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ABSTRACT

Keywords: Speech synthesis, unit size, syllable, approximate magciglobal syllable set.

A text-to-speech system converts the given text into cpoeding spoken form. A
widely used approach of building text-to-speech systemasetl on concatenation of speech
segments and is often referred to as concatenative systteesinique. This method uses
prerecorded speech units, which preserve co-articularah prosody of the spoken lan-
guage. The quality of the synthetic speech is thus a direxttion of the available units,
making the choice of unit size is an important issue. For ggoality synthesis, all the
units of the language should be present. In the context oamnldnguages, syllable units
are found to be a much better choice than units like phon&podig, and half-phone and are
widely used to build syllable based synthesizers. Howareimportant issue not addressed
in the earlier works on syllable based synthesizers foramdianguages is the coverage of
all possible syllables. The coverage of syllables in andndanguage is a non-trivial issue
and it is difficult to build a speech database that provides@goverage of all syllables.
Hence syllable based synthesizers built for Indian langsag earlier work use a back-off
strategy using diphone or phone to synthesize an utterahea @ particular syllable is not
found in the speech database.

The question we would like to ask in this work is whether aaylik based synthesizer
could be built without using any lower level units such aphane or diphone as back-off
units but still address the issue of coverage of syllablds.ih this context, we have investi-
gated two approaches namely: 1) Approximate matching olladg and 2) Global syllable
set. Approximate matching of a syllable deals with findingeanest syllable either by sub-
stitution or by deletion of one of its phones. The hypothesikat the perceptual mechanism
of human beings may not notice a significant difference if a& an approximately matched

syllable during synthesis of an utterance. The idea of dleyi#able set deals with merg-



ing syllable level units from different Indian languagesteate a larger syllable database.
However, such a database has to deal with multiple voiceitteenassociated with different

speakers. To address this issue we propose a cross-lingaaloonversion technique based
on artificial neural networks. The usefulness of approxe@maatching of syllables and use
of global syllable set with supportive experimentation aesllts are presented in this the-
sis. The contributions of this work are 1) experimental ewice that approximate matching
of syllable could be used in syllable based text-to-spegstems in Indian languages, 2)
use of global syllable set for building text-to-speech ey in Indian languages, 3) use of
cross-lingual voice conversion technique and 4) a methogrfaning large unit selection

databases to be able to deploy text-to-speech synthesiadgtigal applications.
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CHAPTER 1

Introduction to Text-To-Speech Synthesis

1.1 SPEECH PRODUCTION AND PERCEPTION MECHANISM

A series of events that occur from formulation of a messaghenspeaker’s brain to the
perception of the message in the listener’s brain is caledspeech chain. This chain
comprises of speech production, transmission through aumeand the speech perception

processes [1].
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Fig. 1.1: The human speech production system.

The speech production mechanism is understood better lolyistuthe anatomical
structure of human vocal system shown in Figure 1.1. A hun@alvsystem primarily
consists of vocal tract, nasal cavity and vocal cords. ThwaMpact extends from the vocal
cords in the throat to the lips in the oral cavity, and the nigsin the nasal cavity. The
shape of the vocal tract is modified by the position of thecatditors, namely the velum, the
jaw, the tongue, and the lips. The shape determines thefgéramsction of the vocal tract

response to an excitation signal. Speech production carelxed as a filtering operation in
1



which a sound source excites a vocal tract filter; the sourag Ine either periodic, during
voiced speech, or noisy and aperiodic in the casermafoiced speech. In some sounds both
types of excitation may be present at the same time.

The speech perception process is concerned about how tessenter the listener’s
ear are converted into a linguistic message. Two eventsnaodved in this process: (a)
audition or hearing, which registers speech sounds in thi& band (b) message decoding,
I.e., the process of decoding the message from the neuralsegtation of sounds.

To build natural interfaces for human-computer interacttas essential to make com-
puters capable of producing and recognizing speech as doharban beings. Often the
production or synthesis of speech by a machine is referrad text-to-speech and recogni-
tion of speech by a machine is referred to as automatic sgeeolnition. In this thesis, we

deal with building text-to-speech synthesis.

1.2 TEXT-TO-SPEECH SYNTHESIS

Text-to-speech (TTS) or speech synthesis is a process ichvitnput text is rendered into
audible speech. A TTS system is composed of two parts: a-&odtand back-end. The
front-end is text analysis. During text analysis the inpxttis processed to produce a
sequence of sounds (referred to as phones) to be syntheSiaedack-end referred to as

the synthesizer, generates the speech waveform for thesegof phones.

1.2.1 Approaches to build a synthesizer

There are three primary approaches for building a syntaesihey are: articulatory synthe-
sis, parametric synthesis, and concatenative synthekis.following sub sections discuss

the details of each of these approaches.



1.2.1.1 Articulatory synthesis

Articulatory synthesis is the production of artificial speeby means of simulation of the
action of human vocal apparatus. It is the only speech sgigistrategy that attempts to
produce speech by modeling human speech production. Adrddithniques involve mod-
eling the temporal and/or spectral structure of speechatsgnith no consideration being
given to the articulatory and neuromuscular control prec¢kat underlay the production of

speech.

1.2.1.2 Parametric synthesis

Acoustic parameters such as formants and Linear Predi@mefficients (LPC) are ex-
tracted from the speech signal of each phone unit. Duringhggs, the input string of
phones is converted into a set of values of acoustic parasnatel is synthesized. The val-
ues are given at regular interval of about 10 millisecondbécsynthesizer. The synthesizer
is typically formant synthesizer, which receives input asifant frequencies, amplitudes,
bandwidths, and excitation information. Examples of e&oslynant synthesis systems are
Klatt's formant synthesis [2] and MITalk [3]. Deriving thales for parametric synthesis is
tedious and the quality of synthesis appears artificial abatic. This has led to develop-
ment of concatenative synthesis where the examples of lspeéts are stored and are used

during synthesis.

1.2.1.3 Concatenative synthesis

Concatenative synthesis produces good quality synthespzeech [4]. The speech units
used in concatenative synthesis are typically at diphoved.I®iphone synthesis stores the
transitions between all the different sound units, whictund¢ogether in the target language.
Examples of diphone synthesizers are Festival diphondegist[5] and MBROLA [6].

In diphone synthesis, only one example of each diphone arstared. It does not
represent spectral variations of a unit occurring in défércontexts and thus can attain

limited amount of naturalness. This issue has led to unécsiein synthesis where multiple

3



examples of a unit along with the relevant linguistic andrtac context are stored and used
in unit selection synthesis. The idea is that for each unibhexe a number of choices that
vary in terms of prosody and other characteristics. Duryrgteesis, an algorithm selects
one unit from the possible choices, in an attempt to find tte beerall sequence of units
which matches the specification.

Unit selection synthesis produces high quality synthgtéesh. However, to obtain such
quality, a large amount of speech data is necessary andifticaitf to collect, segment, and
store this data. An alternative is to use statistical maekéarning techniques to infer the
specification-to-parameter mapping from speech data. diwstaicting statistical machine
learning based systems, the use of Hidden Markov Models (l$MMs been widely used
and has made a significant progress [7, 8]. However, HMM bagethesizers are still at

their nascent stages and are beyond the scope of this thesis.

1.3 ISSUES IN UNIT SELECTION SYNTHESIS

1.3.1 Unitsize

Concatenative speech synthesis uses pre-recorded spatctvhich preserve coarticula-
tion and prosody of the language [9]. The basic unit couldrieeal the linguistic units such
as phone, syllable, word, etc. The basic unit may be stordteiform of raw signal data or
in the form of parameters. The quality of the synthetic shegthus a direct function of the
available units, making unit size an important issue. Fadgguality synthesis, all the units
of the language should be present. A trade-off exists betwaeyer and shorter units [10].
Longer units are more desirable compared to shorter undause they preserve natural-
ness over longer durations and result in fewer concatanptmts in the synthetic speech.
However, the coverage of longer units in the speech databaseon-trivial issue. An ideal
concatenation system would synthesize each utterancg asset of units of suitable size
that produces the utterance naturally, in terms of bothtsp@cand prosody, without any

post processing.



1.3.2 Building a speech corpora

The aim of a TTS system is to synthesize any kind of textualtifgr a given language. To
achieve this, the speech database must at least have a ‘&teirg@t of units according to the
choice of unit. Itis impossible to have full coverage inghglall combinations of intonation,
but all practical systems should have at least the capatuliproduce a roughly appropriate
unit (matching spectral envelope, if not prosody) for angdesl sound. Early TTS systems
efficiently used very small database inventories, e.g.p&mphones or allophones. But
such systems needed to do major modifications to the storiésl amd as a result, often
had average quality. More recently, the trend has changestbte thousands of units to
produce synthetic speech. With such database, requirésl anei automatically extracted
to synthesize any text. Database design has been a majoofareszent TTS research. In
fact, a lack of uniform pronunciation ( in terms of clarityfaet, intonation and speaking
rate) seriously affects TTS quality, when the number of latsée database units is small,
compared to the number of potential different sound segse(i®., hundreds of thousands,
or more) that may be solicited during TTS operation. Givenmermowerful computers in
recent times, a natural tendency is to consider much lagtabdses, where the uniformity
of a training speaker, is much reduced as an issue. Oneesiilines a lot of speech data from
such a speaker, but no longer needs to maintain a uniform. $tydleed, a large diversity of

natural speech is desired, so as to cover a larger range sibpibies in TTS input texts.

1.3.3 Joining cost

Another fundamental issue in all unit selection speechh®gis systems is joining of units.
Whether the units consist of waveforms or spectral patténesyay they are joined is often
evaluated by some similarity or distance measure (callemh ‘fost”), so as to minimize
the discontinuities. In natural speech, the acoustic $ifioas smoothly from phone to
phone and from word to word, with one speaker producing thieeesignal, following the

objective of producing a coherent utterance to facilitatenan communication. In TTS,

on the other hand, successive units are chosen from diveusees; (while from the same



speaker, they still vary greatly in duration, intonatiordastyle) thus the units will have
various degrees of mismatch at the boundaries. A suitabtardie measure would greatly
assist both in choosing the units to join and in their adjestnfior better transitions between
the joined units. A significant focus recently has been onctiiteria for choosing units,
both at training time and at synthesis time [11]. Howeveg, destion regarding what is

perceptually important in waveform concatenation stithegns.

1.3.4 Pruning of units

In recent years there has been a growing demand for smatirfobhigh quality TTS sys-
tems; a demand which comes mainly from the automotive andhtitgle devices market.
Typical requirements put a (L0MB or less) limit on the sizespéech database. A typical
TTS system needs to cover multiple acoustic instances agdh®e unit. As a result, high
guality concatenative TTS systems tend to require a largeuatrof disk and memory re-
sources, ranging from tens to hundreds of megabytes, evarsiogle voice [12]. For server
based TTS systems this problem is not a severe one, but fdi; siarad-held and other low
resource devices this size makes the concatenative TT8nsystsuitable for implemen-
tation. Hence, methods are taught to prune the databaseutitthegrading the quality of

synthesis.

1.4 EVALUATION CRITERIA FOR TEXT-TO-SPEECH SYSTEMS

In order to evaluate the quality of text-to-speech systesubjective and objective evalua-
tions are used. In subjective evaluation, the synthetiedpes played to native speakers and
their view on the quality of speech is sought. In objectivaleations the synthetic speech
is compared with the natural speech utterance and metrats a1 spectral distortion are

computed. The following sections discuss more about eattiase



1.4.1 Subjective evaluation

1.4.1.1 Mean opinion score (MOS)

Mean opinion score is probably the most widely used and @stphethod to evaluate
speech quality in general. Itis also suitable for overadlleation of synthetic speech. MOS
is a five level score between 1 (worst) to 5 (best). The listetask is to evaluate the syn-
thetic speech with scale mentioned in Tale 1.1 below. Howelre use of simple five level
scale is easy and provides some instant explicit informattee method gives any segmental

or selected information on which parts of the synthesisesgsthould be improved [13].

Table 1.1: Scale used in MOS.

Scale| Meaning
1 Worst
2 Poor
3 Fair
4 Good
5 Best

1.4.1.2 AB-Test

AB-Test is also mostly used subjective evaluation for conmggiwo synthesis techniques.
In this method, each listener is subjected to the same snsymthesized by two different
synthesizers are played in random order and the listenskéxdo decide which one sounds

better for him/her. They also had the choice of giving thaslen of equality.



1.4.2 Obijective evaluation

1.4.2.1 Mel cepstral distortion

Mel cepstral distortion (MCD) is an objective error measusedito compute cepstral dis-
tortion between original and the synthesized MCEPs. Le$geMCD value the better is

the synthesized speech. MCD is essentially a Euclideanristdefined as
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MCD = (10/In10) * J 2 % Z (mct — mc)? (1.1)

=1
wheremc! andmc¢ denote the target and the estimated MCEPs, respectively. M@Beid
as an objective evaluation of synthesized speech [14]rimddy it is observed in [14] that
an absolute difference of 0.2 in MCD values makes a differamtiee perceptual quality of

the synthesized signal and typical values for synthesipedch are in the range of 5 to 8.

1.5 THESIS STATEMENT

In this thesis, we primarily address the issue of unit sizéhanframework of unit selec-
tion synthesis in the context of Indian languages such adiHielugu and Tamil. Earlier
works [15] have shown that syllable unit is a better choi@nttiphone, phone, half-phone
for building text-to-speech systems. However, the issueowérage of syllables is poorly
addressed in these efforts [15, 16] . The problems that aheeasked in this thesis are as fol-
lows: 1) When a particular syllable to be synthesized is nes@nt in the speech database,
how do we select a nearest syllable unit so that the intbllityi of the speech is not affected
2) How to increase the coverage of syllables by pooling dpdatabases from several lan-
guages and 3) Typically, a unit selection database cordistsltiple examples of a syllable.
So the question is, how to prune redundant units and creatptanal set of syllable units

without degrading the quality of synthesis.



1.6 CONTRIBUTIONS

The contributions of this work are 1) experimental evidetid approximate matching of
syllable could be used in syllable based text-to-speedksysin Indian languages, 2) devel-
opment of text-to-speech system using approximate majafisyllables, 3) use of global
syllable set for increasing the coverage of syllables arlilding text-to-speech systems in
Indian languages and 4) use of cross-lingual voice cormetsichnique for handling multi-
ple voice identities in global syllable database. 5) A mdtfay pruning large unit selection

databases to be able to deploy in hand-held devices.

