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Abstract

This thesis aims towards improving naturalness and intelligibility of synthesized speech
obtained from statistical parametric speech synthesis (SPSS). Along with the conventional
source and spectral information, some additional significant features can also be derived
from the speech signal to preserve its characteristics in parametric form. The sonority
information represents spectral prominence, higher energy and periodicity aspects, which
are related to human speech perception, that change with the varying vocal-tract constric-
tion and glottal source amplitude during speech production. Therefore, this information
is extracted from the speech signal in terms of sonority feature. It is capable to delineate
the degree of sonority associated with a sound unit. The sonority feature is incorporated

in the SPSS framework to use it in the studies related to this thesis.

To alleviate the over-smoothing effect from parameter sequences generated from SPSS,
post-filtering mechanisms are found to be effective. By considering the fact that the char-
acteristics of the speech parameters may extensively vary based on the broad categories
of sound units, a class based dynamic post-filtering method is proposed. The excitation
source (fundamental frequency and strength of excitation (SoE)) and spectral parameters
(sharpness of peaks and valleys of the spectrum) corresponding to each frame are enhanced
using post-filtering factors that change with sonorant sound categories. The sonorant class
information is derived from a support vector machine based classifier trained using sonor-
ity feature associated with each frame. This method improves the temporal variation, fine
spectral structure as well as reduces the deviation with the natural counterpart leading to

improvement in synthesized speech quality.

Spectral slope is another aspect that influences on perception of synthesized speech. From
the analysis of natural and synthesized speech, it is observed that the spectral slope of
synthesized speech is more negative compared to that of the natural. Therefore, a novel

method is proposed to modify the spectral slope of synthesized speech that reduces the de-
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viation in spectral tilt between natural and synthesized speech. The enhanced synthesized
speech with modified flatter spectrum sounds clearer. It shows improvement in terms of

naturalness, intelligibility and speaker similarity.

The voicing decision plays a significant role in excitation source generation module of
SPSS. Along with the excitation source feature, the spectral prominence aspect in the
sonority information makes it useful for voicing decision. The sonority feature is employed
to develop a voiced/unvoiced classifier, that improves the naturalness compared to the
existing methods of voicing decision. A common framework is developed that models
the sonority feature and incorporates it in post-filtering and voicing decision followed by
spectral tilt modification. The application of individual modules and their combination

brings significant improvement to quality of synthesized speech obtained from SPSS.

The major contributions of this thesis are as follows:

e Proposing an efficient feature set from system, source and suprasegmental aspects of
the speech signal having capability to represent degree of sonority.

e As sonority is associated with production aspects of sound units, its subsequent ap-
plication in improved phoneme recognition and vowel onset point detection.

e A sonorant class based dynamic post-filtering method is proposed to reduce over-
smoothing and the deviation between natural and synthesized speech parameters.

e To minimize the difference in spectral tilt of natural and synthesized speech, a spectral
tilt modification method is proposed that leads to better quality of synthesized speech.

e Use of sonority feature in voicing decision during excitation source generation in the
SPSS framework.

e A combined framework is proposed that models the sonority feature and further
employs it in post-filtering of spectral peaks and valleys, Fpy; voicing decision and

spectral tilt modification at the same time.

Keywords: Statistical parametric speech synthesis, sonority, sonority hierarchy, source,

spectral, suprasegmental, post-filtering, spectral tilt, speech enhancement, voicing decision.
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1. Introduction

Objective

The SPSS has been widely used due to its advantages like flexibility in terms of adaptation of
speakers, emotions, lower footprint and robustness. However, the muffled quality of synthesized speech
remains as one of the major drawbacks of SPSS. This can be often attributed as the outcome of
poor representation of speech signal using limited number of features, over-smoothed generated feature
contour, poor representation of excitation source and simple vocoder. The sonority information is
associated with formant prominence, excitation source strength and periodicity aspects of speech signal
that exhibit significance in terms of speech perception. The objective of this thesis is to overcome some
of the limitations associated with synthesized speech obtained from SPSS, by exploiting the usefulness
of sonority information. The sonority feature extracted from the speech signal has the capability to
correctly represent the degree of sonority associated with different sound units. Along with the conven-
tional source and spectral features, the sonority feature can efficiently represent the speech signal in
parametric form. With the analysis of deviation of different features between natural and synthesized
speech, it can be hypothesized that the feature contours generated from statistical models can be mod-
ified to overcome over-smoothing effect and make it closer to that of the natural speech. This leads
to the idea of sonorant class-based post-filtering (PF) method, that increases the dynamic range of
feature contours. The spectral tilt associated with the speech signal is also found to have impact on its
perception, which is analyzed and modified to improve the quality of synthesized speech. The voicing
decision corresponding to each frame plays a pivotal role in excitation source generation module. The
exploration of sonority feature in improved voicing decision further contributes to the enhancement of

synthesized speech obtained from SPSS.

1.1 Overview of text-to-speech synthesis

. Phonemes | S
| Text Analysis ! 1 Speech Synthesis ! )
‘ ; Framework ;

Figure 1.1: Block diagram representing text-to-speech synthesis system.

A text-to-speech (TTS) system aims to convert a discrete sequence of text input to corresponding

continuous speech signal. With the increase in contribution of technology in day-to-day life of human
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1.2 Introduction to statistical parametric speech synthesis

being, a natural sounding compact TTS synthesis system becomes of paramount significance. As
shown in Figure[[Il the text to be synthesized is first passed through a text analysis module to derive
corresponding language specific phonemes. The phoneme sequence is then given to the synthesiser
which produces the synthetic speech. Provided the front end remains same, the synthesis module can
be based on different algorithms. The state-of-the-art approaches to develop T'TS synthesis system are
concatenative speech synthesis using unit selection algorithm and statistical generative model based
approach. The concatenative speech synthesis joins speech segments corresponding to different units
based on the text labels and cost function. In contrast to that the SPSS approach generates source
and spectral parameters from some generative models corresponding to text labels developed in the
training stage. The parameters are further used in a vocoder to restore the speech signal. Due to
the growing demand of using low resource, low cost, flexibility to adapt different speakers, different
speaking styles and emotions [1,2], SPSS has grown in popularity in the last decade over other speech

synthesis techniques like unit selection synthesis (USS) [3-5].

1.2 Introduction to statistical parametric speech synthesis

In SPSS, instead of storing the speech segments directly, the average characteristics of excitation
source and spectral features of similar speech segments are retained by using statistical generative
models. In this case, although different generative models can be used, hidden Markov models (HMMs)
are used predominantly. The overall architecture of HMM based SPSS is depicted in Figure[[.2] which
can be divided into training and testing phases. In the training phase, the acoustic parameters, log
fundamental frequency (logFy) representing excitation source and mel-generalized cepstral (MGC)
coefficients representing spectral parameters are extracted from the speech database, with reference to
corresponding phoneme labels. Context dependent phoneme HMMs are trained with these parameters

using the following maximum likelihood criterion.

~

A=arg m}c\w{P(O\W, A}, (1.1)

where, X\ is a set of model parameters, O is the set of training parameters and W is the set of
word sequences corresponding to O. A is the estimated model. During testing, given the text to be
synthesized, from the knowledge of corresponding phoneme sequence, the HMMSs are retrieved and

concatenated to form the sentence HMM. Then, the speech parameter generation algorithm generates
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Speech signal TRAINING
Speech
database Parameter Extraction
Excitation Spectral
parameter extraction parameter extraction
Text
processing ‘
LFy MGC
Labels Training HMMs
Context dependent HMMs
and state duration models
Text to be TESTING
synthesized Labels )
. Text Parameter generation
processing from HMMs
Excitation Spectral
parameters parameters
Excitation Synthesis
YR filter Synthesized speech

Figure 1.2: Block diagram representing HMM based SPSS framework.

the corresponding spectral and excitation parameters which is further passed through a vocoder to

derive the synthesized speech.

1.3 Issues in statistical parametric speech synthesis

The wide range of applications and supremacy of SPSS demand further development in terms of
perceptual quality by alleviating the difference between natural and synthesized speech. The factors
that may affect naturalness and intelligibility of synthesized speech may arise from different modules.
The possibilities include inefficient statistical modeling technique, parameters used to represent the
speech signal, over-smoothening of generated parameters, poor excitation source generation method
and simple vocoder structure, each contributing quite significantly to the synthesized speech. Several
approaches have been proposed in the literature that aim to improve different modules. This work
attempts to address the following concerns in detail and includes explorations to bring out novel

approaches to overcome these.
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1.3 Issues in statistical parametric speech synthesis

1.3.1 Poor representation of speech signal

As shown in the block diagram [[.Z] in the training process of SPSS the first module deals with
parameter extraction from speech signal, which are basically excitation source and spectral parameters.
The source parameters used in conventional SPSS are fundemental frequency (Fp), its delta and delta-
delta and spectral parameters include Mel generalized cepstral coefficients (MGCs), its delta and
delta-delta. After the parameter extraction the entire acoustic information in the speech database is
represented in terms of these parameters with respect to corresponding label sequence obtained from
the text analysis module. Only Fy and MGCs may not be able to capture all information related to
perceptual quality of speech signal. Therefore, incorporation of efficient additional features related
to naturalness, intelligibility or perceptual quality of speech signal may be helpful to preserve rich
acoustic information of speech signal in parametric form. The additional features may be modeled
using HMMs and further employed in different modules in synchronous to conventional source and

spectral features to improve the perceptual quality of synthesized speech.
1.3.2 Over-smoothing of generated parameter sequence

The widely used generative model in SPSS framework is HMM. As mentioned earlier, based on
the context dependent label sequence, the parameter generation algorithm generates static features by
maximizing the likelihood of a given HMM for static and dynamic features under an explicit constraint

between those two features as given in (L2).

¢ = arg max P(We|X), (1.2)

where, c = [¢],...,¢] , ..., cg]T is speech parameter vector sequence of 7' frames. ¢; is a D-dimensional
feature vector of corresponding to frame t, W is a weighting matrix to calculate dynamic features
and A is the HMM set [6]. The inclusion of dynamic features as well as statistical processing result
in over-smoothed parameter contours that are inefficient in preserving the fine temporal and spectral
structure intact. This reduction in variation in parameter sequence leads to reduction in naturalness of
synthesized speech. Apart from this, within each frame the spectral prominence of formant structure
is also smoothed out resulting in less intelligibility of generated speech. The effort to preserve the

fine spectral and temporal structure in terms of the source and spectral parameters may help better

quality speech.
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1. Introduction

1.3.3 Inadequacy in generation of excitation source

The naturalness of synthesized speech is mostly governed by the excitation source component. In
the SPSS framework, along with other factors voiced /unvoiced decision plays a key role in excitation
source generation module. Generally, F{ information is employed to persuade voiced /unvoiced deci-
sions for frames in the utterance to be synthesized. Improving the voicing decision may absolutely
improve the excitation source and synthesis quality. In conventional SPSS or HMM based speech syn-
thesis, MGC coefficients are used to represent vocal-tract spectrum (VTS) information and Fj is used
to model the excitation source information. The Fy in HMM is modeled along with voicing decision
using multi space distribution (MSD) and consequently error in Fjy estimation is propagated to the
excitation source generation module [7l[§]. In the voiced regions Fj is modeled as continuous Gaussian
distribution and discrete symbol in unvoiced regions [§]. As the voicing decision is dependent on Fj,
errors in Fy tracking leads to error in MSD-HMM model. This leads to detection of false voiced and
unvoiced frames. Specifically the misclassification of voiced regions as unvoiced seems to be more in
case of weekly voiced sounds with lower energy. For these regions instead of impulse sequence random
noise is used as excitation source. Repeated wrong classification of voiced frames, especially when a
sequence of frames are misclassified leads to poor intelligibility. On the other hand, for false voiced
regions impulse sequence is used as excitation instead of random noise resulting in buzziness in the

synthesized speech.

1.4 Significance of sonority information

Sonority refers to relative loudness of sound units resulting from higher energy and periodicity.
Sonorants form the prominent regions in speech signal produced with less vocal-tract constriction and
glottal vibration [9]. This results in regions of regular structure having high energy and high degree
of periodicity. The sonorant regions are therefore prominent ones in the speech signal and important
for many speech processing tasks [10]. Vowels are the most sonorous sounds, which mostly form the
nucleus of a syllable. The term sonority hierarchy can be defined as the degree of change in sonority
with respect to different sound units. Various sonority hierarchies are defined in the literature as
mentioned in [9]. However, the most commonly referred sonority hierarchy for the six major classes of
sonorants in the decreasing order of sonority is low-vowels, mid-vowels, high-vowels, glides, liquids and

nasals. In [I1], the sonority hierarchy for obstruents is defined in the decreasing order of sonority as
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1.5 Motivation for the present work

voiced fricatives, voiced affricates, voiced stops, voiceless fricatives, voiceless affricates, and voiceless
stops. Sonority is used to explain both the perception of syllables and their phonetic structure [12].
The sonority sequencing principle states that in every syllable, the syllable nucleus has the highest
sonority value [I3]. According to syllable contact law, the junction between two syllables is well
recognizable when coda of the present syllable has higher sonority value than the onset of the next
syllable [14]. According to [I5], the syllables with nuclei having more sonority value tend to have more
stress compared to the syllables with nuclei having less sonority value. For example, syllables with
[e] or [o] may be perceived as having more stress than those with [i] and [u]. The possible sequence
of consonants present in the syllable onset and coda also depends on the sonority value associated
with them. For example, consonant clusters present in syllable onset of the form [pl], [dr], [km] are
very common, but the reverse order is rare. In this case, [l], [r], [m] are more sonorous than [p], [d],
[k]. Similarly, [mp] and [nd] are very common as syllable codas than [pm], [dn], where [m], [n] are
more sonorous than [p], [d]. Therefore, sonority of a sound unit has an impact on the basic production
pattern of speech sounds. In several studies of phonology such as consonant cluster, sonorant-obstruent
cluster, syllable onset and coda position, degree of sonority is used [16,17]. The Degree of sonority
can be defined as sequential variation in various attributes that correlate to sonority, with respect to
distinctive category of sound units. The variation in degree of sonority associated with different sound
units is due to the change in the behavior of different articulators during production. This is also
manifested in the produced speech signal in terms of different attributes. The sonority information
is correlated with basic production pattern of sound units. Moreover, degree of sonority is associated
with spectral sharpness, strength of excitation (SoE) and periodicity. These three aspects greatly
affect the perception of speech signal. Therefore, the representation of sonority can be incorporated as

an additional information in the SPSS framework to improve perceptual quality of synthesized speech.
1.5 Motivation for the present work

The present work aims to improve naturalness and intelligibility of synthesized speech by exploring
different directions to overcome some of the downsides of SPSS. The concerns mentioned in Section
associated with the quality of synthesized speech can be addressed by integrating sonority feature in
the SPSS framework. The effect of formant prominence and excitation source strength on sonority

associated with a sound unit, make it an important cue related to the perception. As found in the
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studies made in [I8[19], the relative sonority notion between two adjacent sound units has a strong
impact on human speech perception. It influences the perception of syllable and word structure
and therefore may have impact speech intelligibility, which is less studied in the literature of speech
processing. Therefore, in this thesis, we made an effort to extract the sonority information from
the speech signal based on the different acoustic correlates of sonority as studied in the phonology
literature. Along with conventional source and spectral information used in SPSS, the additional
sonority information may provide us some knowledge to be incorporated for improving the naturalness
and intelligibility of the synthesized speech. Based on this motivation, following are the three major

contributions established in this thesis.
1.5.1 Representation of rich acoustic characteristics

The conventional excitation source and spectral parameters extracted from the speech signal in
SPSS donot carry the information regarding rate of glottal closure, periodicity and formant promi-
nence. These factors in addition with basic source and spectral features may result in a sufficient
representation of natural speech signal in parametric form. As the sonority aspect preserves the
informations regarding relative formant prominence, SoE and regularity in signal structure, a set of
features representing these can be extracted from the training speech corpora in the parameter extrac-
tion module. This feature is derived from excitation source, vocal-tract system and suprasegmental
aspects of the speech signal, which has capability to delineate the degree of sonority associated with
each segment of speech signal. This parametric form of speech signal is modeled using HMMs in the
SPSS framework. The sonority feature is further used in improving quality of synthesized speech by

incorporating it in the improved post-filtering (PF) and voicing decision methods.
1.5.2 Alleviating over-smoothing of parameter sequences

The sonority associated with a sound is related to the degree of openness of the vocal-tract that
eventually changes during production of different sound units. The effects of change in vocal-tract
constriction are reflected in the speech signal in terms of VTS as well as the excitation source, with
different categories of sound units [20]. As the vocal-tract constriction decreases, the SoE and formant
prominence increase. Depending on the sonority associated with each frame of synthesized speech,
the behavior of formant peaks, valleys and SoE may be different. Therefore, the nature of the VTS

and excitation source of synthesized and natural speech signal can be analyzed with reference to the
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sonorant classes. This kind of sonorant class dependent comparison may lead to development of PF
methods based on sonorant categories. The PF approaches can be applied during synthesis in order
to increase the variance as well as to preserve fine spectral structure in the synthesized speech signal.
For this, different PF factors can be derived with respect to the sonority associated with segments of
speech signal. With this motivation, the sonority feature is exploited in PF to improve the naturalness

and intelligibility of synthesized speech.
1.5.3 Improved voiced/unvoiced detection

The quality of synthesized speech obtained from SPSS significantly relies on excitation source
generation. Voiced/unvoiced decision is an essential component for generation of excitation source. It
is obtained from fundamental frequency and other excitation source evidences in the literature. The
discontinuity at the point of contact in the vocal-folds releases a sudden puff of air into the vocal-tract
resulting voicing effect in the produced speech signal. The perceptual reflection of voicing over the
sound produced is correlated with the sonority information which is related to both less vocal-tract
constriction and significant glottal vibration. Therefore, the possible variation in voicing with the
change in supraglottal pressure due to vocal-tract constriction is intact in the sonority associated with
a sound unit. Voicing and less vocal-tract constriction are the two most effective correlates of sonority.
Moreover, the voicing distinctions potentially contribute to the sonority hierarchy for sonorants and
obstruents uniformly. Therefore, the voicing effect can be captured by the sonority measurement

derived from system, source and suprasegmental information in the speech signal.

1.6 Organization of the thesis

To overcome the above mentioned issues, different directions to be explored in different modules of
SPSS are presented in rest of the thesis as follows. Chapter 2 reviews existing efforts in the literature
to improve naturalness of synthesized speech obtained from SPSS. The three major issues, inadequate
parametric representation of speech signal, over-smoothing of generated parameter sequence and in-
efficient voicing decision during excitation source generation are discussed in detail. The limitations
of existing methods along with the scope of improvement is also discussed in this chapter.

Chapter 3 explains the sonority feature extracted from speech signal. The significance of sonority
information in speech signal along with production behavior of different sonorant sound units is also

described. Then, a potent feature having the capability to correctly delineate the degree of sonority
TH-1917_136102017
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is proposed. The sonority feature is extracted using evidence obtained from excitation source, vocal-
tract system and suprasegmental aspects of speech signal. The efficacy of the proposed feature is
established by applying it in sonorant classification. Further, the sonority feature also improves the
performance of phoneme recognition and vowel onset point (VOP) detection.

The incorporation of the extracted sonority feature in the SPSS framework is explained in Chap-
ter 4. The work proposed in this chapter primarily aims to overcome over-smoothing of parameter
sequence. Initially, a comparison of different attributes is made between natural and synthesized coun-
terpart. Based on this, a sonorant class based post-filter is designed to improve the dynamic range
of generated parameter sequence. Along with the conventional source and spectral PF technique, a
novel method for modification of spectral slope of synthesized speech is also proposed.

The exploration of sonority feature in voicing decision is carried out in Chapter 5. The voicing
decision plays an important role in excitation source generation, which in turn affects naturalness of
synthesized speech. A voiced /unvoiced classifier is modeled using the sonority feature that is further
employed during excitation source generation. The incorporation of this efficient voicing decision
algorithm improves the accuracy of excitation source generation during speech synthesis.

Each of the above chapters contributes to a specific module of the SPSS framework. Chapter
6 presents a combined framework that integrates the sonority feature in the SPSS and uses this
information for PF and voicing decision at the same time. The combined effect of the individual
methods brings further improvement in quality of synthesized speech.

A summary of the present work is reported in Chapter 7 by highlighting the contributions made
in this thesis. A short description of different directions towards development of a natural sounding
SPSS system are also presented in this chapter. Finally, the directions of future work related to this

thesis are explained.
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2. Improvements in SPSS - A Review

Objective

In SPSS, speech specific features are modeled with respect to the linguistic representation. It uses
a parameter generation algorithm to derive these features from the statistical models for a given text
input, which are further applied to a vocoder to render the synthesized speech waveform. This approach
has become popular due to its flexibility in altering the statistical behavior of models depending on the
requirement. However, one of the major drawback of SPSS is muffled quality of synthesized speech.
There are several works reported in the literature to alleviate this issue. These approaches are developed
from different aspects, such as representation of speech signal in terms of different parameters, various
modeling techniques, parameter generation methods, modification of the vocoder, PF and enhancement
of synthesized speech. FEach of these methods has a significant impact on the quality of synthesized
speech along with the complexity involved. The objective of this chapter is to review the development of
three major approaches that include incorporation of new features, PF and voicing decision algorithms
in the SPSS framework. FEach of these broad categories of techniques has compelling contribution
towards improving naturalness and intelligibility of synthesized speech. Along with discussion of pros
and cons of each method, the possible directions for further advancement are also presented in this

chapter.

2.1 Introduction

A TTS system deals with conversion of input text message to equivalent speech [21]. Typically
a TTS system has two main modules, text analysis and speech waveform generation. In the text
analysis module, the input text is passed through a language detection algorithm, language specific
grapheme to phoneme conversion, and prosodic information like duration, pitch and stress. In the
speech waveform generation module, speech waveform is generated from the produced linguistic speci-
fication. The goodness of synthesized speech from TTS is often measured in terms of intelligibility and
naturalness. Intelligibility refers to how well the message content is comprehensible to the listeners,
while naturalness refers to how well the synthesized speech is similar sounding to human speech. Thus
highly intelligible and natural speech is mostly desired for any practical applications. A good TTS
system will find many applications like virtual assistant, virtual news reader, story telling in audio
books, screen reader, telephone services, speech to speech translation and so on.

With the increase in contribution of technology in day-to-day life, a natural sounding compact TTS
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system becomes of paramount significance. As the practical applicability demands a low footprint TTS
system with sufficient intelligible synthesized speech, the research in speech synthesis has been moving
from concatenation of speech segments (from stored waveforms) towards use of statistical generative
models, in the last decade. As the concatenative approach of speech synthesis is able to produce
natural speech compared to model based approach, therefore the goal of model based approach is to
improve the quality of synthesized speech. Instead of directly storing the waveforms corresponding to
training speech corpora, the SPSS preserves the generative models trained using source and spectral
features with reference to corresponding labels. During synthesis, these models are used to generate
the same features, which are further passed through a vocoder to derive the synthesized speech signal.
However, the employed generative models capture the average information from similar segments of
speech signal, which may loose prosodical as well as other higher level detailed information that are
intact in the natural speech signal. This results in several developments in different modules of SPSS
with a common goal to bring the synthesized speech quality to the level of natural speech. The mostly
used generative statistical models for speech synthesis are HMMs and deep neural network (DNN)
models. In the last few years DNN based SPSS has gained popularity [22]. However, some common
issues like over-smoothing of parameter sequences, inefficient voicing decision can be observed in both
the DNN and HMM based approaches. Looking into the relatively simple architecture and wide rage
of studies made in the literature, we have investigated the HMM based speech synthesis framework in
this thesis.

The issues involved with the SPSS framework may arise from divergent facts and distinctive as-
pects that result in muffled quality of synthesized speech. The three basic facts are simple vocoder
architecture, inaccuracy in statistical modeling of parameter sequences and over-smoothing of gen-
erated parameter contours. Apart from these three primary reasons the other facts include poor
representation of speech signal in parametric form, inadequate parameter generation algorithm, er-
ror in voicing decision algorithm, simple excitation source generation method and lack of adequate
prosodic information. The scopes for improving the quality of synthesized speech obtained from SPSS
include improvement in the vocoder architecture, improved source generation using different additional
parameters, spectral representation, adequate modeling techniques, parameter generation algorithms
and methods for alleviating over-smoothing effect. In this thesis, our contributions focus more on

signal processing based solutions instead of datadriven statistical approaches. We mainly focus on
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three aspects related to SPSS, namely:

e Poor representation of speech signal in parametric form.
e Over-smoothing of generated parameter sequence.

e Inaccurate voicing decision algorithm in generation of excitation source.

Despite the fact that, the first aspect mentioned above cannot act as a standalone issue or solution,
there is need to extract additional information apart from conventional source and spectral features to
solve the other two issues. The additional information in terms of features may be further employed in
different modules to improve the synthesized speech quality. In the basic HMM based SPSS approach
the source parameters used are log-fundamental frequency (log F) and spectral parameters are MGC,
and their dynamic (delta and delta-delta) counterpart. The refinements made in the literature have
brought several other acoustic features to be extracted from the speech signal, that act as additional
information for improvements in other aspects related to synthesized speech. The extra information
aided by the feature may lead to improvement in the vocoder, to generate a better excitation source
or in the PF approach. These additional features are also employed to build HMMs along with the
traditional features. In this regard, different parameters reported in the literature and their impact
on the synthesized speech are also reviewed in this chapter.

Although incorporation of improved statistical model tends to estimate the parameters accurately,
the over-smoothing effect cannot be eliminated to a great extent. Improving the dynamic range of
parameter sequence seems to affect quality of synthesized speech to a great extent [23]. Therefore, this
chapter focuses on detailed description of different techniques employed in the literature to overcome
the over-smoothing imposed by statistical models. Further, it reviews the efforts made in the literature
to incorporate correct voicing decision required for excitation source generation. The improved voicing
decision may lead to increase the accuracy of generated excitation source that impact on naturalness
of synthesized speech. Based on these objectives, state-of-the-art techniques used for TTS, followed
by a short explanation on advantages of SPSS over USS are described in Section of this chapter.
In Section 23] different features integrated to improve different components of the SPSS framework
are reviewed in detail. Section [2.4] establishes the effect of over-smoothing on synthesized speech
followed by a review of existing techniques to overcome the same. In the same way effect of voicing
decision on synthesized speech and different approaches followed in the literature to correctly detect

voiced /unvoiced frames are described in Section
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2.2 Approaches for text-to-speech synthesis

The two state-of-the-art approaches to develop TTS system are concatenative speech synthesis
using unit selection algorithm and statistical generative model based approach. The concatenative
speech synthesis joins speech segments corresponding to different units based on the text labels. In
contrast to that, the SPSS approach generates source and spectral parameters from the generative
models corresponding to text labels developed in the training stage. The parameters are further used
in a vocoder to restore the speech signal. The developments in concatenative speech synthesis aims to
get smooth boundaries at the joining points and less footprint, while that of SPSS target to accomplish

more naturalness and flexibility.
2.2.1 Concatenative speech synthesis

The concatenative synthesis has progressed from diphone based fixed inventory TTS [24] to USS,
where appropriate units are automatically picked from a large database based on the cost function [25].
Since the natural speech segments are concatenated, the prosodic variation is intact in the synthesized
speech that leads to its natural quality. Based on the text to be synthesized, the target specifications
of the units are obtained from the prosody prediction module. The distance of target specifications
with candidate unit is measured by join cost and target cost [25]. As shown in Figure 2] the target
cost C®(t;,u;) between i™® candidate unit (u;) and target unit (¢;), is defined as,

P
COt,u) = > Wi (5, u), (2.1)
j=1
where, j = 1,2, ..., p denote indexes for different features used in calculating target cost, which include

phonetic and prosodic contexts and w](-t)

are the weights assigned to each of these features. CJ(-t) (ti,u;)
is the target sub-cost for jth feature between t; and u;. The concatenation cost C (C)(ui,l, u;) between
two subsequent candidate units u; 1 and wu; is
00
C(C)(ui,l,ui) = Zwkc Ckc (ui,l,ui), (22)
k=1
here, kK = 1,2, ..., q denotes indexes for spectral and other acoustic features used in deriving concate-
(c)

nation cost and w;~ are the weights associated with each of them. C’,gc) (ui—1,u;) is the concatenation

sub-cost for k" feature between u;_; and u;. The concatenation cost calculation framework is shown
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Candidate Unit (u;)  Target Unit Specifications(t;)
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Figure 2.1: Target cost calculation.

in Figure The overall cost function (C(t1.,,u1.,)) is the sum of both the cost functions.

