tone
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type are extracted for the three male speakers and plotted to visualize the pitch contour.
In Fig. 5.5a, the 15 pitch contours of the falling tone utterances for the three male speakers
are displayed, with each line representing the pitch contour of an utterance. Similarly,
Fig. 5.5b illustrates the pitch contours for the level tone. However, comparison becomes
challenging due to variations in starting points and lengths among the utterances. Pitch
length normalization (Algorithm 2) is applied to address this. Subsequently, Fig. 5.5¢c

shows the normalized pitch contours of the 15 utterances of the falling tone, while Fig.

5.5d displays those of the level tone for the male speakers.
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Fig. 5.6: Pitch analysis of Falling and Level Tones in two female speakers for the tonal contrast pair
‘sing’

Figure 5.7 presents the average pitch contour comparison of the 15 utterances of

falling tone and level tone, where the orange line represents the falling tone and the
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blue line represents the level tone. It is observed that the falling tone has significantly
higher pitch values compared to the level tone and its frequency starts high and falls
steadily. In contrast, the level tone maintains consistent frequency.

Similar analyses are conducted for the female speakers, extracting 10 utterances of
each tone type for the word ‘sing.” Fig. 5.6a and Fig. 5.6b illustrate the pitch contours of
the 10 utterances of falling tone and level tone, respectively, with each line representing
the pitch contour of an utterance. Pitch length normalization is then performed, resulting
in Fig. 5.6c displaying the normalized pitch contours of the falling tone utterances and

Fig. 5.6d showing those of the level tone utterances.

Pitch FO {Hz)

== level
falling

100 4,

5

0
Number

320

300

Pitch FO {Hz)
H 0B
[=] (=]

[N
b
=

[
R
=

level
falling

bt

Number

Fig. 5.7: Average pitch contours of 15 utter-
ances of each Falling and Level Tones by male
speakers

Fig. 5.8: Average pitch contours of 10 utter-
ances of each Falling and Level Tones by female
speakers

Finally, Fig. 5.8 presents the average pitch contour of the 10 falling tone utterances
(orange) and the average level tone (blue). Figures 5.7 and 5.8 show female voices have
higher pitch values than male voices. The average starting pitch for falling tone in
females exceeds 320 Hz, while for males, it is below 200 Hz. Similarly, females exhibit
pitches above 260 Hz for the level tone, surpassing the starting point of males’ falling
tone and level tone below 140 Hz. Hence, it is concluded that male and female voices

need to be normalized or analyzed separately for tone recognition in Manipuri.
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5.6 Conclusion

The initial analysis of the ManiTo, Manipuri Tonal Contrast dataset suggests that pitch
contour can effectively distinguish between the two tones, namely falling and level tones.
The study indicates that characteristics such as the slope and height of the pitch contour
could serve as distinguishing factors for the two tones in Manipuri. Furthermore, the
analysis reveals that pitch characteristics in male and female speech data are not directly
comparable, indicating the necessity to analyze speech samples separately based on
gender. Consequently, the study underscores the importance of gender speech nor-
malization in future analyses to ensure accurate and meaningful comparisons between
male and female speech data in Manipuri tonal contrast analysis. Moreover, similar
studies on other tonal contrast words spoken by different speakers revealed consistent
characteristics across the dataset, further reinforcing the reliability and generalization of

pitch contour to differentiate between the two tones in Manipuri.
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Disambiguation of Isolated
Manipuri Tonal Contrast Word Pairs

using Acoustic Features

Manipuri is a low-resource, Tibeto-Burman tonal language spoken mainly in Manipur,
a northeastern state of India. Tone identification is crucial to speech comprehension for
tonal languages, where tone defines the word’s meaning. Automatic Speech Recognition
for those languages can perform better by including tonal information from a powerful
tone detection system. While significant research has been conducted on tonal languages
like Mandarin, Thai, Cantonese and Vietnamese, a notable gap exists in exploring Ma-
nipuri within this context. To address this gap, this study used our previously developed
handcrafted speech corpus, ManiTo, which comprises isolated Manipuri tonal contrast
word pairs to study the tones of Manipuri. The corpus consists of 17,837 labeled sam-
ples from twenty native speakers. Preliminary findings have confirmed that Manipuri
has two unique tones, Falling and Level. A comprehensive acoustic feature analysis
is conducted next. Two sets of features based on Pitch contours, jitter and shimmer
measurements are investigated to distinguish the two tones of Manipuri. Support Vector
Machine, Long Short-Term Memory, Random Forest and k-Nearest Neighbors are the
classifiers adopted to validate the selected feature sets. The results indicate that the

second set of features consistently outperformed the first set, demonstrating higher ac-
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curacy, particularly when utilizing the Random Forest classifier. This provides valuable
insights for further advancements in speech recognition technology for low-resource

tonal language Manipuri.