1.7 ORGANIZATION OF THE THESIS

The remainder of this thesis is organized in the followingrfat.

e Chapter two gives the overview of text-to-speech synthesistheir applications,
primary components of the text analysis and speech geoeraiethods. It also
discusses the various size of units used in the unit sefesyinthesis and their draw

backs. This chapter concludes with the need for approximatehing of a syllable.

e Chapter three hypothesizes that even if there are some piation mistakes in an
utterance, human beings can understand the utterancewvahy difficulty. Based
on this hypothesis some experiments have been conductepgpooxanate match-
ing on naturally spoken utterances with the help of subjeatvaluation. Here the
syllable is approximated by either phone substitution @nghdeletion. Subjective
evaluations have shown that a few phones could be substitutdeleted in the syl-
lable when required syllable is not available. Similar ajg@h has been used in

building text-to-speech synthesis for Telugu, Hindi anchila

e Chapter four explains the use of global syllable set for lngdext-to-speech sys-
tems in Indian languages and explains why this techniquédeamployed in Indian
languages. A baseline system has been built using a glab&lla#iple voice identi-

ties are observed in the resultant synthetic speech as ttseane chosen from multi-
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ple databases recorded by different speakers. This issuedes addressed with the
use of cross-lingual voice conversion technique for hawgdtultiple voice identities

in global syllable database.

Chapter five explains the need for database pruning in urecgeh. Three tech-
niques have been proposed to reduce the database. Finsigieetuses simple av-
erage method, second method applies principle componetysas and the third

method uses dynamic time warping.

Table 1.2 provides evolution of ideas, algorithm and apgnea presented in this

thesis.

10



Table 1.2: Evolution of ideas presented in the thesis.

Concatenation of pre-recorded speech units is widely used techniqueiiacerintelligible

and good quality synthetic speech.

Most important aspects in concatenative synthesis is to find correctzmit s

In the context of Indian languages, syllable units are found to be a mutér lokoice
than units like phone, diphone and half-phone. Even the syllable syrghesiaffer from

coverage of syllables.

Issue of syllable coverage is addressed with the help of approximate nwatdtsgllable

when required syllable unit is not found.

— An algorithm for approximate matching of syllables is introduced and is validated

using perceptual listening tests.

— The algorithm for approximate matching of syllables is incorporated in Indian|la
guage text-to-speech synthesis.

e Use of global syllable set is another method introduced to address theage\a syllables

— A global syllable set is created by pooling speech databases from multgdéess

recorded in different Indian languages.

— Synthesized sentence using global syllable set contains multiple voice ideatities

hence create perceptual distortions.

— An algorithm for cross lingual voice conversion is introduced to avoid multiplee

identities.

— Development of text-to-speech system using global syllable set.
e Database size of the global syllable set increases as we combine multiplejasgua one

database and hence difficult to deploy in hand-held devices of smaller meajacity.
11

e Three techniques are proposed for reducing the size of speeclastdlney are:

— Average and Euclidean distance method.

— Principle component analysis.

— Dvnamic time \wwarninao



CHAPTER 2

Review of Text-To-Speech Synthesis

Current chapter discusses the applications of text-to-speech systesa$world and primary com-
ponents of a text-to-speech system. Later a survey is given on the afaicd in the recent de-
velopments of text-to-speech systems. A discussion is provided on whiahleys a suitable unit
for building Indian language synthesizers and the associated difficuliilesegpect to coverage of

syllables explained.

2.1 TEXT-TO-SPEECH SYSTEM

A Text-to-speech (TTS) system deals with conversion of text into spikem. Now-a-days, TTS
systems are used in many applications such as car navigation systems, fitiorratieval over
telephone, voice mail, language education, screen readers, spegmetth translation systems and
so on. The goal of a TTS system is to synthesize speech with natural hugitgncharacteristics

and, furthermore, with various speaker specific individualities and ensotion

Input :
peech

Text Text Analysis Phone} Waveform .

Sequence Generation

Fig. 2.1: Basic Architecture of Text-to-Speech synthesis/
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Figure 2.1 shows the block diagram of a TTS system having two comporefetsed to as
text analysis and wave form generation. Text analysis includes divitlimgext into sentences and
words, assigning syntactic categories to words, grouping the words vaitbémtence into phrases,
identifying and expanding abbreviations, recognizing and analyzingessions such as dates, frac-
tions, money, and grapheme-to-phone conversion. The second centp@generally referred to as

a synthesizer which generates the speech waveform for the givearsasxof phones.

2.2 TEXT ANALYSIS

Generally the input to a TTS system is raw text as available in news webdibgs, blocuments,

etc. The text available in these documents is either standard words, whialiakable in a standard
dictionary, or non-standard words such as addresses, numbeenay symbols, abbreviations, etc.
The goal of a text processing module is to process the input text, normatizethstandard words,

predict the prosodic pauses and generate appropriate phone cedoregach of the words.

2.2.1 Text normalization

Unrestricted text includes standard words and non-standard wofM/{NStandard words have a
specific pronunciation that can be phonetically described either in a legatsmreferred to as pro-
nunciation dictionary) or by letter-to-sound rules. Where as NSW arénad in lexicon, some of
the typical examples are years such as “1901”, “2005", “200 BCthskind of words is referred
to as NSWs and converting them into standard word process is called texalimation. There are
various kinds of NSWs available in our regular usage of text. A few of thesl) numbers whose
pronunciation depends on its type such as currency, telephone nuribeode, etc. For example

518313 can be read differently depending on whether it is curren®jeghone number. 2) Abbre-
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viations, contractions, acronyms such as BBC, UK, etc., 3) Punctuatyren®/or 4) dates, time,
units and URLSs.

In English and many other languages, there are hundreds of wordsatfeathe same text, but
different pronunciation. These words are called homograph disanibjweords. For example a
common example in English igad which can be pronounced &sad or red depending upon its
meaning. The concept extends beyond just words, and into abbresgiatidmumbers. The acronym
“ft” has different pronunciations lifrt. Wayne” and“100 ft”" . Likewise, the digits1997” might
be spoken atineteen ninety sevenif the person is talking about the year, ‘@ne thousand nine
hundred and ninety sevenif the person is talking about the number of people at a concert. Machine
learning models such as Classification and Regression Trees (CARI3etddo predict the class of
NSW which are typically followed by rules to generate appropriate expangi@NSW into standard

words [17].

2.2.2 Grapheme-to-phone conversion

Grapheme-to-phone conversion is a process which accepts orthagtext and produces an appro-
priate phone sequence. In other words, it maps letters to phones, thesbasds of a language.
Some languages such as Spanish, Telugu, Kannada, have a regtittey syistem, and the predic-
tion of the pronunciation of words based on their spellings is quite sucte$sir languages such
as English and Hindi, the relationship between orthography and promiemncia complex. Speech
synthesis systems use two approaches to determine the pronunciationrdflzased on its spelling.
The first approach is the dictionary-based approach, where a latgmdry containing all the words
of a language and their correct pronunciations are stored. Determirdragpthect pronunciation of

each word is a matter of looking up each word in the dictionary and replacengghlling with
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pronunciation specified in the dictionary. To handle the unseen wordg dli¢chionary, a grapheme-
to-phone system is built using machine learning technique [18]. The degproach is rule-based,
[19, 20] used for transcribing text into phonetic strings. The algorithnméado hundreds of rules.
However, all these rule-based systems recognize the fact that it isitfifichave a complete set of
rules which cover all cases of the language. Therefore, they makedhisipn of including a user
updated lexicon. The user is able to update the lexicon with any new worgi®ounciations if

required. The issue with this approach is that the complexity of the rulessggobstantially as the

system takes into account irregular spellings or pronunciations.

2.2.3 Prosodic analysis

Finding correct intonation, stress, and duration from written text is fnglthe most challenging
problem. These features together are called prosodic or supra sefjfaahiees and may be con-
sidered as the melody, emphasis, and rhythm of the speech at the pardeyptll Intonation is
primarily a matter of variation in the pitch or fundamental frequency level ofithee. The prosody
of continuous speech depends on many separate aspects, such aarheroéthe sentence, the
characteristics of the speaker and emotions [21]. The prosodic depaed are shown in Figure
2.2. Unfortunately, written text usually contains very little information of thessres and some
of them change dynamically during speech. However, with some specificot@haracters this
information may be given to a speech synthesizer. Timing at sentence tegeduping of words
into phrases is difficult because prosodic phrasing is not always chamkext by punctuation, and
phrasal accentuation is almost never marked [22]. If there are nthipaases in speech or if they
are in the wrong places, speech may not sound natural or the meanirgs#rttence may be mis-

understood. For example, the input string “John says Peter is a liar’ecapdken as two different
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ways giving two different meanings as “John says: Peter is a liar” dirfJsays Peter, is a liar”. In

the first sentence Peter is a liar, and in the second one John is a liar.

Speaker characteristics

——Gender, Age
_ Feelings E Prosody » Fundamental frequen
——Anger,Happiness, Sadness ——Duration, Stress

Fig. 2.2: Prosodic dependencies

2.3 SPEECH GENERATION METHODS

The methods of conversion of phone sequence to speech wavefatdbeocategorized into articu-

latory synthesis, parametric synthesis, and concatenative synthesis.

2.3.1 Articulatory synthesis

Articulatory synthesizers attempt to produce speech by modeling the hurmechsproduction sys-
tem. They typically involve models of the human articulators and vocal corties& models are
moved towards target positions for each phone using rules. The rilestrine dynamical con-
straints imposed upon the articulators by their masses and associated mimsoleer to generate
speech, the shape of the vocal tract defined by the positions of thelatdisus usually converted
into a transfer function, for example by estimating area functions or forfneqiencies [23]. The
vocal cord model may be similarly used to generate an appropriate excitagiwl. sThe synthesis
problem is thus converted into one of specifying articulator targets fdr paone, and accurately

modeling the articulator dynamics. Klatt [2] suggests that the latter is the majblepmovith this
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form of synthesis, mainly due to lack of data.

2.3.2 Parametric synthesis

Parametric synthesizers are also called as synthesis-by-rule. Acoarstiogters such as formants
and Linear Prediction Coefficients (LPC) are extracted from the spgigolal of each phone unit.
During synthesis the input string of phones are converted into a setludsvaf acoustic parame-
ters and are synthesized. The values are given at regular interahloot 10 milliseconds to the
synthesizer, which is typically a formant synthesizer, which receivast iap formant frequencies,
amplitudes, bandwidths, and excitation information. Examples of early forgyamiesis systems
are Klatt’s formant synthesis [2] and MITalk [3]. Parametric synthesiga&dn into two parts as

format synthesis and linear prediction synthesis which are discussedfoiltveing sub sections.

2.3.2.1 Formant synthesis

Formant synthesis often called synthesis-by-rule, adapts modular, taskdl, acoustic-phonetic
approach to the synthesis problem. Formant synthesis employs sounceittel of speech synthe-
sis, in which the vocal tract filter is constructed from a number of resmgsimilar to the formants
of natural speech. Up to three formants are generally required to syzetietelligible speech, with
four or five being sufficient to produce high quality speech. Each fotrisausually modeled using
a two pole resonator, which enables both the formant frequency andnitivirith to be specified.
Formant synthesizers are smaller in size since they do not have a hugastatd speech samples.
They can be used in mobile phones, PDAs and embedded systems whereyrapthpower are es-
pecially limited. Early formant synthesis systems such as Klatt’s formant ssiath2] and MiTalk

[3] can achieve a high level of intelligibility but typically sound robotic. A majdtetan formant
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synthesis is to specify formants and bandwidths for each phone andaksg¢aumodify the formant
trajectories. The process of deriving these rules is not only laborigual$o difficult to generalize

to a new language, new voice, or new style of speech.

2.3.2.2 Linear prediction synthesis

Difficulties in building formant synthesizers include tracking the formantsctlirdrom speech.
While formant values can be determined by visually scanning a spectrogmancan be time a
consuming and prone to human error. This problem can be overcomediyatic formant tracker.
But, during the era of formant synthesis such an accurate formanétracls not available. An alter-
native to using formants is to use the parameters of the vocal tract tréunsétion directly. Linear
Prediction (LP) synthesis is another source-filter method of speechesysiti.P synthesis has been
used extensively in concatenation systems as it enables the rapid codimgcatenation units. It is
not really suited to rule-based systems, as rules are most easily speciigechiof formants, and
the relationship between the coefficients used to define the LP filter andrfteisanot a simple one.
The basis of linear prediction theory is the assumption that the currertlspampley(n) can
be predicted as a linear combination of the previdusamples of speech, plus a small error term

e(n). Thus

wherea(0)=1, and thea(i)’s are termed as linear prediction coefficients, @&hthe linear predic-
tion order. The LP coefficients(i) are found by minimizing the sum of the squared error over frames
of speech under analysis. Two methods of performing these calculat®tiseacovariance method
and the autocorrelation method. Coefficients calculated using the aulatiormenethod have the

advantage that the filter they define is guaranteed to be stable [24]. Syrsibeech produced us-
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ing linear prediction synthesis is far from perfect. Klatt [2] reports thadutocorrelation method,
LP synthesis does not reproduce formant frequencies and bandwiittectly when speech is re-
synthesized at a different fundamental frequency. Even wheynt&esizing speech at the original
pitch, the speech quality is considerably degraded compared to the orifjiglis because the styl-
ized excitation used in synthesis is actually an over-simplification of the traestgnal, particularly

for voiced speech.

2.3.3 Concatenative synthesis

Generally, concatenative synthesis produces a good quality synithepieech [4]. There are three
main sub-types of concatenative synthesis. These techniques arecalteth second generation

synthesis systems.