C(tlsz ul:n) = Z C(t) (tla uz) S Z C(c) (ui*h ui), (23)
g=1 =2

where, n is the number of units to be selected for synthesizing a particular utterance. The optimal

string of units 4y., = uq, ..., U, is selected from the database by minimizing the overall cost function.

U1 = argmin C(ty.,, U1y ), (2.4)

Ul:n

Previous Unit (u.;)  Current Unit (u;)

P
bt S )
w, i
= P ¢
L Rl > chz(u‘rl, U S e (Uiz,uy)
VW —> c
"""" 2l "Cylu,u,)

Figure 2.2: Concatenation cost calculation.

Generally, clustering based method is used to make the calculation of target cost easier. Each
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Figure 2.3: Overview of general SPSS scheme.

decision tree corresponds to a unique unit (phone/syllable), where each node is split based on questions
about phonetic, prosodic and contextual features [26]. Calculation of target cost and concatenation
cost functions based on statistical methods are also proposed [27H30]. Another aspect of concern
in concatenative speech synthesis is the optimal size or type of the basic unit. It may be frame
sized [30,31], HMM-state sized [32,33], half phones [34], diphones [26] and larger units [35,36]. In [37],
it is reported that smaller units can have more optimal joining points and less footprint size.
Another limitation of USS is the lack of flexibility to convert the output speech to desired style,
emotion or change the voice of speaker. This can only be incorporated in the USS based TTS by
designing specific database according to the desired speaker, speaking style and emotion. This is
a difficult and cost intensive task [38,[39]. Owing to the above mentioned difficulties in USS based

concatenative speech synthesis, SPSS has grown in popularity over the last decade [5,[40].
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2.2.2 Statistical parametric speech synthesis

Instead of storing actual instances of units in the database, SPSS uses statistical generative models
(usually HMM) to synthesize speech signal. The models are developed by using parameters related
to source and spectral information that can be further used in synthesis. The basic framework of
HMM based SPSS approach is shown in Figure 2.3l with two primary modules, training and testing.
During training spectral parameters representing vocal-tract information and excitation parameters
are extracted from the given speech files with respect to corresponding labels derived from text analysis
block. Although different representations of VI'S can be used, typically MGC coefficients and their
dynamic features are employed for this. The excitation parameters include log Fj and its dynamic
features. Dynamic features are first and second order derivatives of speech parameters used to include
dependency of features of one frame over its nearby frames [41]. If ¢; represents MGC coefficients

vector at time instant ¢, then its dynamic feature vector Ac; is represented as

L

Aey = Z w(T)Crir, (2.5)

T7=—L
where, {w(r)}L__; are window coefficients and L is the window length.
A maximum likelihood (ML) estimation by using expectation maximization (EM) algorithm [42]

is used to estimate the model parameters as follows.

A= argm}z\mxp(O|W, A), (2.6)

where, A is the set of model parameters and X is the set of estimated models, O is a set of training
data corresponding to the word sequence W. Linguistic and prosodic contexts are also considered
along with the phonetic ones. Using these features and the time-aligned phonetic transcriptions,
context-independent monophone HMMs are trained. All HMMs are left to right topology with each
state modeled using single Gaussian distribution with diagonal covariance. The basic sub-word unit
considered for HMM synthesis system is the context-dependent quinphones. These context-dependent
models are built starting with a set of context-independent monophone HMMs. In this process,
acoustically similar states are tied in order to reduce the total number of parameters without degrading
the performance of the models. Here tree-based clustering is used for state-tying. The quinphone
models are then re-estimated using Baum-Welch (BW) algorithm. The feature vectors (log Fy and

MGC coefficients) can be modeled simultaneously using separate stream and each phoneme HMM
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has its state duration densities [40]. Simultaneous modeling is used to avoid discrepant segmentation
related to different features. The distributions for MGC coefficient, log Fy and state duration are
clustered independently using a decision tree based context clustering technique. In this clustering
the factors that affect spectrum, pitch and duration parameters are used. The MGC coefficients
are modeled using continuous density HMMs, whereas log Fy along with voicing decision is modeled
using MSD-HMM. In this case, the observation sequence of pitch pattern consists of one-dimensional
continuous pitch values and discrete symbols representing voicing decision [43]. The state duration
densities are calculated on the trellis obtained in the embedded training stage and modeled by the
Gaussian distributions. The context dependent duration models are clustered by using the decision-
tree based context clustering technique [44]. In this case, the state duration models are explicitly
used as they are not re-estimated in the EM algorithm that may result in inconsistency leading to
unnatural synthesized speech. Therefore in [45], hidden semi-Markov model (HSMM) is introduced
that allows the incorporation of state duration models explicitly, not only during the synthesis but
also in the training phase of the system.

In the synthesis module, input text to be synthesized is converted into a context-dependent label
sequence. By concatenating the context dependent HMMs, a sentence HMM is constructed. State
durations of the sentence HMM are determined so as to maximize the likelihood of state duration
densities [44]. For a given speech length T, the state sequence g = {q1, g2, ...,qr} can be obtained by

maximizing the following term in (2.7), under the constraint given in (2.8]).

K
log p(g|A, T) = log pr(dy), (2.7)
k=1

K
T=> d, (2.8)
k=1

where, pg(dy) is the probability of duration dj in state k& modeled by Gaussian distributions, and K
is the number of states in HMM A. According to obtained state durations the sequence of spectral
parameters (MGC coefficients) and source parameter (log Fy) along with voicing information are gen-
erated using the parameter generation algorithm. Although there are several variants of parameter

generation algorithms, usually it is followed from [6] as follows:
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6 = arg max{p(o|W, A)}, (2.9)
o
= argmgX{Zp(o,qIW A)}, (2.10)
q
A arg max max {p(o, q|W, 5\)} , (2.11)
o q
= arg maxmax {p(a|W, A).p(o|W, 1)} (2.12)
o q
~ arg max p(o|g, \), (2.13)
o
= argmax {N(o; pug, %q) }, (2.14)
o
where, 0 = [0],...,0%]T is the state output vector sequence to be generated, ¢ = {q1,q2,...,qr} is

the optimal state sequence and pg = [;Lqu, v ugT]T and X4 = diag[Xy,, ..., X4, ] are the corresponding
mean vector and covariance matrix. 7T is the total number of frames in 0. In this case the generated
parameter contours 0 become piece-wise constant. Therefore the parameter generation algorithm uses

the relationship between static and dynamic parameters as constraint given in (2.I4]) as follows.

¢ = argmax {NWe;pg, 25)} (2.15)

where, ¢ = [c], ..., cg]T is a static feature vector sequence, W is the matrix that appends dynamic

features to c.
o=We, (2.16)

The generated spectral and excitation parameter sequence using (2.15]) are then passed through Mel

log spectrum approximation (MLSA) filter to derive the synthesized speech [46].
2.2.3 Comparison of USS and SPSS

Both USS and SPSS carry their own advantages and disadvantages based on the context in which
they are used. The best synthesized speech obtained from USS is always better than that of SPSS
and it sounds very natural.. However, when the particular context is not available in the inventory,
the quality of USS based synthesized speech severely degrades that limits its application in domain
unspecific scenario and reduces its flexibility. Figure 4] shows the synthesized speech and corre-

sponding spectrogram for the same utterance obtained from both USS and SPSS. The USS system
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©

Frequency (kHz)

Time (s)

Figure 2.4: (a) Synthesized speech obtained from USS, (b) corresponding spectrogram, (c) synthesized speech
obtained from SPSS, (d) corresponding spectrogram in SLT speakers voice for the utterance “were worn and
shabby”.

is developed using Festival [47], that provides all necessary modules required for building voice in a
new language. The SPSS voice is developed using the traditional HMM-based speech synthesis system
(HTS) toolkit [§]. Figure 2.4l(a) and Figure [2.4(b) show synthesized speech signal and corresponding
spectrogram in case of USS. Figure 2.4)c) and Figure [24ld) show synthesized speech signal with spec-
trogram for SPSS. Both USS and SPSS systems are developed using first 1000 utterances from CMU
arctic database of SLT speaker [48]. In this example, the context for some phones are not available in
the training database of both the systems. Therefore, we can observe sudden glitches and discontinu-
ities at the joining point if we observe the region around 0.7 s from Figure 2.4(a) and Figure [2Z4|b)
obtained from USS based system. However SPSS generates smooth variation of the speech signal in
the boundary between phones as observed from Figure 2.4{(c) and Figure 2.4(d).

Figure (a)-(c) show linear prediction (LP) residual that is a representation of excitation source
corresponding to speech synthesized using USS, speech synthesized using SPSS and natural speech. It
can be observed that the behavior of LP residual in Figure 2.5a) corresponding to USS synthesized
speech is similar to Figure 25](c), that corresponds to natural speech. Whereas, the LP residual
obtained from synthesized speech of SPSS lacks the high frequency variations present in the excitation
source of USS speech, that reduces its naturalness. In order to elucidate the VTS characteristics,
the normalized log magnitude LP spectrum corresponding to the same phone of synthesized (using
USS and SPSS) and natural speech are shown in Figure It can be observed from Figure that
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the spectral peaks are more prominent in case of natural and synthesized speech obtained from USS,
whereas the same is smoothed out in case of the synthesized speech obtained from SPSS. These facts

limit quality synthesized speech of SPSS despite of its enormous adaptability towards applications.

0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1 11
Time (s)

Figure 2.5: Linear prediction residual obtained from (a) USS, (b) SPSS synthesized speech, (c) Natural speech
for the utterance “you have all” for SLT speaker.
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Figure 2.6: Spectrum extracted from natural speech signal and generated from HMM for the utterance “But
she had become an automaton” for SLT speaker.

The main advantage of SPSS is its flexibility to change voice characteristics, speaking style and
emotions by transforming the statistical behavior of model characteristics, which remain an issue
in case of USS. For this, the adaptation techniques developed for speech recognition [49,[50] can

be effectively employed using small amount of target speaker data [I,[5I]. Two major techniques
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used for adaptation are maximum a posteriori (MAP) [50] estimation and maximum likelihood linear
regression (MLLR) [49]. Moreover, for low resource languages where collection of more data is a serious
issue, SPSS systems can be developed with acceptable quality provided well designed phonetically
balanced data is present. These advantages of SPSS can be helpful in a multilingual scenario or
extending an existing system to new languages. The adaptation techniques are also employed to
derive particular target speakers voice using small amount of training data in SPSS framework [1,/51].
Another advantage of SPSS is its ability to perform interpolation or mixing of voices, that enables
the production of voices with different speaking styles and emotions that are not present in training
data [2,/52]. Apart from these, the basic advantage of SPSS lies in the less amount of training data
compared to that of USS, as well as its low footprint that make it easily embeddable with practical
handheld devices. Moreover, in USS approach the number of units are always finite although with more
training data we can increase it. The statistical approach can produce more diverse number of units
with respect to different context information that results in maintaining appropriate characteristics
of synthesized speech units based on different context. Due to its numerous advantages several efforts
are made in the literature to bring the naturalness of synthesized speech obtained from SPSS to a

level that is a competitive as USS. These advancement are described in the following sections.

2.3 Exploration of different features for SPSS

There are different approaches in the literature towards improving naturalness of SPSS synthesized
speech by employing modification in various components of the framework shown in Figure[2.3l As the
speech signal is represented in some finite dimension parametric form, all the important aspects may
not be captured using only few conventional parameters or features. As mentioned earlier the conven-
tional source and spectral features are log Fy, MGC coefficients and their dynamic features, that may
not have enough information to reconstruct back the speech signal with all characteristics intact. If we
view from this perspective, we can find several other features used along with the conventional features
to adequately represent the speech signal in parametric form. For example, Speech Transformation and
Representation using Adaptive Interpolation of weiGHTed spectrum (STRAIGHT) has been found to
yield high quality synthesized speech with advanced excitation source and spectral representations [53].
In the conventional HMM based SPSS system the training features include, log Fj and its dynamic

features (3-dimensional), MGC coefficients and its dynamic features (105-dimensional) resulting in a
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total of 108 dimensional feature vector to be modeled in HMM (for speech signal with 48 kHz sam-
pling frequency). If we use a high quality vocoder like STRAIGHT, the additional parameters or
features need to be added with increased computational cost. STRAIGHT is a very high dimensional
representation of speech that includes spectrum representation using 50-order mel cepstral coefficients
(for speech signal with 48kHz sampling frequency) along with dynamic counterpart (150-dimensional),
STRAIGHT static and dynamic log Fy (3-dimensional) and mean band aperiodicity components with
dynamic counterpart (78-dimensional). These parameters are modeled in HMM and during synthesis,
the static parameters are generated from parameter generation algorithm as explained in [6]. The
generated parameters are used to reconstruct the synthesized speech using STRAIGHT vocoder, that
achieves higher quality compared to conventional MLLSA vocoder. The additional parameters included
and the complexity involved in STRAIGHT analysis-synthesis framework in reconstruction contribute
to this improvement.

In [54], mixed excitation for HMM based speech synthesis is proposed instead of using conventional
pulse train and noise based excitation source. In this framework, pitch, bandpass voicing strength and
Fourier magnitudes are extracted from speech signal as representation of excitation source. During
synthesis the same excitation source parameters along with spectral features are generated from the
parameter generation algorithm. From generated bandpass voicing strength, the bandpass filters for
pulse train and white noise are determined, from which the mixed excitation source is derived. The
pulse excitation is calculated from Fourier magnitudes using an inverse discrete Fourier transform
(DFT) of one pitch period in length. The periodic/aperiodic decision is obtained from the bandpass
voicing strength which is used for adjusting the pitch. The same MLSA filter is used for synthesizing
speech from the generated mixed excitation source and Mel cepstral coefficients. In this case, the
additional features included are bandpass voicing strength and Fourier magnitudes that is further
employed in excitation generation for reducing buzziness in synthesized speech.

In [55], multi-band excitation model is used, where the frame bandwidth is divided into a number
of sub-bands and each band is marked as either voiced or unvoiced. Moreover, instead of MGCs a
fixed number of spectral envelop samples are used to represent the vocal-tract information. These
parameters are modeled using HMM instead of conventional parameters to improve the quality of
synthesized speech. In the synthesis phase, the voiced part is generated based on the sinusoidal

harmonic model [56], and the unvoiced part is generated as a filtered white noise. The voiced and

TH-1917_136102017

24



2.4 Techniques to alleviate over-smoothing

unvoiced speech parts are mixed according to generated bands voicing parameters to derive synthesized
speech [56]. In this case due to the use of more number of parameters the model size increases along
with improvement in synthesized speech quality. Authors of [57] integrated harmonic plus noise model
(HNM) into HMM based speech synthesis, where speech is represented using HNM parameters that are
linear predictive cepstral coefficients (LPCC) and Fy. These parameters are trained using HMM in the
training stage. During testing, LPCC and Fj are used to compute pitch synchronous HNM parameters
which can be further used for HNM synthesis algorithm. In [58] Liljencrants-Fant (LF) model is used
to represent glottal source signal. Glottal inverse filtering is utilized in [59] to represent the speech
signal in parametric form. The parameters used in this case are Fp, energy of each frame, spectral
energy of five bands, voice source spectrum, linear prediction coefficient (LPC) model corresponding
to voiced frames and LPC model corresponding to unvoiced frames. As the number of parameters
increases the complexity also grows.

Most of the methods used in the literature for improvement in naturalness requires additional
parameters to represent detailed information intact in the speech signal. Among the above discussed
additional parameters majority are used in excitation source generation, representation of spectral
information that in turn add advantage in the vocoder. However, limited parameters are utilized to

alleviate the over-smoothing issue.

2.4 Techniques to alleviate over-smoothing
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Figure 2.7: Fj contours extracted from natural speech signal and generated from HMM for the utterance “But
she had become an automaton” for SLT speaker.

The synthesized speech obtained from SPSS is of muffled quality which can be attributed as

the result of over-smoothing of generated source and spectral parameter sequences. The parameter
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Figure 2.8: Contours of 10" MGC sequences extracted from natural speech signal and generated from HMM
for the utterance “We must give ourselves and not our money alone” of SLT speaker

generation algorithm followed in [6] generates source and spectral parameters from HMMs to maximize
their output probabilities under the constraints of static and dynamic features as given in (2ZI5]). The
dynamic variation in temporal domain as well as the sharp formant structure intact in natural speech
are absent in the synthesized speech. Figure 2.7 shows Fj contours corresponding to generated from
HMDMs and extracted from natural speech. It can be easily observed that the natural Fj contour
comprises of much more variation in Fy values compared to that of generated from HMMs. Similarly
to show the temporal smoothing in the spectral parameter, the contour of 10" MGC coefficients
for all the frames over an utterance corresponding to natural and synthesized speech are shown in
Figure 2.8 that clearly depicts the smoothing effect in spectral domain due to statistical averaging.
Figure 2.9 shows the spectrum for single frame of vowel, semivowel and nasal corresponding to natural
and synthesized. In each case, it is observable that most of the formant peaks in the synthesized case
are deemphasized compared to that of the natural. The over-smoothing effect in the temporal domain
over frames of an utterance reduces the naturalness, while within one frame the smoothed formant
peaks affect the intelligibility of synthesized speech. Although the advanced modeling techniques
may improve the over-smoothing to some extent, but application of an external algorithms over the
generated parameter sequences is much appreciated [5]. Therefore different techniques have come out
to overcome the over-smoothing introduced by statistical models. The algorithms proposed in this
direction can be classified into three broad categories: (a) using real speech data, (b) using multiple

level statistics, (c) using PF techniques. These are discussed in detail as follows.
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Figure 2.9: Synthesized and natural spectrum for (a) vowel (b) semivowel (c) nasal.

2.4.1 Using real speech data

This type of approach is followed in [60] that uses knowledge from training data in generation of pa-
rameters from HMMs. This conditional parameter generation algorithm generates speech parameters

to maximize their output probabilities under some additional constraint as follows:
¢ = arg mgx{]\/ (We gy Bg) Yer, =tuy ety =ty (2.17)

where, ¢, ..., ¢, are the fixed frames that can be copied from the training data and above equation
can be solved using Lagrange multiplier method. An important aspect is how to select the fixed
frames from the training data as discussed in [5]. In [60], the central frame of each state is fixed and
the training sample is selected based on the maximum state output probability of the corresponding
state. This results in selection of frames from training without spectral details which lead to limited
improvement. This method is similar to hybrid approaches as it requires storing of training data along

with the statistical models.
2.4.2 Using multiple level statistics

The other methods followed to alleviate over-smoothing is to use multiple level statistical models
to generate speech parameter trajectories. Some of these methods include boosting-style additive
trees [61], discrete cosine transform (DCT) based Fy models [62,63]. In [62] N-order DCT along with
additional parameters like the gradient of the syllable average pitch are used for parameterization

of log Fy contour of syllables. A statistical model of the syllable pitch contour is then created by
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clustering the parameterized vectors with a decision tree. Similar statistical models are also created
for other linguistic levels other than the syllable. Use of these models during synthesis results in
natural Fy contour. Similarly, in [64] both phone layer and syllable layer Fjy models are incorporated
in conventional SPSS framework. Combined multiple-level duration models [65,66] and improved
intra-phoneme dynamics models [67] are also used in the literature.

Among these category of methods the most successful one is global variance (GV) based parameter
generation method that aims to improve the dynamic range of generated parameter by imposing
additional constraints during parameter generation [23,[68]. It attempts to maintain the variance of
generated parameter sequence similar to that of the variance of the natural. The GV, v(c¢) is defined

as follows.

0(€) = [0(1), o 0(d), ooy (D)7, (2.18)
1 <& - ’
= 13 (et~ 1 et 219
t=1 =1

where, D represents the feature dimension for which variance is calculated and T is the number of
frames of an utterance. The GVs for all training utterances are calculated and modeled using multi-

variate Gaussian distributions.

p(v(e)|Agv) = N(v(e); pav, Eav), (2.20)

where, pgy is the mean vector and Xy is covariance matrix of GVs. The speech parameter generation

algorithm maximizes the following objective function.

Faov(e; X\, Agy) = P(WelA)P(v(e)|Aagy)”, (2.21)

¢ = arg max Fgy(c; A\, Agy), (2.22)
C

where, Agy is the parameter set of GV, w is the weight of GV likelihood. The second term given
in (Z2ZI) is included as penalty term to maintain the variance of generated parameter sequence. As
an improvement over this, [69] proposes a two-class model for GV that discriminates between conso-
nants and vowels. Authors in [70] changed the GV Gaussian probability density function (PDF) from
a single global distribution to context dependent, where decision tree based clustering was applied
to the context dependent GV PDFs to tie their parameters. Moreover, in this case GV vector was

calculated only from the speech signal by excluding silence and pause regions. Another modification
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of GV algorithm is proposed in [71], where the parameter generation error is re-defined by introduc-
ing an additional generation error component which measures the distortion between the generated
global/local variance and original global/local variance. The parameters of HMMs are optimized so
as to minimize the new generation error function. This is named as minimum generation error (MGE)
criterion. Authors of [72] integrated GV criterion into a trajectory training method to provide a con-
sistent optimization criterion as well as a closed form solution to parameter generation algorithm. The
GV method does not compensate the smoothing of spectral characteristics. Therefore, an extended
algorithm of GV is applied in spectral domain by considering GV of log power spectrum obtained
from line spectral pairs (LSPs) into MGE model training [73]. In GV, the variance is considered over
the entire utterance irrespective of the sound units present. These methods do not consider the fact
that, the characteristics of the speech parameters may extensively vary based on broad categories of
the sound units. Representation of these parameters using single mean and variance may not be able

to reflect the large variance and fine structure, with respect to different categories sound units.
2.4.3 Using post-filtering techniques

The PF methods are applied to source and spectral parameters derived from the parameter gen-
eration algorithm, before passing these to the vocoder to render the speech waveform. The GV based
parameter generation method described above can be considered as statistical PF method. These
methods aim to improve the naturalness and intelligibility of synthesized speech. One of the well
known approaches for this is enhancement of spectral peaks. Due to the over-smoothing in statisti-
cal parameter generation methods, the formants in the spectrum of synthesized speech are smoothed
out. This de-emphasizing of formants affects on the intelligibility of the synthesized speech. In [74],
formants are emphasized by applying post-filter to MFCC, which was originally proposed in [75] for
applications in speech coding. In this case, a PF factor g is used, 8 = 0 indicates no enhancement and
as [ increases from 0 to 1, the formants are more emphasized. In [76] line spectral pair (LSP) based
formant enhancement is performed. The difference between successive order of LSPs is weighted by
some factor to enhance the formants, where less difference between LSPs makes the spectral peaks
sharper and more difference makes the spectral peaks wider. For this, LSPs are derived from the
HMM generated spectral parameters. The LSPs for one frame is represented by I;, ¢ = 1,2,..., D,

where D is the order of LSP. The enhanced LSPs from ¢ = 2 to i = D — 1 can be calculated recursively
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as follows:
/ &
U=l 1+di1+ m[(lzﬂ —li1) — (di +di—1)], (2.23)
di=oa.(liyg —l),a<1,i=2.D-1, (2.24)

where, « controls the degree of enhancement. More a represents less enhancement. As LSPs are
shifted in this method, it may result in shifting of formant peaks which is not desirable.

In [77], LPC based formant enhancement is proposed where the spectral dips in the power spec-
trum obtained from generated spectral parameters are modified or suppressed by weighing the nearby
spectral regions by a small real valued coefficient. This enhancement applies two parameters, the
width (§) of unmodified area within a spectral peak and the weighting factor () for spectral valleys.
The modified power spectrum is inverse Fourier transformed to derive a new autocorrelation function,
that is used in the Yule Walker equations to compute a new LPC filter. The new LPC model shows
sharper spectral peaks. In these methods, due to increase in prominence of spectral peaks and valleys,
the enhanced synthesized speech are reported to be more intelligible. However, in these cases, all the
spectral peaks are enhanced by a constant factor irrespective of their position in the spectrum. These
methods increase the formant sharpness of each frame in the synthesized speech, which can be referred
as a spectral enhancement over each frame. The degree of variation of the generated parameters over
the temporal axis is not improved, which limits the improvement in naturalness.

Histogram equalization method is used to construct the emphasis rule for spectral parameters to
reduce over-smoothing [78]. Cumulative distribution functions (CDFs) are calculated for LSP param-
eters corresponding to natural speech and generated from HMMs. An emphasis rule is constructed
using histogram equalization method to obtain similar CDFs for natural and generated parameters.
The advantage of this method over the previous methods is in terms of adjustment of the enhance-
ment parameters. Separate emphasis rules can be obtained for different dimensions of LSPs. The
frequency-dependent temporal modulations of the parameter trajectories can be explicitly enhanced
with the modulation spectrum (MS) based PF method. Here, MS represents the power spectrum
of the parameter trajectory. This post-filter ensures that the generated power spectrum of the pa-

rameter trajectory exhibits similar statistical behavior as that of its natural counterpart, in terms of
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distribution [79,80]. The MS s(c) of parameter sequence ¢ of dimension D is calculated as:

s(e) = [s(D)F, ... s(@)T, .., s(D)]T, (2.25)

s(d) = [54(0), ..., sa(1m), ..., sa(M)], (2.26)

where, sg(m) is the m'™" MS of the d™ dimension of parameter sequence [c;(d), ..., ¢;(d), .., cp(d)], m
is the modulation frequency index and M is the half of DFT length. The MS statistics are assumed

to be normally distributed as
P(s(c)|As) = N (s(c); p™), 2y, (2.27)

where, NV (.; ,u(N ), s )) is normal distribution with mean vector u,(N ) and covariance matrix 0Y) of
sq(m). Ag is the parameter set of MS. Here, s(¢) represents the MS of parameter sequence extracted
from natural speech. In the same way, probability distribution function N(; (&), Z(G)) is assumed
for the generated parameter sequence. This is included in the training process. During synthesis, the

post-filter is designed as follows

()

/ Odm
sa(m) = (1= k)sa(m) + k[ (sa(m) — ugh) + ) (2:28)

d,m

where, k is post-filter emphasis coefficient. ,u((;\g, O'((ian and ufﬁ%, Uc(l(i)m represent means and standard

deviations of MS of natural and generated parameter sequence. s;l(m) represents the enhanced m™
MS of d* dimension. This method alleviates the difference between natural and generated parameter
trajectory to some extent. Similar post-filter is also applied in case of Fy. Recently, DNN based
PF is proposed in [81], which models the conditional probability of the spectrum of a natural speech
given that of synthetic speech. This data-driven post-filter helps to retain information in a higher-
dimensional spectral domain. However, this method does not employ any detailed investigation of the
acoustic properties of generated speech parameter sequences. Two band radial cepstral PF method
proposed in [82] enables the application of different PF factors to low and high frequencies. These PF
factors and cut-frequencies (to separate lower and higher frequency regions) are tunable parameters
as per the requirement. As different frequency band may be affected by over-smoothing to different
extent, this method helps to compensate this by applying enhancement by different factors. It also
ensures the smooth transition between the bands. In [83], spectral texture in short term Fourier

transform (STFT) spectrograms are reconstructed using a generative adversarial network-based post-
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filter. As the network cannot be easily trained for very high-dimensional data, the spectrogram is
divided into multiple frequency bands with overlap. Different post-filters are applied to individual
bands and again overlapped to form a single reconstructed spectrogram. This post-filter is applied to
a DNN based TTS system.

Some of the above mentioned methods attempt to emphasize the spectral peaks to retain the
spectral dynamics, while the other methods adapt the temporal variation from natural speech. These
approaches are able to deal with the over-smoothing issue to a large extent. At this point, we may
focus on what other parameters can be modified in case of synthesized speech to further compensate
the gap between natural and synthesized counterpart.

Another parameter that may be attempted for modification to enhance the intelligibility of syn-
thesized speech is spectral slope or tilt. There are several studies in the literature of Lombard speech
relating to spectral slope, which infer that average spectral tilt in Lombard speech is lesser than that
of speech produced in a quiet environment [84,185]. Several methods can be employed to flatten the
spectrum, one of which is shifting of line spectral pairs towards the higher frequencies [86]. Statistical
mapping of spectral tilt from Lombard speech to normal speech is done in [85], which also reduces
spectral tilt. In [84], to achieve spectral tilt flattening, speech is passed through an infinite impulse re-
sponse filter, where magnitude response of the filter is designed to meet the required tilt enhancement.
However, methods employed for changing the tilt and their impact on different categories of sounds are
not studied extensively. Moreover, the spectral tilt difference between synthesized and natural speech
and its modification yet needs extensive study. As spectral tilt is only one aspect of the spectrum,
therefore modifying only spectral tilt limits the improvement. In other spectral PF methods discussed
above spectral peaks and valleys are considered as candidate parameters to be modified. However,
dynamic range of SPSS generated parameters are still less compared to natural counterpart in both
temporal and spectral domain. The statistical approach to add further constraints in parameter gener-
ation algorithm, new modeling techniques to preserve the variabilities of features or signal processing
methods efficiently used to alter synthesized speech characteristics will be appreciated to solve these

issues.
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Figure 2.10: (a), (f) Natural speech signal; (b), (g) corresponding DEGG with reference voiced/unvoiced
marking; (c), (h) voiced/unvoiced decision obtained from RAPT; (d), (i) generated excitation from voicing
decision in (c); (e), (j) synthesized speech signal with the excitation shown in (d) and (i) respectively, for SLT
speaker.