6.1 Related Work

Extensive research has been done in the last few decades on the tone recognition of tonal
languages, such as Mandarin, Thai, Cantonese and Vietnamese. Few works have been
reported on the Indian tonal language Mizo, Bodo, Punjabi and the African continental
tone languages such as Yoruba and Hausa [73].

Tone recognition of Chinese syllables was proposed based on the Support Vector
Machine (SVM) and Deep Belief Network (DBN) model [11]. The DBN was used to
extract the prosodic and articulatory features and SVM was used for the tone classi-
fication. The method was applied on the 863-data corpus with an average accuracy
rate achieved of 83.03%. A multi-scale model was proposed to capture the features
of tone variation of Mandarin affected by complex linguistic and phonetic rules [63].
Cepstrogram and Mel-spectrogram were used as the input features of the speech data
and a multi-scale Convolutional Neural Network (CNN) was employed to recognize the
tone. Experimental analysis showed the method achieved state-of-the-art results on the
Corpus 863 data.

Yan et al. [92] proposed a method for Mandarin tone identification based on Random
Forest (RF) and three feature fusion sets (FFSs). The Syllable Corpus of Standard Chinese
(5CSQC), a speaker-independent Mandarin monosyllable corpus, was used to assess the
methodology. The findings demonstrate that, even with unbalanced data, the tone
recognition algorithm can achieve high tone recognition accuracy and exhibit strong

generalization and classification capabilities. The SCSC dataset is again used to evaluate
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the model designed using CNN named ToneNet [25], which applies Mel-spectrogram

as features, achieving a tone recognition rate of 99.16% accuracy.

Table 6.1: Some work done on tone recognition of tonal languages

Author and Year Language Dataset Features Classifier Accuracy(%)
Chao et al. Chinese 863 corpus Prosodic & articulatory SVM 83.03
2019 [11] extracted by DBN
Gao et al. Mandarin SCSC Mel-spectrogram ToneNet: 99.16
2019 [25] CNN Network
Peng et al. Mandarin Hi-Tech Project Mel-spectrogram CNN 88.06
2021 [63] 863 corpus cepstrogram
Yan et al. Mandarin SCSC FFSs RF 93.57
2023 [92]
Potisuk et al. Thai 5 speakers of total Normalized Extended 89.10
1999 [64] 625 utterances Fo contour Fujisaki model
Kertkeidkachorn et al. Thai 12 speakers Energy based HCRF 94.24
2015 [42] (1320 samples), and
LOTUS spectral based 71.01
Sarma et al. Mizo Collected from Pitch contour Based on variance, 70.00
2015 [68] 5 Mizo Speakers height and
slope of pitch
Gogoi et al. Mizo Collected from Fo contour SVM 73.39
2020 [27] 19 native speakers DNN 74.11

In Figure 6.4, the tone geometrical model was presented to derive the seven selected

features for the five Thai tones based on pitch contour [14]. Experimental analysis showed

that the selected parameters can distinguish the five tones of the Thai language. Potisuk

etal. [64] proposed a Thai tone recognition system using an extension of Fujisaki’s model

[24] that incorporates tonal declination and assimilation, achieving an accuracy rate of

89.1%. Another study in Thai tone recognition was presented by Kertkeidkachorn et al.

[42]. Hidden Conditional Random Field (HCRF) was used as a tone classifier, applying

energy-based and spectral-based features, including Linear Prediction Coefficients (LPC),

Mel-Frequency Cepstral Coefficients (MFCC) and Perceptual Linear Prediction (PLP). In

isolated words, energy-based systems provide an error rate reduction of 22.40%, and in

the continuous-speech, PLP-based features achieved an error rate reduction of 13.90%.

Mizo tone recognition was proposed using features derived from pitch contour

TH-3434_186101010
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and applied on SVM based and Deep Neural Network (DNN) based models achieving
an accuracy of 73.39% and 74.11% respectively for the two models [27]. Another tone
detection of Mizo is conducted using variance, height and slope of pitch values where
the recognition accuracy was 70% [68]. Table 6.1 shows the summarised comparison of
work based on tone recognition.

On the other hand, work has yet to be conducted in the field of tone recognition
for Manipuri. Despite the significance of tone in the Manipuri language, research
efforts addressing tone recognition have not been addressed adequately. This gap in the
literature highlights the need for dedicated studies to develop tone recognition systems
tailored to Manipuri, which could greatly benefit language learning, linguistic research

and culture preservation efforts.

6.2 Materials and Techniques

The subsequent subsections delve into three crucial areas: The development of the
dataset for Manipuri Tonal Contrast words, the methodology employed for feature
extraction and the selection of classifiers. This comprehensive examination aims to
provide a detailed exploration of each fundamental aspect, contributing to a thorough

understanding of the research methodology.