2.3.3.1 Diphone synthesis

A diphone is roughly the last half of one phone followed by the first hathefnext phone. Diphone
synthesis uses a speech database containing all the diphones. The ofuiiigones depends on the
phonotactics of the language: for example, Telugu has about 2500 §8) diphones, English has
about 1600 (40 X 40) diphones, and German has about 2500 (50.Xrb@jphone synthesis, only
one example of each diphone is contained in the speech database. At rihértegget prosody of
a sentence is superimposed on these minimal units by means of digital sigredging techniques

such as linear predictive coding, Pitch Synchronous Overlap and REOIA) [25] or MBROLA

[6].
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2.3.3.2 Unit selection synthesis

Unit selection synthesis generates speech by concatenating segmemasalf er units by selecting
one from multiple instances that occur in a speech database. Usually thaskataonsists of a few
hours of speech recorded from a single speaker. The waveforthe oécordings are transcribed
at the phone level with starting and ending times of every phone. Howenitsraan have varying
lengths, ranging from a single phone to a whole phrase. The unit seledorithm selects the
appropriate units from the database by minimizing two costs: the cost of hdvwawait fits or
the target cost, and the cost of how well two units join together or the join dde.target cost is
computed based on differences of features, one of which could besiteop of the unit in a word.
If a unitis to be used in a certain word, the unit’s position in the word it conuoes fs compared to its
position in the word it will be used in. The join cost is computed by calculatingpbetsal mismatch
of the two units. Thus, the larger the speech database, the more units athalgman chose from,
which makes it easier to find suitable units for a given sentence. Howtgrould increase a
little time complexity. The quality of unit selection synthesis depends heavily onuflygof the
recorded speech and on the coverage of the database. If no suitdblara found, the speech could
sound bad because there is negligible signal processing done to join itwo Ifisuitable units are
found, the synthesized speech can sound almost like the speaker. Ultispeth database used for
unit selection determines how good the speech synthesis sounds. Ttes iswer if unit selection

is used for synthesizing emotional speech.

2.3.3.3 Statistical parametric synthesis

Concatenative synthesis always restricts us to recreating what wedweled, in other words re-

ordering the original data. The other emerging synthesis technique is séhiistiametric synthesis.
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While statistical parametric approach and the concatenative approakhbmibh be described as
data-driven, in the latter we are effectively memorizing the data, wheret® iformer we are at-
tempting to learn the general properties of the data. In statistical parametricdnsgiectrum, pitch
and durations are modeled simultaneously in a unified framework of HMMEafitbthe parameters
are generated from HMMs under maximum likelihood criterion by using dyndeaitures [27].
Mel Log Spectral Approximation (MLSA) [28] is used to reconstruct tigmal from the generated
parameters. The speech quality of this method appears buzzy. Sincdidteatparametric synthe-
sis uses parameters to generate speech, it needs more efforts irtiggreegood quality speech as
found in unit selection [29]. There are three factors which degradeguhlity: vocoder, modeling

accuracy, and over-smoothing [8].

2.4 UNIT SIZE IN UNIT SELECTION SYNTHESIS

In this thesis we are using unit selection synthesis for our experiments.qUddgy of the unit
selection synthesis primarily depends on the choice of unit. Traditionabapipes in unit selection
synthesis use units such as word, diphone, phone, half-phone Balnlesy The following sections

discuss more about each unit.

2.4.1 Words

The benefit of using word is that all the within word co-articulation effects @ptured in the
stored units [10]. Concatenating words is easy, compared with sub{pbmhe, half-phone, di-
phone and syllable) synthesis units, because the co-articulation betvegds i usually weaker
than the co-articulation within a word [30]. However, merely concatenatiagsffeech segments

of words recorded in isolation produces speech which may not be hig8@ifg82]. This is mainly
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due to the pitch and formant discontinuities at word boundaries, and thelsieqs can be largely
solved using signal processing. The other problem is words spokesiatias are longer than words
spoken in the context of sentence. To overcome this problem, each waetdmrecorded multiple
times with different context and variations. Rabie¢al.,[33] used formant synthesis to enable the
pitch, duration, and inter-word formant discontinuity problems to be solaed,reported encour-
aging results with synthesizing telephone numbers. To enhance the nassralinPSOLA based
German concatenative synthesis, Stobieal., [34] have usedvord as a basic unit in Verbmobil
speaker-independent system that offers translation assistance igudiaituations. The reason is
to avoid concatenation points and prosodic mismatches as much as possiblecd@belary of this
system is around 10,000 words. To obtain words in natural surrousidengumber of sentences are
generated from actual travel planning dialogue transcriptions, whiemeeded words are included
with sufficient variations. But, the system must also deal with proper nawiiben a proper name
is not found in the speech database the system breaks down the wotlhldesgnd then generate
this word. If a syllable is not found, a phone based module tries to gertaiatgyllable. The main
issue with the word type unit is that out of vocabulary problem. HoweveT, S system requires a
very large vocabulary, and in this case the recording and storaglepr®become formidable. When
proper names, foreign words, and new words are included, the prslidecome insurmountable. It
is this limitation which has motivated researchers to look for shorter, less nusesynthesis units.
This kind of unit is suitable while building limited domain systems as the vocabulaegigated to
particular domain where the words which are required to build the systeld beuwesigned before

and can be recorded.
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2.4.2 Diphone

Having seen the problems with word type units researchers have starestigating towards di-
phones. A diphone is defined as a unit which starts in middle of one phainexénds to the middle
of the next phone. The number of possible diphones in a language\id where N is the number
of phones in a language. Diphone units preserve transitions betweaaghwhich are otherwise
difficult to produce. The boundaries between diphones during syiatties occur in the middle of
the phones. This tends to result in relatively small concatenation discontinbé@@use the middle
of phones are usually their most spectrally stable regions. Petersow§33he first to suggest the
use of diphones in speech synthesis. In this system, speech was mgdh®sreproducing each
segment unaltered, and up to nine versions of each diphone weresgtgquarder to properly model
intonation. The authors estimated that a total of approximately 8000 diphon#d heneeded for
American speech. A more practical implementation of diphone synthesis padae in [36]. A
formant synthesizer was used during synthesis to have control ovesrdiurations and pitch con-
tour. As a result, considerably fewer diphones were needed thanredisted by [35]. The authors
estimated that the minimum number required was approximately 1000. But theafisage with
diphone synthesis is that obtainiféf diphone combinations are hard while designing diphone in-
ventory [37, 38, 39]. A given input sentence to be synthesized haasonably high probability
of containing at least one rare diphone, hence highlighting the neeaéat cpverages. Diphones
may also be missing for other reasons [40, 41], such as instances thbespeaker has spoken a
word with a pronunciation different than the one predicted during scegigsh (and where the label-
ing has been adjusted appropriately), or where an existing datase¢drasibed as a voice, and the
planned coverage cannot be controlled at all. And also diphone sigithgaires a manually labeled

database. Manual determination of diphone boundaries is laborious ancomseming.
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There are units which arealf the size of a phone. As such, they are either units which extend

from the phone boundary to a mid-point , or are units which extend fronmtkdspoint to end of

the phone. There are 2N different half-phone types. To avoid prablef concatenations at phone
boundaries, Beutnaget.al., [40, 41] employed a flexible join technique that allows moving unit
boundaries. In order to arrive at a robust paradigm, they have mbd@HATR [4] unit selection
system where half-phone was used as the basic unit of synthesis.ws aliphone-style synthesis
with mid-phone transition, and also phone-boundary transitions whemggda Clark [42] suggested
that diphone coverage problem would be alleviated with half-phones bwiatiojoins at phone
boundaries when required diphone is not available in the database. iSdovahtage with half-
phone units is that there are more concatenation points in the synthesizedosawv This again

requires signal processing and degrades the naturality of the speech.

2.4.3 Syllables

Syllable units are smaller than word and bigger than diphone units. Usaghatilas is difficult in
non-syllabic languages such as English but syllable units produce be#léygvhere syllabification
is easy. In the context of Indian languages, syllable units are found donfngch better choice than
units like phone, diphone, and half-phone [15]. In [43], a synthesizs built using half-phone as
a basic unit and compared with syllable based synthesizer. In implementinghuaié synthesizer,
each phone is represented by two half phones. Two phone symbolsfareddfor each phone in
the phoneset, for example phone /m/ is represented b/ /amd /m2/. Where /m1/ represents first
half-phone and /n2/ represents second half-phone. Labels at half phone level avedlby equally
dividing the phone segment into two half phones. The lexicon parser isralddied accordingly,

to generate appropriate half-phone strings. We found that syllablel lsgs¢hesizer is better for
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Telugu. Unlike most other foreign languages in which the basic unit of wriiysgem is an alphabet,
Indian language scripts use syllable as the basic linguistic unit. The syllaitimgyn Indic scripts is
based on the phonetics of linguistic sounds and the syllabic model is genaliidrtdian languages
[44]. A syllable is typically of the following form: V, CV, VC, CCV, CCCV, andCVC, where C is
consonant and V is Vowel. A syllable could be represented as C*VQGitaiiming at least one vowel
and zero, one or more consonants. Text-to-speech synthesis basgliables seems to be a good
approach to enhance the quality of synthesized speech in comparisohomelipased synthesizers
[15]. Synthetic speech using syllable would lead to fewer concatenatiotspend sounds more
natural. Moreover, syllable is generally considered to be the basictspagexpressing the prosodic
characteristics of speech. [45] [16] have experimented with syllabledikts. To attain better
quality synthesis the authors categorized the syllables based on its positioosytiable (also a
word), onset-syllable (occurs at the initial of a word), medial-syllableox at the middle of a
word)and coda-syllable (occurs at the end of the word). Later \G@maigt.al.,[46] have observed
that there are some artifacts due to discontinues in pitch, energy, andnfomajgctories at the
joining points. These discontinues arising due to energy are overcomeeiging each syllable
energy using CART [47]. Line spectral frequency (LSF) smoothirgylieen applied to reduce the
spectral discontinues. Even most of the Japanese text-to-speecmsyste CV syllables in the
construction of their synthesis unit inventory. The primary reason ofjusw syllables in Japanese
TTS is that Japanese contains relatively few CV syllables and it has rsmicant cluster. In [48],
Saitoet.al.,have built a text-to-speech system with CV as a basic unit by taking left-duadhdight-

hand neighboring phones as context-dependent units.
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2.5 NEED FOR APPROXIMATE MATCHING OF SYLLABLES

However, an important issue not addressed in the earlier works [12646n syllable based synthe-
sizers for Indian languages is the coverage of all possible syllabletheddicripts in Indian language
have a common phonetic base, and a universal phoneset consistibBalzonsonants and about
15 vowels. The number of theoretically possible syllable combinations in aanfehguage with V,
CV, CCV, CVC, CCVC representation is 680415. In practice, all the &80#ay not occur in any
database. This could be observed from Table 4.1, where around SfrdiAext-corpus was collected
in three Indian languages: Telugu, Hindi and Tamil. The total number ofuensgllables found in
Telugu, Hindi and Tamil are 13246, 5798 and 9042 respectively,ustity for just maximum of
1.94% of the theoriticial possible count of 680415. It should be noteddhedver 1.94% (around
230 K) of syllables is not an easy task in a unit selection speech database.

Thus syllable based synthesizers built in [15] [45] use some backrategy using diphone or
phone to synthesize an utterance when a particular syllable is not fourelspélech database. This
indicates that the coverage of syllables in an Indian language is a n@i-gaue. Even in diphone
based synthesis, it is observed that manually written back-off units tee nfed, and it needs a
careful mechanism of concatenating the back-off units with regular utttis Haitoet.al.,[48] also
used phone units with context-dependent cluster are used as baokitdéir synthesis.

The question we would like to ask is whether a syllable based synthesiddrmobuilt without
using any lower level units such as triphone or diphone as back-off lmitsne that addresses the
issue of coverage of syllables. It is in this context that we investigate tywmaphes namely: 1)
Approximate matching of syllable and 2) Use of global syllable set. Approximatehing of syl-
lable deals with finding a nearest syllable either by substitution or deletioneobiits phones. The

hypothesis is that the sophisticated perceptual mechanism of human beyngstmatice a signif-
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icant difference if we use an approximately matched syllable during syntbieais utterance. The
idea of global syllable set deals with merging syllable level units from diffielredian languages to
create a larger syllable database. However, such a database hdsadtdeaultiple voice identities

associated with recordings of different speakers in different lagegia

2.6 SUMMARY

This chapter discusses the applications of text-to-speech synthesiyremip of text analysis and
speech generation methods. It also explains the traditional units used selatition synthesis. The
phone size unit is not suitable due to more prosodic variations for eachTuretdiphones are not
recommended since the coverage\of units is not possible in the speech database. The half-phone
units are not good because it leads to more concatenation points. Theuaitgyevord, is ideal for
limited domain synthesizers. The unit which is bigger than phone, half-phijpteone and smaller
that word, syllable, is mostly used unit for Indian and Chinese langudgets.the coverage of all
possible units is a non-trivial issue. To address this problem approximaohimgand use global

syllable set has been proposed. These approaches are discusseddrt two chapters.
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CHAPTER 3

Approximate Matching of a Syllable

From previous chapter we understood that syllable has been widelyagsadinit for Indian lan-
guage synthesizers. But, coverage of all possible syllables is a diffaskt In this chapter we
discuss about approximating a syllable in a text-to-speech synthesis vehegthired syllable is not
found. To validate this, we have conducted some perceptual studiedwallyaspoken utterances
in Telugu. The results indicate that approximate matching is suitable for spgettiesis. Using this
evidence we have built Telugu, Hindi and Tamil synthesizers. This chalste provides algorithm

for approximate matching of a syllable.

3.1 ANALYSIS ON APPROXIMATE MATCHING OF A SYLLABLE

Our hypothesis is that even though there are some pronunciation mistakesifte@nce, human
beings can understand the utterance without any difficulty. For exampidoinmal listening exper-
iments it was observed that the native speakers of Telugu did not yemey difference between
parachina! (poratfno) andparajina (paracgmoa), or ikkad:a tkkodo) and ikad:axkodo) at an utterance
level. The modifications done in these examples ahe( - an unvoiced unaspirated sound) is re-

placed withj(¢f - voiced unaspirated sound) and one phkifle has been deleted from the consonant

clusterkk (kk).