2.5 Techniques for voicing decision

Another aspect having predominant role in naturalness of synthesized speech is generation of
excitation source from the HMM generated source parameter sequence. As shown in Figure 2.3l the
generated excitation source parameter Fj is used for deriving the voiced /unvoiced information. Based
on the voicing decision excitation source is generated from the parameters using different source
generation algorithms. The errors in voicing decision may lead to poor synthesized speech with
reduced naturalness. In the simplistic excitation source generation algorithm, impulse sequence with
pitch period and random noise are generated as excitation source component corresponding to voiced
and unvoiced frames respectively. Therefore, for the frames that are misclassified as unvoiced frames
random noise will be generated instead of impulses leading to harsh synthesized voiced. Similarly,
for the frames with false voice labels, impulse sequence is used as excitation instead of random noise
resulting in buzziness in synthesized speech. If such misclassifications are repeating for several frames
in the same utterance the naturalness of the synthesized speech severely degrades.

Figure shows the effect of wrong voicing decision on synthesized speech. Figure 2.10(a) and
Figure 2.I0(b) demonstrate speech signal and corresponding differential electro-glotto-graph (DEGG)
with reference voiced /unvoiced marking respectively. Figure[2ZI0(c) shows corresponding voicing deci-

sion obtained from robust algorithm for pitch tracking (RAPT) method [87], where some false voiced
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frames (corresponding to /hh/) can be observed. Corresponding excitation source and synthesized
speech is shown in Figure 2.10(d) and Figure 2.10(e) respectively. Similarly, in Figure 2Z10(h) falsely
detected unvoiced frames can be seen corresponding to the sound /ae/ from the speech signal in Fig-
ure 2T0(f). This error is propagated to the generated excitation source and synthesized speech as
shown in Figure [2.10(i), (j) respectively.

The above discussion justifies the impact of voicing decision on synthesized speech quality. There
are several time and frequency domain approaches in the literature towards voiced/unvoiced detec-
tion [88]. Approaches that use zero crossing rate, autocorrelation coefficient at the first lag, normal-
ized autocorrelation peak strength, normalized LP error, normalized low frequency energy, cepstral
peak strength are employed in voiced /unvoiced classification that require some heuristic threshold-
ing [89-91]. In [88] epochs are extracted using zero-frequency filtering (ZFF) method. By applying
small amount of additive noise to the speech signal, the drift in detected epoch location compared to
that of clean speech is found. Based on the robustness of the ZFF method to extract epochs in voiced
regions, the voiced and unvoiced frames are classified. Statistical methods that employ neural network
models, Gaussian mixure model (GMM), HMMs are also integrated with different evidence to derive
better performance [89,92]. However these methods are not integrated with the SPSS framework to
derive voicing decision.

In conventional HMM based SPSS framework, Fy along with the voicing information is extracted
for every frame of speech during training. The Fj patterns are modeled by HMMs. In order to simul-
taneously model discrete voiced /unvoiced decision and continuous Fy patterns, MSD-HMM is used [7].
In MSD, each space has its weight and continuous probability density function whose dimensionality
depends on the space. Therefore MSD-HMM includes both discrete and continuous mixture HMMs
as special case. In the voiced regions Fy is modeled as continuous Gaussian distribution and discrete

symbols in unvoiced regions as given below.

PN (0; 115, 05), 0 € voiced region,

bs(0) = (2.29)

Puvs o € unvoiced region,

where, o is the observation at state s, bs(0) represents continuous probability density in voiced regions
and discrete probability in unvoiced regions. p, and p,, are the probabilities of voiced and unvoiced

regions, us and o, are mean and standard deviation corresponding to Gaussian distribution of Fj in
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voiced regions. During synthesis each HMM state is classified as voiced (if p, > 0.5) or unvoiced (if
Puv > 0.5). MSD-HMM is widely accepted to be used in SPSS for its efficiency and performance.
However, it also includes some limitations. Calculation of dynamic feature is not straightforward due
to the discontinuity at the boundary between voiced and unvoiced regions. This is solved by using
separate streams for modeling static and dynamic Fj features. As mentioned by the authors of [93], this
may result in redundant voicing probability parameters that weaken the correlation modeling between
static and dynamic parameters leading to inaccurate Fy estimation. Furthermore, in this case the
voicing decision may also go wrong due to Fy and modeling error. In MSD-HMM each stream has
independent voicing decision, therefore the model becomes inconsistent in providing voiced /unvoiced
information for each frame that is propagated to the excitation source generation algorithm.

To avoid such issues, continuous Fy modeling approach is introduced in [93], that improves in accu-
racy of Fj estimation and voicing decision as well. In this case, continuous Fy observation is present in
both voiced and unvoiced regions that can be modeled by regular HMM. Based on the Fj observation,
voicing decision can be obtained as opposed to MSD-HMM. There are two variants of continuous Fj
modeling based on implicit or explicit voicing decision. In case of implicit voicing condition modeling,
the Fj values extracted from voiced frames are used as observation, while for unvoiced frames other
method for Fy computation is used. The explicit voicing condition modeling assumes that voicing
labels are observable and hence they can be modeled independently in a separate stream [93]. This
makes the voicing decision independent of Fj. In globally tied distribution method [94], Fy values for
unvoiced frames are extended from neighboring voiced frames by interpolation and smoothing, that
makes static and dynamic Fy to be modeled in the same stream. Moreover, each state is represented
by two Gaussian mixtures, one for Fy values corresponding to voiced and other for unvoiced. Finally,
based on voicing mixture weight, voicing decision is made. As the voicing decision can be derived
independent of Fp, it shows significant improvement in case of voiced /unvoiced decision and therefore
excitation source generation.

In [95], GMM based voiced/unvoiced change time model is used to improve the voicing decision.
This imposes the constraint in voiced /unvoiced decision that can not be changed within a unit such as
vowel. For voiced/unvoiced decision, [96] uses voicing strength estimation based on multilayer percep-
tron. DNN-based hierarchical Fy modeling is implemented in [97]. In this case long-term suprasegmen-

tal property of Fy features have been exploited using deep neural models to derive improved voicing
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decision. In [98], instead of conventional Fjy extraction method, ZFF based Fj estimation is used to
derive the pitch contour during training. The voicing decision is obtained from SoE. The derived Fy
and voicing information is used in modeling of MSD-HMMSs. The addition of improved Fy extraction
method and Fy independent voicing decision add improvement to synthesized speech quality. But
the drawbacks of MSD-HMM remains intact in this method. There are several other algorithms for
extraction of Fy and voicing decision in the literature like STRAIGHT, RAPT, robust epoch and
pitch estimator (REAPER), summation of residual harmonics (SRH). STRAIGHT is a high quality
speech analysis synthesis algorithm that uses wavelet based instantaneous frequency analysis for Fj
extraction. Here, initially instantaneous frequency based on estimate of Fp is generated. Then based
on maximum carrier to noise ratio the best Fj estimate is selected. Based on the voicing strength
of different bands voicing decision is made [99]. In RAPT and REAPER, voicing decision is made
based on the autocorrelation analysis of speech and using dynamic programming for decision making.
In these two methods, the voiced frames where aperiodicity components are present to little extent,
gets selected as unvoiced and these methods found to have more number of voiced frames classified as
unvoiced [87,[100]. In SRH, the pitch tracking is performed based on residual harmonicity [101]. As
the SRH values are found to be lower in the unvoiced regions, therefore thresholding is used to classify
voiced /unvoiced frames. However, SRH method is sensitive to threshold.

As discussed above the sonority information is correlated with basic production pattern of sound
units. Moreover, degree of sonority is associated with spectral sharpness, SoE and periodicity. These
three aspects greatly effects the perception of speech signal. Therefore, the representation of sonority
can be incorporated as an additional information in the SPSS framework to improve perceptual quality

of synthesized speech.

2.6 Organzation of the work

In the above sections different approaches employed in the literature for improving naturalness of
synthesized speech obtained from SPSS is explained in detail. This section discusses the drawbacks of
these methods along with the scope of further improvement. Based on these issues, the new approaches
using sonority information for modification of perceptual quality of synthesized speech is proposed.

The scope of practically feasible TTS synthesis system demands naturalness, intelligibility, low

footprint and flexibility to adapt the required characteristics in synthesized speech. These require-
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ments aid to prefer SPSS approach of speech synthesis over other methods and lead progressive research
to overcome the drawbacks of SPSS. The USS synthesized speech resembles more with natural speech
in both temporal and spectral domain. The aim of all the methods to improve SPSS is to adapt
the characteristics of natural speech to synthesized by overcoming the issues associated with different
modules. The three basic shortcomings of SPSS discussed in this report are: inadequate paramet-
ric representation of speech signal, over-smoothing imposed by statistical modeling in the generated
parameter sequences and voicing error during excitation source generation.

The first issue deals with representation of speech signal using different attributes. Use of more
number of substantial features to capture detailed information in the speech signal may result in
efficient reconstruction of speech signal from those parameters. However, as we increase number of
parameters, the model size grows and computational cost increases. Also, the parameters used to
represent the speech signal should also be exploited in the synthesis module. There are different
parameters used in the literature to represent basically source and spectral information and those
are mostly used in excitation source generation module as discussed in Section 2.3 Some of these
parameters are of high dimension and donot have much impact on synthesis. Exploiting the usefulness
of additional features in improvement of different modules may be more useful instead of using it in
a single module. Moreover, the additional feature should carry complementary information to that
of conventional features. In this regard, the feature representing sonority information is proposed
in Chapter Bl Along with the feature extraction its application in different speech processing task
is also demonstrated. As the sonority feature has correlation with speech perception, therefore it
is incorporated in the SPSS framework, along with conventional features which is further used for
enhancement of synthesized speech quality.

The over-smoothing effect is reflected in the less variance of generated parameters compared to
their natural counterpart. The methods followed to solve this issue can be sub-categorized into:
using real speech data, multiple level of statistics and PF techniques. The widely used GV based
parameter generation method to alleviate over-smoothing falls under the second category. While most
of the other successful methods use PF techniques for the same. A class of PF methods attempt
to enhance the formants, that are smoothed out in the generated spectrum. These methods donot
improve the dynamic range of parameters. The MS based method aim to preserve the behavior of

natural parameters in synthesized speech, resulting in alleviating the over-smoothing by improving
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the dynamic range. Both MS and GV methods consider single mean and variance of parameters for
all the sound units. However, the nature of the parameters may extensively vary based on different
categories of sound units. To overcome this issue a dynamic PF approach is proposed in Chapter[dl The
proposed PF method introduces different amount modifications to the source and spectral parameters
corresponding to different sonorant sound categories. The sonority feature extracted in the previous
chapter is modeled using HMM and generated sonority feature is used for classification of frames into
sonorant categories. This improves the dynamic range of the parameters and adapts the characteristics
of natural speech parameter sequences. Chapter [ also presents a method for modification of spectral
tilt in synthesized speech.

The third aspect of SPSS discussed in the current chapter is methods for voicing decision. As the
excitation source component plays a great role in naturalness of synthesized speech, it is always pivotal
to correctly classify voiced/unvoiced frames before excitation source generation. Misclassification of
voicing information may lead to wrong excitation source generation. This aspect also has significant
contribution in the synthesis quality. As discussed in Section 2.5 in MSD-HMM method for Fjy
modeling both continuous values of Fy and voicing decision are modeled together. In this case, if
we employ a new voiced /unvoiced classification method, the additional features are not required to
be modeled, instead the resultant voicing decision will be modeled. On the contrary, in continuous
Fy modeling, the Fj values in both voiced and unvoiced frames will be modeled. Along with that
some additional features to be used for voicing decision can also be modeled. In the synthesis stage
based on the classification by using generated additional feature the voicing decision can be derived.
From this point of view continuous Fjy modeling approach can be considered as more flexible. For this
purpose the usefulness of the sonority feature explained in Chapter [3is explored. Chapter Bl explains
the voicing decision method using sonority information during excitation source generation.

The work presented in this thesis first explores a potent representation of sonority information
extracted from speech signal and its application in different speech processing tasks. The sonority
feature is integrated in the SPSS framework along with the conventional source and spectral features.
During parameter generation, the generated sonority feature is further used in dynamic PF method
to alleviate the over-smoothing associated with source and spectral parameters. The same feature is

further employed for voicing decision during the excitation source generation.
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3. Sonority Measurement using System, Source and Suprasegmental Information

Objective

Sonorant sounds are characterized by regions with prominent formant structure, high energy and
high degree of periodicity. In this chapter, the vocal-tract system, excitation source and suprasegmental
features derived from the speech signal are analyzed to measure the sonority information present in
each of them. Vocal-tract system information is extracted from the Hilbert envelope of numerator of
group delay (HNGD) function. It is derived from zero time windowed speech signal that provides better
resolution of the formants. A five-dimensional feature set is computed from the estimated formants to
measure the prominence of the spectral peaks. A feature representing strength of excitation is derived
from the Hilbert envelope (HE) of LP residual, which represents the excitation source information.
Correlation of speech over ten consecutive pitch periods is used as the suprasegmental feature repre-
senting the periodicity information. The combination of evidence from the three different aspects of
speech signal provides better discrimination among different sonorant classes, compared to the baseline
MFCC features. The application of the proposed sonority feature in phoneme recognition and VOP

detection brings significant improvement in performance.

3.1 Introduction

Sonority refers to relative loudness of speech sounds [9]. The most sonorant sounds, vowels,
are produced with less constricted vocal-tract configuration through manipulation of the vocal-tract
between glottis and lips. Position and configuration of different articulators has effect on the spectrum
of generated speech signal. Narrowing the cross sectional area in the front part of vocal-tract and
widening towards the back results in the decrease of first formant frequency (F7). As a consequence
of variation in position and length of constriction, second formant frequency (F,) changes for different
category of sonorants. The bandwidth of formant is associated with loss in the vocal-tract. Thus with
the increase in sonority, the vocal-tract constriction decreases that results in increase in Fj, Fy and
decrease in formant bandwidth.

Compared to the obstruents, sonorants have sufficient opening of the vocal-tract to produce voicing
and well defined prominent formant structure [102]. Studying the formant structure of Sonora TTS
is likely to enable accurate estimation of the VT'S with change in the degree of sonority. Studying the
formant structure of sonorants in T'TS is likely to enable accurate estimation of the VT'S with change
in the degree of sonority. Due to the glottal open and closed phase, the formant structure does not
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show a constant behavior during one pitch period [103,[104]. The characteristics of the vocal-tract
system in the open phase varies due to the coupling with vocal-fold and trachea. Whereas, during the
closed phase, the speech signal is mainly due to free resonances since there is no coupling with trachea
and vocal-folds [105]. Therefore, extraction of VTS from speech signal corresponding to the closed
phase of each pitch period may give accurate formant estimation along with its associated measures.
But, in voiced region, the glottal closing is fast and the duration of the closed phase is smaller than
that of the open phase. For extracting the VTS, processes like LP analysis and STFT involve block
processing and are dependent on the size and position of window. Also, these methods mask the
changing shape of the vocal-tract and give an average spectrum [105].

In this chapter, HNGD spectrum derived from speech signal around the glottal closure instant
(GCI) is used to estimate the VTS [106]. The GCI locations are estimated using the zero frequency
filtered (ZFF) signal [107], as it is found to be more robust compared to other state-of-the-art tech-
niques [108]. A highly tapering window is used to emphasize the speech samples around each GCI
that correspond to the glottal closed phase. The sonority information present in the VTS is extracted
using knowledge from the first three formants of the HNGD spectrum.

With change in the vocal-tract constriction, there is also an effect on the amplitude and spectrum
of the source. Due to the change in constriction, there is fluctuation in supra-glottal pressure which
has an impact on the pressure inside the glottis during the open phase of glottal vibration. This
changes mechanical motion of the vocal-folds. The net effect is reduction in the amplitude of glottal
source, which is reflected in the HE of LP residual as strong peaks. These peaks have correlation with
an acoustic feature called SoE as discussed in [109]. With the increase in degree of sonority, SoE also
increases. Hence, it can be hypothesized that, deriving an adequate representation of SoE may add
some advantage in deriving sonority information from the speech signal.

Along with the change in behavior of the vocal-tract system and the excitation source with degree
of sonority, temporal variation in the speech signal also takes place. This can be observed over several
pitch periods. One such measure is periodicity, which corresponds to the tendency of the signal to re-
peat similar structure over several pitch periods. This occurs, since human speech production system
changes in a continuous manner. During the production of sonorant sounds, the vocal-tract shape
changes slowly and hence maintains periodicity over longer duration compared to other sounds [110].

This suprasegmental behavior of sonorants is not taken into account while analyzing vocal-tract system
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and excitation source perspectives. Hence, examining the regularity in the signal structure or corre-
lation over several small segments of the speech signal may be helpful to obtain feature representing

this aspect of sonority.
3.1.1 Usefulness of sonority feature

The sonority feature can be applied to detection of syllable nucleus, VOP detection, phoneme
classification, study of syllable structure and syllabification in different languages. Sounds with higher
degree of sonority correspond to the syllable nucleus. It gives information about number of syllables
present in the speech signal. Number of syllables divided by duration of the signal defines syllable
rate/speaking rate. There are several approaches in the literature towards this direction. In [111],
syllable nucleus is detected by loudness estimation. Energy peaks in the frequency range from 250 -
2500 Hz have good correlation with syllable nuclei. Many other methods use vowel recognizer to find
syllable nucleus as given in [112].

Correlation between prominent subbands is used to capture well defined formant structure in the
syllable nuclei in [113]. Before applying cross-correlation between subband energy vectors, frames are
weighted by Gaussian window and then temporal correlation is estimated in order to retain inter-
syllable discontinuity in case of fast speech. Then, thresholding and pitch validation of subband
correlation envelope is performed to enhance the detection of syllable nucleus. In the same work,
experiments are also performed to find syllable nuclei which include sonorant sounds other than
vowels. The mean error calculated is more in this case. This proves that the feature cannot detect
all sonorant sounds. In [114], perceptually significant evidence such as excitation source peaks in
LP residual and formant peaks which contribute to the loudness are used to find the most sonorous
region within syllable. All these efforts are aimed to detect basically the most sonorous sound, the
vowels. There are many confusions reported within the sonorants (vowels, glides, liquids, nasals) while
detecting the vowels.

Segmentation of speech into sonorant regions with high accuracy is essential for applications like
automatic speech recognition (ASR) to detect the regions with high signal to noise ratio (SNR) in the
speech signal [I15]. In the literature, sonorant segmentation is performed using MFCCs, knowledge
based acoustic features or a combination of both [I0,116]. Recently in [I15], features based on both
spectral and source information are proposed and a hierarchical algorithm is developed to detect

sonorant and non-sonorant regions in continuous speech. However, the feature may not have potential
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to further divide the sonorant regions based on the degree of sonority associated with the sound units.
In order to improve the performance of sonorant detection, it is important to first quantify the degree
of sonority associated with different sound units in a given speech segment, without having knowledge
of phone sequence. In this work, an evidence is obtained which represents instantaneous sonority
i.e. continuous change in sonority with time in the speech signal. In traditional methods, sonority is
derived from the phone identity knowledge.

Looking into these studies present in the literature, it can be considered important to derive some
feature which represents degree of sonority from speech signal. In this work, three different aspects
of speech signal, namely vocal-tract system, excitation source and suprasegmental are analyzed to
extract prospective features to discriminate among different classes of sonorants. The three attributes
are analyzed individually and effectively combined to derive a multi-dimensional feature which can
represent sonority. The obtained sonority feature is used in phoneme recognition, VOP detection
and results show improvement. In the analysis of all the features, focus is on classifying within the
sonorants according to the sonority hierarchy.

Rest of the chapter is organized as follows. Features of vocal-tract system for sonority detection are
proposed in Section Excitation source and suprasegmental features are presented in Section
and Section B.4] respectively. Section describes the combination of proposed evidence to represent
sonority measure. Section shows the experiments performed to demonstrate the usefulness of
sonority evidence. The application of the proposed sonority feature is demonstrated in different
speech processing tasks such as phoneme classifier and VOP detection in Section Bl In Section B.8]

summary, conclusions and future direction are mentioned.

3.2 Features of vocal-tract system for sonority detection

The categorical formant structure in the VTS of sonorant sounds can be interpreted by measures
associated with amplitudes of spectral peaks and valleys, formant bandwidths and formant slope.
Bandwidth of the spectral peak decreases, while the spectral peak value increases with increase in
degree of sonority. The peak-to-valley ratio (PVR) of spectral peak is a direct representation of spectral
prominence, that is inversely proportional to the corresponding bandwidth. Spectral prominence refers
to spectral peaks with more sharpness and higher energy, which increases with degree of sonority.

This depends on PVR, slope, bandwidth and amplitude associated with the spectral peaks. Narrow
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constriction results in relatively low values of formant frequencies and spectral peaks. High-vowels
are produced by raising the tongue body thus forming narrow constriction in the front part of vocal-
tract. This results in decrease in F; and increase in bandwidth, primarily due to acoustic losses in
the vocal-tract walls and glottis. As explained in [20], due to less spacing between F; and Fjy, the
response of low frequency auditory nerve fibers are dominated in low frequency region by Fi, resulting
in production of relatively stable response in auditory system. In contrast to high-vowels, low-vowels
are produced by narrowing the posterior part and widening towards lips, resulting in increase in F}
and higher difference between F; and Fj. Due to this difference, the auditory nerve fibers near Fj are
not dominated by Fj. As a consequence, there is a fall in the spectrum below Fj [20]. Due to the
intermediate position of tongue body during production of mid-vowels, Fj also lies in between that
of high-vowels and low-vowels. In this case, the auditory nerve fibers are in synchrony with either F}
or Fy. Fluctuation of second and third formant frequencies, 5 and F3 depends on the constriction
length and position in the vocal-tract.

During the production of nasals, the vocal-tract is completely closed, while the velopharyngeal
part is open and there is no pressure increase behind the constriction. In this case, during the time
of closure of vocal-tract, if the vocal-folds are in a position of voicing, the same will continue after
the closure [20]. Nasals have the first formant at a very low frequency and with less energy. The
higher formants are also of weak amplitudes. Glides are produced by forming narrow constriction to
an extent, so that there is no significant pressure drop across the constriction. This results in vibration
of vocal-folds and lower F; with wider bandwidth. As an influence of the narrow constriction, the
glottal source also gets modified. The liquids are also produced with narrow vocal-tract constriction,
but the length of the constriction is shorter than that of the glides. As a consequence, F} of liquids
is higher than that of glides. During production of liquids, the tongue is shaped in such a way that
there is a split in the vocal-tract, which cannot be compared with an uniform tube [20].

With the increase in vocal-tract constriction, Fy decreases and bandwidth of first formant increases
gradually along the sequence of following sounds: low-vowels, mid-vowels, high-vowels, liquids, glides
and nasals. With decrease in F}, there is significant reduction in the overall spectrum amplitude.
Amplitude of F5 is dependent on F; and on the point of constriction along the vocal-tract. Since
sonority associated with a sound unit depends on the vocal-tract constriction, the process for extraction

of VTS should be appropriate.
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3.2 Features of vocal-tract system for sonority detection

3.2.1 HNGD Spectrum

(a) low-vowel /ah/

(b) mid-vowel /eh/ (c) high-vowel /ih/

(d) semi-vowel /w/

(e) nasal /n/
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Figure 3.1: HNGD spectra for different classes of sounds showing apparent discrepancy in the spectrum shape.
First row depicts 20 ms segment of (a) low-vowel /ah/, (b) mid-vowel /eh/, (c) high-vowel /ih/, (d) semi-vowel
/w/, (e) nasal /n/ from TIMIT test database with dashed vertical lines representing epoch locations. Second
row (f), (g), (h), (i), (j) show corresponding HNGD spectra, respectively, for 5 ms segment around the epoch
location represented by solid line.

HNGD is found to have potential in deriving VTS for a very short segment of speech signal around

GCI that mostly corresponds to the glottal closed phase as reported in [106]. It is employed in this

work to analyze different characteristics of VTS for sonorant sounds.

HNGD spectrum around each GCI in the speech signal, as in [106] is used here:

The same process of deriving

e The frequency response of ZFF as proposed in [I07] can be represented by (BI]). The analogous

time domain window function shown in (3.2)) is used to emphasize the speech samples closest to

each GCI location. This windowing method is referred as zero time windowing (ZTW) [106].

[H (w)] = [1/(1 = 27)?|.ciw = 1/2(1 — cosw),

0

w(n| =

1/(4sin?(7n/(2N))),

where, N is the length of the window.

1/4sin*(w/2),
n=0;
n=12...N—

e Let s(n) be the speech signal and corresponding epoch locations are extracted using ZFF signal

as explained in [I07]. This can be represented by a train of impulses as shown in ([B.3]), where
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M is total number of epochs and i is the estimated epoch location.

M
> d(n—ix), (3.3)
k=1

e Let xx(n) be the windowed signal derived by placing the window at each epoch location.

z(p) = s(p) x w(n), (3.4)

where, p =ik, ix + 1,...ix + N — 1 and N is length of window function (w(n)).

e As the window function decays sharply, it is likely to mask the formant information. This effect
of peak merging or smoothing can be avoided using Fourier transform phase spectra i.e. group
delay (GD) spectra instead of usual magnitude spectra [117]. The numerator of the GD function
(NGD) (g(w)) of xk(n) is computed as in [106].

g(w) = Xr(w)Yr(w) + X1(w)¥;(w), (3.5)

where, X (w) = Xpg(w) + jX(w) is the discrete time Fourier transform (DTFT) of x(n) and
Y (w) = Yr(w) + jY7(w) is the DTFT of yx(n) = nxg(n). The subscripts R and I denote real
and imaginary parts, respectively.

e The spectral resolution is enhanced by successively differentiating NGD two times (DNGD),
which shows sharp peaks at each formant location.

e In order to highlight these peaks further, HE of the DNGD is computed which is defined as

HNGD spectrum, which can precisely estimate the VTS.