6.2.1 Dataset for Manipuri Tonal Contrast Words

The developed speech corpus ManiTo in Chapter 4 is a comprehensive isolated tonal
contrast speech database meticulously designed to investigate the two tones, level and
falling, inherent in the Manipuri language. The database contains 54 tonal contrast
word pairs gathered from 20 native speakers, comprising 11 males and 9 females aged

between 19 and 70. Recordings are captured with a 16-bit resolution and a sampling rate
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of 44,100 Hz, utilizing a mono channel through Cool Edit 2000 (v1) [79]. Each recorded
speech segment undergoes meticulous analysis, manual segmentation and labeling,
including word name, tone type, utterance number and speaker ID. Presently, the dataset
encompasses 17,837 samples of labeled speech data, offering a valuable resource for
further research and analysis into Manipuri tonal contrasts and associated linguistic

phenomena.

6.2.2 Feature Extraction

A sound wave’s fundamental frequency (Fy) correlates to the perceptual characteristic of
the sound called pitch. The pitch has been regarded as the vital cue in tone recognition
of tonal languages [27]. Initially, pitch contour analysis is done for a pair of Manipuri

tonal contrast words using Praat (v 6.1.51) [6].

11, Soundun£3.1 - o X
le Edt Query View Select Spectum Pitch Intensity Formant Pulses

0164116
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-0.1637

-0.6107|
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N |75 Hz

otatte | 0.164116
0 Visible part 0.328231 seconds 0328231

Total duration 0.328231 seconds
o | n || ou | el || bak [ [+ % Gon

Fig. 6.1: Pitch contour and waveform of falling tone /itn/ (R-C) in Praat.

Figure 6.1 and Figure 6.2 show the waveform and pitch contour (blue line) of the
falling tone word /tin/ (%-T) meaning skin and level tone word /un/ (8T) meaning
snow respectively. In Figure 6.1, the falling tone has its pitch onset at 146 Hz and falls

steadily for about 71 Hz, while in Figure 6.2, the level tone pitch stays relatively constant.
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Fig. 6.2: Pitch contour and waveform of level tone /un/ (RT) in Praat.

Further analysis is done on the other tonal contrast word pairs and it is observed that
similar characteristics are found in the respective tone types. Each speech sample
amplitude is brought to a particular volume level by applying the peak normalization
technique outlined in Algorithm 1 of Chapter 5 so that the speech samples are consistent
across the different environments, recordings or speakers as varying loudness levels
make it difficult to compare or analyze the speech data across samples.

The Python package Parselmouth [39] extracts the Fy contour of speech samples.
Figure 6.3 shows the averaged Fy contour of 15 utterances of falling tone word /sin/
(f) meaning firewood indicated by the orange line and 15 utterances of level tone
word /sin/ (Mf) meaning ginger indicated by the blue line. The orange line has a
steady slope as the frequency contained in the falling tone starts high and decreases
rapidly with time, whereas the blue line stays relatively at one level.

Disambiguation of the two tones of Manipuri highly depends on the Fy contour. The
following five parameters are derived from the pitch contour [14] of the speech samples

to detect the falling and the level tone:

¢ Pitch Duration: In Figure 6.4, pitch duration (T) is the length of the pitch contour,
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Fig. 6.3: Average Fo contour for the falling Fig. 6.4: Geometrical tone model extracted from
and level tones of Manipuri pitch contour [14]
given by (6.1)
T =t_final —t_init (6.1)
where,

t_final is the pitch contour’s final time point

t_init is the pitch contour’s initial time point

¢ Initial Fy: The starting value of the pitch contour, denoted by Fy_init in Figure

6.4.

* Delta Fy (0F)): It represent the frequency variation between the initial Fy (Fo_init)
and final Fy (Fo_final), given by (6.2)

61:0 = Fo_final — F()_init (62)

¢ Sign F( range: The frequency variation between the maximum value of Fy (Fy_max)
and minimum value of Fy (Fo_min) is represented by F, range (Fyo_ran). Sign

of Fo range (sign_Fo_ran) indicated the direction of the Fo_ran where negative
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means downward and positive means upward movement, given by (6.3)

sign_Fo_ran =sign_0Fy+ Fo_ran (6.3)
where,
1 if 6Fq is positive
sign_0Fy =
-1 if 8F¢ is negative
and

Fo_ran = Fo_max — Fq_min

* Sign F slope (sign_F_slope): It is the ratio of sign Fy range to pitch duration,
given by (6.4)
sign_Fo_slope = sign_Fo_ran/T (6.4)

In the preliminary analysis of the two tones, the above five pitch features were
studied on a tonal contrast word pair /cabs/ (X-¥), which means eating, bearing falling
tone and level tone word /caba/ ()X¥) meaning swim visibly. Table 6.2 represents
the mean and standard deviation (SD) values for the five features extracted from 35
utterances of each tone type. It is observed that the parameters of the two tones have
different magnitudes of mean and SD values. The parameters of the falling tone are

comparatively higher than the level tone.