1n this work we use the transliteration scheme referred 1@ asleveloped by [ISc Bangalore and Carnegie

Mellon University to represent the Indian language scri$®§
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In order to systematically test how human perception mechanism works Woaepare substi-
tuted or deleted, a perceptual study was conducted. We have préyarsels of 44 utterances. The
first set (referred to as set-A) contains original utterances whicle weltected from Telugu news
bulletin. The second set (referred to as set-B) was prepared bylbasubstituting or deleting one
of the phones in a syllable in each of the utterance. Each utterance in sat-Bbtained by either
substituting or deleting a consonant phone in one of the syllables in the aitdram set-A. A native
speaker was asked to record both the sets and was instructed to rec8et-B carefully, so that the
intended pronunciation mistakes are preserved while recording. Agiaeddistening test (AB-test)
was conducted using 15 native Telugu speakers (subjects). Eaettswhs asked to listen to an
utterance from set-A and from set-B (the ordering was randomized)was asked whether he/she
could find any difference between the two utterances. The listenersal@reasked to give their
mean opinion scores(MQOS), i.e, score between 1 (worst) to 5 (bestadbra the utterance. The
listener was neither told about the intention of the listening test nor about timel@dgronunciation
mistake in set-B.

It should be noted that the focus of our perceptual study is differemt fvorks such as [50]
where the authors observed to find out the errors made by listenershifiginconsonants are pro-
nounced in the initial and final positions of CVC syllables for clipped speddtey recorded 870
different nonsense CVC syllables by three speakers and condwmtesl gerceptual studies. Two
confusion matrices were constructed-one for initial consonants andthkbe for final consonants.
Sarathyet.al.,[51] have conducted similar experiments and exploited that some pairs néplaoe
perceptually indistinguishable. To verify this, they have conducted listeestg over telephone to
identify the mosiconfused phoneags Tamil. The database collected had one native speaker uttering

152 phones/syllables randomly over telephone and another nativeespesiang down the uttered

29



phones/syllables. Later, differences were identified with the actual attémphones/syllables.

In our case we have recorded two sets of utterances, one with thetqumweunciation and the
other with mispronunciation, and the question we asked the subjects wasewtietih can find any
difference in the two utterances when played. In this study, we noted the gigohones (either
substituted or deleted) which made the subjects identify the difference retweeutterances. It
is important to understand that we made only one change in an entire utte@misting of 5-
10 words, and the semantics of the utterance might have had influence idleb&ions. Hence
this perceptual study is mostly intended to answer the question, whethexapate matching is a
feasible approach for text-to-speech synthesis. We have usedimattoalings of set-A and set-B
in this study to avoid any effects due to artifacts of text-to-speech synttesigchine.

The details about the effect of consonant substitution or deletion afairesg in Sections 3.2-
3.3. The results obtained from the perceptual studies are shown in BaBJ&s5, 3.7, 3.9, 3.11, and
3.12, where the first column is the utterance number which was used tmpbeal study, the second
column specifies the average MOS score for an utterance from set-fjtheolumn specifies the
average MOS score for the utterance from set-B. The fourth colunes ghe number of subjects
(out of 15) who found no difference between the two utterances, amdifth column gives the
number of subjects who observed a difference between two utterahilcessixth column indicates
the substitution made in the corresponding utterance. The last three colemoi® dhe position

information of the phone substitution/deletion in the utterance.

3.2 SUBSTITUTION OF CONSONANT PHONES

In articulatory phonetics, aonsonanis a speech sound that is articulated with complete or partial

closure of thevocal tract Consonants are classified in terms of manner and place of articulation and
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voicing.

Manner of articulation (MOA)MOA [52] describes how the vocal tract restricts airflow: the
path it takes and the degree to which it is impeded by the vocal tract constsicG@mplete stoppage
of airflow by an occlusion creates a stop consonant. The classes baging to MOA are vowels,
diphthongs, stops, fricatives, affricative’s, nasals and semivowels

Place of articulation (POA)POA [52] refers to the location or the point of constriction made
along the vocal tract by the articulators. POA is most often associated witooants, rather than
vowels, because consonants use a relatively narrow constrictiong &lewvocal tract, velar, alveolar,
palatal, dental and bilabial are a few traditionally associated with consoaastriction.

The classification of consonants based on the place and manner of &dit@ee given in

Table 3.1. The columns correspond to place of articulation and the rowespond the manner of

articulation.

Table 3.1: Classification of Indian language consonants.
Place of Manner of articulation (MOA)
articulation Unvoiced Voiced Nasals| Semivowels| Fricatives
(POA) Unaspirated Aspirated| Unaspirated Aspirated
Velar k kh g gh ng h
Palatal ch chh j jh nj y sh
Alveolar t: t:h d: d:h nd r shh
Dental t th d dh n I S
Bilabial p ph b bh m Y
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Table 3.2: Substitution of phones with same POA and different MOA.

Unvoiced (U) Unvoiced (U) Voiced (V)
Unaspirated (K) Aspirated (A) Unaspirated (K)
kh (kfi) | chh (ff)) | t:h (tf) | th (t6) | ph (f) | 9(9) [ j (&) | d: (@) | d(d) | b (b)

k (k) X X

ch X X

t: (b) X X

t(t) X X

P (p) X X

0.0494

-0.0437
0.725 0.86
Time (s) Time (s)

@
S
1]
S
®
8
S
S

Frequency (Hz)
Frequency (Hz)

0.23 0.42
Time (s) Time (s)

€Y (b)
Fig. 3.1: Waveforms and spectrograms for the syllableglfa)/e) and (b)chhef(ffie)

3.2.1 Stops: same POA and different MOA

Table 3.2 shows different types of substitution of consonant phomésped (in 1-10 utterances of
set-A) to obtain 1-10 utterances of set-B. A consonant was substitutedmather consonant of the
same POA type but with a different MOA, i.e., an unvoiced unaspiratedgivas substituted with
an unvoiced aspirated or a voiced unaspirated phone.

Table 3.3 shows perceptual results obtained by substitution of phonesanith BOA but dif-
ferent MOA. The MOS scores and preference test (AB-Test) in TalBlshow that the subjects did

not perceive a difference in the utterances from set-A to set-B whemariced unaspirated phone
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Table 3.3: Perceptual scores for substitution of phones with same PQAliferent MOA

where an unvoiced unaspirated (UK) phone is substituted withramiced aspirated (UA)

or a voiced unaspirated (VK) phone_®gives the position of the phone substituted in the

syllable, SW provides the syllable position in the word andW\gives the word position in

the utterance. B, M & E denote the beginning, middle and esgeetively.

MOS AB-Test

Sent. No| SetA | SetB No Diff Diff Map PS|SW | WU
1 4.07 | 3.27 | 6/15(0.4) | 9/15(0.5) | k(k)-kh(kA) B B M | UK
2 4.27 | 3.33 | 5/15(0.33) | 10/15 (0.66)| ch(f)-chhgff) | B B B
3 4.37 | 3.47 | 7/15(0.46) | 8/15(0.53) | t:(t)-t:h(th) B B M to
4 3.9 | 3.25| 7/15(0.46) | 8/15(0.53) t(t)-th(th) E E B | UA
5 451 4 9/15 (0.6) | 6/15(0.4) | p(p)-phph) B B E
6 4.4 4.4 | 14/15 (0.93)| 1/15 (0.06) k(k)-a(g) B M B | UK
7 4.47 | 4.27 | 13/15(0.86)| 2/15(0.13) | ch()-j(ck) B M M
8 4.2 | 4.29 | 10/15 (0.66)| 5/15 (0.33) t:(t)-d:(d) M M M to
9 4.29 | 429 | 12/15(0.8) | 3/15(0.2) t(t)-d(d) B E M | VK
10 444 | 3.68 | 9/15(0.6) | 6/15(0.4) p(p)-b(b) B B M

was substituted with a voiced unaspirated phone. However, when aicedwmnaspirated phone

was replaced with an unvoiced aspirated phone, the listeners were alelesivp the difference in

the utterances from set-A to set-B. This result could also be attributed tadperpy that Indian

languages have aspirated phones and the native speakers of Imgjiaadas are good in distinguish-
ing aspirated phones from unaspirated phones. It is important to notééhstibjects were able to
perceive the substitution of unaspirated phéste(tf) with aspirated onéchh/(ff) in the context of

a sentence level utterance. However, the subjects did not perceseltbitution of unvoiced phone

/k/ (k) with voiced phonég/ (g). This also raises a question as to how good the intended pronuncia-
tion mistake, for example replaciky (k) with /g/ (g), has been manifested in the acoustic signal by
the speaker, when recorded set-A and set-B.

Figures 3.1(a) and 3.1(b) show the waveforms and spectrogranhf@f) and/chh/{ff). Syl-
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Fig. 3.2: Waveforms and spectrograms for the syllable&égker) and (b)gei(ger)

lable che(fe) was taken from utterance number 10 of set-A ahlde(/fic) was taken from utterance
number 10 of set-B. The acoustic cues of these sounds lie in sound gsgmelmas voice bar, burst
spectra, aspiration and noise spectra, and voiced aspiration mixed wighamoighe formant tracks.
For phonéch/(tf) closure is followed by burst and frication, where as for phtwhéd/({ff) the closure
is followed by burst, frication and aspiration.

Figures 3.2(a) and 3.2(b) show the waveforms and spectrogramig(igrand/g/(g). The un-
voiced unaspirated stop consondd(k) is similar to the voiced counterpad/(g), with one excep-
tion. The difference is thak/(k) has silence region after the burst, but silence is missirg/{g).
Though acoustical differences are seen in the spectrogram, sulibctstgerceive the difference
when/g/(g) was substituted in place gk /(k). In both the cases differences in the acoustical char-
acteristics of'ch/(tf)-/chh/({ff) and/k/(k) - /g/(g) could be observed. However, the perceptual study

shows that substitution @k/(k) and/g/(g) was not perceived by the listeners at an utterance level.
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Table 3.4: Substitution of phones with different POA and different MOA.

Unvoiced (U)

Unaspirated (K)

Unvoiced (U)
Aspirated (A)

Voiced (V)
Unaspirated (K)

kh(kfi) | chh ff) | t:h ) | th (t6) | ph @A) | g(9) | (&) | d:(d) | d(d) | bd)
k (k) X X
ch @) X X
t: (t) X X
t (t) X X

Table 3.5: Perceptual scores for substitution of phones with diffefe®A and different

MOA where an unvoiced unaspirated (UK) phone is substituted avitunvoiced aspirated

(UA) or a voiced unaspirated (VK) phone.3gives the position of the phone substituted in

the syllable, SV provides the syllable position in the word andW\gives the word position

in the utterance. B, M & E denote the beginning, middle andresgectively.

Sent MOS AB-Test
No | SetA| SetB No Diff Diff Map PS|SW | WU
11 | 415 | 2.73 | 3/15(0.2) | 12/15(0.8) | k(k)-chh ¢fi) | B M M UK
12 | 4.29 | 2.67 | 5/15(0.33) | 10/15 (0.66)| ch(f)-th (tf) B M M
13 4.3 | 3.72 | 11/15(0.73)| 4/15(0.26) | t:(t)-chhgff) B M B to
14 | 455 | 4.2 | 11/15(0.73)| 4/15(0.26) | t(t)-chhff) B M B UA
15 | 447 | 271 | 3/15(0.2) | 12/15(0.8) k(k)-j( %) B B M UK
16 | 421 | 2.75 | 6/15(0.4) 9/15 (0.6) ch(f)-d (d) B B M
17 | 441 | 292 | 6/15(0.4) 9/15 (0.6) t:(t)-j( k) B E M to
18 | 427 | 2.85 | 3/15(0.2) | 12/15(0.8) t(t)-9(9) B M B VK
3.2.2 Stops: different POA and different MOA

Table 3.4 shows different types of substitution of consonant phoréarmed (in 11-20 utterances

of set-A) to obtain 11-20 utterances of set-B. A consonant was subdtitite another consonant

of different POA and different MOA, i.e., an unvoiced unaspiratedngheas substituted with an

unvoiced aspirated or voiced unaspirated phone. Table 3.5 showsppetresults obtained by

substitution of phones with different POA and different MOA. The MOBrss and preference test

scores in Table 3.5 show that the subjects were able to perceive diffeirethe utterances between
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set-A and set-B, when an unvoiced unaspirated phone was substituteahwitivoiced aspirated or
a voiced unaspirated phone from different POA and different MQA&nTables 3.3 and 3.5, it could
be observed that the subjewtsre not able to perceivthe difference in utterances between set-A and
set-B when a phone was substituted with another phone from same PQGe&ddifMOA) butwere
able to perceivehe difference in utterances when a phone was substituted with anothes fsfbm
different POA (different MOA). Exceptions could be observed inl&&b5 for two phone#:/(t) and

/t/(t) which could be replaced with phorehh!.

Table 3.6: Substitution of one semivowel with other semivowel.

rr) | 1) | 1D
r(r) X
(1) | X X
(D X

Table 3.7: Perceptual scores for substituting one semivowel with oteerigowel. PS gives
the position of the phone substituted in the syllabl&y $rovides the syllable position in
the word and WU gives the word position in the utterance. B, M & E denote thgrireng,

middle and end respectively.

Sent MOS AB-Test
No | SetA| SetB No Diff Diff Map | P.S
19 | 449 | 2.69 | 3/15(0.2) | 12/15 (0.8)| r(r)-I(1)
20 | 4.4 | 4.27 | 13/15(0.86)| 2/15 (0.13)] I(1)-r(x)
21 | 428 | 3.72 | 9/15(0.6) | 6/15(0.4) | I(D)-I:())
22 | 435 | 4.28 | 10/15 (0.66)| 5/15 (0.33)| I:(D-I(1)

%
ZZI‘I‘IZE
ZI‘I‘IZZE

c

[ssJusiRusiRu)

3.2.3 Semivowels

The group of phones/, /t/, /I, I/, v/ (j,r,1,[, w) are called semivowels because of their vowel-like
nature. Table 3.6 shows the substitutions of semivowels performed (i2 L&etances of set-A) to

obtain 19-22 utterances of set-B. The MOS scores and preferenseéntdsble 3.7 show thalt/(1)
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can be substituted in place 6f(]) and vice-versa. In the case fof(r) to /I/(I), the results indicate
that replacindl/(1) with /r/(r) was acceptable to the subjects but the reverge)(with /I/(1)) was not

acceptable.

Table 3.8: Substitution of one fricative with other fricative.

sh) | shh¢) | s()
sh() X X
shh¢) | X X
s() X X

Table 3.9: Perceptual scores for substituting one fricative with otfierative. P_S gives the
position of the phone substituted in the syllable/NSrovides the syllable position in the
word and WU gives the word position in the utterance. B, M & E denote thgirbeng,

middle and end respectively.