For different categories of sound units, HNGD is found to have the potential to detect formant
characteristics with accuracy for short window, as reported in [I06]. This motivates us to exploit

usefulness of the HNGD spectrum in characterizing VTS to derive the sonority feature.
3.2.2 Effectiveness of HNGD spectrum for sonority detection

In order to substantiate the variation in formant structure of the HNGD spectrum with respect to
degree of sonority, the same is shown in Figure. Bl for different classes of sounds. Figures31l (a) - (e)
show 20 ms segments of low-vowel /ah/, mid-vowel /eh/, high-vowel /ih/, semi-vowel /w/, nasal /n/,
respectively. The epoch locations marked with dashed vertical lines are derived using ZFF method as
described in [107]. Figures Bl (f) - (j) show HNGD spectra around the epochs represented by solid

lines in Figure Bl (a) - (e), respectively. For the spectrum of low-vowel /ah/, first three spectral
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Figure 3.2: VTS represented by HNGD spectrum corresponding to /eh/ showing different measurements i.e.
first three formant frequency values (in Hz), amplitude of spectral peaks, frequency at spectral valleys (in Hz),
amplitude of spectral valleys and bandwidth.

peaks have higher amplitudes, higher slopes and lower bandwidths. The slope represents rate of
decay of the spectrum amplitude from spectral peaks (P, Py, P3) to corresponding preceding spectral
valleys (Q1,Q@2,Q3) as in Figure On the other hand, mid-vowel /eh/ has lower F; and hence
lower spectral prominence than that of the low-vowel. For high-vowel, I} decreases further. With the
decrease in Fj value, reduction in overall spectrum amplitude can also be observed. For semi-vowel
and nasal sounds, differences between different attributes of spectra are depicted in Fig Bi) and
(j)- Influenced by these observations, sonority feature is represented using different statistics from the

VTS represented by the HNGD spectrum.
3.2.3 Proposed features of vocal-tract system to find degree of sonority

In order to find the degree of sonority associated with a sound unit, different attributes of VT'S are
derived from the HNGD spectrum, obtained around each epoch location. Different classes of sonorant
sounds from TIMIT database used in this study are nasals ([m], [n], [ng]), liquids ([r], [1]), glides ([w],
[y]), high-vowels ([ih], [iy], [uh], [uy]), mid-vowels ([eh], [ey], [oy], [ow]) and low-vowels ([aal, [ah],
[ae]). These categories of sound units are segmented according to the information in TIMIT label
files, succeeded by normalization with respect to the maximum value of each sound unit, for which
epoch locations are derived. HNGD spectrum of energy normalized speech segment after each epoch

location, is obtained as described in Section B2 which has potential to correctly characterize the
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Figure 3.3: Distributions of the proposed sonority features for different sonorant sound units. Distribution for
feature (a) f1, (b) fa, (¢) f3, (d) fa, (€) f5, (f) feature of excitation source (fs) and (g) suprasegmental feature

(f7)-

VTS [106]. The first three formant frequencies and associated measures are of crucial importance in
many speech processing studies. Therefore, the same obtained from the HNGD spectra are employed
for the task of extraction of features having capability to represent sonority. The effectiveness of each
of the proposed features can be justified from the distribution curves obtained for the entire TIMIT
test database for different classes as shown in Figure Following measures are extracted from the

estimated VTS for measuring sonority.
3.2.3.1 Formant peak values

The first three formant frequency values (in Hz) obtained from HNGD spectrum are F, F», F3 and
the corresponding amplitude of spectral peaks are represented by P;, P>, P3 as shown in Figure
With the increase in degree of sonority, F7 (in Hz) increases. This is also reflected in the amplitude
of spectral peaks, as increase in F} results in overall increase in the spectrum amplitude. The mean
amplitude of first three spectral peaks is calculated, which is represented as f1, where, f; = % Z?:l P
The estimated distribution of normalized value of f; for different classes of sonorant sounds is shown
in Figure B3[a). It can be observed from Figure B3(a) that f; may not discriminate well between

different sonorant classes, but it does provide some evidence along the lines of sonority hierarchy.
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3.2 Features of vocal-tract system for sonority detection

3.2.3.2 Formant peak deviation

When two or more formant frequencies come close together, there is an increase in spectrum value
in the vicinity of these formant frequencies. The next measure for sonority measurement from VTS
is the mean of relative deviation between amplitude of first three spectral peaks. Here Dy and Do
are differences between amplitudes of first and second spectral peaks, and second and third spectral
peaks, respectively. The mean of these differences is represented as fo = % Z?Zl D;. The distribution
corresponding to normalized value of fy for different sonorant classes derived from whole TIMIT test

database is shown in Figure B3(b). fo may provide some information along the sonority hierarchy.
3.2.3.3 Spectral valleys preceding the first three formant peaks

Along with spectral peaks, spectral valleys are also of importance for overall study of the spectrum
shape. Spectral valleys (V4, Vs, V3) preceding to the first three formant frequencies (Fi, Fy, F3) are
detected and the mean value of corresponding spectral amplitudes @1, @2, Q3 is calculated. It is
represented as f3 = %23:1 Q;. The distribution of normalized f3 derived from segments of different

sonorant classes from entire TIMIT test database is shown in Figure B.3(c).
3.2.3.4 Slope associated with each formant peak

In order to detect spectral prominence, slope associated with each spectral peak is also measured.
To measure the slope, first three spectral peaks (Py, Py, P3) corresponding to formant frequency values
F1, Fy, F3 are detected. Similarly, preceding amplitude of spectral valleys (Q1,Q2,@3) corresponding
to frequency values Vi, V5, V3 are determined as shown in Figure Then, slope associated with each

of the first three spectral peaks is calculated as follows:

P —Qr
-V

_ P3—Q3

P — Qs
Py=——2,8P; =
5Py Fs— V3

SP, = - :
! Fy—Vy

SPs (3.6)

To represent this feature, average value of SP;, SP» and SPs is calculated as, f4 = %25’:1 SP;.
The distributions are obtained for normalized value of fy for different sonorant classes in the TIMIT

test database as shown in Figure B.3|(d).
3.2.3.5 Formant bandwidth

Formant bandwidth is directly proportional to the loss associated with vocal-tract. This may

arise from different sources such as vocal-tract walls, viscosity, heat conduction and radiation. Hence,
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Table 3.1: Canonical correlation analysis (CCA) between different features of vocal-tract system.

| Features ‘ Correlation value ‘

f1 and fg 0.89
fl and fg 0.88
f1 and f4 0.63
fl and f5 0.40
fg and f3 0.89
fg and f4 0.52
fg and f5 0.38
fs and fy4 0.59
f3 and f5 0.39
f1 and f5 0.33

with more constricted vocal-tract configuration, bandwidth associated with peaks also increases. This
results in decrease in degree of sonority. In this case we have not used the power spectrum to calculate
the bandwidth. For each of the first three spectral peaks (P;, P2, P3), the difference between the
frequencies in both side of the peaks, where amplitude of the HNGD spectrum is 0.707 of maximum
value of corresponding peak is calculated. This difference is termed as bandwidth associated of the
first three formant peaks (Bj, B, Bs) in the rest of the thesis. The average bandwidth is calculated as
f5= % Zg’zl B;. The distributions corresponding to normalized bandwidth is shown in Figure B.3|(e),
which decreases with the increase in sonority.

The values of each of the features f1, f2, f3, f1, f5 obtained from all the frames across all instances

of the six types of sounds are normalized as follows:

Ji —min(f;)

fi= max(f) —min(fy)’

(3.7)

where, ¢ ranges from 1 to 5. min(f;) and max(f;) represent minimum and maximum values of f;

extracted over all classes of sonorant sounds for entire TIMIT test database.
3.2.4 Combined vocal-tract feature to find degree of sonority

Each of the features f1, f, f3, f4 and f5 are normalized and approximated by Gaussian probability
density function as shown in Figure B3] (a), (b), (c¢), (d), (e), respectively. The distributions do not
provide clear discrimination among different classes of sonorants. However, still the increasing trend of

the features f1, fo, f3 and f4 from nasals to low-vowels can be observed, while f5 exhibits a decreasing
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trend for the same. Also, some disparity in terms of overlap of distributions among different classes
of sounds for each of the features of VTS can be interpreted from Figure B3] (a)-(e). For example,
in the distribution of f5, a distinct overlap between the low-vowel, mid-vowel and high-vowel can be
observed. fi shows less overlap between the three vowel categories along the line of sonority hierarchy.
f2 has lower amount of overlap between the distributions of glides and nasals.

It can be inferred from Figure B.3|(c) that, f3 possess better adequacy to bring out the differences
between low-vowel and mid-vowel compared to other features. In each of fi, f3 and f4, the liquids
have higher values than that of glides, whereas according to the sonority hierarchy, glides are more
sonorous than the liquids. In Figure B3|e), f5 shows a correct reverse trend of feature values with
respect to the sonority hierarchy. However, the extent of overlap between different classes is more
compared to other features. Based on this interpretation, it can be inferred that the five derived
features of vocal-tract system may carry different information.

The redundancy among the five attributes derived from the VTS is elucidated using canonical
correlation analysis (CCA) [118,119]. The correlation values derived from CCA among different pairs
of features are shown in Table Bl Although correlation exists between the five features of vocal-tract
system, there is some extra information captured by each feature, as the correlation value is less than
1 in each case. Based on these observations, a five-dimensional feature vector of vocal-tract system is

proposed in this work, which has the ability to quantify the sonority hierarchy.

3.3 Excitation source information for sonority detection

The SoE is related to the abruptness of the glottal closure, which is maximum for an ideal impulse
and corresponds to strength of differenced electro-glotto-graph (DEGG) signal at GCIs. In order to
visualize how SoE changes with degree of sonority, an effective representation of SoE derived from
excitation source needs to be explored. Given the speech segment of particular sound unit (vowels,
semi-vowels or nasals), LP analysis can be performed to derive the LP coefficients. The residual signal
is obtained by inverse filtering the speech signal using LP coefficients. The inverse filtering suppresses
the vocal-tract characteristics from the speech signal and mostly contains information about the
excitation source. The residual signal shows noise like characteristics in unvoiced regions and large
discontinuity in voiced regions of the speech signal. This is a good approximation of excitation source

signal when LP order is properly chosen [120]. In this work, the LP residual is derived by performing
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Figure 3.5: 3 ms duration of superimposed segments of HE of LP residual in the vicinity of impulse-like
excitations for (a) vowels, (b) semi-vowels, (¢) nasals.

LP analysis on overlapped segments of speech signal (size of frame =25 ms, frame shift = 5 ms, LP
order = 10 and sampling frequency = 8 kHz). The GCIs are manifested as large amplitude fluctuations,
either in positive or negative polarity in the LP residual. This difficulty can be overcome using the

HE of LP residual [12I]. The HE he(n) of LP residual e(n) is defined as

where, ep (n) is Hilbert transform of e(n) and in given by
en(n) = IDFTIE (k). (3.9)
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Figure 3.6: Histogram plot of sample values of 3 ms HE of LP residual. 3 ms segment is divided into 0.25 ms
frames. (a), (b), (c), (d) correspond to 0 to 1 ms and (e), (f), (g), (h) corresponds to 2 to 3 ms of the 3 ms
segment.

where,

(3.10)

IDFT denotes inverse discrete Fourier transform and E(k) is DFT of e(n) and N is the number of
points for computing DFT.

Speech segments of 20 ms and corresponding HE for vowel, semi-vowel and nasal are shown in
Figure B4 (a) - (¢) and (d) - (f), respectively. It can be observed that, the pattern of side-lobes of
each peak in HE (corresponding to GCI) is different for nasals, semi-vowels and vowels. The side-lobes
have higher values with respect to peak values in case of nasals than semi-vowels. In case of vowels,
the amplitude of side-lobes are further reduced than that of semi-vowels.

For the entire TIMIT test database, HE of LP residual of vowels, semi-vowels and nasals are
obtained. The GCls are derived from the ZFF signal and then by searching for the nearest peaks in
the HE of LP residual [107]. For each GCI, 1.5 ms segment towards right and 1.5 ms segment towards
left is selected from the HE of LP residual of speech signal. These 3 ms segments are normalized
(each sample is divided by maximum value among the 3 ms samples) and superimposed for each class

(vowels, semi-vowels and nasals). The number of such superimposed frames used is equal for each
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Figure 3.7: Scatter plot of DEGG versus peak to side-lobe ratio of short segment of HE pf LP residual in the
vicinity of GCls.

class. The resulting plot is shown in Figure It can be clearly observed that the distribution of
side-lobes around the center peak is different for the three classes of speech sounds.

To investigate the difference among the three, the 3 ms segment is divided further into frames
of 0.25 ms. The distribution of values for each 0.25 ms frame is plotted using a discrete histogram
as shown in Figure B.6] where, (a), (b), (c), (d) correspond to first 0 to 1 ms (4 frames each of 0.25
ms) and (e), (f), (g), (h) correspond to 2 to 3 ms of 3 ms of HE segment. It can be observed from
Figure 3.8 that (e), (f), (g), (h) show more discrimination between the classes (vowels, semi-vowels and
nasals) than first 1 ms frames i.e. (a), (b), (c), (d). For example: the bins corresponding to vowels,
semivowels and nasals are more separated in (f) compared to that in (b). Based on this analysis, we
considered only the region from 2 to 3 ms of the 3 ms HE segment to quantify the source evidence.
Since the distribution of values of HE of LP residual in glottal closure region is different for broad
classes of sonorant sounds (vowels, semi-vowels and nasals), it may be appropriate to analyze the same
to quantify the sonority hierarchy.

The source feature for sonority is defined as fg = %, where, P is the value of central peak at the
GClI location and p is the mean of sample values from 2 to 3 ms duration in the 3 ms HE segment. This
can be referred as peak to side-lobe ratio around the epoch locations which can represent SoE. As shown
in Figure B the SoE derived from HE of LP residual (peak to side-lobe ratio) has approximately
linear correspondence with strength of DEGG signal. The distributions of peak to side-lobe ratio
representing SoE for different classes of sound show an increasing trend with the increase in sonority
as observed from Figure B3(f). The feature of excitation source shows a significant overlap within

the vowel categories, whereas it has potential to correctly discriminate source aspect of nasals and
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vowels. Semi-vowels (glides and liquids) also seem to have overlapped distributions. However, the

distributions of fg for each class show less variance compared to that of features of vocal-tract system.

3.4 Suprasegmental evidence for sonority measurement

Average KLD
I

i i i i i i i
6 8 10 K 12 14 16 18

Figure 3.8: Change in average KLD between Gaussian distributions derived from suprasegmental feature of
six classes of sonorant sound with respect to the value of K.

Sonorant sounds are prolonged with higher periodicity, where similar signal structure repeats
for longer duration due to the slow change in vocal-tract configuration during production. This
behavior of the sonorant sounds can be captured by measuring similarity of speech signal samples
over several pitch periods rather than just one pitch period. In this work, a suprasegmental feature
is derived by computing the correlation of the speech signal over K pitch periods, as a manifestation
of regularity in the structure of speech signal. If there are M number of epochs in the given speech
signal, 1, x2, .....xpr_1 are the segments corresponding to M — 1 number of cycles starting from one
epoch to the next. The similarity over K number of cycles (pitch periods) is measured as follows:

| K

. < i, Tj > .
f7(1) = = e ~—t=1,2,..M —-1-K, (3.11)
Kj;—lz DY ”c?

where, f7(i) is the correlation coefficient that represents the suprasegmental evidence of sonority.
< x;,x; > represents the inner product between samples corresponding to x; and x;, which are ith
and j*" pitch cycles in the speech segment. Zero padding is performed to match the dimension of x;
and zj. N; and N; are the number of samples present in ith and j* cycles. M is the total number of
GCls in the given speech segment and K is the number of cycles over which the feature is calculated.

For finding appropriate value of K, the suprasegmental feature is derived by varying K value

from 4 to 19. For each value of K, Gaussian distributions of the six classes are obtained and average
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Table 3.2: Means and standard deviations (std) of different features of vocal-tract system (f1, f2, f3, f4, f5),
feature of excitation source (fs) and suprasegmental feature (f7) for different classes of sonorants (low-vowels,
mid-vowels, high-vowels, liquids, glides and nasals).

Evidence Low-vowels | Mid-vowels | High-vowels Glides Liquids Nasals

mean‘ std mean‘ std mean‘ std mean | std mean‘ std mean‘ std

Formant Peak Values (f;) | 0.73 | 0.11 | 0.69 | 0.12 | 0.56 | 0.12 | 048 |0.13 | 0.62 | 0.14 | 0.32 | 0.09
Formant peak deviation (f2) | 0.60 | 0.14 | 0.56 | 0.14 | 0.54 | 0.12 | 0.46 | 0.11 | 0.53 | 0.14 | 0.38 | 0.08
Spectral valleys (f3) 062 | 012 | 059 | 0.12 | 049 | 0.13 | 045 |0.13| 0.55 | 0.14 | 0.33 | 0.09
Slope (f4) 071 | 012 | 0.67 | 0.12 | 0.54 | 0.11 | 046 |0.12 | 0.60 | 0.14 | 0.29 | 0.09
Formant Bandwidth (f5) | 0.55 | 0.05 | 0.58 | 0.05 | 0.57 | 0.05 | 0.59 | 0.05| 0.61 | 0.06 | 0.63 | 0.06
Source( fg) 0.29 | 0.06 | 0.29 | 0.06 | 0.29 | 0.06 | 0.24 | 0.08 | 0.27 | 0.08 | 0.20 | 0.08
Suprasegmental( f7) 049 | 014 | 044 | 0.15 | 0.34 | 0.16 | 0.32 | 0.15| 0.29 | 0.14 | 0.24 | 0.11

Kullback Leibler divergence (KLD) measure among the six classes is calculated. The K value which
gives maximum KLD distance between the distribution of six sonorant classes is selected. Figure [3.§
shows that for K = 10, the KLD measure has the highest value. If the length of the speech segment is
less than 10 pitch periods, the K value is changed to two less than the number of pitch periods in the
signal. For M number of GCIs in the speech signal, suprasegmental feature f7 will have M — 1 — K
number of values. This corresponds to first M — 1 — K number of epochs. For last K 4+ 1 number of
epochs, the last value of the feature is repeated to match the suprasegmental feature dimension with
that of vocal-tract system and excitation source features. The derived correlation feature is obtained
for different categories of sonorants from TIMIT test database and the corresponding distributions
are depicted in Figure B3(g). As hypothesized, proposed suprasegmental aspect of speech signal
has the adequacy to delineate the sonority hierarchy. Regardless of the significant overlap between
distributions of liquids, glides and high-vowels in Figure B.3|(g), it shows an increase in feature value

as one moves from nasals (least sonorous) to low-vowels (most sonorous).

3.5 Combination of source, system and suprasegmental evidence

The means and standard deviations of each of the derived features are shown in Table As
elaborated in Section [3.2.4] the means and standard deviations of five different features of vocal-tract
system carry contrasting information regarding the degree of sonority associated with. As observed
from Table B.2 from low-vowels to nasals, the mean values of f1, fo, f3 and f; decrease sequentially

with a disparity in case of glides and liquids. The latter having higher mean value than the former in
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case of all the four features. It can be observed that the mean values of f5 increase from low-vowels to
nasals. The deviation in mean values of f5 among different classes is less. Also, the standard deviation
values of f5 are low compared to other features of vocal tract system.

From production point of view, the difference between glides and liquids is that, in case of liquids
the constriction is shorter than that of the glides. This results in higher F for liquids than the glides.
Moreover, the acoustic path in the oral cavity for liquids contains side branch or parallel paths unlike
glides. This introduces extra poles and zeros in the spectrum of liquids, which lead to higher values of
features of vocal-tract system for liquids than glides. The pattern of mean values of the suprasegmental
feature is found to have good correlation with the degree of sonority. All the evidence derived from
three different perspectives of sonorant sounds demonstrate unique trend with the change in degree of
sonority. To obtain a faithful feature representation of sonority, the combination of vocal-tract system,
of excitation source and suprasegmental features may be helpful. All the seven evidence have single
value at each epoch location.

For each of the seven features, six Gaussian distributions can be derived representing six classes
of sonorant sounds. The distance between each pair of Gaussian probability density function can be

measured by KLD [122] as given by (312]).

1 (0% o2 1 1 1
Dgr(A,B) =594+ =20 —1+{ua—-psY’ {5+ 5 (3.12)
2 o o4 2 o4 0R

where, A and B are two univariate Gaussian distributions with means p 4, g and standard deviations
o4, 0B, respectively. A and B represent samples of one feature for two classes of sonorant sounds. As
there are 6 classes of sonorant sounds, each feature will have 6 Gaussian distributions i.e. 15 pairs of
distributions as shown in Figure The average KLD measure is calculated for each of the 7 features

over these 15 pairs of distributions as in (3.13)).

15
1
{DKL(AaB)}(wg = EZ;DKL(AaB)i, (3.13)

The average KLD for each feature is tabulated in Table 3.3l The seven features shown in Table
have difference in terms of their ability to differentiate between the classes of sonorant sounds. Higher
value of KLD represents greater ability of the feature to discriminate different classes of sonorants,
and hence more weight should be assigned to that particular feature dimension. Based on the average

KLD between different classes of sound, weights corresponding to each of the seven features (w;) are
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3. Sonority Measurement using System, Source and Suprasegmental Information

Table 3.3: Average KLD between Gaussian distributions of six classes of sonorant sounds and corresponding
weights assigned for different features of vocal-tract system, excitation source and suprasegmental feature.

Features ‘ Average KLD | Weights
Formant Peak Values (f1) 1.14 0.1049
Formant peak deviation (f2) 0.95 0.0874
Spectral valleys (f3) 1.10 0.1012
Slope (f1) 1.09 0.1003
Formant Bandwidth (f5) 1.62 0.1490
Source (f¢) 2.02 0.1858
Suprasegmental (f7) 2.95 0.2714

derived such that the sum of all weights are equal to unity.

7
> wi= 1, (3.14)
i=1

where,

{Prr(A,B)}avgly;
S {DkL(A,B)}avgly;’

w; =

(3.15)

The weights assigned to each of the seven features according to their potential to classify different
sonorant sounds are also shown in Table Thus a competent representation of degree of sonority
associated with a sound unit is derived in this work.

The overall block diagram of the proposed work is depicted in Figure Three different features
are derived using the knowledge of vocal-tract system, excitation source and suprasegmental aspects
of sonorants. To derive the feature of vocal-tract system, ZTW is applied around each epoch location
of the speech signal. For the windowed segments of 5 ms of speech signal around each epoch, HNGD
spectrum is derived. The excitation source feature is derived from the HE of LP residual of speech
signal, which is peak to sidelobe ratio around each peak of the HE . In contrast to these two evidence,
the suprasegmental feature is derived from correlation of the speech signal over ten pitch periods.
The three evidence are weighted and fused together to derive the seven-dimensional sonority evidence
(vocal-tract system (five-dimension), excitation source (one-dimension) and suprasegmental feature
(one-dimension)). The evidence is further utilized in the task of sonorant/non-sonorant classification

and multiclass sonorant classification to verify the efficacy of the proposed feature.
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Figure 3.9: Overall block diagram of the proposed sonority feature extraction from speech signal, where
vocal-tract system, excitation source and suprasegmental features are derived from HNGD spectrum, HE of LP
residual and speech signal, respectively. These features are combined to derive the sonority feature.

3.6 Experimental evaluation

The distributions of the proposed sonority evidence correlate well with the sonority hierarchy
as can be observed from Figure and Table To establish the efficacy of the proposed seven-
dimensional sonority feature vector in representing sonority associated with a sound unit, the following

classification experiments are performed.
3.6.1 Sonorant/non-sonorant classification

The first level of classification that exploits the usefulness of prospective features representing
sonority is sonorant/non-sonorant classification. In [I15], it has been demonstrated that the at-
tributes derived from speech signal like zero frequency resonator (ZFR) signal energy, slope of ZFR
signal around epoch locations and dominant resonance frequency (DRF), can be used for the task of
sonorant /non-sonorant segmentation, both at frame and epoch levels. An hierarchical algorithm is
used for the classification task. To compare the effectiveness of the proposed feature with the features

used in [I15], a sonorant/non-sonorant classifier using support vector machine (SVM) (with radial
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3. Sonority Measurement using System, Source and Suprasegmental Information

Table 3.4: Comparison of performance of proposed feature (using SVM) and existing feature using hierarchical
algorithm (within braces) in sonorant/non-sonorant segmentation on utterances from TIMIT database in both
clean speech and noisy speech across different SNR levels.

Proposed feature (Existing Feature)
SNR Epoch based results Frame based results
Acc(%) | TPR(%) | FAR(%) | Ace(%) | TPR(%) | FAR(%)

clean | 96.3 (93.9) | 98.5 (94.5) | 5.5 (7.5) | 95.0 (92.8) | 97.3 (93.6) | 6.8 (8.0)
30 dB | 96.0 (93.9) | 98.4 (94.5) | 5.7 (7.6) | 94.8 (92.8) | 96.7 (93.6) | 7.6 (8.0)
20 dB | 95.4 (94.39) | 96.6 (94.4) | 6.2 (7.7) | 93.5 (92.7) | 95.8 (93.5) | 8.0 (8.1)
10 dB | 95.0 (93.4) | 94.3 (94.0) | 6.8 (8.5) | 93.4 (92.1) | 95.3 (92.9) | 8.4 (9.0)
5dB | 93.4 (92.4) | 93.6 (93.1) | 8.3 (8.9) | 93.0 (91.0) | 92.8 (91.9) | 9.3 (9.5)
0dB | 90.5(90.7) | 91.4 (91.0) | 9.5 (9.9) | 90.0 (89.6) | 90.7 (89.9) | 10.3 (10.6)

basis function (RBF) kernel, ¢ = 16, v = 4) is developed using the proposed sonority feature vector.
The training and testing feature vectors are derived from all SI and SX utterances of TIMIT train
and test database, respectively. This is followed by feature normalization to make the feature values
within 0 to 1 range. Similar normalization is performed in training and testing of clean and noisy
speech. The same SVM classifier trained using clean speech is employed in the testing of sentences
mixed with white noise across various SNR levels.

To demonstrate the robustness of the features for classification, the performance evaluation param-
eters used are: number of epochs/frames correctly detected in the sonorant regions (true positive rate
(TPR)), number of spurious epochs/frames hypothesized in the non-sonorant regions (false alarm rate
(FAR)) and total number of correctly detected epochs/frames in both the sonorant and non-sonorant
regions (accuracy (Acc)). As shown in Table [34] the proposed feature can segment sonorant regions
with more accuracy compared to the existing method (within braces). Therefore, the proposed feature

has better ability to classify sonorant/non-sonorant segments from the given speech signal.
3.6.2 Classification of sonorant sounds into different classes

The primary motivation of this work is to derive feature to characterize the degree of sonority
associated with a sound unit. The straightforward way to validate this would be to develop a multi-
class sonorant classifier, where each class represents different sonorant sounds (low-vowels, mid-vowels,
high-vowels, liquids, glides and nasals). As described in Section 3.5 the proposed seven-dimensional

sonority feature is derived for each class of sonorant sound for the entire TIMIT test database. This
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is followed by normalization to make the feature value within the range of 0 to 1. Individual feature
dimension consists of a single value at each epoch location. A six-class SVM classifier (with RBF
kernel, ¢ = 256, v = 16) has been developed using the normalized sonority feature vector. Values of
parameters, ¢ and « are set using train-test 5-fold cross validation for the entire TIMIT test database.
For the optimized value of ¢ and +, the six-class SVM model is trained using randomly chosen 80% of
TIMIT-test data. The rest 20% data is used for testing.

The classification accuracy of each class and confusion among different classes are reported in
Table The average accuracy achieved is 66.55%. The accuracy is observed to be the lowest for the
liquids and highest for the nasals. It can be interpreted from Table that, 14.41% of low-vowels are
misclassified as mid-vowels. This is due to the fact that the properties of low-vowels and mid-vowels
are close to each other. Moreover, as observed from Figure B3] formant bandwidth and feature of
excitation source exhibit overlap between the two classes. As the height of the tongue body for mid-
vowels is intermediate between that of the high and low-vowels, it affects the constriction size and
length. This in-turn alters the VTS evidence.

Although the vocal-tract constriction in case of the liquids is narrower than the glides, resulting
in wider F; bandwidth for liquids, the length of constriction is shorter in case of the liquids. This
increases F} for liquids and introduces confusion between glides and liquids. Thus there is possibility
of confusion of liquids with low-vowels and mid-vowels. This is evident from 1%¢, 2 and 5% rows of
Table The common attribute of the liquids with the vowels is that, in both cases air flows through
the constriction without pressure drop. As a result, the vocal-folds continue to vibrate in the period
of constriction. In the distribution of feature of excitation source in Figure B.3(f), confusion between
glides and liquids can be apparently observed. As reported in Table B0 majority of misclassification
of high-vowels is due to the confusion with mid-vowels and glides. The configuration of vocal-tract
for glides may also change based on the preceding vowels. A glide adjacent to high-vowel is produced
with more constricted structure compared to the one preceded or followed by a low-vowel. Therefore,
when a glide is contiguous with low-vowel or mid-vowel, due to less constriction, F; may increase. The
bandwidth may decrease compared to the glide that is adjacent with a high-vowel.

The proposed features are analogous to formant based measures and do not use the temporal
information of nearby sounds. Therefore, there is a possibility of misclassification of each category to

its adjacent category of sound in the sonority hierarchy. It is notable from Figure B.3] that, compared
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Table 3.5: Classification accuracy (epoch level) of different sonorant sounds from TIMIT test database using
SVM (¢ = 256, = 16) obtained by employing the proposed seven-dimensional sonority feature.

Category % Accuracy
Low-vowels ‘ Mid-vowels ‘ High-vowels ‘ Glides ‘ Liquids | Nasals

Low-vowels 68.0 14.4 4.1 2.8 9.2 1.5
Mid-vowels 9.8 63.9 9.2 4.5 10.9 1.7
High-vowels 1.7 10.3 67.3 11.7 4.6 4.4
Glides 1.4 6.4 12.7 59.4 6.7 13.4
Liquids 7.2 13.3 9.9 8.5 55.9 5.2
Nasals 0.5 1.9 3.4 1.5 7.9 84.8

to other categories of sonorants, the distribution corresponding to nasals has less overlap with other
distributions. Only in case of suprasegmental feature in Figure B3|(g), some confusion of the nasals
with other categories is observable. This correlates with the highest accuracy of the nasals as reported
in Table As the front part of vocal-tract is completely closed during nasal murmur, the first
formant frequency and its prominence eventually decreases with a weak second formant followed by
an extended valley in the VTS. This is more contrasting with other sonorants. However, the common
acoustic behavior of nasals and glides is that, the vocal-fold does not change the vibration pattern
before and after the constriction happens. Based on this discussion and the classification accuracy of
sonorants presented in Table 3] it can be inferred that the proposed features have ability to quantify
sonority level associated with a sound unit. Although, some aspects of the speech signal corresponding
to a specific category of sound unit may vary based on the adjacent sound units present.