Table 6.2: Statistical values of pitch derived parameters for the falling tone and level tone of a word
pair ‘caba’

Tone Type  Pitch Duration Initial Fy  DeltaFo  Sign Fg Range  Sign Fy Slope

(second) (Hz) (Hz) (Hz) (Hz)
Mean Falling 0.619 271.727 -96.350 -111.070 -180.752
Level 0.532 204.749 -12.382 -41.905 -79.750
Standard Deviation Falling 0.056 9.355 42.215 37.964 62.644
Level 0.081 7.547 22.985 43.248 78.612
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Fig. 6.5: Projection of the 5 pitch feature on 2D

Figure 6.5 shows the extracted features of each speech sample projected on two-
dimensional space using Principal Component Analysis (PCA) [81]. Each blue dot
represents the five pitch-derived features of a falling tone speech projection and each
red dot represents a level tone speech’s features on the 2-D space. It is noticed that there
is a clear separation of the two tones of Manipuri, a hyperplane can segregate them.

Further features investigation is performed based on the jitter and shimmer of the
speech sample. Jitter and shimmer represent variations in vocal signals” fundamental
frequency Fy. While shimmer emphasizes the amplitude or intensity of vocal emission,
jitter pertains to the frequency fluctuation of the signal’s F( [86]. These measurements of
Fy disturbance, jitter and shimmer are valuable in describing vocal characteristics, with
jitter reflecting the parameter of frequency variation from cycle to cycle and shimmer
indicating the amplitude variation of the sound wave [83]. There are various forms
of jitter and shimmer. The different measurements of jitter and their computational

formulas [83, 6, 21] are as follows:

* Local Absolute Jitter (localapsoiute): Average absolute difference between succes-
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sive periods, measured in seconds.
1 n—1
localapsorute = m le |T; — Ti—| (6.5)
1=

where 7 is the total number of intervals and T; is the time period of the i/ interval.

* Local Jitter (local , relative): It is calculated by dividing the local absolute Jitter

by the average time period.

i r— localgpsotute
ocal = B

n Lai=1 i

x 100 (6.6)

* Relative Average Perturbation Jitter (rap): Represent the disturbance, that is, the
average absolute difference between a time period and the average of it and its

two neighbors, divided by the average time period.

L 3T - (% D TM) |
IS

rap = X 100 (6.7)

¢ 5 Point Period Perturbation Quotient Jitter (ppq5): Represent the ratio of distur-
bance that is the absolute difference between a time period and the average of it
and its four closest neighbors (two prior and two successive periods), divided by

the average time period.

ST - (LR LT
5= x 100 6.8)
o I T

* DDP Jitter (ddp): Represent the ratio of the average absolute difference between
consecutive differences between consecutive time periods and the average time

period.
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L S (T = Ti) — (T = Tizy)| y

ddp =
§ ISiT,

100 (6.9)

The different measurements of shimmer and their computational formulas [83, 6, 21,

20] are as follows:

e Shimmer (dB): Expresses the variability in the peak-to-peak amplitude, measured
in decibels. It is computed as the average absolute base-10 logarithm of the

difference between the amplitudes of consecutive periods multiplied by 20.

1 = Aiv1
— § * athi 1
dB =12 |20 % [og( m )| (6.10)

where a; represent the extracted peak-to-peak amplitude data and n denotes the

number of extracted fundamental frequency periods.

e Shimmer (local, relative): Indicates the average absolute difference between the

amplitudes of two successive periods, divided by the mean amplitude.

-1
2 Y i — ag|

x 100 6.11)
7 Xicy i

relative =

¢ Three-point Amplitude Perturbation Quotient Shimmer (apg3): Represents the
quotient of amplitude disturbance within three periods. It is the average absolute
difference between the amplitude of a period and the mean amplitudes of its two

neighboring periods divided by the average amplitude.

1 n-1 1 i+l
70T Mi=1 14— (§ Zj:i—l ”J’) |

%Z?:l ai

apq3 = x 100 (6.12)

* Five-point Amplitude Perturbation Quotient Shimmer (2pq5): Represents the
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ratio of perturbation amplitude observed over five consecutive periods. It calcu-
lates the average absolute difference between the amplitude of a period and the
mean amplitudes of that period and its four nearest neighbors. This value is then

divided by the average amplitude to derive the final ratio.