MOS AB-Test

Sent. No| SetA| SetB| No Diff Diff Map PS|SwW|wuU
23 4.13 | 4.21 | 11/15 (0.74)| 4/15(0.26) | sh¢)-shhg) | B | B | B
24 4.21 | 4.35 | 14/15 (0.94)] 1/15(0.06)| shh§)s() | E | M | M
25 4.76 | 4.03 | 13/15(0.84)] 2/15(0.13)| sh@)-s() | B | E | B
26 42 | 289 | 3/15(0.2) | 12/15(0.8)| s()-shh¢) | B | M | B
27 4.43 [ 313 | 4/15(0.26) | 11/15(0.73)] s()sh¢) | E | E | M
28 4.17 | 4.05 | 11/15 (0.73)| 4/15(0.26) | shhg)shg) | B | B | M

3.2.4 Fricatives

Table 3.8 shows the substitution done in the case of fricatives to obtain @8e28nces in set-B. The
results from listening tests in Table 3.9 indicate ttst/(c), /shh/§) could be replaced witfshh/@),
Is/(f), however/s/(f) could not be replaced witlshh/(s) or /sh/(c). The phonédsh/(), /shh/), /s/(f)
are arranged in the descending sonority levels [1]. The factsh&t) or /shh/{s) could be replaced
with /s/(f) indicates that a less sonority phone could be used as a substitute for a $ogloeant

phone. However, the reverse may not lead to good results.
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Table 3.10: Substitution of one nasal with other nasal.

n(m) | nd~(n) | m (m)
n(n) X X
nd~(n) X
m(m) X

Table 3.11: Perceptual scores for substituting one nasal with other hafaS gives the
position of the phone substituted in the syllable/NSrovides the syllable position in the
word and WU gives the word position in the utterance. B, M & E denote thgirbeng,

middle and end respectively.

MOS AB-Test
Sent. No| SetA | SetB No Diff Diff Map PS|SW | WU
29 4.09 | 4.02 | 10/15 (0.66)| 5/15(0.33)| n(m)-nd~(n) | B E E
30 4.45 | 3.23 | 8/15(0.53) | 7/15(0.46)| n(n)-m(m) B B M
31 441 | 343 | 6/15(0.4) | 9/15(0.6) | nd~(n)-m(m) | B M M
32 4.37 | 3.38 | 7/15(0.46) | 8/15(0.53)| m(m)-n(n) B B B
3.2.5 Nasals

The nasal consonants/, /nd~/, /m/(n,n, m) are produced with glottal excitation and the vocal tract
totally constricted at some point along the oral passageway. Table 3.4 #f® substitution done
for nasals to obtain 29-32 utterances in set-B. Preference tests in Tablsi®w that the subjects
did not perceive difference in utterances whiengm) and/n/(n) were interchanged. The substitution
of /n/(n) with /nd~/(xn) shows that subjects did not perceive any difference where as/frawi(n)

to /m/(m), the subjects did perceive differences in utterances from set-A &l se

3.3 PHONE DELETION

Apart from phone substitution, phone deletion plays a vital role in apprdgimatching of syllable
and in addressing the issue of coverage of syllables. Each syllable m@jrcoonsonants before and

after the vowel. The duration of the vowel is comparatively very high wimnpared to consonants.
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We hypothesize that absence of a consonant in a syllable (speciallyrithenamts not immediately
preceding/succeeding the vowel) might not lead to serious degradatior int&ligibility of an
utterance. We wanted to test this hypothesis in designing the approximatiresngglable using
phone deletion. For example, the wdikkad:a/(kkado) if pronounced asikad:a/(tkods), we cannot
identify the consonan/(k) missing. Following this hypothesis, we have taken 12 utterances from

set-A and modified some syllables by removing consonants to obtain 33-4dngtierof set-B.

Table 3.12: Perceptual scores for removing consonants of the syllal#eS gives the posi-
tion of the phone deleted in the syllableY\5provides the syllable position in the word and
W_U gives the word position in the utterance. B, M & E denote thgireng, middle and

end respectively.

MOS AB-Test
Sent. No| SetA | SetB No Diff Diff Map PS|SW| WU
33 4.4 | 3.47 | 8/15(0.53) | 7/15(0.47) | nnaifnar)-naiar) B E B
34 432 | 3.26 | 6/15(0.4) | 9/15(0.6) | kshhakso)-shhago) B M M
35 4.35 | 4.23 | 11/15(0.73)| 4/15(0.27) rd:u(du)-d:uu) B M M
36 4.08 4 10/15 (0.67)| 5/15 (0.33) | rnd~a(mnp)-nd~afp) | B E M
37 4.15 | 3.21 | 5/15(0.33) | 10/15 (0.67) t:t:a(tto)-t:a(to) B M M
38 401 | 3.95| 9/15(0.6) | 6/15(0.4) t:t:u(tto)-tu(tv) B E M
39 4.06 4 10/15 (0.67)| 5/15 (0.33) | rdyaaft ja)-dyaaf ja) | B M M
40 4.35 | 4.15| 12/15(0.8) | 3/15(0.2) rs(rs)-s(s) M E E
41 4.49 | 4.57 | 14/15 (0.93)| 1/15(0.07) kka(kko)-ka(ko) B M M
42 435 | 3.57 | 6/15(0.4) | 9/15(0.6) shht:iftr)-ti B M M
43 4.46 | 4.34 | 13/15(0.87)| 2/15(0.13) | chchifftft)-chi(tfr) B M M
44 4.39 | 4.16 | 11/15(0.73)| 4/15(0.27) VIu(wru)-ru(ro) B M B

Perceptual scores in Table 3.12 show that the majority of deletions donetdiesult in major

differences in utterances in set-A and set-B, except in three cksklafkso)-shhago), t:t:a(tto)-

t:a(to) and shht:i(st)-t:i( tr)). Syllable is a larger unit and hence when one consonant is removed
from the syllable and joined with the consequent units, listener percewestiinuity and seems to

ignore the missing phone to attain the comprehension at the utterance levas. pdreeptual studies
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do indicate that phone substitution and phone deletion could be perforrddédealisteners find little
or no difference at the utterance level. These studies also validate théhbgs that approximate
matching is a feasible approach to address the coverage of syllablegvétpwn order to identify
the type of consonants that could be deleted / substituted in a given cantexie detailed study

needs to be conducted.

3.4 SPEECH SYNTHESIS USING APPROXIMATE MATCHING OF SYLLABLE

So far, we have discussed the usefulness of approximate matching bfesylidth manually recorded
utterances and conducted perceptual studies to validate the hypothesisve, it is equally use-
ful to check how an approximate matching of syllables could be implemented iliahlsybased

text-to-speech system and evaluate its performance.

3.4.1 Speech Database Used

The quality of the unit selection voices depends to a large extent on théiligriand availability
of representative units. It is crucial to design a corpus that covespa#ich units and most of their
variations in a feasible size. The speech databases used for Teludu, &tid Tamil were recorded
by 3 different female speakers. The details of the corpus are givere ifiable 3.13. All sentences
were recorded in a professional studio and the sentences are reselared reading style, which is
between “formal reading style” and “free talking style”, at moderate lipgaate. Recordings were
performed in a soundproof room with close-talking microphone. Thecspaatabase was phoneti-
cally labeled using Ergodic hidden Markov models (EHMM) [53], which idlweied to automatic
labeling for building voices in Festvox [54] framework. Using this tool, caitedependent models

with two Gaussians per state were generated using 13 Mel Frequensiy& €wefficients (MFCCSs).

40



Once the phone labels are obtained, they were extended to get the sytiabldabies for building

syllable based synthesis.

Table 3.13: Language database detalils.

Language| No.Of. | No.Of. | Unique Words

Sentences Words

Telugu 1631 27303 8026
Hindi 585 14398 14398
Tamil 2392 33945 7817

3.4.2 Synthesis framework

FestVox [54] voice building framework offers general tools for buildingt selection synthesizers
in new languages. It offers a language independent method for buigimtyetic voices, offering
mechanism to abstractly describe phonetic and syllabic structure in the tggbdodifications

required for building a synthesizer for new language are creating aepket, building letter-to-
sound rules or lexicon, including linguistic information which are specific tdahguage. The unit
selection paradigm is a cluster based technique where units of the samelymeg, diphones,
syllables or any other unit) are clustered based on their acoustic difesef7]. The clusters are
then indexed based on high level features such as phonetic and igprosotext. Voices generated

by this system may be run in the Festival Speech Synthesis System [55].

3.4.3 Experiments

In implementing a syllable synthesizer, we treated 1790, 2757 and 1892 tsstiables for Telugu,

Hindi and Tamil respectively in the database as “phones” and listed themriptmneset. These
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syllable-sized phones were assigned phonetic features based omthbined consonant and vowel
parts with the consonant in onset given more preference over ther@misin coda. Thus the units
in the inventory became full syllables rather than traditional phone. Theolexiarser was appropri-
ately modified to generate these syllable-based phones rather than tragitionalnames. During
synthesis time, the input text was broken into syllables and the availability of ®dlable was

checked in the lexicon. Whenever the required syllable was not foumdpproximately matched
syllable was looked for, using phone substitution or phone deletion rulles.d&tailed procedure

followed to obtain an approximately matched syllable is given in the following dhgor

Function syllablecheckingyllable)

begin
1. if syllablefound in the lexicon returmnyllable, otherwise got@honesustitution
2. if syllable found inphonesubstitution returnsubstituted syllableotherwise got@honedeletion
3. return thesyllable which is nearest usinghonedeletion

end

3.4.4 Evaluation

To evaluate the syllable based synthesizer which employs approximate mategihgve conducted
subjective and objective evaluations in comparison with a diphone bas#tesizer. For evaluation,
10 utterances were extracted from Telugu, Hindi and Tamil test datalfasecach utterance, the
synthesized speech signal obtained by both TTS systems (syllable lyaseesizer with approxi-

mate matching and diphone synthesizer) were randomly presented to 10rfisteaeh listener was

asked to participate in MOS and AB-Tests.
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Function phonesubstitution(syllable)
begin
1. Load the hash table with the possible pairs allowed for substitution
2. break the syllable intphones
3. foreachph in phones
3.1. if ph is consonant andexists hashtablefh)
3.1.1.ph := hashtablefh)
3.1.2. var syl := joingyllable phones
3.1.3. if syl found in the lexicon returmyl
3.2. endif
4. end

end

In Table 3.14, the colummverage Substitutioand Average Deletions gives the average number
of substitutions and deletions done in the ten test utterances during synthesis

The results shown in Table 3.14 indicate that the syllable based synthesizeyem@pprox-
imate matching performs better than diphone based synthesizer for Telirgli,add Tamil. The
results also show that our hypothesis of approximate matching is valid. THe $4@res in Table
3.14 show that approximate matching does not degrade the intelligibility of siathhecomparison
with diphone synthesis. But, in the case of Tamil, the difference is very lbig i$ because that the
number of deletions are more in the utterances compared to substitutionsoveigliea most of the
cases, the deletions have occurred in the same sylliadblgwo consonants have been deleted from

original syllable. Hence, the quality seems to be as good as of diphoneesimtithe significance
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Function phonedeletiongyllable)
begin
1. break thesyllable into 3 parts as /GY /V/ IC* /.
2. if (/C*;/ and /C*./) is null find /V/ in lexicon and return /V/, otherwise goto step 3.
3. if /C*,;/ is null goto step 4, otherwise.
3.1. break the /GY into individual consonants like /QCs,../.
3.2. Find the unit(/C{/) in the lexicon such that it has maximum number of possible consonants
in /C*;/ succeeded by vowel /V/ in right to left direction.
3.3. if /C*,/ is null return /C%'V/, otherwise goto step 4.
4. break the /C# into individual consonants like /QCs,../.
4.1. Find the unit(/C¥’/) in the lexicon such that it has maximum number of possible consonants
in /C*,./ preceded by /G*V/ from left to right.
4. 2return /CYVC* /.

end

of difference for syllable and diphone based synthesis for MOS sawas tested using hypothesis
testing based on t-test, and the level of confidence indicating the difeereas found to be greater
than 95% for Telugu and Hindi. In the case of Tamil, it was found that theve sgnificance differ-
ence between syllable and diphone synthesizers. This indicates thaxiapgte matching is a useful
technique for developing the syllable based synthesizers for Indiandgeg without worrying about

back-off synthesizers using lower level units.
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Table 3.14: MOS and AB-Test scores for Syllable (Syl) and Diphone (DRpeuwatterances.

MOS ABTest Average | Average

Test | Syl | DP | Syl DP |Similar| SubstitutionsDeletions

Telugu| 3.31|3.005/49/100 19/100 32/100 0.2 0.8
Hindi {2.993/2.437/61/100 14/100 25/100 0.4 2.3
Tamil | 3.08| 3.02 {41/100 38/100 21/100 0.2 1

3.5 SUMMARY

This chapter discusses the importance of approximate matching of a syllalelesiopment of text-
to-speech system. This has been proved by building syllable basedsiyatkdor Telugu, Hindi and
Tamil. Subjective evaluations have been conducted to evaluate thesesgmthan comparison with
diphone synthesis. The evaluation on the syllable based synthesizetténtiiaathe approximate
matching of syllables is a useful and viable technique to build syllable baséluesyzers for Indian
languages without requiring any back off synthesizers. But, acaptdithe Table 3.14, naturalness
of Hindi synthesizer is lesser when compared with Telugu or Tamil syn#érssizhis is due to more
number of substitutions/deletions in Hindi. This can observed frararage column of the Table
3.14. It suggests that we need to reduce the number of substitutions/delattbe synthetic speech

by increasing the number of syllables. This issue is addressed with theftgdtial syllable set in

the next chapter.
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CHAPTER 4

Global Syllable Set

Current chapter discusses the importance of global syllable set whictragued to address the
issues of coverage of syllables by combining units from multiple languagesivethelp of a large
text collected from news bulletins of Telugu, Hindi and Tamil. A baseline @psgstem is built on
this combined database where utterances in each language are rdopdifidrent speakers. It is
observed that concatenation of units uttered by multiple speakers debeadaturalness and also
annoy the user. This issue of multiple speaker identity in a sentence is seldiegh the help of
cross lingual voice conversion algorithm using artificial neural netaiofknally, a speech synthesis

system is built with global syllable set and is evaluated using a subjectivauneeas

4.1 INTRODUCTION TO GLOBAL SYLLABLE SET

Another approach for handling the issue of coverage of syllables isitbdglobal syllable set. As
all Indian languages have a common syllabic/phonetic base, one doesertbeuerm “alphabet” to
refer to the set of letters. Instead, the set is called “Akshara”. In diainlanguages, an element of
Akshara is pronounced in same way regardless of its position within a wolide in English where
the pronunciation varies widely, depending not only on the word but adgbelocation of the letter
within the word. But each language could be differentiated with respegtdootactics rather than
scripts and speech sounds. Phonotactics is the permissible combinatitnases phat can co-occur

in a language.
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Table 4.1: Statistics of text corpora collected from news websites

Language| No.of sentences (in Millions) No.of Unique words| No.of Unique Syllables
Telugu 51.5M 229,104 13246
Hindi 148.1 M 223,948 5798
Tamil 66.7 M 194,569 9042

Exploiting the features of Indian languages, we have combined syllablgzeatk databases
from multiple languages into one and created a pooled syllable speechsiafalso referred to as
pooled speech database). The advantage of this approach is that lxelddarger syllable inventory
[56].