To further demonstrate the ability of the proposed features for discriminating different sonorant
classes, in addition to MFCC, two SVM classifiers (one using sonority feature and the other using
MFCC feature) are fused at score level [123]. For this thirteen-dimensional MFCC feature is used to
develop another six class SVM classifier (with RBF kernel, ¢ = 2,y = 4), where ¢ and ~ values are set
using train-test 5-fold cross validation for entire TIMIT test database. For the optimized values of ¢
and ~, the six-class SVM model is trained. The randomly chosen 80% of TIMIT-test data is used for
training and rest 20% is used for testing. The average accuracy of the MFCC based classifier is found
to be 80.41%. The detailed performance for each class can be seen in Table (within braces). As
there are 6 classes, each of the classifiers using MFCC and sonority feature will produce 6 posterior

probabilities for each feature vector.

TH-1917_136102017

62



3.6 Experimental evaluation

Table 3.6: Classification accuracy of different sonorant segments (frame level) from TIMIT database using
combined sonority and MFCC feature based SVM classifier. Classification accuracy obtained using only MFCC

feature vector is shown within braces (¢ = 2,y = 4).

Category % Accuracy

Low-vowels | Mid-vowels | High-vowels Glides Liquids Nasals

Low-vowels | 86.3 (78.7) 6.5 (13.6) 3.2 (3.4) 0.2 (0.4) 3.8 (2.7) 0.0 (0.9)

Mid-vowels | 10.8 (10.4) | 75.4 (68.8) 5.3 (11.4) 0.7 (1.6) 7.8 (7.3) 0.0 (0.5)

High-vowels 0.5 (0.4) 7.3 (9.6) 85.2 (80.8) 5.8 (5.1) 0.9 (3.1) 0.3 (0.4)

Glides 0.1 (0.3) 2.0 (1.1) 6.8 (8.8) 83.5 (80.7) 5.4 (5.3) 2.2 (3.8)

Liquids 3.6 (4.1) 6.5 (5.3) 1.5 (2.8) 5.8 (4.5) 80.7 (78.8) 1.9 (4.5)
Nasals 0.2 (0.2) 0.8 (0.5) 0.8 (1.8) 0.9 (1.2) 1.3 (1.7) 96.0 (94.7)

For the sonority based classifier, the posterior probability scores corresponding to epochs within
one frame are averaged to derive single probability score corresponding to each class for each frame.
The mean value of probabilities of the two classifiers for each class corresponding to each frame is
calculated to derive the fused probability score. The class with maximum average probability score is
considered as final output of the combined classifier. The resultant accuracy of the combined classifier
is found to be 84.51%, which is 80.41% when only MFCC feature is used. The classification accuracy
for each class using the combined classifier and only MFCC based classifier is shown in Table for
comparison. By comparing both % accuracy values in Table B.6] an absolute improvement of 4.1%
can be observed when the two classifiers are fused. For each of the classes, along with improvement
in classification, reduction in confusion among different sonorant classes can also be observed. It is
interesting to observe from Table that, with increase in correct classification of each class, the
percentage of confusion with other classes is reduced for most of the cases.

To study individual performances of sonorant classification for male and female, we have developed
two sonorant classifiers using SVM (with RBF kernel, ¢ = 256, v = 16) for male and female utterances
from TIMIT test database. For developing each classifier 80% of male/female data is used for training
and rest 20% is used for testing. The average accuracy of the six class sonorant classification is found
to be is 68.4% for male and 65.6% for female. The relatively poor performance for the female case

may be attributed to the associated high non-stationarity nature.
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Figure 3.10: Bar plot representing average % accuracy for SVM based six-class sonorant segment classification
in presence of different types of noise with different SNR levels.

3.6.3 Effect of noise on sonority feature

In order to analyze the impact of noise on the proposed features, the classifier trained using features
derived from the clean speech is employed for testing of noisy cases. The test features are derived
after addition of different kinds of noises (babble noise, factory noise, white noise) to the speech
signal at different SNR levels (0 dB, 5 dB, 10 dB, 15 dB). The average accuracy of the classifier for
different types and levels of noise is shown as bar plot in Figure It can be observed that %
accuracy significantly decreases in case of 0 dB and 5 dB SNR levels. Whereas, for 10 dB and 15 dB
cases, % accuracy is less effected. Further, to analyze the robustness of each of the system, source
and suprasegmental features, three six-class SVM classifiers are developed using individual features
derived from clean speech. The test features are derived after adding different levels of babble noise
with the speech signal.

Figure B.11] demonstrates the degradation of % accuracy of the three classifiers with the increased
noise level. This depicts that the suprasegmental feature is more affected due to noise compared to the
features of vocal-tract system and excitation source. This may be due to the reason that, supraseg-
mental feature is directly derived from the speech signal by measuring correlation over successive
pitch periods. Furthermore, it is not derived in synchrony with the glottal closed phase, which may
be less susceptible to degradation due to noise. The features of vocal-tract system are derived from

the HNGD spectrum which is reported to be less affected by different types of noise [106]. This hap-
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Figure 3.11: Average % accuracy of six-class sonorant classifier using each of the system, source and supraseg-
mental features in with respect to different levels of noise.

pens due to the short and tapered window used in obtaining the HNGD spectrum. For deriving the
feature of excitation source, the samples corresponding to glottal closed phase around epoch locations
is accessed. Hence this feature is also found to be less affected by noise.

The above experiments validate the effectiveness of the proposed feature in discriminating the
sonorant sounds or characterization of degree of sonority from given the speech signal, without the

knowledge of labels. Further, we demonstrate its usefulness in different speech processing applications.

3.7 Applications of sonority feature

The proposed sonority feature can be used in different speech processing applications as it has
ability to differentiate between the sonorant category to some extent. To establish the efficacy of the

feature, its implementation in phoneme recognition and VOP detection is presented in this section.
3.7.1 Sonority as a feature for phoneme recognizer

The proposed sonority feature may be helpful to improve the performance of a phoneme recognizer
by incorporating additional information to reduce confusion among different sonorants. In this regard,
phoneme recognition framework for TIMIT database is developed in Kaldi toolkit [124[125], where
DNN based acoustic modeling is implemented [126]. In addition to traditional MFCC feature, proposed

seven-dimensional weighted sonority feature is employed for developing the recognizer. The proposed
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Table 3.7: Phone error rate (PER) for DNN based phoneme recognizer using MFCC and (MFCC + Sonority)
feature.

Evaluation on PER(%)
MFCC | MFCC+sonority feature
Test set 22.7 214
Dev set 21.2 20.3

feature is epoch synchronous. In order to match dimension with MFCC at frame level, average
value of feature corresponding to epochs within one frame is calculated. It is then appended with
the thirteen-dimensional MFCC feature resulting in a twenty-dimension feature vector. A bigram
phoneme language model is created from the training set is incorporated in the recognizer.

The 61 phonemes are mapped into 39 phonemes for the training and testing, the acoustic model
is an HMM-DNN hybrid model. The training set contains 3,696 sentences from 462 speakers. The
development set contains 400 sentences from 50 speakers. Core test set is also used as test set, which
contains 192 sentences from 24 speakers. The number of hidden layers used is 2. It is reported in Kaldi
documentation that 4 hidden layers are effective when 100 hours of speech data is available. An initial
learning rate of 0.015 is selected which is reduced to 0.002 in 20 epochs. Additional 10 epochs are
employed after reducing the learning rate to 0.002. Kaldi employs a preconditioned form of stochastic
gradient descent. A matrix-valued learning rate is employed instead of using a scalar learning rate in
order to reduce the learning rate in dimensions, where the derivatives have a high variance. This is in
order to control instability and stop the parameters moving too fast in any one direction.

The overall performance of the baseline phoneme recognizer using MFCC as feature and using
additional proposed feature (MFCC + sonority) is shown in Table B7] in terms phone error rate (%
PER). It is improved while using the proposed features along with the MFCC. Also, the improvement
in case of different sonorant phones in terms of accuracy (%) and correct (%) identification is shown in
the bar plot of Figure The performance increases after using the proposed sonority features. It
is observed that with the addition of proposed evidence, insertion and substitution of sonorant phones
decreases significantly, whereas the reduction in deletion is comparatively less. However, the confusion
among different classes of sonorant phones is analyzed in terms of % substitution. It seems to reduce
while employing the proposed feature in addition to MFCC as shown in Table[3.8 Thus, the sonority

feature is found be potent for application in the phoneme recognition.
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Figure 3.12: Correction percentage (%C) and accuracy (%Acc), before and after appending the sonority for
various sonorant phones of TIMIT.

Table 3.8: % substitution of different sonorant phones before and after appending the proposed sonority
evidence for various sonorant phones of TIMIT. Baseline result using MFCC is shown braces.

Category % Substitution
Low-vowels | Mid-vowels | High-vowels | Glides | Liquids | Nasals | Total
Low-vowels | 4.0 (4.1) 5.5 (6.1) 6.8 (7.0) | 0.0 (0.1) | 0.5 (0.5) | 0.3 (0.4) | 17.1 (18.2)
Mid-vowels 5 (4.9) 1.3 (1.3) 48 (4.9) | 0.0(0.0) | 0.8 (1.2) | 0.1 (0.1) | 10.5 (12.4)
High-vowels 3 (4.7) 1.9 (2.1) 7(5.3) 0409|0202 |02(0.7) | 11.7 (13.9)
Glides 0 (0.0) 0.0 (0.0) 0(18) 103(0.3) |03 (05)|05(08) | 2.1(3.4)
Liquids 6 (1.2) 0.8 (0.9) 3(0.2) 10.1(03)]0.1(0.1)]04(07)| 2.3 (3.4)
Nasals 5 (0.5) 0.2 (0.3) 5(0.5) | 0.1(02)]02(0.3) |36 (3.9 | 5.1 (5.7)

3.7.2 Sonority in vowel onset point detection

The VOP refers to the starting event of a vowel, that may be reflected in different aspects of speech
signal. Vowels are the most sonorant sounds followed by semivowels, nasals, voiced fricatives, voiced
stops. Detection of VOP is challenging in case of continuous speech and recent methods for detecting
VOPs have high errors when the vowel is preceded by other sonorant sounds [I127], as they are not
capable to discriminate well between them. As the sonority feature has the capability to discriminate
among different sonorant sound units, it can be used to reduce the confusion among onset of vowels
and that of other sonorant sound units.

Figure shows the steps involved in VOP detection using the sonority evidence and compares

with existing VOP detection features in [127]. The features f1, f2, f3, fa are directly proportional to
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Figure 3.13: Steps involved in VOP detection using sonority evidence for the utterance “she had your dark
suit in greasy wash water all year” taken from TIMIT database, using sonority feature and existing feature. (a)
Speech signal with reference VOPs; VOP evidence from (b) combined feature of vocal-tract system, (c) feature
of exciation source, (d) suprasegmental feature (the dotted contour in (a), (b), (c) are corresponding FOGD
convolved features); (e) combination of FOGD convolved signals in (a), (b), (¢); (f) speech signal with reference
VOPs; VOP evidence from (g) energy of spectral peaks, (h) modulation spectrum energy, (i) smoothed Hilbert
envelope (the dotted contour in (g), (h), (i) are corresponding FOGD convolved features); (j) VOP evidence
from combination of FOGD convolved signals in (g), (h), (i).

the sonority associated with a sound unit, whereas f5 is inversely proportional to the same. The first
four dimensions are normalized and summed up; the resultant feature is added with normalized inverse
of f5 to derive the combined vocal-tract evidence representing sonority which is shown in Figure B.I3|(b)
with solid line. The normalized SoE derived from HE of LP residual is illustrated in Figure B.I3|(c)
with solid line. The derived suprasegmental feature seems to have more temporal variation which
effects in VOP detection. Hence in the normalized suprasegmental feature, the values less than 0.2
are made zero and resultant signal is smoothed over an window of 50 ms which is more than one
pitch period. The contour of normalized post-processed suprasegmental feature for an utterance from
TIMIT database is shown in Figure BI3|(d), which carries significantly different information compared
to features of vocal-tract system and excitation source.

In all the three features demonstrated in Figure BI3(b), (c), (d), variation in the feature value can
be observed with change of sound unit along the temporal axis. To track these changes each feature
is convolved with a first order Gaussian differentiator (FOGD) of length 100 ms (800 samples for 8
kHz) and standard deviation as one sixth of the window length (134 for 8 kHz) [127]. The convolved

normalized signals corresponding to each feature are shown with dotted line in Figure BI3(b), (c),
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(d). Each of the convolved signals show peaks at the VOPs, which are marked by solid lines in
Figure B.I3|(a) over the speech signal.

The convolved signals corresponding to each of VTS, excitation source and suprasegmental features
are added to derive combined evidence of sonority feature as shown in Figure[3.I3|(e). The peaks in the
combined evidence in Figure B.I3|(e) represent the VOPs, which are detected by finding the maximum
value between two successive positive to negative zero crossings with some threshold to eliminate
the spurious peaks. It can be observed from Figure BI3(a) and (e) that, the sonority feature has
potentiality to correctly characterize VOP in continuous speech. After 3 s in Figure B.I3(a) although
the energy of the speech signal seems to be very low at vowel regions, the combined sonority evidence
is able detect the VOPs. Moreover, it is significant to observe from Figure B.I3(b), (c), (d) that each
evidence carries discriminative information along the utterance irrespective of the wideband energy
associated with a particular instant of the speech signal. For example, around the instant 3.5 s in
the speech signal shown in Figure B.I3(a), the feature of VTS exhibits lower values with minute
variation. On the other hand, both excitation source and suprasegmental features show higher values
and prominent variation around 3.5 s. Due to the combined effect of the features with discriminative
information, the VOP at around 3.5 s is correctly detected.

The VOP detection evidence used in [127] are SHE, MSE and spectral peaks energy, which are
shown in Figure B.13(g), (h), (i), respectively for the utterance in Figure B.I3|(f). It infers that all three
features show less variation with the change in speech sound in the continuous utterance. Furthermore,
for low energy regions the variation in feature value is less. The corresponding FOGD convolved signal
is depicted in dotted line over each feature which shows peaks with less strength compared to that of
sonority features in Figure B.I3I(b), (c), (d). Around 0.5 s in the speech signal, [sh] is followed by a
high-vowel [iy] as shown in Figure B.I3(a). At transition point from [sh] to [iy], the sonority features
seem to have a sharp transition compared to features shown in Figure BI3(g), (h), (i). Similar
observation can be made for the speech segments of around 2 s, where [ih], [ng], [r], [iy] sounds are
continuously uttered which are sonorants. The variation of each sonority evidence can be distinctly
observed compared to that of existing evidence. Although the VOPs seem to be detected in this case
using existing features in Figure B.I3)j), the detected VOP locations are apart from actual VOPs and
there is a chance of missing the VOPs. Due to the very low variation in the existing features, authors

of [127] have enhanced peaks in the features and then convolved with the FOGD. Although this post
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Table 3.9: Performance of sonority evidence in VOP detection for 593 sentences comprising of 6818 VOPs.
Baseline result is shown within braces.

Evaluation Proposed Method (Baseline Method)
Parameter (VOPs within ms)
+10 | £20 | 30 | £40

Detection Rate (%) | 73.0 (60.2) | 77.5 (62.82) | 82.4 (68.8) | 92.4 (85.7)
Spurious Rate (%) | 32.8 (40.3) | 25.7 (32.9) | 23.6 (28.5) | 13.8 (21.1)

Table 3.10: Performance of sonority evidence in VOP detection for different CV units with different tolerance
levels. Baseline result is shown within braces. Among 6818 VOPs, 1916 semi-vowels, 1475 fricatives, 803 nasals,
80 affricates and 2544 stops are present.

Type of | Detection Rate (%) of proposed Method (Baseline Method)
CV unit (VOPs within ms)

+10 | +£20 | +30 | +40
Semi-vowels | 35.77 (22.55) | 42.27 (25.96) | 46.99 (28.86) | 82.58 (66.84)
Fricatives | 84.84 (71.97) | 85.67 (74.79) | 91.40 (78.38) | 96.95 (92.01)

Nasals 73.31 (70.54) | 82.83 (73.04) | 86.44 (78.21) | 89.17 (84.73)
Affricatives | 83.20 (62.72) | 87.59 (64.59) | 94.50 (79.67) | 98.30 (92.59)
Stops 88.08 (73.02) | 90.48 (75.73) | 92.50 (79.29) | 95.22 (92.53)

processing adds to detection of some more VOPs, it may introduce many spurious VOPs. Due to these
facts, use of combined sonority feature which has potential to discriminate between different sonorant
sounds, found to give better performance in case of VOP detection from continuous speech.

For comparison of the sonority feature in VOP detection task with the existing methods, a set of
593 sentences from TIMIT test database (358 male voiced and 235 female voiced) having 6818 number
of VOPs is used. These VOPs are manually adjusted by observing spectrograms and waveforms. The
features used in [127] for VOP detection are distinctive from the sonority evidence. Detection rate and
spurious rate for each of proposed and baseline methods (within braces) are demonstrated in Table
for tolerance of 410 ms, £20 ms, 30 ms and +40 ms around the true VOPs, which shows significant
improvement while using sonority feature. It can be observed that, improvement is more significant
in £30 ms tolerance with 13.6% increase in detection rate. Moreover, when tolerance level changes
from £30 ms to £40 ms, there is highest change in detection rate compared to other tolerance levels.

Different types of consonants are present in the CV units of 6818 VOPs which can be classified into

five categories according to the consonant type. Among 6818 VOPs, 1916 semi-vowels, 1475 fricatives,
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Figure 3.14: Bar plot representing (a) detection rate (%), (b) spurious rate (%) of VOP detection within £+40
ms tolerance for different types and levels of noise.

803 nasals, 80 affricates and 2544 stops are present. The detection rate for all the five different
categories for both baseline and proposed methods are reported in Table BI0l It can be inferred
that most of the improvement using proposed method is obtained in terms of vowels which have
preceding semi-vowels, although for this category detection rate is lowest. The average improvement
in case of semivowels over all tolerance levels is 15.9%. Among all the CV units, most of the VOPs
preceded by affricates and fricatives are correctly detected. The least detection accuracy is still in
VOPs preceded by semivowels and nasals although the use of sonority evidence has increased the same
to some extent. It is important to notice that, along with the increase in detection rate for VOPs
preceding semivowels and nasals, it also increases in case of fricatives, affricates and stops while using
sonority feature. In [127], energies of first 10 largest peaks of VTS are considered as a feature, but
for some high energy fricatives, high amplitude peaks may be present at higher frequency region in
the VTS which will yield high values of the feature in case of fricatives also, leading to miss detection
of the following VOP in that CV unit. Whereas, in the sonority feature the statistics of first three
formant peaks are considered which gives low values in obstruents. Moreover, in fricatives irregular
sequence of peaks in HE of LP residual may be present, which will be manifested as higher values in
the feature SHE used in [127]. In excitation source information of sonority feature, relation among
peak of HE of LP residual at GCI and nearby peaks is considered which will give low values at regions
with irregular peaks. These facts may lead to improved detection rate in case of vowels preceded by

fricatives, affricates and stops. Along with the VOP detection accuracy, another necessary requirement
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is robustness of the detection method in noisy scenario. To demonstrate noise robustness of sonority
feature in VOP detection, speech signal corresponding to same 593 sentences are added with factory
noise, babble noise and white noise, each at different levels of SNR (0dB, 5dB, 10dB, 15dB) and same
VOP detection algorithm is applied. Performance of VOP detection by sonority feature in degraded
condition is shown in Figure B.14] with some acceptable level of reduction in performance. Further
analysis shows that the noise robustness in the sonority feature is due to the fact that, both VTS
and excitation source features are extracted from glottal closed phase, which is less affected by noise.
Moreover, the HNGD spectrum is robust to noise as in [I06]. As in suprasegmental feature, the

correlation is computed over samples of speech signal, it may have some effect of noise.

3.8 Summary

In this chapter, an effort is made to extract a feature from speech signal, which can represent the
degree of sonority associated with a sound unit. For this task, different characteristics of the sonorant
sounds reflected in the speech signal are analyzed. Consequently, features based on the vocal-tract
system, excitation source and suprasegmental aspects are derived. These features correlate with less
vocal-tract constriction, glottal vibration and periodicity properties of sonorant sounds. To justify,
whether each of the proposed features can represent the level of sonority, distributions for feature values
are shown for different sonorant sounds along the sonority hierarchy. Each of the proposed features
shows increasing/decreasing trend in feature value with the increase in sonority. The proposed seven-
dimensional sonority feature is used in sonorant/nonsonorant classification, different sonorant sounds
classification and is found to be potential for the same. It is also shown to be useful for the phoneme
recognition and VOP detection applications. In the future, we may focus on exploring evidence, which

can reduce the confusion among adjacent classes in the sonority hierarchy.
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4. Dynamic Post-filtering using Sonority Information

Objective

The synthesized speech obtained from SPSS lacks naturalness, which is often attributed to the
over-smoothing of generated parameter sequences, both in the temporal and spectral domains. The
extent of the deviation corresponding to different source and spectral parameters between natural and
synthesized speech may vary with the classes of speech sounds. Therefore, introducing different PF
factors for various speech sound categories may emphasize the fine structure of the parameters and
make it closer to that of natural. The source parameters considered for PF are Fy and SoE, and the
spectral parameters are first five spectral peaks and wvalleys. For each of them, different post-filters
are trained to obtain a better spectral resolution, using a background dataset of parallel utterances
corresponding to natural and synthesized speech. An SVM classifier is trained using the sonority
feature to classify the speech sound to different sonorant categories. During synthesis, based on the
class information of each frame obtained from the SVM classifier, the decision is made to use the
corresponding post-filter mean and variance. Accordingly, modified values of the source, and spectral
parameters are obtained. This dynamic modification of the source and spectral parameters helps to
reduce the over-smoothing for improving the quality of synthesized speech. The subjective evaluation
shows an increase in mean opinion score from 2.38 to 3.27 after employing the proposed PF method.
The proposed method achicves 61% preference compared to the recent DNN based PF method. Apart
from the conventional source and spectral parameters, spectral tilt is an important aspect of speech
perception. Another PF method that attempts to compensate the deviation in spectral tilt between
natural and synthesized speech is also proposed in this chapter. This results in improving naturalness,

intelligibility and speaker similarity of synthesized speech.

4.1 Introduction

The SPSS is the state-of-the-art technique for speech synthesis that provides high intelligibility
and flexibility. It possesses the ability to change voice characteristics, speaking styles and emotions
by transforming model parameters using techniques like adaptation, interpolation, eigenvoice, and
multiple regression [1L2L128[129]. The SPSS has become one of the most widely used methods due
to advantages like the wider range of available units, better multilingual support, and robustness
regarding the recording of training data compared to USS [3H5L130]. In SPSS, HMMs and DNN based
models are widely approaches. The naturalness of speech generated using SPSS is still not up to the
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level of USS and over-smoothing of generated parameter sequences is one of the reasons [5]. In HMM
based speech synthesis, the speech parameter generation algorithm generates excitation source and
spectral parameters from HMMs to maximize their output probabilities, under constraints between
static and dynamic features [6]. The introduction of dynamic feature constraint leads to the generation
of over-smoothed feature trajectories. This over-smoothing results in loss of dynamic variation and
fine structure of the generated parameter sequences leading to muffled quality of synthesized speech.

In this chapter, we have also analyzed of divergence in tilt or slope of VTS extracted from natu-
ral and synthesized speech. Spectral tilt represents energy distribution of the spectrum at different
frequency regions [I31]. Suppressing higher harmonics i.e. strongly negative slope may make sounds
muflled, while enhancing higher harmonics may result in clear sounds. There are several studies in
the literature of Lombard speech relating to spectral slope, which infer that average spectral tilt in
Lombard speech is lesser than that of speech produced in quiet [84H86]. However, methods employed
for changing the tilt and their impact on different categories of sounds are not studied abundantly.
The spectral tilt difference between synthesized and natural speech yet needs extensive study.

There are several attempts in the literature to alleviate the over-smoothing effect from the gen-
erated parameter sequences by employing PF methods. These methods are applied to enhance the
generated source and spectral parameters, before passing them through the vocoder for synthesis.
One of the basic approach to achieve this is the enhancement of spectral peaks and valleys which are
smoothed out due to the statistical averaging. The MFCCs generated from SPSS are modified to
enhance the spectrum peaks and valleys in [74], which was originally proposed in [75] to implement
in the area of speech coding. It helps to alleviate the effect of spectral smoothing within a frame.
Other similar types of methods for formant enhancement are carried out by using LSPs [76] and
LPCs [77]. Nevertheless, the degree of variation of the generated parameters over the temporal axis
is not improved in these cases. Moreover, in these approaches, all the spectral peaks are enhanced by
a constant factor, irrespective of their positions in the spectrum.

Another most frequently used method to alleviate over-smoothing of parameter contour is GV
parameter generation algorithm [23]. In conventional SPSS, the parameter generation algorithm gen-
erates a parameter trajectory of static features by maximizing the likelihood of a sequence of given
HSMMs states for static and dynamic features under an explicit constraint. On the other hand in

case of GV method, along with this another likelihood term is introduced, that reflects the dynamic
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range (variance) of each dimension of the parameter sequence at the utterance level. The inclusion
of GV during parameter generation increases the dynamic range of each dimension of the parameter
sequence at the utterance level, across frames in the time domain. An extended algorithm of GV
applied in spectral domain is proposed in [73]. In case of GV, although the variance over an utterance
is maintained, the values and behavior of parameters may not be close to the natural counterpart.

In [78] histogram equalization method is used to construct the emphasis rule, which converts
the generated LSPs to have similar behavior as the natural LSPs. The frequency-dependent tem-
poral modulations of the parameter trajectories can be explicitly enhanced with the MS based PF
method [79]. Here, MS represents the power spectrum of the parameter trajectory. This post-filter
tries to make generated power spectrum of the parameter trajectory similar as that of its natural
counterpart. Recently, DNN based PF is proposed in [81], which models the conditional probability of
the spectrum of a natural speech given that of synthesized speech. This data-driven post-filter helps
to retain information in a higher-dimensional spectral domain. This method is automatic and there-
fore does not employ any detailed investigation of the acoustic properties of generated and natural
speech parameter sequences. Even though DNN helps, handcrafted features assist in a limited data
case. Moreover, types of different classes are affecting more with the proposed dynamic PF method,
which is not possible in DNN based methods. A radial PF method in the cepstral domain is pro-
posed in [82], which applies different PF factors to low and high frequencies, with adjustable cut-off
frequency. This method helps to achieve a higher spectral resolution, although it does not take into

account the temporal variation over consecutive frames over an utterance.
4.1.1 Motivation for the proposed method

In case of MS based PF method, each dimension of MS of natural and generated parameters are
represented by single mean and standard deviation. Similarly, in GV the variance is considered over
the entire utterance irrespective of the sound units present. These methods do not consider the fact
that, the characteristics of the speech parameters may extensively vary based on broad categories
of the sound units. Representation of these parameters using single mean and variance may not be
able to reflect the intact variabilities and fine structure, with respect to different categories sound
units. As discussed in Chapter [2, even after incorporation of GV and MS based PF there is room for
improvement of the generated parameter contours in both temporal and spectral domain. In order

to achieve naturalness and intelligibility of synthesized speech close to that of the of natural speech,
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it is pivotal to analyze the behavior of source and spectral characteristics in both the cases. The
existing methods lack in detail study of deviation in acoustic-phonetic features between natural and

synthesized speech, based on production behavior of a different category of sound units.
4.1.2 Proposed approach

This work focuses on adaptation of statistical behavior of different source and spectral parameters
from the natural speech to generated parameter sequences. The source parameters used are Fy, the
SoE and spectral parameters are the amplitudes of the first five spectral peaks and valleys. The normal
distributions of the parameters extracted from frames of different sound categories are obtained for
parallel set of natural and synthesized utterances. The means and variances of these distributions are
used in further PF. For the spectrum of frames of different classes, separate means and variances are
obtained for each of the first five spectral peaks and valleys to restore the fine spectral structure. It
can be hypothesized that design of separate post-filters for each of broad categories of sound units may
be helpful for achieving wider range, the fine structure of parameter sequence, as well as less deviation
from the natural counterpart. Due to the incorporation of different PF factors in both temporal and
spectral domains, the proposed method can be termed as dynamic PF.