1 -2 1 \it2
AT Micz |4 = (5 Ziti af) |

1
n Z?:l aij

apqb = x 100 (6.13)
* Eleven-point Amplitude Perturbation Quotient Shimmer (2pg11): Represents
the 11-point Amplitude Perturbation Quotient, which quantifies the average abso-
lute difference between the amplitude of a period and the average of the ampli-
tudes of that period and its ten closest neighbors. This value is then divided by

the average amplitude of the speech signal.

1 n—>5 1 Jit+h
0S4 i = ( 2 o)

x 100 (6.14)
% D1 i

apqll =

Table 6.3: Jitter and shimmer measurements for a tonal contrast pair

Utterance
Measurement

un_f 1_1 un_L 11
(falling tone)  (level tone)

local, absolute ~ 127.292E-6s  117.728E-6 s

local (%) 1.820 1.402
Jitter rap(%) 0.678 0.497
PPas(%) 0.794 0.759
ddp(%) 2.034 1.491
dB 0.771 dB 0.723 dB
local(%) 7.944 7.657
Shimmer apq3(%) 2.988 2.753
apq5(%) 5.012 4.011
apql1(%) 8.264 8.047

The analysis of jitter and shimmer was conducted on a pair of tonal contrast words

using the sample ‘un_f_1_1" representing the falling tone word (%5-C), uttered by Speak-

erID 1 and ‘un_L_1_1’" representing the level tone word (8T), spoken by SpeakerID 1
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as well. Using the Praat tool, the measurements of jitter and shimmer were initially
extracted. Table 6.3 presents the values for the ten measurements of the selected falling
and level tone words. It is observed that there are slight differences in the values, with
the falling tone showing slightly higher values compared to the level tone. A similar
analysis is done across other pairs and speakers, revealing similar characteristics.

The five different jitter and shimmer measurements are extracted for each speech
sample in ManiTo using the Parselmouth package [39]. PCA is applied to the extracted
jitter and shimmer features. PCA [71] transforms the original features into a new set
of features, called principal components, which capture the maximum variance in the
data. By doing so, PCA reduces the dimensionality of the data while retaining most
of its essential information. It removes unnecessary dimensions and includes only the
most critical measurements.

In this work, we have proposed two feature sets utilizing PCA:

* Setl consists of resultant values after applying PCA on the above 5 extracted pitch

derived features.
i.e. PCA(T, Fo_init, 6Fq, sign_Fo_ran, sign_Fy_slope)

* Set2 consists of values of Setl, PCA resultant of 5 jitter and 5 shimmer measure-

ments.

i.e.Setl, PCA(absolute, local, rap, ppg5, ddp),
PCA(dB, local, apq3, apq5, apq11)

6.2.3 Classifiers

The objective of the proposed method is to utilize simple computations, support rapid
model creation and manage small sample sets efficiently. As a result, the tone recogni-

tion classifier’s design places a high value on low-resource language and encourages
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Fig. 6.6: Block diagram of feature Setl based SVM model for Manipuri tone recognition system

using machine learning models with low complexity. This methodology guarantees
applicability and efficacy in execution, conforming to the restrictions of small-scale
datasets and resource constraints. Support Vector Machine (SVM) [35], Long Short-Term
Memory (LSTM) [36], k-Nearest Neighbors (KNN) [30] and Random Forest (RF) [22] are
generally used machine learning classifier in the speech related work [11, 92, 27, 60, 65].
The hyperparameter tuning of the RF and KNN classifier is done using the GridSearch
method [72]. In our work, these four classifiers are used to analyze Manipuri’s tone

recognition system, employing the two proposed feature sets, Setl and Set2.

6.3 Experimental Analysis and Results

For the preliminary experiment, SVM is adopted to classify the two tones of Manipuri.
Figure 6.6 presents the block diagram of the model employing the feature Setl. The
five pitch derived parameters are used as the feature vector. PCA [77] is applied to the
extracted pitch parameters for feature optimization and the resultant feature is passed
to the SVM for training. The performance is evaluated using 5-fold cross-validation [69].
Initially tested on one pair of tonal contrast words, ‘caba,” spoken by a single speaker, a
total of 70 utterances. The average tone recognition rate for the 5-fold turns out to be

98.57%.

83

TH-3434_186101010



Table 6.4: Performance of the SVM tone recognition system of Manipuri on single male utterances

Feature
Pata Set1 Set2
Mean Accuracy(%) SD  Mean Accuracy(%)  SD
Monosyllabic word pairs 92.20 6.73 93.29 5.24
Disyllabic word pairs 91.15 6.12 94.45 3.90
All word pairs 88.40 4.83 92.02 3.11

In our experiments, the k-fold cross-validation technique [69] is employed to evaluate
the model’s performance to avoid overfitting. By dividing the data into subsets and
using different subsets for testing and training, cross-validation helps to provide a more
accurate estimate of the model’s performance on new data. The value of k (the number
of subsets or folds) is assigned to 10 as it gives low bias with good variance [9]. With
k = 10, the dataset will be randomly divided into ten parts, nine groups are used for
training and one is set aside for testing. This procedure is repeated ten times, saving a
different subgroup for testing each time. The mean accuracy and the standard deviation
(SD) of 10-fold are used as evaluation matrices of the tone recognition systems.