To evaluate the significance of increase in syllable inventory due to popéstk database, we
need a reference syllable set. Thus itis important to gather the numbedlabiey occurring in large
text corpora in each language which will act as reference set orseifie indicate the increase in the
syllable coverage due to pooled speech database. To facilitate thisqoravedsave collected a large
text corpus for each language which contains millions of sentences freahriews web pages and
extracted unique syllables. Table 4.1 gives the details of the text corpiasted for Telugu, Hindi
and Tamil. Table 4.2 gives the detailed information about the syllable statistiod fodext corpus,
language specific speech database and pooled speech databasgy, ldgnote the set of unique
syllables collected from large text corpus in languageherel € {Telugu, Hindi, Tamil}. The
setsyl! is considered as a reference set or superset of syllables foundjirelge. Let syl;, denote
the set of unique syllables language-{)-specific speech databatieat are also present yl!, i.e.,
syli C syll. Letsyl?, denote the set of unique syllablesgooled speech databased also present

in sylj, i.e.,syll C sylj U syl; . Let| . | denote the count of unique syllables in the sets.
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Table 4.2: Statistics of syllables from text corpora and speech databaHeresy!!, denote
the set of unique syllables collected from large text coipdanguagel. syl; denote the set
of unique syllables in languagethat are also present inyl;. syl!’ denote the set of unique
syllables in pooled syllable speech database that are aissemt insyl;. Let| . | denote the

count of unique syllables in the sets.

Type | syll | | | syl | l‘zzlll;: %100 | | syl} | ||Zzll§\‘ * 100
CVv 384 346 90.1 369 96.09
CCvVv 2967 653 22.01 1022 34.45
CCcv 103 33 3.2 59 5.73
[ =Telugu CcvC 2631 301 11.44 891 33.87
CCcvC 3642 201 5.52 420 11.53
CCccvC 452 5 1.11 6 1.33
Others 3067 81 2.64 212 6.91
Cv 396 258 65.15 362 91.41
Cccv 2522 524 20.78 903 35.8
CCcv 973 39 4.01 54 5.55
[ = Hindi CcvC 594 249 41.92 343 57.74
CCcvC 781 40 5.12 133 17.03
Cccve 86 0 0 0 0
Others 446 29 6.5 47 10.54
Cv 242 187 77.27 226 93.39
CCvVv 185 260 14.05 602 32.54
Ccccv 894 28 3.13 39 4.36
[ = Tamil CvC 1866 256 13.72 475 25.46
CcCcvC 3037 122 4.02 202 6.65
CcCccvC 581 6 1.03 7 1.2
Others 2237 40 1.79 75 3.35
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The syllables were classified as CV, CCV, CCCV, CVC, CCVC, CCCVCamndthers. From
Table 4.2 we can observe that coverage of CV type of syllables inctdes® 90% to 96% (in
Telugu), 65% to 91% (in Hindi) and 77% to 93% (in Tamil) due to use of pooled¢&p database.
Similary the coverage of CCV type of syllables increased from 22% to 34%e(irgu), 20% to 35%
(in Hindi), and 14% to 32% (in Tamil) due to use of pooled speech databaseseTesults show
that increase in the syllable inventory due to pooled speech databasdisasigrand we propose to
exploit the increased syllable inventory in pooled speech databaseilitingisyllable based speech

synthesis systems in Indian languages.

4.2 PREVIOUS WORK ON POOLED SPEECH DATABASE

There have been efforts in using pooled speech database to buildh syexticesis systems. These
efforts could be classified as multilingual synthesis and polyglot synthigidtilingual synthesis
[57] uses a common set of rules and algorithms to synthesize speech in multipledges. Thus,
a collection of language specific synthesizers does not qualify as a mulélisgstem. Ideally, all
language specific information should be stored in data tables, and all algsrdhould be shared
by all languages. It is hard to achieve such an ideal system. The issua i®$learchers tend to
optimize their methods for one language at a time. As a result, their algorithmaofitéains param-
eters that are sufficient to cover the language they have dealt. Metoalis[58] provided a platform
for building a TTS system in nine languages: Mandarin, Chinese, Tasgadapanese, Mexican,
Russian, Romanian, Italian, French, and German. This system consassingile set of modules to
synthesize all these languages, and any language-specific informaiidehlve represented in tables.

The architecture of this system has been designed as a modular pipelireeasob module handles

1Other combinations contains VC, VCC and CVCC type syllables
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one specific task. A researcher can work on one module of the systdrapnamproved version of
a given module can be integrated anytime. Thus the system can deal withnenlgrmuage at each
call of the synthesis. When a multilingual text has to be synthesized, it hagtth etween the
TTS engines and the resultant speech sounds like independent ssraemsynthesized. Cletal.,
[59] have developed a bilingual TTS for English and Mandarin which siegdetween these two
languages very smoothly and maintains the sentence level intonation everixém-lingual text.
Here they implemented a language-dispatching module which takes the texampaipplies the
language identification and passes the text to corresponding langoegjéesunit selection mod-
ule. The unit selection module of the system is shared across languagagid the annoyance on
synthesis output produced when multilingual text is given, same speakdreen used to create the
speech database for two languages. The main issue they have adidmebgework is, synthesizing
the speech with richer intonation between the language switching. Soft{wadnly (SPO) tech-
nique is applied to normalize the pitch for both languages as English is a stict$daadarin is a
tonal language. Prosodic constraint oriented (PCO) approach basibed for unit selection during
the synthesis. Blackt.al.,[56] referred that individual voices that cover multiple languages @n b
built by recording speakers who are (reasonably) fluent in multiple kges But, if the speaker is
not fully bilingual the resulting synthesizers are accented. This was aédiwith the US English
speech synthesizer built from a Scottish English speaker and a ChingbehEspeaker. US listeners
perceive the accent difference very easily. [60] proposed a distimbetween polyglot and multi-
lingual systems. They defined as follows: 1) “Polyglot systems” are tthadean synthesize several
languages using the same voice with appropriate pronunciation. Herermumadge is preselected as
a primary language. 2) “Multilingual systems” are those that have to chitweggynthesis process

and output voice to synthesize different languages. This can be ddwedn sentences. Language
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switching is usually accompanied by voice switching. In [61, 62, 63], a HbAded method is pro-
posed to combine monolingual corpora from several languages to ersatgle polyglot average
voice. This average voice is then transformed into any real speakécts of one of these languages.
This process consists of three levels as follows: a) HMM training: a seitvi¥ls are trained with
the speech database of one or more speakers. b) Speaker adaptétiem:several speakers are
combined into a speaker independent model, the resulting voice annoysethe bese issues have
been handled using Maximum Likelihood Linear Regression (MLLR) adiapt§64]. c) Synthesis
phase: To synthesize speech, the given text is converted into a seqpfdtiMM states. For a given
HMM sequence, speech parameter vectors are generated. The gepattameter vectors are com-
bined with f; and synthesized with MLSA [28] filter. [65] discusses a method for apprating the
sounds of languages not included in the polyglot training data. The sanedapproximated from
one language to another by means of the similarity between the articulatoryefeafusource and
target phones. These features are derived from the InternatibnakBc Alphabet (IPA) represen-
tation of the phones. When no similar articulatory features are found betiveesource and target,
an ad-hoc assignment is done using a linguistic expert.

In the polyglot synthesis method proposed by Latttral.,[61, 62, 63], we need more speakers
from one language to average the voice characteristics. But, builditgspeech databases is dif-
ficult. In this thesis we propose a global syllable set (syllable inventory aheglospeech database)
for building speech synthesis system in Indian languages. The usebail gldlable set is similar to
definition of polyglot synthesis, as we are interested in using same sdtaifleg to generate voices
in multiple languages. The distinction between our approach and polyglp6§163, 65] is that
the authors have appliemoss lingual voice adaptatioto create an average voice. In our case, we

are applyingcross lingual voice conversiaim transform to global syllable set to sound as a single
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speaker.

4.3 BASELINE SPEECH SYNTHESIS SYSTEM USING GLOBAL SYLLABLE SET

To build a voice in FestVox framework using global syllable set, we updatghioneset with all
possible syllables from each language, Telugu, Hindi and Tamil. The lgdcaer was modified
accordingly, to generate appropriate syllables. Once the syllables Wwii@ed, the text was syn-
thesized using the approach described in Chapter 3. To evaluate thessyathwhich is based on
global syllable set, we conducted subjective and objective evaluatiomsriparison with a diphone
based synthesizer. We selected a set of 10 sentences from Teluglbulétin. Ten subjects who
participated in these perceptual tests did not have any experience ochspeehesis. Each listener
rated each synthesized utterance. We used AB ranking tests as evaluatimninmihese experi-
ments. The results shown in Table 4.3 indicate that the diphone based symtheszpreferred than
global syllable based synthesizer for Telugu. However, in all ouripuswstudies we have observed
that syllable performs better than the diphone in Indian languages [43.siibjects participated
revealed that multiple voice identities in the synthesized speech was annaying the listening of
the utterances. Thus a major issue in the use of global syllable set is to minimjzerteptual dif-
ferences obtained due to multiple voice identities (i.e., speakers). To addi€ssue we propose an
approach of Voice Conversion (VC) based on ANN which convertsisgtafrom multiple speakers

to sound like a single target speaker.
Table 4.3: Global Syllable (GSyl) Vs Diphone.

Telugu

Test GSyl | Diphone| Similar

AB-Test | 26/100| 43/100 | 31/100
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4.4 NEURAL NETWORK MODELS FOR VOICE CONVERSION

Artificial Neural Network (ANN) models consist of interconnected pssierg nodes, where each
node represents the model of an artificial neuron, and the interconméetiovveen two nodes has a
weight associated with it. ANN models with different topologies perform cifié pattern recogni-
tion tasks. For example, a feedforward neural network can be desigmperform the task of pattern
mapping, whereas a feedback network could be designed for the tpak@f association. A multi-
layer feed forward neural network is used in this work to obtain the magpimgtion between the
input and the output vectors. The ANN is trained to map a sequence aesspeaker's MCEPs to
the target speaker's MCEPs. A generalized back propagation ledawr{§6, 67] is used to adjust
the weights of the neural network so as to minimize the mean squared erroehdtveadesired and
the actual output values. Selecting initial weights, architecture of the nlethe@rning rate, mo-
mentum and number of iterations play an important role in training an ANN [68{lious network
architectures with different parameters were experimented in this workestdexperiment details

are provided in Section 4.5.2.
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Fig. 4.1: Figure showing an architecture of a four layered ANNhwt input and output

nodes and M nodes in the hidden layers.

Figure 4.1, shows the block diagram of an ANN architecture used to eaipteitransformation
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function for mapping the source speaker’s features onto the targetesfseacoustic space. Once the
training is complete, we get a weight matrix that represents the mapping fubetieeen the source
and the target speaker spectral features which can be used to phedi@nsformed feature vector

for a new source feature vector.

45 FRAMEWORK FOR CROSS LINGUAL VOICE CONVERSION

In this work, voice conversion is done across languages. Typicallyili &woice conversion system
it requires parallel set of utterances (i.e., the source speaker amd sprpker should have uttered
same set of utterances). However, in the case of different langsagesa requirement may not
always be fulfilled due to their different phonetic base. In this contexthatikl be noted that Indian
languages share a common phonetic base. Thus it should be possiblestatgenset of Hindi
utterances using Telugu TTS [56]. This characteristic of Indian laregiegexploited in this work
to develop a cross-lingual voice conversion model. Figure 4.2 showddble diagram of the whole

process of cross-lingual voice conversion used in this work.

45.1 Generation of parallel database

In this work, we have focused on three Indian languages Hindi, TamilTaheagu. We set our
goal as to transform Hindi and Tamil speaker’s voice into Telugu spsakeice. Thus Telugu
speaker acted as target speaker voice while Hindi and Tamil speaitedsss source speakers. The
voice transformation process involves use of ANN models for transformafispectral parameters
and signal processing technique such as MLSA analysis and syntBesis.processing introduces
perceivable artifacts in the transformed speech. Hence we consitidtggl speaker’s voice also to
undergo the voice transformation process in order to bring all the voi@sdmmon platform.

LetS ={s1, s9,..., s, } be the set of utterances, (for which original recordings are availfbis)
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Fig. 4.2: Architecture of proposed system

source speakers in Hindi, Tamil and Telugu, which are to be used sizgtiesing target speaker’s
(Telugu) TTS. Typically 30-50 utterances of parallel data are usettdoring [69] [70]. A set of
40 sentences from each language were taken and were synthesimpdelagu TTS with Festival
framework [55]. The Telugu and Hindi phoneset consists of 50 phomneluding 15 vowels and
35 consonants. Tamil phoneset has 41 phones including 15 vowelssaswh&onants. The Tamil
phoneset has twdzh/ and /n Y different phones compared to Telugu phoneset. Hence in order to
synthesize the Tamil sentences these two phofzég &nd /n Y were manually mapped to nearest
phones in Telugwk/(]) and /n/@) respectively) based on their articulatory features.