The categorization of the sound units is performed based on similarity of articulatory movements
during production, and its manifestation on the source and spectral characteristics. The change in
amplitudes of spectral peaks, valleys and SoE can be seen as in increasing order of the sequence:
nasals, liquids, glides, high-vowels, mid-vowels, low-vowels. This order is also referred to as sonority
sequence [I1]. Sonority refers to relative loudness of sound units depending on the different place and
amount of constriction made by the vocal-tract, which is manifested in the speech signal. The spectral
prominence, the energy associated with excitation source and periodicity of speech signal change with
the variation in sonority level. Therefore it can be considered as a useful means to classify the sound
units concerning variation in their source and spectral characteristics. In Chapter[3] a set of features is
proposed using the knowledge of spectral peaks, valleys, bandwidth, and SoE to classify speech signal
into these classes. An SVM classifier is trained using this sonority feature to classify speech sounds
into different sonorant categories mentioned above.

At the time of synthesis, based on the class information of each frame obtained from the SVM
classifier, a decision is made on which post-filter mean and variance should be used to modify the

features corresponding to that frame. The post-filtered source and spectral parameters are further
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Figure 4.1: Extracted (from natural speech) and generated (from HMM) sonority features: (a) natural speech
utterance, (b) formant peak values (f1), (c¢) formant peak deviation (f2), (d) amplitude of spectral valleys ( f3),
(e) slope associated with formant peaks (fs1), (f) formant bandwidth (f5), (g) strength of excitation (fs), (h)
suprasegmental feature (f7) for SLT speaker.

used to render the synthesized speech. Further, the derived synthesized is analyzed to observe the
deviation in spectral tilt with respect to that of the natural. A spectral tilt modification method is

proposed to compensate the same. Some of the major contributions included in this chapter are:

e PF of the source and spectral parameters using varying factors with different sonorant classes.

Use of different PF factors for enhancement of various spectral peaks and valleys based on their

position in the spectrum of a frame.

e Incorporation of dynamic (delta and delta-delta) sonority feature in SPSS.

Integration of the sonority feature in the SPSS framework.

Spectral tilt based PF method.

The integration of sonority feature with the SPSS framework and SVM classifier are discussed in
Section The class-based comparison between natural and generated source and spectral param-
eters is carried out in Section and Section 4] respectively. The dynamic post-filter designed to
adapt the characteristics of natural speech to that of synthesized speech is explained in Section
Different experiments performed to establish the efficacy of the dynamic PF are also presented in the
same section. The method proposed for modification of spectral tilt is presented in Section In

Section A7 the contributions made in the current chapter is summarized.
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4.2 Sonority for post-filtering

In this section, the difference in production behavior of different voiced sound categories and its
impact on the source and spectral parameters are discussed in brief. During the production of different
sound units, the articulatory movements vary widely based on the sound produced. Narrowing the
cross-sectional area in the front part of vocal-tract and widening towards the back results in the
decrease of F; and increase in bandwidth of the formant. As Fj increases the amplitude of first
formant peak along with the higher formant peaks also increases. Therefore, if we move from low-
vowels to high-vowels, F}, F5 decrease and the corresponding formant peak values also decreases.
Compared to vowels, both liquids and glides have lower F; with wider formant bandwidth. Nasals
have further lower Fj. These effects of vocal-tract constriction are reflected in the entire VTS as well
as the excitation source with different categories of sound units [20]. As the vocal-tract constriction
decreases, the SoE increases. These sounds with relatively wider vocal-tract shape, higher energy,
sharper glottal closure instants are classified as sonorant sounds.

Based on the above discussion, we can hypothesize that depending on the sonority associated with
each frame of synthesized speech, the behavior of formant peaks, valleys and SoE may be different.
Therefore, the nature of the VT'S and excitation source of synthesized and natural speech signal can
be analyzed with reference to the sonorant classes. Different PF factors can be derived with respect

to the sonority associated with a particular frame.
4.2.1 Dynamic sonority feature

The sonority associated with a frame of the sound unit also depends on acoustic characteristics
of its nearby frames. The frames of the same sound unit may have different source and spectral
attributes based on various left and right context. For example, when a high-vowel is adjacent to a
glide, its SoE, and spectral peaks will be more prominent compared to the high-vowel adjacent to a
nasal. Similarly, if a low-vowel is adjacent to an obstruent, its source and spectral feature behavior
may be different from a low-vowel adjacent to any of the sonorant sounds [20]. To include this fact
the dynamic sonority feature is also considered in this chapter, which is not included in the previous
chapter. Dynamic sonority feature represents the delta and delta-delta of the derived 7-dimensional

sonority feature, calculated as given in (&1]) and (£2).
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where, Afi(i) is the first derivative of the feature fi(7), k¥ = 1,2..7 and ¢ corresponds to the epoch
location. Similarly AA fi(7) is the second derive of fi(i). The 7-dimensional sonority feature along
with its dynamic features provides better representation of sonority information resulting in a 21-
dimensional feature vector. In the later part of the manuscript, this 21-dimensional feature vector is

referred as sonority feature.
4.2.2 Integration of sonority feature in SPSS

In this part of the manuscript, integration of the sonority feature in SPSS framework is explained.
SPSS provides a unified framework to model vocal-tract, excitation, and duration parameters simul-
taneously in HMMs [§]. We have used the traditional HMM based speech synthesis system (HTS)
toolkit to develop the systems [8], which involves training and testing processes. In the training phase,
excitation, vocal-tract and duration parameters along with the sonority feature are extracted from the

speech signal corresponding to the training database as shown in Figure All the phonemes are
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modeled with 5 states. In each state, 5 streams are used to model the different parameters extracted
for each phoneme. The spectral parameters used are MGC coefficients including the zeroth coefficient
(35-dimensional) and their delta and delta-delta coefficients. Total 105-dimensional spectral parame-
ters are modeled using continuous density HMMs in the first stream. The source parameter used are
log Fy, its delta and delta-delta coefficients (3-dimensional). In this case, Fj values and voicing deci-
sions are obtained from the RAPT [87], which are modeled together MSD-HMM in three independent
streams [7]. The sonority feature along with its delta and delta-delta coefficients (21-dimensional) are
also modeled using continuous density HMMs in the fifth stream. For each phoneme, the source, spec-
tral and sonority features described above are extracted along with their corresponding labels from
the training utterances. In the train phase, the maximum likelihood estimation of each parameter
is computed using BW reestimation algorithm. During synthesis, as per the input text, using the
maximum likelihood parameter generation algorithm, frame wise MGC coefficients, sonority feature
and F|y sequences are computed by maximizing output probability of static and dynamic features [§].

The generated sonority feature is used to classify the test frame into corresponding sonorant category.
4.2.3 SVM classifier using sonority feature

Two speakers, SLT (US female) and BDL (US male) from the CMU arctic database are used in
this study [48]. All the speech recordings used in this work are at 48 kHz sampling frequency. The
sonority feature explained above is extracted from the entire database for both the speakers. For the
first 1000 training utterances, the sonority feature is modeled in HMM during the training phase of
SPSS and the same feature is generated for the rest 132 utterances during testing. The extracted
(from natural speech) and generated (from HMM models) feature contours for the same utterance
are shown in Figure [£]] in bold and dashed lines, respectively. The gross behavior of the generated
feature contour is similar to the natural, which indicates that the sonority feature is modeled correctly
by preserving all the variations. This generated feature vector is normalized and further employed to
develop a six-class SVM (with the RBF kernel) based sonorant classifier, where the six classes are low-
vowels, mid-vowels, high-vowels, glides, liquids, and nasals. Out of the 132 testing utterances, only 100
are used for developing the SVM classifier. Values of the parameters, ¢ and « are set using train-test
5-fold cross-validation for the 100 utterances. The usefulness of delta and delta-delta sonority feature
is checked using SVM classifiers with the same procedure for both the speakers (SLT and BDL) using

the following feature vectors.
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Table 4.1: % Accuracy with corresponding ¢ and ~y values of SVM-based sonorant classifiers for different
features.

Feature Dimension | SLT (Female) BDL (Male)
%Acc| ¢ | v | %Acc| ¢ |v

Sonority (S) 7 70.72 | 256 | 16 | 73.03 | 128 | 4
S+A S+AA'S 21 7250 | 512 | 16 | 75.02 | 128 | 4
MGC 35 9096 | 128 | 2 | 9291 | 64 | 2
MGCHS 42 95.48 . - | 96.85 - | -
MGC+S+A S+AA S 56 97.33 | — | — | 98.26 | — | -

Static 7-dimensional sonority feature.

Both static, delta and delta-delta sonority feature.

Only MGC coefficients feature vector.
o MGC coefficients and static sonority feature vector (score level combination).

e MGC coefficients, static, delta, and delta-delta sonority feature vector (score level combination).

The average classification accuracy obtained for the above sonorant classifiers can be observed in
Table [4.T] for both the speakers along with corresponding ¢ and « values. The classification accuracy
increases from 70.72% to 95.48% when MGC based classifier and the static sonority based classifier
are fused at probability score level. Further, the combination of dynamic sonority feature classifier
with MGC classifier improves the performance to 97.33% (for SLT speaker). The inclusion of dynamic
sonority feature with MGC provides the best classification accuracy as seen from Table 1l Therefore,

this sonorant classifier is used further in this work.

4.3 Analysis of different aspects of excitation source

While producing different types of sounds, the vibration pattern of glottal source gets modified.
Due to the fluctuation of supraglottal pressure with variation in the vocal-tract constriction, the
open and closed phase of the glottis changes. This change results in SoE and Fy, which are two
critical excitation source parameters considered in this study. Fy plays a significant role in speech
naturalness that includes its effect on voicing cues, syllable stress, speaker identity, cues of vowel
identity and so on. In [132], it is reported that flattening of Fj results in a reduction of naturalness.
SoE plays a crucial role in the perception of loudness in the speech signal, which is related to the

abrupt closing of vocal folds [I09]. During speech production, although the vocal-tract shape governs
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Figure 4.3: Distributions of SoE for (a) vowels, (b) semivowels, (¢) nasals and Fy for (d) vowels, (e) semivowels,
(f) nasals, extracted from the natural speech signal and generated from HTS.

the identity of speech sound, for the same vocal-tract configuration the glottal source characteristics
may vary. These characteristics play a greater role in speech naturalness, as well as in the perception
of additional information like stress, loudness in voiced sounds. The 6% dimension of the sonority
feature (fg) represents the SoE. The procedure described in Chapter [3is employed to derive the SoE
from natural and synthesized speech signals for all the frames corresponding to vowels, semivowels,
and nasals. Figure (a),(b),(c) show the distributions of normalized SoE for vowels, semivowels,
and nasals for both natural and synthesized (after GV+MS based PF) speech. It can be observed that
the area of overlapping regions between the pair of distributions is different for vowels, semivowels,
and nasals. In the case of nasals, Figure [A3|(c), the distributions of SoE seems to be more overlapping
compared to that of vowels in Figure [£3|c). The fact behind this is that the vowels are produced
with sharper glottal closure instants compared to that of the nasals, which gets smoothed out in the
statistical modeling framework. Therefore, it can be referred that, these broad classes of sound units
required to be enhanced (or post-filtered) by different PF factors, that may add naturalness to the
synthesized speech signal.

Similar kind of observations can be made from Figure [£3(d),(e),(f), which show the distributions
corresponding to Fy for natural and synthesized speech of vowels, semivowels, and nasals, respectively.

The distance between the distributions of vowels and semivowels is less compared to the distance

TH-1917_136102017

83



4. Dynamic Post-filtering using Sonority Information

Table 4.2: Means and standard deviations (std.) corresponding to normal distributions obtained from Fp
and SoE of natural and synthesized speech for different categories of sound units.

Ey SOE

Category Natural Synthesized Natural Synthesized

Mean | Std | Mean | Std | Mean | Std | Mean | Std
Vowels 192.51 | 28.20 | 176.22 | 9.10 | 0.70 | 0.20 | 0.44 | 0.17

Semivowels | 203.64 | 18.53 | 175.31 | 10.61 | 0.62 | 0.16 | 0.52 | 0.14
Nasals 238.28 | 35.67 | 174.22 | 942 | 047 | 0.18 | 041 | 0.17

between the distributions of nasals corresponding natural and generated Fy sequence. Therefore, nasals
require a greater amount of modification concerning Fy compared to that of vowels and semivowels. For
detailed analysis, Table depicts the means and standard deviations of Fjy and SoE for these classes
in case of natural and synthesized speech. In the case of Fy, it can be observed that the mean value of
the synthesized speech does not deviate much from that of natural. The standard deviation of Fy for
synthesized speech is lesser than that of natural in most of the cases due to the over-smoothing effect.
The SoE parameter has less mean and standard deviation values for synthesized speech compared
to that of natural. However, from Table 2] it is clear that the parameters corresponding to each

category of the sound unit are required to be enhanced by a different factors for both SoE and Fy.

4.4 Analysis of vocal-tract parameters

The source parameters discussed in Section are dependent on the airflow and vibration of the
vocal-folds. However, they are independent of the shape of the vocal cavity to a large extent. The
changing shape of the vocal-tract configuration is reflected in the formant characteristics of the VTS.
The first three formants play a significant role in different speech processing tasks. Spectral valleys are
also of importance for the overall study of the spectrum shape. In this section, a detailed comparison
of these three formant peaks and their preceding valleys is carried out between synthesized and natural
speech relative to each sonorant category. For this analysis, the MGC coefficients are extracted from
the natural speech signal and generated from HMMSs for 100 test utterances, corresponding to all
the frames of vowels, semivowels, and nasals. Log magnitude spectrum is derived from these MGC
coefficients. In the log magnitude spectrum, the first three peaks and their preceding valleys are
detected using a peak detection algorithm with a proper threshold of bandwidth, slope, and amplitude.

Then, the three peak values for each sonorant class corresponding to natural and generated spectrum
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Figure 4.4: Distributions of formant peak values for natural and synthesized speech. (a), (b), (c) 1% spectral
peaks for vowels, semivowels, nasals; (d), (e), (f) 2°¢ spectral peaks for vowels, semivowels, nasals; (g), (h), (i)
3'4 spectral peaks for vowels, semivowels, nasals.

are accumulated. As three peaks and three classes are considered, 9 clusters are obtained for peaks of
natural and synthesized. Similarly, 9 clusters are derived for each of natural and synthesized spectral

valleys. Each of the clusters is normalized concerning its maximum value as follows.

(@)

Cp’.
C(G) _ Pyt , (43)
Pat maX(Cg)i)
cv)
C(N)< Pji : (4.4)
Pt maX(Cé,N)Z)
(@) gg;)‘
e 22 (4 5)
e max(Cg;,)ﬂ-)
cv)
(N) _ Vi
Cvj,i = o™y (4.6)

max ( Vjvi)

i=1,2,3; j=123

where, ng)i and ng)i represent the clusters corresponding to i*" class and j*™ peak of natural and
(N)

generated spectrum, respectively. Similarly, C(\E’; ) ; and CVJ_ ;, represent the same for spectral valleys.

The distributions corresponding to each of these clusters are shown in Figure [£4] and Figure 4.5, for

peaks and valleys, respectively. Figure[d4](a),(b),(c) show distributions of 15! spectral peaks for vowels,
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Figure 4.5: Distributions corresponding to values of formant valleys for natural and synthesized speech. (a),
(b), (c) 1% spectral valleys for vowels, semivowels, nasals; (d), (e), (f) 2°¢ spectral valleys for vowels, semivowels,
nasals; (g), (h), (i) 3" spectral valleys for vowels, semivowels, nasals.

semivowels and nasals for natural and synthesized speech. Same is shown for 2" and 3™ spectral
peaks in Figure [£4(d),(e),(f) and Figure d.4(g),(h),(i), respectively. From Figure 4] (a),(b),(c), it
can be observed that the amount of overlap between the distributions of 15¢ spectral peak of natural
and synthesized speech is more in the case of vowels compared to semivowels and nasals. The same is
more prominent in the case of Figure [£.4(d),(e),(f), where the amount overlap is more for vowels and
semivowels. For nasals, the distributions of 2°9 spectral peak have more distance. This is also evident
from the third row of Figure £4. From this observation, we can infer that the deviation of spectral
peak amplitude or sharpness between natural and generated spectrum varies with the broad classes
of sounds. For improving naturalness, it may be required to introduce more enhancement in the case
of nasals compared to that of vowels and semivowels. In Figure [4.4] each column represents vowels,
semivowels, and nasals. From the first column if we observe (a), (d), (g) it can be inferred that for
vowels the 15% and 2°¢ spectral peaks has less overlap between natural and generated compared to that
of the 3'4 spectral peak. Same applies to semivowels if we observe the 274 column of Figure @4l In the
case of nasals, the distributions corresponding to both 2" and 3'? spectral peaks are less overlapped.
These deviations can be compensated by applying varying PF for different spectral peaks with respect
to various sound categories.

Along with the spectral peaks, spectral valleys also provide important cues regarding the changing

shape of the vocal-tract while producing different speech sounds. The distributions of the first three
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spectral valleys preceding to the spectral peaks are shown in Figure The three spectral valleys
amplitudes are normalized individually for each category as given in (£H) and (40). In Figure [£5
the three rows depict the distributions of 15 ((a),(b),(c)), 2°¢ (d),(e),(f)) and 3'¢ ((g),(h),(i)) spectral
valleys for vowels, semivowels, and nasals. From the distribution of 1%¢, 2°9, and 3'¥ spectral valleys,
it can be observed that the distance between the distributions corresponding to the natural and
synthesized cases are increasing as we move from vowels to nasals. In Figure 5(d),(e) means and
variances of the natural and synthesized cases are almost similar. On the other hand, in Figure [£.5](i)
(3*4 valley for nasal), the means and variances are quite less in the synthesized case as compared
to the natural. For 15* and 2" spectral valleys, the mean values of the distributions obtained from
the natural speech are lesser than that of the synthesized. While, in the distributions of 3'¥ spectral
valleys in Figure @.5(g),(h),(i) the mean values obtained from natural speech are more than that of the
generated spectrum. From this discussion and by observing Figure 4.5 it can be referred that in the
generated spectrum obtained from SPSS, the first two spectral valleys have more amplitude compared
to that of natural while the 3'¥ spectral valley has less amplitude compared to that of the natural.
Again, it can be inferred from Figure that, spectral valley amplitudes in the case of vowels and
semivowels in the synthesized case are more accurate compared to that of the nasals.

From the above analysis of first three spectral peaks and valleys of vowels, semivowels, and nasals,
it can be hypothesized that enhancement of these spectral peaks and valleys by using separate post-
filter for different categories may help to make the synthesized speech spectrum close to that of natural
speech. In the analysis of excitation source aspects, it is observed that the vowels and semivowels have
more effect of over-smoothing due to statistical averaging compared to that of the nasals. While in
spectral based features the distributions of nasals have more distance between synthesized and natural

case compared to that of the vowels and semivowels.

4.5 Dynamic source and spectral post-filtering

The overall framework of the proposed dynamic PF can be seen from the block diagram in Fig-
ure During training of the post-filter, parallel utterances of natural and synthesized speech are
used to extract the parameters, and corresponding means and standard deviations are retained as
shown in Figure These are further used in testing phase to modify the corresponding feature

contours. The detailed procedure is described below.
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Figure 4.6: Enhancement of excitation source; (a) natural speech segment, (b) generated and enhanced
Fy contour, (c) generated and enhanced SoE contour, (d) impulse based excitation source generated from the
enhanced Fy contour, (e) SoE weighted excitation source (enhanced source), (f) synthesized speech without
using source enhancement, (g) synthesized speech using enhanced source, for initial 1.4 seconds of the utterance
“But she had become an automaton“ for SLT speaker.

4.5.1 Source post-filtering

The fundamental frequency, Fy and SoE play an important role in the perception of speech and
these two parameters are considered for the proposed source PF. As discussed in Section B3] means
and standard deviations of the normal distributions of F{ extracted from natural and synthesized
speech are calculated. As shown in Section 3] the means and standard deviations of Fy may vary
with different sound categories. Therefore, these parameters are obtained separately for the classes:
low-vowels, mid-vowels, high-vowels, glides, liquids, and nasals during the training stage of the PF
method. During testing, given the value of generated Fy for a particular frame, the class to which
the frame belongs is determined using the SVM classifier described in Section B.2.3l If the test frame

belongs to it! class then following post-filter is used to obtained modified Fy for that frame.
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()
. . OFoi . G N
FYY(i,m) = (1= Brg) Foi,m) + Bry [ =15 (Fo(im) — i) + pigy 1, (4.7)
OFy,i

where, ugj)i, u%:)i, al(pf)i, ag:)i are means and standard deviations of the generated and natural Fjy

for i*® class, respectively. Fy(i,m) is the fundamental frequency of m'® test frame and F} f(i,m)
is the corresponding post-filtered fundamental frequency. Bpg, is the factor for controlling the PF
effect. In this case, we have set 8p, = 1. The generated and post-filtered Fy contours are shown in
Figure [6{(b), corresponding to the natural speech signal shown in Figure d.6[(a). From the knowledge
of F f contour, impulses of constant amplitude are inserted in voiced regions, and random noise (white
noise) is generated in unvoiced regions, which is shown in Figure d6[(b). As analyzed in Section H.3]
the means and standard deviations of the distributions obtained for SoE values in synthesized speech is
lower compared to that of the natural speech. As mentioned in Section [£.2] the excitation information

6" dimension) represents SoE, which is modeled in the SPSS

present in sonority feature vector (
framework. The generated SoE contour for the utterance is shown in Figure [A6{(e). Similar to Fp,
post-filters are applied to obtain the modified SoE contour from the generated SoE contour. The
impulse like characteristics of excitation source represented by SoE is an important factor affecting
speech perception, that is governed by the abruptness of the closing phase of the glottal cycle. The
impulse sequence weighted by SoE is found to be effective for speech synthesis in [133]. To introduce
the change in SoE, in the excitation source shown in Figure [L.6{(c), the impulse sequence in voiced

part is weighted by the modified SoE values shown in Figure L6[f). The speech signal generated with

and without the source PF is shown in Figure [L.6[(d) and Figure [£6l(g), respectively.
4.5.2 Spectral post-filtering

Due to the difference in vocal-tract constriction and shape, the statistics of peaks and valleys of
the estimated VTS also vary with sonorant categories. As described in Section [£4] the amplitudes of
different spectral peaks and valleys for various sonorant categories need to be modified to the required
extent. Therefore, in this work separate post-filter parameters are trained for each sonorant class
each of the first five spectral peaks and valleys. This kind of modification may give the spectrum of
synthesized speech closer to that of the natural. As discussed in Section [£.4], from the logarithmic

spectrum, first five peaks and their preceding valleys are detected. The value of these peaks and
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valleys are normalized as given in (43), (@4), (£H), (40) for different classes and different positions
in the spectrum. The means and standard deviations are calculated from corresponding distributions
and retained in the training process.

During the testing phase of PF, given the MGC contour of a particular frame, firstly MGC coef-
ficients are converted to log-magnitude spectrum and normalized with respect to the maximum value
of the spectrum. The first five peaks and their preceding valleys are detected from the normalized
log spectrum. For instance, the first three peaks detected in the spectrum are shown in Figure [4.7
For the same frame, using the generated sonority feature in the previously trained SVM classifier, the
class information is retrieved. Let the m'™ test frame (from generated MGC contour) belongs to i*®
sound category, then the value of j® peak for this frame is represented by P;(i,m). Pjp f (i,m) denotes

the corresponding post-filtered peak value, which can be obtained by using the (4.8]).

(N)
. . Ip;i . G
PP (i,m) = (1= 8,) Py (i, m) + B[ (P (i, m) — pisy) + wip, 1), (4.8)
Ip; i

(N) (@)
i

where, Py and pp, ;. represent the means of 7™ peak values of the spectrum obtained for i*! category

N2
of sound units for natural and generated spectrum, respectively. agj)i and Ugj)i represent the standard
deviations of j' peak values of the spectrum obtained for i™® category of sound units for natural and

generated spectrum, respectively. 3, is the coefficient for controlling the PF effect in case of spectral

peaks, which considered as 1. The PF factor for each spectral peak can be obtained as follows.

pf
_ Pj(i,m)

aj(i,m) = W’ (49)

The normalized spectrum around ;™ peak is weighted symmetrically by the factor a;(i,m) to obtain
the modified peak value as shown in Figure 71 The width, for which the spectrum is weighted
symmetrically both sides of each peak is equal to half of the distance between the peak and its
preceding valley. The weighted spectrum can be seen in dotted line from Figure 4.7

All the five peaks of each frame are modified in this manner. Similar to spectral peaks, separate

post-filters are used to derive the adjusted values of spectral valleys as given in (4.I0).

(N)
. . Ov; i ,
VP (iom) = (1= Ba)V; (i, m) + Bal— G5 (V; (i m) — 1ui5) + iy ), (4.10)
O'ij,i

where, u%\fz and ,ug,cj )Z. represents the mean of j'™ spectral valleys of the spectrum obtained for itP
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Figure 4.7: Illustration of spectral PF method.

category of sound units for natural and generated spectrum, respectively. a‘(,];[z and a‘(,?)i represents

the standard deviations of the same. B, is the coefficient for controlling the PF effect in case of spectral
valleys, which is considered as 1 in this study. The PF factor for each spectral valley can be obtained

as follows.

pf (s
v (im)

v; (3, m) = W, (4.11)

The normalized spectrum around j*™ spectral valley is weighted symmetrically by the factor 7v; (i, m)
to obtain the enhanced spectral valleys as shown in Figure L7l In this case, j ranges from 1 to 5
and 1 = 1,2, ...,6 for six category of sound units. To avoid the discontinuity at the boundary regions
between peaks and valleys, mean smoothing over a window of 250 Hz is performed. The spectrum
after performing the smoothing is the enhanced spectrum shown in Figure [£77] with a solid gray line.
After the PF of spectral peaks and valleys, the normalization effect is removed from the spectrum
by using previously obtained (during normalization) minimum and maximum values of the spectrum.
This procedure is done to preserve the spectral energy. The normalized spectrum obtained using
the proposed method is shown in Figure [4.8(a), (b), (c) for a frame of vowel, semivowel, and nasal,
respectively. It depicts the natural, synthesized and enhanced spectrum in each case, which shows
that using the proposed PF technique, the peaks are made sharper by using different PF factors. The

obtained spectrum using the proposed method is closer to the natural counterpart.
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Figure 4.8: Synthesized, enhanced and natural spectrum for a frame of (a) vowel (b) semivowel (c) nasal.

4.5.3 Experimental evaluation

In this section, the efficacy of the proposed PF method regarding alleviating the difference between
the parameters of natural and synthesized speech is analyzed. The quality of the post-filtered speech
is compared with different state-of-the-art methods, in terms of acoustic representation, objective and
subjective evaluations. For this, SPSS voices are developed using CMU arctic database for male (BDL)
and female (SLT) speakers. As mentioned earlier, for each of the voices, first 1000 utterances are used
in training of the SPSS. Out of the rest 132 utterances, 100 are used for comparison of natural and
generated parameter sequences to derive the dynamic PF factors and developing the SVM classifier.
This stage can be referred as training phase of the proposed PF method. The rest 32 utterances are

used in the testing phase.
4.5.3.1 Implementation of state-of-the-art methods

The proposed method is implemented by training source, and spectral parameters along with the
sonority feature in the SPSS framework, as explained in Section During testing, depending on the
input text to be synthesized, context-dependent HMMs are concatenated to get the sentence HMM.
Based on maximum likelihood criterion, source (log Fy), spectral (MGC coefficients) and sonority
feature parameters are generated from the HMMs [134]. The MGC coefficients and sonority feature
of each frame are fed to the SVM classifier to derive the class information as shown in Figure

The source and spectral parameters of each frame are then fed to the proposed dynamic PF method
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based on corresponding sonorant class label. The post-filtered parameters for the entire utterance are
further applied to the vocoder to derive the synthesized speech as shown in Figure In this case,
the 35-dimensional MGC coefficients are used and the vocoder employed is MLSA filter.

Apart from the proposed method, the implementation of the other state-of-the-art methods of PF
does not require modeling of the sonority feature. In this case, HMMs are trained using the same
source and spectral features. The spectral features, MGC coefficients including the zeroth coefficient
(35-dimensional) and their delta and delta-delta coefficients are modeled using continuous density
HMDMs in the first stream. log Fp, its delta and delta-delta are modeled in the next three streams
using MSD-HMM. There are total four streams in this case, whereas the system with proposed dynamic
PF uses five streams to model additional sonority feature. The remaining training process is same as
described in Section During testing, depending on the text to be synthesized, log Fy and MGC
coefficients are generated, which are fed to MLSA filter to render the synthesized waveform.