A pilot experiment with a single male speaker speech samples was conducted to
check the mean accuracy and the SD of 10-fold cross-validation using the features Setl
and Set2. Table 6.4 presented the model’s performance, trained and tested on three
types of data: monosyllabic, disyllabic and all pairs of words in the ManiTo corpus. It is
observed that the model achieved 93.29% of the highest accuracy on monosyllabic data
employing the feature Set2. On average, there is a 2.67% improvement when the feature
Set2 is applied.

A detailed experiment is performed using 20 speakers of 17,837 utterances, of which
11 are males and 9 are females. The first analysis is based on gender and syllable number
(monosyllable and disyllable). People have a wide range of vocal pitch. As the feature

vectors depend on the pitch, gender-dependent analysis is performed as male voices
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Table 6.5: Tone classification results for monosyllabic word pairs

Gender  Feature Set Result Classifier
SVM LSTM RF KNN
Setl Mean Accuracy(%) 80.85 80.47 77.73 80.74
SD 1.96 1.92 1.39 247
Male
Set2 Mean Accuracy(%) 82.51 82.95 82.69 81.75
SD 1.96 1.64 2.09 1.72
Setl Mean Accuracy(%) 67.50 66.82 69.80 70.63
SD 2.06 2.11 1.72 2.22
Female
Set2 Mean Accuracy(%) 74.96 74.71 77.54 77.02
SD 240 2.25 223 1.82

Note: The highest mean accuracy is highlighted in bold for each gender.

Table 6.6: Tone classification results for disyllabic word pairs

Gender  Feature Set Result Classifich
SVM LST™M RF KNN
Setl Mean Accuracy(%) 75.76 75.53 74.50 75.87
SD 221 1.88 0.008 2.24
Male
Set2 Mean Accuracy(%) 82.34 82.74 83.83 82.02
SD 1.22 1.36 0.01 1.16
Setl Mean Accuracy(%) 67.81 67.93 68.19 70.76
SD 2.89 2.65 2.39 1.94
Female
Set2 Mean Accuracy(%) 77.74 77.47 79.04 78.17
SD 1.53 1.62 1.74 1.34

tend to have a lower pitch than female voices. A comparative experiment on the four
classifiers, SVM, LSTM, RNN and KNN, utilizing the two feature sets, Setl and Set2, is
conducted to investigate the two tones of Manipuri. The result in Table 6.5, Table 6.6
and Table 6.7 show the four classifier approach with the tone features, Setl and Set2 for
the monosyllabic word, disyllabic word and all pair of words respectively.

In each experiment, the tone feature Set2 outperforms Setl, achieving the highest
mean accuracy of 82.95% and 77.54% for male and female speakers, respectively, for
monosyllabic words, 83.83% and 79.04% for disyllabic words and 80.26% and 76.51% for
all pairs of words for male and female speaker. Male speech has a higher tone recognition

rate than female speech. The distribution of muscle and tissue in the throat and mouth
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Table 6.7: Tone classification results for all word pairs

Gender  Feature Set Result Classifier
SVM LSTM RF KNN
Setl Mean Accuracy(%) 75.52 75.38 72.65 75.65
SD 1.04 0.76 1.46 1.003
Male
Set2 Mean Accuracy(%) 79.53 80.03 80.26 79.65
SD 1.24 0.97 0.84 1.37
Setl Mean Accuracy(%) 66.08 65.66 65.34 66.97
SD 1.93 2.01 0.18 1.58
Female
Set2 Mean Accuracy(%) 73.93 74.47 76.51 74.96
SD 1.69 0.008 1.16 1.00

Table 6.8: Precision, Recall, and F1 Score for Highest Mean Accuracy Using Set2 across Different
Data Sets and Genders

Data Gender Model Mean Accuracy(%) Precision Recall Fl1 score

Monosyllabic Male LSTM 82.95 82.33 83.33 82.73
word pairs

Female RF 77.54 77.61 77.17 77.35

Disyllabic Male RF 83.83 85.12 82.34 83.67
word pairs

Female RF 79.04 78.94 81.12 79.98

All Male RF 80.26 80.92 79.17 80.01
word pairs

Female RF 76.51 76.57 76.35 76.44

can also affect the pitch and tone of a person’s voice. Women tend to have more muscle
and tissue in the pharynx and mouth, which can help shape and modify the sound of
the voice, resulting in a more complex and varied range of tones and inflections. The
RF classifier outperforms the other classifiers on average due to its ensemble nature,
flexibility and ability to handle complex datasets while minimizing overfitting, achieving
the highest mean accuracy of 83.83%