As the result of above process, a parallel dataset of 120 utteraraesreated. To extract
features from the speech signal, an excitation-filter model of speeclapplied. Mel-cepstral co-
efficients (MCEPSs) were extracted as filter parameters and fundamesjaehcy estimates were

derived as excitation features for every 5 ms [28].
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4.5.2 Training voice conversion model

When the source sentences are synthesized using target speakénd m@mber of frames (MCEP
vectors) may not be same with source speaker utterances. To makentles fgual, target speech
frames were aligned to source speech using dynamic time warping (DTWithaigg71].

In [72], itis shown that voice conversion using artificial neural neksqgrerform better than that
of Gaussian Mixture Models (GMM). Hence in this work, the mapping capalsilifea multi-layer
feed forward neural networks are exploited to perform cross lingniak conversion.

An ANN is trained to map a sequence of source speaker's MCEPSs to te¢$apker's MCEPSs.
Please note that only one neural network model is trained to transforrgulielamil and Hindi
speakers voice characteristics into Telugu speaker’s voice spaceodeling source and target, we
employed 4 layer feed forward neural network. The first layer is thatitgyer which consists of
linear elements. The second and third layers are hidden layers. Tlie fayer is the output layer
which represents the target speaker. Activation functions at first@mth layer are linear and at
second and third layer are non linear. Table 4.4 shows the various pgaramsed for transforming
source speakers to Telugu speaker.

Once the ANN was trained, transformation was performed on the multiple voingtidetter-
ances. MCEPs and, features were extracted using fixed frame advance of 5ms. Sourakespe
MCEPs were given as input to ANN, to obtain target speaker MCEPs attipet layer. 25 MCEP
coefficients were combined with the linearly transform@gd73] to give a 26 dimensional feature
vector for every 5 ms. Then the speech was reconstructed from ther2ésional feature vector

using the MLSA filter [28].
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Table 4.4: Parameters for ANN modeling.

Type Parameters
Architecture 25L50N50N25L
Learning Rate 0.01

Momentum 0.3
Epochs 200
Error on Training Data 0.0802576

4.5.3 Evaluation

45.3.1 Acoustical observation

Figure 4.3 shows the spectrograms for a single phrase synthesizedausirdifferent techniques.
Figure 4.3(a) shows the spectrogram of the natural recording ofas@hrFigure 4.3(b) shows the
spectrogram of the phrase synthesized using Telugu syllable syntBagisapproximate matching.
Figures 4.3(c) and 4.3(d) show the synthesized speech using baselinksyllable set synthesis and
global syllable set synthesis with voice transformation respectively. lar&ig.3(c) and 4.3(d)5'1
(Telugu) andS2 (Hindi) indicates the database from which the unit is selected. It could $erodd
that Telugu syllable synthesis, baseline global speech synthesis andl githakle set with voice
conversion do preserve the required spectral characteristics. |Bloidl gyllable synthesis with voice

conversion seems to produce smoother contours of formants due to tberamisformation process.
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Fig. 4.3: Spectrograms for the phratdeipaa baajaapaalia) original (b) synthesized
from Telugu syllable synthesis using appjgximate matcli@)gynthesized from baseline
global syllable set synthesis (d) synthesized from glogldisle set synthesis with trans-

formed voice (Global + VC). In (c) and (d)51 (Telugu) andS2 (Hindi) indicates the

database from which the unit is selected.



4.5.3.2 Objective evaluation

To compute MCD, we have taken ten test sentences from Telugu datattbsgnghesized using Tel-
ugu syllable synthesis with approximate matching, baseline global syllablgrgbesis and global
syllable set synthesis with voice conversion. Here Telugu syllable systes used as reference

system. Table 4.5 gives the MCD scores for each technique.

Table 4.5: MCD scores for Telugu syllable synthesis using approximaiehmng (TSSAM),
baseline global syllable set synthesis (Global) and glay#lable set with voice conversion

(Global + VC) synthesis

TSSAM | Global | Global + VC

MCD | 6.575 | 7.083 6.689

The results shown in Table 4.5 indicate that global syllable set with voicescsion produce
higher MCD value in comparison with Telugu syllable synthesis and lesser watlomparison with
baseline global set synthesis. It shows that there is more spectratidistwhen we use multiple
voices directly in synthesis. This effect has been reduced when multipékepcharacteristics are
transformed into a Telugu speaker. Hence, it infers that transformatiarubhiple voices into a

single speaker is a feasible approach.

4.5.3.3 Subjective evaluation

In order to evaluate the utterances synthesized using transformednadaredd as Global + VC), we
conducted listening tests in comparison with utterances synthesized fratimbasy/stem (referred
to as Global) as described in Section 4.3. It should be noted that we usA Bilrthesis technique

in the process of obtaining a transformed voice (Global + VC), but thelinassystem (Global) is a
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unit selection technique. In order not to let the listener get biased towaitiselection synthesis,
we used MLSA analysis-by-synthesis technique on utterances of basgbtem before subjecting
them to listening tests. Please note that the ten subjects who patrticipated in taptpal study
are different from the subjects who participated in the earlier percegtudy (Table 4.3). Different
subjects participated in different experiments to avoid any bias the subjedts Inaigl. Table 4.6
shows the AB-Test scores for the listening tests. The perceptual listesitsgndicate that the voice
synthesized using global syllable set with voice transformation is preftéres use of global syllable

set only.

Table 4.6: AB Test scores for global syllable set with voice conversigoljal + VC) and

global syllable set (Global).

AB Test

Test | Global + VC | Global | Similar

Telugu 46/100 25/100| 29/100

Hindi 50/100 26/100| 24/100

Tamil 44/100 41/100| 15/100

4.6 SUMMARY

This chapter discusses the need for designing global syllable set usitiglenindian languages.
To avoid the multiple voice identities in the synthesized speech all the voicegastaimmed into a
single speaker. Telugu, Hindi and Tamil synthesizers are built usingigglable set. We conducted
objective and subjective evaluations to evaluate these synthesizersheatwitiple voice identity
utterances and transformed synthesized utterances. Generally, tloé silzgle speech database is

very large. In this chapter we are combining three speech databaseaddtto larger size and can
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not be deployed on low end machines due to the memory size. This probldmedérmsddressed by
reducing the size of database using some pruning techniques. Thesigteshare discussed in the

next chapter.
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CHAPTER 5

Database Pruning

In previous chapters we have discussed the choice of unit size in lettiea synthesis for Indian
languages and need for approximate matching of a syllable. Later, thishiasued to building a
global syllable set. The size of the speech synthesis database usingsyltddzle set is around 2
Gigabytes. The question is how to deploy this database in low end machinbarghdheld devices.

The current chapter discuss in detail on this issue of pruning the databas

5.1 NEED FOR DATABASE PRUNING

The ability to produce high quality synthetic speech is quickly followed by timesshel for high qual-
ity speech synthesis on range of small devices: mobile telephones, erdlsgdtlems, and hands-free
devices, which pose interesting challenges for modern synthesizgrsciaty those using concate-
native synthesis methods. Typically, a hand-held device poses a limit oB2a@\ess on the size
of the speech database. In unit selection speech synthesis, the sesteynthesized by joining
pre-recorded speech segments. A large scale database with vagotralsgnd prosodic instances of
each unit is created to improve the naturalness of speech synthesisuditig of synthetic speech
is proportional to database size. Now-a-days, the size of unit selegt@tls synthesizer is around
2 GB. Such a huge database requires large memory space and alsocoigipeitational power. It
also poses too much hindrance to download and install on low band-widtlectons, especially for

people in third-world countries using machines with limited storage and CPUrpdives the issue
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here is to come-up with a method of reducing the speech database with minimel fegsralness

and intelligibility.

5.2 APPROACHES FOR DATABASE PRUNING

Several approaches for reducing the size of unit selection voicesteen proposed. The approach
described in [74, 75] addresses that two kinds of units have to be renhmpeune the database. The
first approach is to remove the spurious units, knows as “outliers”, whimh have been caused by
mislabeling. The second approach is to remove those units which are so caimahdinere is no
significant distinction between instances for a given unit. The geneialsde cluster together units
that are “similar® and compare units from each cluster with its corresporudiuster center. Pruning
is then achieved by removing those instances that are “farthest aveawy‘tifie cluster center.

Zhaoet.al.,[76] combines two methods for reducing the database size. The first misthed
moving the outliers which occur because of mistakes in unit boundary alignondmeak-indices
labeling. Averagef, and duration factors are used to remove such kind of outliers. To remove
outliers, phonetically similar instances of the unit are clustered and soméadldés defined for av-
eragefy and duration. The instances which are above the threshold are remoredléister, which
means that instances are away from the cluster center. The leftovercestaave similar prosodic
features. The second method is identifying the redundant instances thetdmigeneralized as less
frequently used instances or less important than that of the frequentyounss. The importance of
an instance can be measured by its contribution to synthetic speech, @gefitedusage frequency of
the instances divided by the accumulative usage frequency of all iestafter synthesizing a large
amount of text.

Kim et.al., presented a weighted vector quantization (WVQ) method that prunes thénfeas
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portant instances. 50% reduction rate is reached without significanttdist In [47], each unitis
represented as a sequence of frames, or vectors of MCEP codffjaen decision tree clustering
proceeds based on questions concerning prosodic and phonetixtronits are then assessed based
on their frame based distance to each cluster center.

In [77], similar instances of the unit are clustered using decision treesapproaches are being
used for database pruning. In the first approach an instance is sielanttomly from unit cluster.
Such approach produces large glitches for some concatenationiddtas problem, HMM scores
would be calculated for each instance in the cluster using Viterbi alignmenth8gsing the unit
instance with highest HMM score to represent the cluster, this approablesto produce good
concatenation quality. In the second approach, instead of selectinggimeshHMM score, top 10
highest HMM score units are selected. The resulting TTS was able togegawd quality synthesis.

Flite [78] is a small fast run-time synthesis engine developed at CMU and iligrdasigned
for embedded machines and/or large servers. Flite is designed as aataltesygnthesis engine to
Festival [55] for voices built using the FestVox [54] suite of voice buiidiaols. Flite uses diphone
concatenative technique for synthesizing speech. The databasisdahanare to be concatenated is
represented in terms of LPC coefficients.

In [12], it is proposed to compress the database using vector quantigd@rfor reducing the
database size. The speech parameters to be compressed include thded@EPvectors and the
degree of voicing. MCEP features are quantized using split VQ, whilegbeeé of voicing is coded
with scalar quantization. MCEPs, pitch and degree of voicing are extrémtexvery 10ms frame
from the speech signal and features are coded for every 20msdioe interleaved frame only an
interpolation factor is coded. During synthesis pitch, energy and duratepredicted and MCEPs

are estimated using VQ. The speech is reconstructed using a novel telifi@ from the given
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MCEP features and pitch.

In all the above approaches more than one unit variation is preservgdtteesize the speech.
It again involves target cost to select the best unit. To avoid this problenarevinvesting towards
selection of one best unit. The question is - what is the criteria for selecéngadist suitable unit out
of the several instances to form the scaled down database. We expexdmeéth several alternatives
for the most suitable unit going all the way from defining it as a neutral/geeuait to an optimal

unit.

5.3 EXPERIMENTS FOR SELECTING BEST UNIT

We have investigated three different approaches for selecting thewtsgile unit. In the following

sub sections we describe how to build a scaled down database using ssigtecenfor each unit

type.

5.3.1 Average and Euclidean distance method

Assume that for each unit type of interest say;l{able), M instances are present in the database.
First step is to gather these instances, and divide into four categories based on positional context

in the given word. The categories are listed as below.

Word syllable - a mono syllable word (wsyllable).

Initial syllable - ¥ syllable of the word (bsyllable).

Middle syllable - other than®i and last syllable of the word (msyllable).

Ending syllable - last syllable of the word (esyllable).
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This categorization of syllable ensures that during synthesis, syllableosenhbased on its
position. Such selection of unit based on appropriate position, captwesréss information and
pauses at word boundaries and improves the quality of synthesis. Talgieés the details of unique
and total number of syllables for each category. These syllables aeeaget using global syllable
set.

Table 5.1: Database details of the each categorysyllables denote the initial sylla-

ble, msyllables denote the middle syllable;syllables denote the ending syllable and

wsyllables denote the word syllable.

Category | Unique Syllables Total Syllables
bsyllables 715 46511
msyllables 1790 56878
esyllables 3035 46511
wsyllables 788 5484
Total 6328 155384

In second step, acoustical featuesergy, fundamental frequency), and duration are ex-
tracted for each instance of the unit. Energy dpdire analyzed for each frame with 10ms frame
size and 5ms frame shift and averaged over all the frames of the syllataligotiu Finally aM « N
matrix is constructed as follows

ail co. Q1

Ay =

am1 Gmn

wherem is the number of instances ands the number of features (energfy, and duration).

However, the range of energfy, and duration values are different. To bring all the values in particular
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range, each value is normalized between 0 and 1 wiilvimum value of each column.

Once normalized matrix is obtained, we attempt to select a unit from multiple instantiee
unit present in the database, such that the selected unit is prosodicgHglméth minimal influence
of its context. The criteria for selecting a neutral unit is based on the hggistthat it would join
together pretty well with each other though the speech thus produced mbhgweonaturalness. To
select this neutral unit, mean is calculated over all the feature vectorsomsdlered as the local
threshold. Euclidean Distance is calculated between the instance feattwe aled mean vector.
A statistically consistent unit is selected by choosing an instance from edegocy (wsyllable,

bsyllable, msyllable, esyllable) which is closest to the mean vector as shownatien 5.3

= [Zail/m,Zaig/m,...,Zam/m] (5.1)
i=1 i=1 i=1
A = | D (Amj — 11)? (5.2)
j=1
wherey, is the mean vector
D = argmin, (dn,) (5.3)

5.3.2 Selecting a neutral unit using principle component analysis

5.3.2.1 Principle component analysis (PCA)

PCA is a tool in data analysis. It is a non-parametric method for extractingarglénformation
from the data [80] by projecting the data onto a lower dimension to revealdiderh structure that
underlies it. This technique is generally used in various fields including imaggmression and
speech recognition. In this section we will see how to use PCA technique @otfiext of pruning

in speech synthesis. This sub section explain PCA using an example sg¢aofTtie data being used
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here is two dimensional and is given in the Table 5.2. The data has to be na&unalth meany, in
each of the dimensions to bring the values in the same range. Table 5. Z@hgioriginal data set

and Table 5.2(b) provide the normalized data set.