To check the efficacy of the proposed method in advanced vocoder, the STRAIGHT based HTS
framework is also included in our study [53]. During training, additional band aperiodicity parameters
(BAP) (26-dimensional) are incorporated along with other parameters mentioned above. In this case,
the spectral representation using MGC coefficients is 50-dimensional, which is 150-dimensional with
delta and delta-delta coefficients. The source parameter log Fy and voicing decisions are extracted
using the STRAIGHT algorithm in this case. BAP and MGC coefficients are modeled along with their
delta and delta-coefficients using continuous distribution HMMs, while log Fy, its delta and delta-delta
are modeled using MSD-HMMSs. The remaining training process is similar to the systems as mentioned
above. During testing, the generated log Fy and aperiodicity components are used to produce the
excitation source, which passed through the STRAIGHT vocoder along with spectral parameters to
derive the synthesized speech. For implementing the proposed method, additional sonority feature
described above is also integrated into the STRAIGHT based framework. The dynamic PF method is
employed to the excitation source and the spectrum before passing through the STRAIGHT vocoder.
For the evaluation, the synthesized speech is derived under the following conditions.

e NONE: No enhancement method.

e MCP: Mel-cepstral post-filter [74].

e LSP: LSP based post-filter [76].

e GV: Global Variance based PF [23].
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Figure 4.9: Spectrograms for the utterance “It was impossible to hoist sail and claw off that shore” for SLT
speaker corresponding to (a) natural, (b) without any PF, (¢) MCP PF, (d) GV based PF, (e¢) MS based PF,
(f) Dynamic PF.

MS: Modulation spectrum based PF [79].

SRC: Dynamic source enhancement method (proposed).

SPEC: Dynamic spectral enhancement method (proposed).

DYN: Dynamic source and spectral enhancement method (proposed).
GV+MS: Both GV and MS based PF.

GV+MS+DYN: Both GV and MS based PF followed by DYN.
STRAIGHT:GV+MS: Both GV and MS based PF with STRAIGHT vocoder.
STRAIGHT:GV+MS+DYN: STRAIGHT:GV+MS followed by DYN.

The state-of-the-art methods MCP, LSP, GV, and MS, are already integrated with the latest version

of the HTS framework, which can be implemented by setting the corresponding flags during training.

The S value for MCP is set to 1.4, and « value for LSP is set to 0.7 for the experiments.

Figure shows the wide-band spectrogram (frame-size=5 ms, frame-shift=1 ms) for different

types of synthesized speech (after applying different PF methods). It can be observed that the for-

mants and spectral structure are much more prominent in the case of natural speech in Figure [.9(a),
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compared to synthesized speech without any PF, Figure [£9(b). Figure €9(c), (d), (e) represent
spectrograms corresponding to MCP, GV and MS based PF, respectively. The spectral prominence
is better in GV and MS compared to MCP. The spectrogram obtained from speech signal obtained
after using the proposed PF method is shown in Figure [£9(f). It can be noted that the spectral
prominence is more compared to that of GV and MS methods in Figure 4.9(d),(e). Apart from these
pictorial observations regarding the effect of proposed dynamic PF method, objective and subjective

evaluations are also performed.
4.5.3.2 Objective evaluation

The objective measures used for evaluation of different post-filtered speech signal are the perceptual
evaluation of speech quality-mean opinion score (PESQ-MOS) and log spectral distance (LSD). PESQ
is a ITU-T recommendation P.862 method for speech quality evaluation [I35]. It requires a reference
signal and a candidate signal for which speech quality is to be measured. In this case, the reference
signal is the natural speech signal. First, both the signals are aligned in time and then processed
through an auditory transform. The auditory transform is a representation of perceived loudness in
time and frequency. The distortion parameters are extracted from the difference between transforms
of the reference and candidate signals. It gives PESQ-MOS values which are correlated with human
perception. For calculating the LSD, firstly the reference and candidate signals are time aligned using
dynamic time warping algorithm. For each of the different types of the synthesized speech obtained
from different PF methods, the objective evaluation is performed for the 32 test utterances, for both
male and female speakers. The corresponding average scores are depicted in Table It can be
observed from Table 3] that, both PESQ-MOS is more in the case of GV and MS compared to MCP
and LSP. Again, these scores for SRC are less than both GV and MS. While SPEC has more PESQ-
MOS compared to MS, yet it is lesser than that of GV. DYN is the proposed dynamic source and
spectral PF method, and it has comparable scores with that of GV. As the state-of-the-art method for
PF in SPSS are GV and MS (GV+MS), therefore the proposed PF method is applied to the source and
spectral parameters obtained from GV and MS based PF (GV+MS+DYN). In this case, significant
enhancement of performance can be observed from both the evaluation parameters, in both male and
female cases. The proposed method is also integrated with the STRAIGHT vocoder as mentioned

above. However, it yields limited improvement over STRAIGHT synthesized speech.
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Table 4.3: Objective measure for different types of post-filtering methods.

Method Female (SLT) Male (BDL)
PESQ-MOS | LSD |PESQ-MOS| LSD

NONE 066012 | 33+£012 | 0.76+£0.15 | 2.9+0.22
MCP 0.79+£0.28 [273+£0.14 | 082+0.23 | 2.65+0.19
LSP 0.75+£0.23 [290+£0.23 | 080+0.15 |2.72+0.23
GV 0984018 | 2344018 | 1124012 | 2124020
MS 0.834£0.13 | 2604023 | 095+021 | 232+0.19
SRC 0.794£0.35 |242+021 | 093+£0.13 | 242+0.16
SPEC 0.85+£023 | 2384015 1.03+£024 | 2314012
DYN 0.97+0.15 | 2294013 | 1094017 | 2.02+0.11
GV+MS 1024022 | 2314019 | 1.08+00.21 | 2.01+0.15
GV+MS+DYN 1134021 |2224020 | 1144023 | 1.18+0.23
STRAIGHT : GV+MS 1144021 | 2194017 | 1154026 | 117+0.17
STRAIGHT : GV+MS+DYN | 1.16+0.18 | 2184023 | 1.16+0.16 | 1.17+0.18

4.5.3.3 Subjective evaluation

The subjective evaluation is carried out to derive the mean opinion score (MOS) based on the
naturalness of the synthesized utterances. In this assessment, the methods considered for compari-
son are DYN, GV+MS, GV+MS+DYN, STRAIGHT: GV+MS and STRAIGHT: GV+MS+DYN for
both SLT and BDL speakers. For each of the methods, 5 speech files are considered along with 5
natural speech data. Thereby, for each of the speakers, non-repetitive 30 speech files (corresponding
to different utterances) are obtained. The speech files are randomly coded to avoid bias towards any
of the methods. Total 10 subjects took part in this evaluation, who are research scholars having sound
knowledge of speech perception. As in this assessment, we are considering only expert listeners, so the
number of subjects is limited. The subjects were asked to provide scores against each speech file be-
tween 1 to 5 based on naturalness, where 5 corresponds to the best quality. Reference speech files were
also provided to the subjects to get the knowledge of naturalness, which is the closeness of the speech
file to that of natural speech. Total 50 scores are obtained for each type among the 6 sets. The scores
are depicted in the boxplot with 95% confidence intervals as shown in Figure Figure 4.10(a) and
Figure I0(b) represent the scores obtained from BDL and SLT speaker, respectively. Corresponding
mean and standard deviations are noted in Table [£.4] where we can observe an increase in MOS from
2.38 + 0.77 to 3.27 4+ 0.51 after applying the proposed dynamic PF over GV+MS method of PF, in

case of the female speaker. However, this improvement is somewhat less in case of the male speaker,
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A=DYN, B=GV+MS, C=GV+MS+DYN, D=STRAIGHT:GV+MS, E=STRAIGHT:GV+MS+DYN, F=NATURAL
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Figure 4.10: Boxplot representing MOS corresponding to naturalness for both the speakers. Naturalness for
(a) male (BDL), (b) female (SLT). The mean values are represented by the connecting solid lines and median
values by red lines in each subplot.

which is 2.66 + 0.82 to 2.93 £ 0.74. Again, in case of STRAIGHT, the proposed algorithm seems to
have limited gain in performance.

Between each pair of methods in Table [£4] a series of pairwise t-test is performed to observe the
differences between the distributions of MOS scores. All pairs are found to be significantly different at
1% level except DYN vs. GV+MS for the male speaker. This overlapping of the distributions signifies
that the application of GV+MS method and proposed dynamic PF method provides an equivalent
improvement in the synthesis quality. But in case of the female speaker, the DYN PF method performs
poorer compared to GV+MS based PF. However, the application of DYN PF over GV+MS shows
quite well in case of female speaker compared to that of the male speaker. Another pair of methods
with less than 1% level of difference is STRAIGHT: GV+MS vs. STRAIGHT: GV+MS+DYN in case
of both male and female. From our observation, it can be inferred that the impact of spectral PF
is less significant in case of STRAIGHT spectrum. The spectral peaks in the STRAIGHT spectrum
are more prominent compared to the peaks in the spectrum obtained from Mel-generalized cepstral
analysis. Therefore, modifying the lower frequency peaks and valleys does not seem to have much

effect on perception.
4.5.3.4 Comparison with DNN based post-filtering

Although GV, MS, and MCP based PF methods are commonly used, recent advances in the
literature show successful attempt to design post-filters using the deep generative architecture [81].

The proposed dynamic PF method is compared with DNN based PF, a similar architecture to [81] is
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Table 4.4: Subjective evaluation result in terms of MOS for different types of PF methods.

Method Female (SLT) | Male (BDL)
DYN 1.97 £ 0.69 2.50£0.79
GV+MS 2.38+0.77 2.66 + 0.82
GV+MS+DYN 3.27£0.51 2.93+0.74
STRAIGHT : GV+MS 3.294+£0.92 3.34 £0.92
STRAIGHT : GV+MS+DYN 3.37£0.90 3.45+£0.78
NATURAL 4.70 £ 0.45 4.758 £ 0.49

implemented for both male (BDL) and female (SLT) speakers using the same database for training and
testing. The conditional probability of the parameters of natural speech given generated parameters
can be modeled as a post-filter and used to modify the generated parameter sequences. It attempts
to compensate the gap between natural and synthesized. This probabilistic post-filter is trained with
deep feed-forward neural network using Theano in a GPU system [136]. We have used time aligned
100 parallel utterances from CMU arctic database for training of the post-filters. Both Mel-cepstral
domain (35-dimensional) and spectral domain (1024-dimensional) post-filters are designed. In case of
Mel-cepstral domain post-filter, 5 frames context is used resulting in a 175-dimensional feature vector.
For training, a DNN with 3 hidden layers with 2048 hidden units in each layer.

In case of spectral domain, the spectrum is estimated from speech signal with 48 kHz sampling
frequency, using Mel-generalized cepstral analysis [137] and warped in Bark scale before training. Only
lower frequency part (upto 8 kHz) of the spectrum is considered for PF. The feature dimension is 350
(fast Fourier transform points) with 6 hidden layers and 2048 units in each layer. However, no context
information is used in spectral domain due to the higher dimension. The mini-batch size was set to
10 during training. The learning rate was set to 0.0001 for all models. The momentum and weight
decay were also employed to train the models. 250 epochs were executed in training.

The MGC contours derived from the DNN based post-filter and proposed dynamic post-filter
along with corresponding natural and generated (GV+MS) contours are shown in Figure LTIl It
can be observed that the DNN based PF is also able to reduce the over-smoothing to a considerable
extent. The preference test is conducted to see its impact on the perceptual quality of synthesized
speech. In this evaluation, only spectral domain DNN PF is considered as it is reported to have
better performance compared to that of cepstral domain. MLSA vocoder is used to synthesize speech
corresponding to different PF approaches. The methods considered for the preference test are GV+MS,

GV+MS+MCP, GV+MS+DNN, each of which is compared against GV+MS+DYN method. There
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Figure 4.11: Contours of 10" MGC sequence corresponding to natural, GV+MS and GV+MS+DYN for the
utterance “We must give ourselves and not our money alone” of SLT speaker.

Table 4.5: Result of preference test in terms of % of preference.

Female Speaker (SLT)
Paired Test GV4+MS | GV+-MS+MCP | GV+MS+4+DNN | GV4+MS4+DYN | No Pref. p-value
GV+MS Vs GV+MS+DYN 17.5% - B 78.7% 3.7% 8.99x 10~*
GV+MS+MCP Vs GV+MS+DYN - 25.0% = 67.5% 7.5% 0.01
GV+MS+DNN Vs GV+MS+DYN = = 31.2% 61.2% 7.6% 0.06
Male Speaker (BDL)
GV+MS Vs GV+MS+DYN 25.4% = = 65.5% 9.1% 4.5% 107
GV+MS+MCP Vs GV+MS+DYN = 32.3% - 62.6% 5.1% 1.3x 1072
GV+MS+DNN Vs GV+MS+DYN - = 41.3% 47.5% 11.2% 0.05

are total 3 pairs of methods each having 40 pairs of utterances (20 for male and 20 for female). Total
20 subjects took part in this subjective evaluation, where each listener compared 120 utterances. They
were asked to mark no preference against a pair, if both the speech files are of equivalent quality. The
result of this preference test is shown in Table 4] in terms of preference %. The p-values obtained
from double-tailed t-test between each pair are also shown. It can be observed that for both the
speakers GV+MS+DYN method significantly outperforms GV+MS and GV+MS+MCP. And the
corresponding p-values are found to be much lower. From the comparison between GV+MS+DYN
and GV+MS+DNN, it can be observed that for the female speaker 61.2% utterances corresponding to
the proposed method is preferred against 31.2% utterances obtained from GV+MS+DNN. However,
in case of male speaker preference % is almost same for GV+MS+DNN and GV+MS+DYN. Also, %

of no preference and p-values are comparatively higher in this case. From the above experiments, we
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can say that the proposed dynamic PF improves the naturalness of synthesized speech compared to
that of the GV+MS+MCP method. The MCP PF system also enhances the spectral peaks. However,
it does not take into account the temporal over-smoothing effect. Although the spectral peaks are
enhanced, some frames may be more enhancement, which may lead to unnatural quality. Apart from
this, in addition to spectral modification, the proposed method also modifies Fy and SoE aspects
related to the excitation source, which may provide an additional advantage. In the preference test,
the proposed method is preferred by 61% over the DNN based PF method, in case of the female
speaker. In case of the male speaker, the preference for proposed dynamic PF method is 47%, while
that DNN based PF method is 41%. This shows the efficacy of the dynamic PF using source and

special parameters compared to the automatic data-driven PF method.
4.5.3.5 Discussion

As shown in Table 4] there is no significant improvement in performance after applying the pro-
posed PF method in case of the STRAIGHT vocoder. The MOS value for STRAIGHT:GV+MS+DYN
is 3.3740.90, which is 3.2940.92 in case of STRAIGHT:GV+MS for female speaker. In case of MLSA
vocoder after applying the proposed PF method the MOS value 3.27 + 0.51 which is close to the
STRAIGHT vocoder without applying the proposed PF method. Therefore, we can summarize that,
the proposed method with MLSA vocoder (GV+MS+DYN) performs similar to STRAIGHT vocoder
with GV+MS based PF (STRAIGHT:GV+MS). If we consider the computational complexity, in case
of STRAIGHT we model MGC coefficients along with its delta and delta-delta (150-dimensional),
BAP (26 dimensional) and LFy (1-dimensional) features. This results in a 177-dimensional feature
vector to be modeled. Whereas, in case of MLSA vocoder with the proposed method (GV+MS+DYN),
we model 21-dimensional sonority feature, 105-dimensional MGC coefficients with its delta and delta-
delta and 1-dimensional LFj, total 127-dimensional feature vector. Therefore, the proposed method
have less computational complexity in statistical modeling compared to STRAIGHT vocoder, with

same performance.

4.6 Spectral tilt based post-filtering

After performing the PF to conventional source and spectral parameters as mentioned above,
another aspect that may effect the quality of synthesized speech is spectral tilt. This section focuses

on the analysis of divergence in tilt or slope of vocal-tract spectrum extracted from natural and
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Figure 4.12: Distribution of spectral tilt (dB/octave) derived from LP spectrum for natural, synthesized and
tilt enhanced voiced speech frames.

synthesized speech. More spectral tilt represents high difference between lower and higher frequency
content. Alternatively, a flat spectrum represents near-uniform distribution of energy over the low and
high frequency regions. [138] describes that, abrupt closure of vocal folds results in flat spectrum, by
increasing loudness of produced speech signal. The spectral tilt has high impact on the perception of
speech [139]. Figure shows the distribution of spectral tilt (dB/octave) for voiced frames, which
conveys that synthesized speech has strong negative slope compared to that of the natural. A method
for compensating gap in spectral tilt between natural and synthesized speech may help to improve the

quality of synthesized speech.
4.6.1 Analysis of spectral tilt in natural and synthesized speech

For comparison of natural and synthesized speech, HT'S voices are developed, where context de-
pendent quinphone HMMs are trained by using source and spectral parameters [40]. Here, spectral
parameters are MGC coefficients, their delta and delta delta coefficients (105). Source parameters are
logFp and its dynamic features (3). Depending on the input text to be synthesized, context depen-
dent HMMSs are concatenated to get sentence HMM. Based on maximum likelihood criterion, spectral
and source parameters are generated which are then applied to MLSA filter to derive the synthesized
speech [134]. In this study, HTS voices are trained on CMU arctic database for four speakers, of which
two are American male (BDL, RMS) and other two are American female (CLB, SLT) [4§].

As the database contains 1132 sentences, 1000 sentences are used in training and the rest 132
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Figure 4.13: Average log frequency response of first order LP filter for voiced /unvoiced segments of synthesized
and natural speech.

sentences are used for testing. In the interest of comparing spectral tilt of synthesized 132 sentences
with that of corresponding natural utterances for different speakers, spectra are modeled using first
order LP analysis. This spectrum carries information only about spectral tilt and not the formant
peaks. For the same set of synthesized and natural speech files, voiced and unvoiced regions of
synthesized and natural speech are analyzed separately to derive appropriate information regarding
the change in spectral tilt and its effect on synthesis quality. Average of first order LP spectrum of
all the voiced frames corresponding to natural and synthesized speech of SLT speaker is depicted in
Figure Similar average spectrum is also obtained for all unvoiced frames.

For voiced/ unvoiced detection, the method described in [88] is used. The speech signal is first
passed through zero frequency resonator followed by trend removal termed as zero frequency filtered
signal (ZFFS). The slope of positive zero crossings of ZFFS represent the SoE as stated in [140].
Frames which have majority SoE more than 1% of mean SoE, are considered as voiced and remaining
as unvoiced. From Figure .1I3] it is apparent that there is a large gap in between slope of average
spectrum of voiced frames of synthesized and natural speech. This in turn demonstrates that, spectral
tilt of synthesized speech is much higher than that of the natural. As the VTS is modulated by the
glottal flow spectra, the sharp discontinuities due to abrupt closing of vocal folds in voiced sounds
are also reflected in the VTS of natural speech signal. This increases higher frequency energy of the
spectrum. While, in case of synthesized speech due to averaging during modeling, these information
are not captured well and results in strong negative slope of synthesized speech spectrum. Due to

this fact, synthesized speech sounds muffled compared to natural. Again the abruptness of vocal-folds
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Table 4.6: Spectral tilt (dB/oct.) for different sound categories in case of natural and synthesized speech.

Average spectral tilt (dB/oct.)

Speaker— BDL CLB RMS SLT
Category/| | Nat. | Synth. | Nat. | Synth. | Nat. | Synth. | Nat. | Synth.
Low-vowels | -3.6 -3.8 -6.1 -7.0 -6.1 -6.9 -6.2 -6.8
Mid-vowels | -3.4 -3.8 -6.7 -7.1 -6.5 -7.1 -6.6 -6.8
High-vowels | -3.0 -3.4 -5.5 -6.6 -5.3 -6.7 -6.2 -6.4
Semi-vowels | -6.9 -7.1 -8.1 -9.2 -8.3 -9.0 -8.0 -8.7
Nasals -6.2 -7.8 -7.5 -8.9 -8.1 -9.2 -7.8 -9.2

during glottal closure due to change in vocal-tract constriction varies with different category of voiced
sounds, which decreases in the following order: low-vowels, mid-vowels, high-vowels, semi-vowels and
nasals. Therefore, the spectral tilt deviation between natural and synthesized speech may vary with
these categories of sound units.

To further analyze its behavior on different voiced sound categories and different speakers, the
average spectral tilt (dB/ octave) is measured for all the four speakers for both natural and synthesized
case over the set of 132 test utterances. For each category of sound unit, LP analysis is performed
with frame size 20 ms, frame shift 10 ms and LP order (15% + 4), where Fj is sampling frequency.
The average of derived LP spectrum is computed for all the frames corresponding to each category
and a regression line is fit using least square error method. The slope of the regression line represents
the spectral tilt. For each sound category of synthesized and natural speech, average spectral tilt for
the same set of utterances are compared for the four speakers and shown in Table This shows
that, deviation in spectral tilt differs for different classes. In case of all four speakers, the spectral tilt
values for low-vowels, mid-vowels and high-vowels are in similar ranges, whereas for semi-vowels and
nasals, the spectral tilt is more negative. The traditional method of designing a high pass filter (HPF)

with constant coefficient to flatten spectral tilt may not solve the problem.
4.6.2 Modification of spectral tilt

In this work, a novel method of spectral tilt modification is proposed. The first order LP filter
can be used to model the spectral tilt of each frame of given speech signal. For each voiced frame in
the synthesized and natural speech signal, the first order LP filter spectrum (coefficients) is computed
as shown in (£I2) and ([@I3). The error vector (E;(w)) is the difference between average power

spectrum obtained from the first order LP coefficients of synthesized and natural speech. It is derived
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Figure 4.14: Block diagram of spectral tilt enhancement framework.

for each class of voiced sounds as shown in (&I4), where E;(w) is the error vector for it class of
sound, i = 1,2,...,5. x; and y; are the number of frames of i*® category of voiced sound present in the

database, in natural and synthesized speech respectively. This can be referred as training stage.

1

H]_S(Z) = m, (412)
1
Hyn(2) = Tra 1 (4.13)
1 1
E;i(w) = - > Hpy(w) - " > H(w), (4.14)
& T Yoy

In the enhancement step, given a synthesized utterance to be tilt modified, primitively voiced
sound class information corresponding to current frame is retrieved from the corresponding label file.
The power spectrum corresponding to first order LP coefficient of given synthesized speech signal
frame is represented as Hi¢(w) and the 15 order inverse filter spectrum is represented as Aj¢(w).
The corresponding filter equations are shown in (48] and (£I6]), respectively. Based on the class
information (i*® class), corresponding error vector E;(w) is added to H?,(w) of the frame to get

H?,_, (w). This is tilt modified first order LP power spectrum for a particular frame of i*! class as

shown in (@IT). The residual signal obtained by passing the test utterance frame through Aj¢(2) is
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r¢(n), which is spectral tilt subtracted speech signal.

1

Ha(z) = TF a1 (4.15)
Aqi(2) =1+ a2zt (4.16)
H%en(w) = H%t(w) + E,’(U)), (4'17)

For each voiced frame in the test utterance, the above method is employed to derive modified power

2

Ten(w). The modified power spectrum is applied to inverse Fourier transformation (IFT)

spectrum H.
to obtain a new autocorrelation function. This autocorrelation function is used in the Yule-Walker
equations to compute a new LP filter [120]. This kind of modification helps to change the slope
of the spectrum, while the other formant informations remain intact in the residual (r¢(n)). This
residual signal 7¢(n) is then passed through the new 15* order LP filter to derive spectral tilt modified
synthesized speech signal. Given a synthesized utterance, the proposed framework for spectral tilt
modification can be implemented as shown in Figure 141

The effectiveness of proposed method that reduces the spectral tilt difference between synthesized
and natural speech, can be seen by comparing the LP spectrum of natural, synthesized and tilt modified
speech signals depicted in Figure This shows average log magnitude spectrum of normalized LP
spectrum of natural, synthesized and modified speech signals for different classes of voiced sounds. As
it is obvious from Figure[4.13] the average first order LP spectrum for all voiced sounds have significant
difference of spectral tilt between natural and synthesized counterpart. The same can be inferred from
Figure In addition to this, Figure gives the intuition that, this difference increases as we
traverse from the low-vowels to nasals. In all the classes, the spectral tilt seems to be modified and
becomes close to that of natural. Moreover, Figure shows the distributions of spectral tilt derived
from LP spectrum of natural, synthesized and tilt modified speech. It shows that, mean and variance

of the distribution derived from tilt modified speech is close to that of natural speech.
4.6.3 Experimental evaluation

The efficacy of the proposed method is clearly evident from Figure [4.15] that shows LP spectrum
for natural, synthesized and enhanced speech. Therefore, the proposed method has the ability to
reduce spectral tilt to some extent. Besides flattening the spectrum to required extent, any other

changes or distortions are not introduced. The enhanced HTS synthesized speech is compared with
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Figure 4.15: Average log magnitude normalized LP spectrum for different classes of voiced sounds for same
set of natural, synthesized and enhanced speech.

the state-of-the art PF methods (GV and MS based).

4.6.3.1 Objective evaluation

HTS systems are developed for the four speakers using following combinations of methods.

HMM: HTS generated speech without any PF.

HMM+GV: HTS generated speech using GV based PF.

HMM+GV+MS: HTS generated speech using both GV and MS PF.

HMM+GV+TM: HTS generated speech using GV based PF followed by proposed tilt modifi-
cation (TM).

HMM+GV+MS+TM: HTS generated speech using GV and MS PF followed by proposed TM.
HMM+GV+MS+HPF: HTS generated speech using GV and MS based PF followed by HPF.
A first order HPF with coefficient 0.9 is used in this case.

WORLD+GV+MS: HTS generated speech using WORLD [141] vocoder with GV and MS PF.
WORLD+GV+MS+TM: HTS generated speech using WORLD vocoder with GV and MS based
PF followed by proposed TM.

STRAIGHT+GV+MS: HTS generated speech using STRAIGHT [53] with GV and MS PF.
STRAIGHT+GV+MS+TM: HTS generated speech using STRAIGHT with GV and MS based
PF followed by proposed TM.
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4.6 Spectral tilt based post-filtering

Table 4.7: Result for objective evaluation.

Male Female

Speaker— BDL RMS CLB SLT
System] MOS | LQO | MOS | LQO | MOS | LQO | MOS | LQO
HMM 0.94 1.16 1.19 1.24 | 0.67 1.10 | 0.85 1.01
HMM+GV 0.96 1.17 1.15 1.22 | 0.73 1.11 0.90 1.20
HMM+GV+MS 0.98 117 1.03 1.08 | 0.84 1.13 1.12 1.21
HMM+GV+TM 0.98 1.16 1.06 1.20 | 0.79 1.14 1.21 1.16
HMM+GV+MS+TM 1.10 1.22 1.24 1.25 | 0.89 1.15 1.20 1.24

HMM+GV+MS+HPF 0.96 1.17 1.02 1.12 0.78 1.13 0.92 1.21

WORLD+GV+MS 1.02 1.18 1.12 1.18 0.86 1.13 1.19 1.23
WORLD+GV+MS+TM 1.11 1.22 1.19 1.27 0.88 1.19 1.21 1.25

STRAIGHT+GV+MS 1.12 1.28 1.18 1.24 0.92 1.19 1.21 1.24
STRAIGHT+GV+MS+TM | 1.17 1.29 1.23 1.34 1.12 1.24 1.23 1.29

The objective measure used for evaluation of different post-filtered synthesized speech are PESQ-
MOS and PESQ-listening quality opinion (LQO) scores [135]. The evaluation is carried out for 58
randomly selected sentences and the scores corresponding to each speaker is shown in Table [£71 The
scores obtained from synthesized files of HMM+GV+TM are almost similar to that of HMM+GV+MS.
This implies that the proposed TM method has comparable contribution compared to MS based
enhancement over GV based enhanced speech files. Furthermore, HMM+GV+MS+TM outperforms
HMM+GV+MS. The enhanced speech files obtained from HMM+GV+MS-+HPF provide limited
improvement over HMM-+GV+MS. The proposed TM method also shows significant improvement,
when applied to STRAIGHT and WORLD synthesized speech. It gives notable improvement in case
of same speaker in both training and testing. However, use of a different speakers in training and

testing also gives moderate improvement in the synthesized speech.
4.6.3.2 Subjective evaluation

The subjective evaluation is performed on the SLT voice. As from the objective evaluation
HMM+GV+MS is found to be comparable with HMM+GV+MS+TM, these two methods along
with HMM+GV+MS+HPF speech files are used for the subjective evaluation. In the latter dis-
cussion, HMM+GV+MS, HMM+GV+MS+TM and HMM+GV+MS+HPF are referred as SYNTH,
ENH and HPF respectively. A reliable subjective measure of intelligibility is preference test [142].
In this case, three evaluation parameters: intelligibility, naturalness and speaker similarity are used.