Table 6.8 validates the highest mean accuracy result in Table 6.5, Table 6.6 and Table
6.7 obtained across different word pairs and genders employing the feature Set2 based
on metrics such as precision, recall and F1 score. Fig. 6.7 displays the confusion matrix
resulting from applying 10-fold cross-validation to the data presented in Table 6.8. The
study aims to evaluate how well these models can classify word pairs based on their

syllabic structure, considering potential variations across genders.
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Fig. 6.7: Confusion
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The results indicate varying performance across different types of word pairs and
genders. Generally, RF consistently outperformed LSTM across all categories in terms
of mean accuracy, precision, recall, and F1 score. Both LSTM and RF achieved relatively
high accuracy for monosyllabic word pairs, with RF performing slightly better for both
genders. In contrast, for disyllabic and all word pairs, RF consistently demonstrated
higher accuracy, precision, recall, and F1 score than LSTM, suggesting RF’s robustness
in handling different data types. Based on the analysis, Random Forest emerges as
a preferable model for classifying word pairs based on syllabic structure, exhibiting
superior accuracy and predictive metrics performance across all evaluated categories.

The second analysis focuses on a speaker-dependent approach. The tone features
from Setl and Set2 are employed and individually assessed by the four classifiers, each
applied to every speaker separately. The results of tone recognition are depicted in
Fig. 6.8 for SVM and LSTM classifiers and in Fig. 6.9 for RF and KNN classifiers,
employing feature Setl and Set2. The evaluation covers various data types for each
speaker, including monosyllabic, disyllabic and all word pairs. The bar graph in Fig. 6.8
and 6.9 illustrates tone recognition’s 10-fold cross-validation mean accuracy. Feature
Setl is represented by orange, while Set2 is represented by blue.

It is observed that the blue bar is consistently superior to the orange bar in most cases,
indicating the better performance of Set2 compared to Set1. Specifically, in KNN classifier
Fig. 6.9b, Fig. 6.9d and Fig. 6.9f, for speakers aged 29, 32, 34 and 45 (corresponding to
IDs 4, 2, 1 and 3), feature Setl outperforms Set2. This slight superiority of Setl is due
to the comparatively lower quantity of speech samples for these specific speakers, as
detailed in Table 4.3. Despite this observation, the overall performance of KNN is better
in the case of Set2 when compared with Set1.

Similarly, Set2 excels in other cases, achieving the highest accuracy of 98.33% (Speaker
ID 8, age 29, Fig. 6.9a) for monosyllables using the RF classifier, 99.28% (Speaker ID 20,
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Fig. 6.8: Tone recognition results using SVM and LSTM classifier utilizing feature Setl and Set2 on
different data types for each speaker.
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Fig. 6.9: Tone recognition results using RF and KNN classifier utilizing feature Setl and Set2 on
different data types for each speaker.
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age 70, Fig. 6.8c) for disyllables and 98.46% (Speaker ID 8, age 29, Fig. 6.8e) for all pairs

using SVM.
Table 6.9: Tone classification results in speaker dependent scenario
Data Type Feature Set Average mean accuracy(%) for 20 speakers

SVM LSTM RF KNN

Monosvllable Setl 85.12 84.84 84.23 83.784

Yy Set2 87.12 87.30 87.68 83.781

Disvllable Setl 82.35 83.25 82.49 80.78

Y Set2 86.46 87.34 87.14 82.90

All word Setl 80.82 81.00 80.50 80.85

Set2 84.68 84.74 85.14 81.67

Table 6.9 displays the average tone recognition mean accuracy achieved by the four
classifiers in the speaker-dependent approach across various utterance types. Notably,
Set2 demonstrates superior performance to Setl, attaining the highest accuracy values of
87.68%, 87.34% and 85.14% for monosyllables, disyllables and all word pairs, respectively.
The RF classifier consistently delivers elevated results on average when applied to the

feature Set?2.

6.4 Conclusion

This study analyzes tone recognition systems for the tonal language Manipuri. The
speech corpus developed in this work is a handcrafted database consisting of 17,837
samples of 54 pairs of tonal contrast words from 20 native speakers. Two feature sets are
applied to detect Manipuri’s falling and level tones. Five features are extracted from the
pitch contour in the first feature set and for the second set, along with five pitch-derived
features, shimmer and jitter parameters are added to the features vector. Incorporating
the feature sets with a low-complexity machine learning classifier, SVM, LSTM, RF
and KNN makes it well-suited for novice Manipuri tone recognition. Comparative

experiments validate the superior performance of the RF model on the second feature set,

91

TH-3434_186101010



highlighting its advantages in terms of high recognition accuracy, simplicity and robust
learning capability. It also indicates that the pitch variation between the gender and the
variation induced by co-articulation between syllables influence the tone recognition
rate of the Manipuri tone. The primary applications of this approach are envisioned
to benefit individuals with disabilities and children learning Manipuri as their second
language. Specifically, it can contribute to developing an application designed to aid
native Manipuri speakers in learning Manipuri systematically, focusing on accurate

pronunciation and improving their language skills.
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Conclusion and Future Work

This thesis represents a significant step forward in understanding and processing Ma-
nipuri tones, contributing valuable insights to the broader field of linguistics and tech-
nology. We have achieved several key findings by developing the ManiTo speech corpus,
analyzing Manipuri tones and identifying avenues for future research.