Table 5.2: Two dimensional PCA data

(a) Original data

X|7/4,6(8|8[7[5]9]7|8

yl4/1/3|6|5|2|3|5[4]|2

(b) Normalized data with mean

x|01|-29/-09(11}11/01 -19|21|01|11

y|05-25|-05{25|15|-15|-05|/15|05|-15

To perform PCA, we need to calculate the covariance matrix of the normaleted Since the
data is two dimensional, the covariance matrix [81] will be of dimengi&R. The following matrix
gives the covariance matrix of the data.

2.3222 1.6111

COv =

1.6111 2.5000

Here cov is the covariance matrix. Since the covariance matrix is a square matrix, we can
calculate eigenvectors and eigenvalues [82] for this matrix. These ther renportant, as they tell
us useful information about our data.

—0.7263 0.6874

etgenvector =
0.6874  0.7263
0.7975
eigenvalues =
4.0247
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Now the question is how to reduce the dimensionality from eigenvectors aaadvaiges. If we
observe the eigenvalues, they are quiet different. In fact, it turnshatithe eigenvector with the
larger eigenvalue is therinciple componendf the data set. The next step is to order the eigenvector
according to the eigenvalues. This gives the components in order of sagrté. Now, we can ignore
the components of lesser significance. Such selection leads to loss of domaaiion, but if the
eigenvalues are small, the loss may not be significant. If some componetef atg, the final data
set will have less dimensions than the original. To be precise, if theredireensions in the original
data and you compute eigenvectors and eigenvalues, you choose only thepfggienvectors, then
the final data set has onfydimensions.

Now we need to form a feature vectorwhich is a collection of all the eigenvectors correspond-

ing to the selected eigenvalues.
¢ = (eig_vecleig vec2...eig vecy,)

Given our example set of data, and the fact that we have two eigenseehave two choices.
We can either form a feature vectomith both of the eigenvectors or we can choose to leave out the
smaller, less significant component (if any) and only have a single column.

Once we have chosen the components (eigenvectors) that we wish o keeplata and formed
a feature vector, we simply take the transpose of the vector and multiply it sigtiief the original

data set. This would give the reduced dimensional data
w = normalized_input * ¢p*

whereg! is the transposed eigenvector matrix and hence the eigenvectors are noovs jmvith
the most significant eigenvector at the top, angtmalized_input is mean-adjusted. Please note
that the reduced dimension daiaaptures significant information of the original data, but in a lesser

dimensional space.
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To verify, whether our reduced dimensional data can reproduce itj@alrdata, we can use

following formula

0=w* o

But, to get the actual original data back, we need to add the mean of onigitee{remember we

subtracted it right at the start) as given below.

0= (wr¢)+p

Figure 5.1 shows the plot of original input data, normalized input datanstructed data from
single eigen vector and two eigenvectors (without adding mean values wéecan observe that, if
we use all the eigenvectors we can get back the original data exactly Wéhikeave one eigenvector,
which has least significance, we can see a straight line like plot. It meansdhzan represent the

input data only with one dimension.

6 T X
X Original data
s5L| - Normalized data « « |
+ Recostructed data from single eigen vector
4 O Recostructed data from two eigen vectors
L x B
3+ X X B
©
8 2r- X X B
g +
g @Jr ©
> 1F X B
O
o B
O] [O) +
1- * B
Jr
© ©
_2 — -
O]
-3 + | | | | | |
-4 -2 0 2 4 6 8 10

X Values

Fig. 5.1: A plot of the data which shows the original input datarnmalized input data,

reconstructed data from single eigenvector and two eigeoke
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5.3.2.2 Application of PCA for selection of unit.

Assume that for the unit type of interest/ instances are present in the database. First step is to
gather thesé/ instances, extracting the acoustic features of each instance like dueatengy, fo

and MCEPs for each frame with 10ms frame size and 5ms frame shift. Later gethey all the
frame features of syllable segment. If N denotes the maximum number of cemigaf the whole
instances, we then zero-pad all units to N, as necessary. The outcam& I§ matrix W with
elementsw;;, where each row; corresponds to a particular instance, and each column corresponds
to a slice of feature. The dimensionality of the matrix depends on each uniatyg& would be in

100s or 1000s. Using PCA th€ dimensional data can be projected oitdimension and is done

as follows.

A; = (w; — p)o”

WhereA; is the lower dimensional vector for each instancé the mean over all the instances
of a unit, 7 is transpose of LX N) eigenvector matrix. The number of eigenvectors is selected

using following formula.

L .
[%Nji;] 100 > 99%

Where is the descending order of eigenvalues of the matrix The size of the reduced matrix is
(MXL). To select a neutral unit, mean is calculated over all the feature vectdrsoasidered as
the local threshold. Euclidean Distance is calculated between the instateeefeector and mean
vector. A statistically consistent unit is selected by choosing an instancé vghitoser to the mean

vector as shown in equation 5.6

W= [Zail/m,Zaig/m,...,Zam/m] (5.4)
i=1 i=1 i=1
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A = | Y (Amj — p1)? (5.5)
j=1

wherey is the mean vector

D = argming,(d,) (5.6)

5.3.3 Database pruning using dynamic time warping

5.3.3.1 Dynamic time warping

Dynamic time warping (DTW) is a technique that finds the optimal alignment betiveernime
series (reference and input) where one time series is “warped” naarlri®y stretching or shrinking
it along its time axis. This warping between two time series can then be used t@fiedmonding
regions between the two time series or to determine the similarity between the two tiese $bis
is roughly equivalent to the problem of finding the minimum distance in the treltigdman two time
series. Associated with every p&ir, j) is a distancel(:, j) between two vectors; andy; to find
optimal path between starting poifit, 1) to (N, M) and identify the one that has the minimum
distance. Since there are M possible moves for each step from left toalbthte paths fron{1, 1)
to (N, M) will be exponential. DTW principle can drastically reduce the amount of coation by
avoiding the enumeration of sequences that cannot possibly be optima.tBénsame optimal path
after each step must be based on the previous step, the minimum diglahgé must satisfy the

following equation.

D(i,j) = ming[D(i — 1, k), d(k, j)] (5.7)

Equation 5.7 indicates you only need to consider and keep the best maacfopair although

there arel/ possible moves. The recursion allows the optimal path search to be coththawemen-
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tally from left to right. In essence, DTW delegates the solution recursieei own sub-problem.
The computation proceeds from the small sub-probiefi 1, k) to the larger sub-probled (i, 7).
We can identify the optimal matcky; with respect tar; and save the index in a back pointer table
B(i, 7) as we move forward. The optimal path can be back traced after the optithaspdentified.
DTW is often used in speech recognition to determine if two waveforms reprédse same spoken
phrase. In a speech waveform, the duration of each spoken sodrileamterval between sounds
are permitted to vary, but the overall speech waveforms must be similaur wark we use DTW
for pruning the database in speech synthesis. This is done by genemnatiwgrage/neutral unit from

all the instances of each unit type using DTW.

5.3.3.2 Selection of statistically consistent unit

Figure 5.2 shows the different length of instances for the syllalale. Using DTW, a single averaged
instance can be created from these multiple instances of different lehtgivever, such an approach
needs an instance to be chosen as reference instance or model uniol@iumn is to consider the
neutral unit obtained from Section 5.3.1 as model unit and compute the optigrahant between
each instance and the model unit.

To align every instance with a model, 25 dimensional MCEP feature framefaade used.
Euclidean distance measure is used to find the distance between framewirfepfityorithm gives

the detailed procedure.

1. Pick the model instance.

2. Take the first instance frames and align to the model frames.

3. repeat step 2 for each another instance.
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Fig. 5.2: Spectrogram representation for the begin syllatkles with different durations.

4. create a new instance by averaging together all frames that align togethe

The average instance obtained as a result of above process is cedsida pruned unit.

5.4 EVALUATION

The size of the database after the pruning using the above three apsasaround 51MB and the

reduction ratio is 39:1.

5.4.1 Acoustical observation

Figure 5.3 shows the spectrograms for a single phrase synthesizedasidgferent techniques as
follows. Figure 5.3(a) shows the spectrogram of the natural recowfiagphrase . Figure 5.3(b)
shows the spectrogram of the phrase synthesized using averagigtechrigure 5.3(c) and 5.3(d)
shows the synthesized speech using PCA and DTW techniques respectivcould be observed

that the average, PCA and DTW technique do preserve the requiredhsplearacteristics while just
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Table 5.3: MCD scores for global syllable set, average, PCA and DTW tegles.

Global syllable set Average| PCA | DTW

MCD 6.689 7.441 | 7.478| 7.28

using a single instance of each unit.

5.4.2 Objective evaluation

To compute MCD, we have taken ten test sentences from Telugu dataithsgrahesized using
global syllable set, average, PCA and DTW techniques. Here globabkyikused as reference
system. Table 5.3 gives the MCD scores for each technique.

The results shown in Table 5.3 indicate that the pruning of speech datplhece higher
MCD values in comparison with the global syllable set. When compared betivesmntechniques,
DTW based synthesizer is performing better than average and PCA taebni@ne reason might
be that the averaging across the frames leads to computation of aveiagadunould be viewed
as an approach towards statistical parametric synthesis [14]. Infortealifig studies using pruned
databases showed that the quality of the synthesized speech usingeaWt# and DTW produce
intelligible speech, but listeners considered the quality of speech waad#ehim comparison with
global syllable set. However, it should be noted in the context that preyrtiesizer uses a single
instance of each unit type, where as global syllable set stores all ossbances for each unit.
Hence, it could be considered as a trade-off between the synthesity qnd size of the database.
The significance of difference for average, PCA and DTW basethegizers for frame level MCD
scores was tested using hypothesis testing based on t-test, and the wefidénce indicating the
difference was found to be greater than 95% for i) average and DTdM)aDTW and PCA . Where

as in the case of average and PCA there is no significance difference.
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5.5 SUMMARY

This chapter discusses need for database pruning and approaldiesd previously. All the avail-
able techniques preserve more than one unit variation for a unit typegdsyirhesis. To reduce the
database furthermore, we have proposed three techniques. Thedimsique uses simple average
and Euclidean distance method, the second technique uses PCA and thedimiridue uses DTW.
Evaluations on these three techniques showed that neutral units selgetesrége, PCA and DTW
techniques do preserve the required speech characteristics whilsijugtausingle instance of each
unit. Objective evaluation showed that there is a degradation in the datahaseg compared to

global syllable set and also that DTW technique is better than other two teiq
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CHAPTER 6

Summary and conclusion

Concatenation of pre-recorded speech units is widely used to prodiedégible and good quality
synthetic speech. One of the most important aspects in concatenativessyighe find appropriate
size of unit. The selection is usually a trade-off between longer and shunits. However, if the
size of the unit is large such as words, phrases and sentences, ¢hagmowuf all possible units may
not be ensured. Sub word units such as phone, half-phone, diphdlable, etc., make it easier to
cover the space of acoustic units but leads to more joins. The choice wfogdlunit is also related
to the language itself.

As the scripts of Indian languages have syllabic structure than Englisbxparimented with
syllable based units. However, the syllable synthesizer suffers froarage of syllables. This issue
has been addressed with the help of approximate matching of syllable wieérecesyllable unit is
not found. The hypothesis is that even though if there are one or twapciation mistakes in spo-
ken utterance, listener can understand with out any difficulty. We havigedethis hypothesis with
the help of preparing two sets of naturally spoken utterances, one with geanunciation and the
other with one or two mistakes, either phone substitution or phone deletion, @$ethadthe given
text. We have evaluated these utterances with subjective evaluation ardexbthat the hypothesis
for such approximation is valid. Using this technique we have built Teluguditéind Tamil syn-
thesizers using approximated syllables. To evaluate these synthesizgrstisa evaluations have

been conducted in comparison with diphone synthesis. The evaluatioflaviesyased synthesizer
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indicated that the approximate matching of syllables is a useful and viabledeelto build syllable
based synthesizers for Indian languages without requiring any bbskmthesizers.

To reduce number of substitutions/deletions we wanted to improve the syllalelage by using
global syllable set. As all the Indian languages share the common phonséictha pronunciation
of syllables across the languages are similar. Availing this feature, wechavieined syllables from
multiple languages and created one syllable database called global syllaklsisg this database,
we have built one baseline speech synthesis and compared with diphahessyer. Subjective
evaluations show that diphone synthesis better than global syllable gbesizer, which is due
to the combination of multiple voice identities in one utterance. This problem hasdusressed
with cross lingual voice conversion, transforming all the voices onto desspgpaker, using artificial
neural networks.

The size of the global syllable set increases as we combine multiple langntmese database.
A synthesizer built from global syllable set required Gigabytes of spackthus it is essential to
prune the database . Such that these synthesizers could be depldgadesrd machines or hand-
held devices. We have proposed three techniques for databasegprditie first technique uses
simple average and Euclidean distance method, the second techniqueCésaadPthe third tech-
nique uses DTW. The size of the database has been reduced to 51ysdgatm 2 Gigabytes after
pruning. Here the reduction ratio from original to reduced databaséssi81.

The following are the important contributions of this work:

e Experimental evidence that approximate matching of syllable could be usgithible based

text-to-speech systems in Indian languages.

e Development of text-to-speech system using approximate matching of sgllable
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e Use of global syllable set for increasing the coverage of syllables dndlding text-to-speech

systems in Indian languages.

e Use of cross-lingual voice conversion technique for handling multipleavdientities in global

syllable database.

e A method for pruning large unit selection databases to be able to deploydticptapplica-

tions.

6.1 FUTURE WORK

¢ In the current work, we have analyzed approximate matching on somgmeirees and adhoc
position of substitutions/deletions in the sentence. Future work can foausabysis of phone
substitution/deletion in more places such as beginning, middle and end of thHaesy@rd

and sentences. It gives more insight on which places are approniatpgdroximation.

e We will to try to combine more languages to increase the syllable count andigatesmore

techniques towards cross lingual voice conversion using artificiabhaatworks.

e The quality of cross lingual voice conversion mainly depends on MLSAdec The current
synthetic speech with this technique sounds robotic, to reduce this we wijizerfar the

factors that causing this effect.
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