First and foremost, creating the ManiTo dataset, comprising over 17,837 samples
of isolated Manipuri tonal contrast words collected from 20 native speakers, amount-
ing to a size of 1.03 GB, fills a critical gap in resources for studying Manipuri tones.
This development signifies a significant milestone in facilitating research and technol-
ogy initiatives to understand and process the Manipuri language. Through meticulous
recording, annotation and organization, the dataset now serves as a valuable resource for
investigating tonal contrasts and patterns within Manipuri speech. Including speakers
from diverse age groups and recording environments enhances the dataset’s robustness
and applicability across various linguistic contexts. Two variants of the dataset have
been developed to augment its utility. The first variant, ManiToSpc, comprises spectro-
grams extracted from the WAV files in the ManiTo corpus, providing a two-dimensional
representation of the audio data. The second variant, ManiToScl, consists of scalograms
generated from the audio files, offering additional insights into the tonal characteristics
of Manipuri speech. These representations pave the way for applying deep learning
techniques treating audio data as images, thus fostering future research and analysis

opportunities in audio processing and classification.
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Our method of analyzing Manipuri tones through amplitude normalization and
pitch length normalization has yielded valuable insights into the distinctive features
of falling and level tones. Examining pitch contours has enabled us to identify crucial
parameters that effectively distinguish between these tonal qualities. Specific character-
istics, including the slope and height of the pitch contour, emerge as significant factors in
discerning Manipuri tones. Additionally, our exploration of gender-specific speech data
underscores the critical role of gender speech normalization in tonal contrast analysis.
The findings emphasize the necessity to account for gender-related variations in pitch
characteristics, reinforcing the importance of accurate and meaningful comparisons in
Manipuri tonal contrast analysis.

Our study on tone detection systems employing acoustic features has revealed the
efficacy of integrating shimmer and jitter parameters alongside pitch derived features.
Our methodology extracted five features from the pitch contour to form the first feature
set. Furthermore, we augmented five pitch-derived features with shimmer and jitter
parameters for the second set, culminating in a comprehensive feature vector.

Integration of these feature sets with low-complexity machine learning classifiers
such as SVM, LSTM, RF and KNN proved to be well-suited for a Manipuri tone recog-
nition system. Comparative experiments validate the superior performance of the RF
model on the second feature set, highlighting its advantages in terms of high recognition
accuracy, simplicity and robust learning capability. Furthermore, our analysis indicates
that pitch variation between genders and variations induced by co-articulation between
syllables influence the tone recognition rate of the Manipuri tones. The primary ap-
plications of this approach are envisioned to benefit individuals with disabilities and
children learning Manipuri as their second language. Specifically, it can contribute to
the development of applications designed to aid native Manipuri speakers in systematic

learning, focusing on accurate pronunciation and language skill improvement.
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Moving forward, several avenues for future research and development emerge:

* Expansion and refinement of the ManiTo dataset: Continuous updates and expansions
to the dataset will enhance its relevance and effectiveness in supporting future

research and technological advancements in Manipuri language processing.

* Gender speech normalization: Further analysis is needed to develop robust methods
for gender speech normalization, ensuring accurate and meaningful comparisons

between male and female speech data in Manipuri tonal contrast analysis.

* Exploration of deep learning techniques: The adoption of deep learning techniques
for tone recognition in Manipuri holds promise for advancing the accuracy and
efficiency of Manipuri ASR systems. Future research could explore the appli-
cation of convolutional neural networks (CNNs) and recurrent neural networks
(RNNSs) to leverage the spectrogram and scalogram representations provided by

the ManiTo dataset.

* Development of educational applications: The development of educational applica-
tions designed to aid native Manipuri speakers in learning the language system-
atically could benefit from the insights gained in this study. Such applications
could focus on accurate pronunciation and language skill improvement, catering
to individuals with disabilities and children learning Manipuri as their second

language.

In conclusion, this thesis marks a significant contribution to the understanding and
processing of Manipuri tones. By leveraging technology and linguistic insights, we
aim to promote the appreciation and understanding of Manipuri tones while fostering

inclusivity and accessibility in language learning and communication.
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