Intelligibility refers to how well the message is conveyed, naturalness refers to closeness of reference
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Figure 4.16: Result of preference test in terms of naturalness, intelligibility and speaker similarity. Here,

SYNTH, ENH and HPF refers to HMM+GV+MS, HMM+GV+MS+TE and HMM+GV+MS+HPF respec-
tively.

file with natural speech. Using the parameter speaker similarity, one can measure whether speaker
information is intact after applying the proposed enhancement.

Total 20 sentences are randomly selected for this experiment. Corresponding to each sentence,
there are three wave files from three enhancement methods. The three types of wave files for each
sentence are played in pair for HPF vs. ENH, HPF vs. SYNTH and ENH vs. SYNTH. The subjects
are asked to provide their preference three times per pairing, one for each evaluation parameter. For
intelligibility, the subjects were asked to choose the utterance which they could understand with the
least effort. For naturalness, they were asked to choose the utterance that was closer to the natural
speech. For speaker similarity, first a natural speech is played for the same speaker and subjects were
asked to provide their preference among the two wave files in terms of similarity in voice. Total 20
subjects are employed for this task who are native Indian speakers and have knowledge about speech
perception. Utterances are unlabeled and played in random order to avoid bias towards any method.
If a listener is unable to differentiate between any two wave files for some evaluation parameter,
corresponding file is marked as no preference.

The result of the preference test is expressed in terms of percentage of wave files preferred for a
method. Preference percentage for each evaluation parameter and each pair of methods along with
percentage of no preference in each pair is shown in Figure In the preference test for HPF vs.
ENH, the latter one shows very good performance in terms of intelligibility, naturalness and speaker

similarity. The improvements in naturalness and speaker similarity are particularly large. In other
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Table 4.8: Result of preference test for babble noise, each for SNR 25 dB, 15 dB and 5 dB.

Preference (%)
SNR HMM+GV+MS+HPF vs. HMM+GV+MS+TM
HMM+GV+MS+HPF | HMM+GV+MS+TM | No preference
25 dB 35.0 60.0 5.0
15 dB 48.7 50.4 1.3
5dB 53.8 41.2 5.0
HMM+GV+MS+HPF vs. HMM+GV+MS
HMM+GV+MS+HPF HMM+GV+MS No preference
25 dB 38.6 55.4 6.0
15 dB 45.3 48.5 6.2
5dB 55.5 44.5 0.0
HMM+GV+MS vs. HMM+GV+MS+TM
HMM+GV+MS HMM+GV+MS+TM | No preference
25 dB 40.0 60.0 0.0
15 dB 48.5 50.2 1.3
5 dB 51.7 48.3 0.0

two cases, HPF vs. SYNTH and ENH vs. SYNTH, SYNTH and ENH are preferred, where ENH is
yielding large gain in terms of improving naturalness and intelligibility.

In order to observe the intelligibility gain by the proposed method in noisy environment, babble
noise with SNR 5dB, 15dB and 25dB are added to the synthesized, enhanced and high pass filtered
speech. The same preference test is carried out for each type of noise with different SNRs which is
summarized in Table 4.8 This analysis in presence of noise shows that, as the level of noise increases,
the preference percentage increases for HPF in both HPF vs. ENH and HPF vs. SYNTH cases,
although the listeners did not prefer HPF in clean conditions. When comparing SYNTH vs. ENH, as
the noise level increases, most of the preferences goes towards SYNTH cases. This implies, although in
clean condition the HPF method for improving intelligibility is not preferable, in presence of noise it
yields higher intelligibility. However, in this work the effort is made towards improving intelligibility,

naturalness in clean environment which achieves good performance indeed.

4.7 Summary

In this chapter, an effort is made to improve the naturalness of synthesized speech by alleviating
the difference in the source and spectral parameters between synthesized and natural speech. To

accomplish this, a dynamic post-filter is proposed, which employs PF with varying factors for different
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4. Dynamic Post-filtering using Sonority Information

classes of sound units. The intelligibility and naturalness of speech signal are highly dependent on
spectral peaks, valleys and SoE that correlate to sonority. Therefore, the sound units are classified
into different sonorant classes and corresponding post-filters are applied to each sonorant category.
As the sonority feature set is specifically designed to reflect the source and spectral prominence, an
SVM classifier using these features is used to derive the class information. In the cases, where only
synthesized speech is available without any label information and parameter contours, the proposed
dynamic PF method can be reliably employed. The proposed method yields significant improvement
in naturalness when combined with the state-of-the-art GV and MS based PF methods. Another
method of PF that modifies the spectral tilt of synthesized speech is able to achieve improvement in

terms of naturalness, intelligibility and speaker similarity.
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5. Significance of Sonority Information for Voiced/Unvoiced Decision

Objective

The quality of synthesized speech obtained from SPSS significantly relies on excitation source gen-
eration. Voiced/unvoiced decision is an essential component for generation of excitation source. It
1s obtained from Fy and other excitation source evidence in the existing literature. The discontinuity
at the point of contact in the vocal-folds excites energy into the vocal-tract resulting voicing effect in
the produced speech signal. The perceptual reflection of voicing over the sound produced is correlated
with the sonority information, which is related to less vocal-tract constriction and significant glottal
vibration. Therefore, the possible variation in voicing with the change in supraglottal pressure due to
vocal-tract constriction, rate of closing of vocal folds and regularity in structure of the signal are intact
in the sonority associated with a sound unit. Voicing and degree of opening of vocal-tract are the two
most effective correlate of sonority, that potentially contribute to the sonority hierarchy for sonorants
and obstruents uniformly. Therefore, the voicing effect can be captured by the sonority measurement
derived from system, source and suprasegmental information in the speech signal. In this chapter, a
novel voiced/unvoiced decision method using sonority information is proposed and integrated in the
SPSS framework for generation of excitation source. It leads to better voicing decision compared to the
existing methods resulting in synthesized speech of improved quality, which is assured from objective

and subjective analysis.

5.1 Introduction

The SPSS is the state-of-the-art speech synthesizer in the recent literature that generates synthe-
sized speech with sufficient intelligibility. It provides flexibility in terms of adaptation of statistical
behavior of different speaking styles, emotions, speakers, languages [1,2]; compression factor over the
other speech synthesizer like USS [3,[4] and robustness [130]. However, the synthesized speech ob-
tained from SPSS lacks naturalness compared to that of USS due to poor vocoder, deficient excitation
source generation, inaccuracy in acoustic modeling and over-smoothing of the generated parameter se-
quences [5]. The rich characteristics of the speech signal intact in natural speech may not be adequately
represented using only limited acoustic features modeled in the statistical environment. The natu-
ralness in synthesized speech is mostly governed by the excitation source component. In the SPSS
framework, along with other factors voiced/unvoiced decision plays a key role in excitation source
generation module, which is basically impulse train for voiced frames and random noise for unvoiced
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frames. Generally, F{ information in employed to know voiced and unvoiced frames in the utterance
to be synthesized. Improving the voicing decision may absolutely improve the excitation source and
synthesis quality. There are several successful efforts in the literature towards this direction.

There are various time and frequency domain approaches in the literature for voiced/unvoiced
detection [88]. These methods include the features related to production characteristics of voiced
sounds such as energy, periodicity, short term autocorrelation, zero crossing rate, autocorrelation
peak strength, harmonic measure from the instantaneous frequency amplitude spectrum [89]90]. These
methods use some threshold obtained from empirical observation. To avoid such thresholding, sta-
tistical modeling based approaches have gained popularity using HMM, GMM, DNN [I43]. These
methods aim to explore better modeling technique using existing features and requires substantial
amount of training data with manual segmentation. In conventional SPSS or HMM based speech syn-
thesis, MGC coefficients are used to represent VT'S information and Fj is used to model the excitation
source aspect. Fj is modeled along with voicing decision using MSD-HMM and consequently error in
Fjy estimation is propagated to the excitation source generation module [7,/8]. In the voiced regions
Fp is modeled as continuous Gaussian distribution and discrete symbol in unvoiced regions [§]. As the
voicing decision is dependent on Fy, errors in Fy estimation leads to error in MSD-HMM. This results
in misdetection of voiced and unvoiced frames. In case of weekly voice sounds with lower energy like
voiced fricatives, voiced stops and voiced affricates, the corresponding frames may get classified as
unvoiced which will be propagated to the MSD-HMM in training.

During synthesis, for the frames corresponding to these sounds erroneous voicing information may
be generated that results in creation of random noise as excitation. If these misclassification are
repeating for several such frames in the same utterance, the naturalness of the synthesized speech
severely degrades. On the other hand, for false voiced regions impulse sequence is used as excitation
instead of random noise resulting in buzziness in synthesized speech. [93L[94] exploited continuous Fy
model instead of MSD, where Fj is always available for both voiced and unvoiced regions. In this case,
the voicing decision is modeled in an independent stream. There are other attempts to integrate GMM
and multilayer perceptron based voicing decision to make improvement in SPSS [95,96]. [98] proposed
MSD-HMM modeling of voiced /unvoiced detection in SPSS by exploiting ZFF in Fj estimation. The
voicing detection is performed using heuristic threshold over the SoE and modeled by MSD-HMM along

with Fp. In the current version of SPSS, voicing decision is pitch dependent and pitch estimation is
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made using RAPT approach [87], which performs frame by frame autocorrelation analysis to capture
the periodicity information. If the periodicity of the speech signal is not very distinctly evident, the
autocorrelation based methods tend to give wrong voicing decision. As discussed in Chapter [2, the
effect of wrong voicing decision can be prominently observed in corresponding synthesized speech
signal. This leads to degradation in the perceptual quality of synthesized speech.

As voicing strength is generally governed by the movement of vocal-folds, most of the approaches
use excitation source information as dominant feature to extract the voicing information. For most of
the voiced sounds the main excitation occurs at the closing of the vocal folds. This is followed by the
closed phase, where formants are the most prominent with high amplitude, slope and less bandwidth.
Although the mechanism of source generation is independent of the vocal-tract shape, many studies
have shown that with the variation in supra-glottal pressure due to vocal-tract constriction, the shape
of glottal waveform specifically the amplitude changes [20]. Despite this change is not much significant
in case of moderate constriction, as the constriction increases resulting in higher supra-glottal pressure,
its effect on glottal waveform also increases. Therefore, the openness of vocal-tract may also play
significant role in voicing strength as well as voicing decision. The sonority associated with a sound
unit can be defined in terms of degree of vocal-tract constriction and voicing strength [9]. Based on
voicing associated with the sonorant and obstruent sounds, the degree of associated sonority value
changes. The sonority hierarchy can be seen in the increasing order of sonority as : wvoiceless stops,
voiceless fricatives, voiced stops, voiced fricatives, (voiced) nasals, voiced laterals, voiced r-sounds,
(voiced) high vowels, (voiced) mid vowels, (voiced) low vowels [9]. This correlation between voicing
and sonority motivated us to explore the sonority information in the task of effective voicing detection.

In Chapter Bl a set of features that reflects the behavior of VTS, excitation source and supraseg-
mental information is proposed, which is termed as sonority feature. The feature set is specifically
designed based on the changing vocal-tract constriction, excitation source strength and periodicity,
with the change in articulators movement during production of different sonorant sound units. The
sonority feature is capable of representing the sonority hierarchy and also found to be useful in clas-
sification of sonorants and obstruents. Therefore, it can be hypothesized that adopting the VTS
information which has capability to correctly delineate sounds with varying vocal-tract constriction,
along with the excitation source may further improve the accuracy of voicing decision. Most of the

existing methods use only excitation source aspect for voicing decision. This work focuses on inte-
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Figure 5.1: Block diagram representing the proposed framework.

gration of the sonority feature in the SPSS framework and explore its capability to improve voicing
decision in the excitation source generation component during synthesis.

The rest of the chapter is arranged in the following sections. The integration of sonority feature
in SPSS framework to derive voicing decision is explained in Section Section analyses efficacy
of sonority feature in the task of voice/unvoiced detection. The effect of proposed voicing decision

algorithm in synthesized speech is evaluated in Section (.41
5.2 Sonority feature in SPSS

The SPSS provides a unified framework to model vocal-tract, excitation and duration parameters
simultaneously in HMM [§]. In this work, continuous F modeling approach is followed instead of
MSD in order to make the voicing decision independent of Fy [93]. The HMM based TTS synthesis
system is developed using the well known HTS toolkit that involves training and testing processes [§].
In the training process, excitation, vocal-tract and sonority features are extracted from the speech
signal corresponding to the training database. Using these features all the phonemes are modeled
using HMMs with 5 states. In each state, 3 streams are used to model different parameters extracted
for each phoneme, where the first stream consists of vocal-tract parameters i.e. MGC coefficients
including the zeroth coefficient and their delta, delta-delta coefficients. The source parameters, log

Fp, its delta and delta-delta are modeled in a single (second) stream using continuous HMMs. In
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(b)

Time (s)

Figure 5.2: (a) Natural speech signal for the utterance, (b) DEGG signal, (c¢) strength of excitation derived
from DEGG with reference voiced/unvoiced marking, (d) strength of excitation derived from speech signal
and corresponding voiced/ unvoiced marking, (e) combined vocal-tract spectrum feature with corresponding
voiced /unvoiced marking for the utterance “He was a head shorter than his companion, of almost delicate
physique” for SLT speaker.

the third stream, the sonority feature along with its delta and delta-delta coefficients are modeled
using continuous distribution. For each phoneme, parameters mentioned above are extracted along
with their corresponding labels as shown in Figure 5.1l The log Fy parameter is extracted using ZFF
method as in [I07] with 25 ms frame-length and 5 ms frame-shift. In the training part, the maximum
likelihood estimation of each parameter is performed using BW re-estimation algorithm. During
synthesis, as per input text, using the maximum likelihood parameter generation algorithm, frame-
wise MGC coefficients, sonority feature and Fy are computed by maximizing the output probability [§].
The generated sonority feature set f1, fo, f3, f1, f5, f¢ and f7 for an utterance “become an automaton”
is shown respectively in dashed lines in Figure [L1I(b)-(h) of Chapter ??. This feature set is further

used in voiced /unvoiced classification as shown in Figure [5.1]

5.3 Analysis of sonority feature in voiced/unvoiced detection

The sonority feature explained above has the ability to delineate the voicing associated with a sound

unit. It represents source, system and supra-segmental information, among which excitation source
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aspect is abundantly studied in the literature of voiced /unvoiced classification. Although the process of
generation of excitation source is independent of the filter to a large extent, but due to the interaction
between vocal-tract and source the VTS evidence in sonority feature also may give some additional
information regarding voicing decision. As described in Chapter3], the first 5 dimensions of the sonority
feature represent VTS (f;, i = 1,2..5), that can be combined as fyrs = fi+ fo+ fs+ fa+(1—f5), where
each feature is normalized to get the feature value in the range 0 to 1. As f5 is inversely proportional to
sonority as well as other features, we included (1— f5) during combination. The combined VTS feature
for the utterance in Figure (.2(a) is shown in Figure 5.2(e). Figure £2(b) and Figure E.2(c) show
corresponding DEGG and SoE derived from DEGG with reference voicing information. Figure [(:2(d)
shows SoE derived from speech signal and corresponding voicing markings. In both Figure 5.2(c) and
Figure 5.2(d), the frames with the feature value greater than mean value of the feature are selected
as voiced and others are selected as unvoiced. If we compare Figure [2(c),(d),(e) the effectiveness
of combined VTS evidence over SoE evidence can be observed, as it has similar behavior as that of
SoE derived from DEGG. In fact, around 2.2 s in Figure [5.2] some voiced frames are misclassified as
unvoiced in case of SoE, whereas the VTS feature is able to correctly detect the corresponding voiced
region. Therefore, impact of VT'S evidence intact in sonority feature can lead to robust voiced /unvoiced
detection if combined with SoE and periodicity.

To interpret the potency of sonority feature in voiced/unvoiced detection compared to that of
Fpy, the frames of the utterances corresponding to CMU arctic database (SLT speaker) are classified
into voiced and unvoiced categories. The voiced categories include the frames of vowels, semivowels,
nasals, voiced fricatives, voiced stops, voiced affricates and other frames are labeled as unvoiced except
silence regions. Figure (.3(a) to (g) elucidate distributions obtained for voiced and unvoiced frames
corresponding to each dimension of the sonority feature and Figure E3(h) shows the same for Fj
obtained from RAPT algorithm. Significant deviation within distributions corresponding to each pair
can be observed for all dimensions of the sonority feature. On the other hand, the distributions
corresponding to Fy in Figure E3(h) seems to have more overlapping area. This indicates relative
inefficiency of Fy in case of voiced/unvoiced detection compared to that of sonority feature. In case
of f1, fo, f3, fa, f6, f7, it can be observed that the feature values for voiced frames are higher than
that of the unvoiced frames in average sense. While in case of f5, average value corresponding to the

unvoiced is higher that that of the voiced. This is due to the fact that, the bandwidth parameter

TH-1917_136102017

117



5. Significance of Sonority Information for Voiced/Unvoiced Decision

(CY

(b)

(d)

0.1 0.04 0.2 0.05
" n Voiced
0.08 f} 0.03} 4 |‘ 0.15 0.041; = = = Unvoiced
0.06 'l 1y h 0.03[' ‘\
0.02}1 0.1k et
0.04"! 1 ' 0.02{!
g k 0.01t! = 0.05}1 !
g 0.02 el AN 51 0.01) D
o ) ~ ~ \——‘E‘_\ S e
g 0 0 - 0 -~ o 0 -
= 0 0.5 1 0 0.5 0 0.5 1
2
]
T ® (9)
@ 0.05 0.05 [+ 0.1
"R
0.04 0.04f 0.08}1 0.15
1 ]
0.03 0.03} -y 0.061
\ \ 0.1
0021, 0.02 0.04]4
\
0.01 o.m/ﬂ\q 002\ '\ 0.05
s N - -~
0 0 B 0 e
0 0.5 1 0 0.5 1 400

Feature value

Figure 5.3: Distributions of sonority feature and Fy for voiced and unvoiced frames of arctic database of SLT

speaker; (a) f1, (b) f2, (¢) f3, (d) f4, (e) f5, (f) fo, (g) f7, (h) Fo.

represented by f5 is inversely proportional to the sonority hierarchy, whereas all other dimensions are
directly related to the degree of sonority. One useful way to quantify the distance between a pair of

Gaussian probability density function is KLD measure [122] as given by (5.1).

1 (o4 o2 1 1 1
DKL(A’B):_ ? + g _1+_{/J'A_MB}2 D) + P) s (51)
2 \op 0% 2 oy  0p

where, A and B are two univariate Gaussian distributions with means p1 4, up and standard deviations
o4, op respectively. Here A and B represent samples of one feature for voiced and unvoiced classes
respectively. For each pair of the distributions corresponding to each feature, KLD is calculated
and depicted in Table Bl It can be observed from Table Bl that apart from f5, the KLD values
corresponding to other sonority features are higher compared to that of Fy. To include the efficacy
of each dimension of sonority feature for voiced/unvoiced detection, corresponding weights (w;) are

derived from the KLDs, such that

7
S =1, (52)
i=1
where,
. [Dk (4, B)y, (5.3)

ZE:I[DKL(Av B)]fi 7
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Table 5.1: KLD measures corresponding to different features between normal distributions of voiced and
unvoiced frames for CMU arctic database (SLT speaker).

‘ Feature ‘ KLD ‘ w; |

1 2.06 | 0.14
o 1.47 | 0.09
s 1.89 | 0.13
2 1.04 | 0.07
fs 0.72 | 0.05
s 348 | 0.23
a 427 [0.29
i) 078 | -

The weights assigned to each of the seven features according to their potential to classify different
voiced and unvoiced frames are also shown in Table [l Thus a competent representation of sonority
feature in term of voiced/unvoiced classification is derived in this work. Further to analyze the
efficacy of the sonority feature with respect to different voiced classes, the same distributions are
derived for vowels, semivowels, nasals, voiced fricatives, voiced stops, voiced affricates and unvoiced
individually. The KLD measures between the distributions of each of the voiced sound category and
that of unvoiced are determined for each dimension of sonority feature. The average KLD across
all the 7 dimensions are obtained for each voiced sound category. Similarly, the KLD distances are
derived between distributions of Fy extracted from each voiced sound category and unvoiced frames.
These values are shown in Table This gives information regarding ability of the sonority feature
to differentiate a particular category of voiced sounds with the unvoiced. The more the KLD value
is, more is the capability of the feature to correctly classify corresponding categories against unvoiced
sounds. It can be observed from Table that Fy has higher ability to differentiate voiced fricatives,
voiced stops, voiced affricates with unvoiced. However, in most of the databases or in common use,
these phonemes are less likely to occur compared vowels, semivowels and nasals. Therefore, it will have

minimal effect on the overall classification performance, which is assured from further experiments.
5.3.1 Voiced/unvoiced classification using sigmoidal function

Before proceeding to train a statistical classifier using the sonority feature, we want to emphasize
the ability of the feature based on empirical methods of voiced /unvoiced classification. These classifiers

are beneficial over the statistical classifiers, when there is no training data available. Given a particular
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5. Significance of Sonority Information for Voiced/Unvoiced Decision

Table 5.2: Average KLD measure corresponding to sonority features and Fj between normal distributions of
different categories of voiced and unvoiced frames for CMU arctic database (SLT speaker).

‘ Category Sonority| Fy ‘

Vowels 2.37 0.55
Semivowels 2.51 1.32
Nasals 3.09 2.62
Voiced Fricatives 0.60 1.00
Voiced Stops 1.02 1.33
Voiced Affricates 0.36 1.01

speech signal the 7-dimensional sonority feature is extracted and each dimension is normalized to the
range 0 to 1. As bandwidth (f5) is inversely proportional to the sonority feature, (1— f5) is considered
as the 5" dimension. The feature contour corresponding to each dimension is then multiplied with
corresponding weight given in Table [5.Il All the seven weighted features are added together to derive
the combined sonority feature (S(n)) as shown in Figure B.4(d) corresponding to the speech signal
shown in Figure B.4{(a). It is troublesome to set the threshold directly on S(n) in Figure £.4(d) due
its high variability, therefore a gross level feature is derived by passing the normalized S(n) through

a sigmoidal function, given by

1
1 +exp(=A(S(n) — Th))

Sg(n) = (1 = Sgm) + Sgm, (5.4)

where, Sy(n) is the sigmoidal function of S(n), A is the slope parameter of the sigmoid which is
set to 20, the threshold 7}, is derived from the mean value of S(n). The minimum value of the
sigmoid function Sy, is set as 0. The obtained gross level sonority feature, Sq(n) can be used for
voiced /unvoiced classification by setting a suitable threshold. In this case, the frames with values of
Sg(n) greater than 20% of its maximum value are considered as voiced and others are classified as
unvoiced. Figure [5.4((e) shows Sy(n) obtained from S(n) shown in Figure 5.4(d). It can be observed
that the gross shape of the sonority feature after passing through the sigmoid function is highly
correlated with the SoE contour in Figure (5.4(c), derived from the DEGG signal in Figure B.4(b).
The corresponding speech signal is shown in Figure [(4l(a). The reference voicing boundaries are
also shown in Figure [5.4(b). From the comparison of reference boundaries and the obtained voicing
decision shown in Figure [5.4{c), it is observed that voicing decision can be precisely obtained from
Sg(n) by setting a suitable threshold. The performance voiced/unvoiced classification is evaluated in
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Figure 5.4: (a) Natural speech signal, (b) corresponding DEGG signal, (c) strength of excitation derived from
DEGG along with reference voiced/unvoiced marking, (d) combined sonority evidence, (e) sonority evidence
after passing through a sigmoid function with derived voiced /unvoiced marking; for the utterance “Hardly were
our plans made public before we were met by powerful opposition” for SLT speaker.

terms of voicing error (Vi) and unvoicing error (Ug) between reference and detected voicing regions.

VE = Nv/Nyef; Ue = Ny /Nrey, (5.5)

VUg = Vg + Ug, (5.6)

where, Ny is the number of voiced frames classified as unvoiced, Ny is the number of unvoiced frames
classified as voiced, N,y the total number of frames present in the testing database and VUg is the
total voicing error. A reliable performance is obtained by applying the combined sonority feature to
the sigmoidal function with Vg = 2.98% and Up = 2.22% for the SLT speaker in CMU arctic database.
The performances of this empirical method for BDL speaker as well as other standard databases are
shown in Table[5.3] which shows that the empirical method using sonority feature performs consistently
well for all the databases. Therefore, the sonority feature can be further exploited to develop a higher

level classifier for voiced /unvoiced detection.
5.3.2 Voiced/unvoiced classification using SVM

To avoid heuristic thresholding, the derived sigmoidal signal (Sq(n)) is applied to an SVM classifier
(with RBF kernel). Using the normalized Sy (n) feature, 5-fold cross-validation is performed to derive

the appropriate values of ¢ and 7. The SVM model is trained for randomly chosen 80% frames of the
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Table 5.3: Comparison of the different methods for voicing detection in terms of the percentage of voicing
error (Vg) and unvoicing error (Ug).

Database — SLT BDL KEELE CSTR (RL) CSTR (SB)
Method | Ve | Ug |VUE | Ve | Ug |VUE | V& | Ug | VU | Ve | Ug | VU | Ve | Uz | VU
Sigmoid 298 | 2.22 | 520 || 7.60 | 4.56 | 12.16 || 6.43 | 2.59 | 9.02 | 1.99 | 847 | 10.46 || 7.32 | 5.06 | 12.38

SVM Sigmoid 2.20 | 2.40 | 4.60 4.57 | 3.42 | 799 | 6.40 | 5.05 | 11.45 || 6.62 | 7.15 | 14.37 || 6.72 | 3.91 | 10.63

SVM (Proposed) || 1.62 | 1.27 | 2.89 || 1.47 | 1.72 | 3.19 || 2.05 | 1.95 | 4.00 || 2.77 | 4.10 | 6.87 || 2.70 | 2.60 | 5.30

RAPT 3.26 | 4.26 | 7.52 7.16 | 4.51 | 11.67 || 7.22 | 2.02 | 9.24 6.21 | 1.20 | 7.41 | 2.53 | 1.00 | 3.53

STRAIGHT 5.39 | 8.41 | 13.80 || 8.77 | 4.21 | 12.98 || 6.49 | 4.25 | 10.74 || 10.82 | 4.27 | 15.09 || 1.27 | 3.40 | 4.67

SRH 391 | 5.02 | 893 | 16.09 | 5.25 | 21.34 || 11.4 | 9.45 | 20.85 || 12.22 | 6.64 | 18.86 || 4.14 | 15.53 | 19.67

REAPER 1.61 | 4.94 | 6.55 239 | 7.55 | 9.94 || 8.58 | 6.57 | 15.15 || 2.03 | 5.41 | 7.44 | 3.30 | 2.31 | 5.61

database and the rest 20% frames are used for testing. From the predicted voiced/unvoiced labels
during testing, the error values Vg and Ug are obtained. The classification errors using this method
(SVM Sigmoid) is shown in Table for different databases. In most of the cases, improvement can
be observed over the empirical method (Sigmoid). To achieve better classification accuracy, SVM
based classifier is developed using the normalized 7-dimensional sonority feature (SVM Proposed)
with RBF kernel and ¢, 7 values are obtained in same way as mentioned above. The voiced /unvoiced
classification performance obtained using this classifier is superior compared to other methods as
observed from Table The proposed method is compared with the state-of-the-art methods RAPT,
STRAIGHT [53], SRH [101] and REAPER [100] for the databases CMU arctic (BDL and SLT) [48],
KEELE [144] and CSTR (RL and SB) [145]. The improved performance depicted in Table 5.3 assures
that the proposed voiced /unvoiced classification can be integrated with the SPSS framework to obtain
better excitation source during synthesis.

The overall framework can be seen from the block diagram shown in Figure b1l In the SPSS
framework, along with extraction of the generic acoustic features like MGC coefficients and LFp, the
sonority feature is also extracted from speech signals corresponding to the training database. All the
features are modeled using HMM as mentioned in Section in the training phase. During testing,
given the text to be synthesized using the trained HMMs MGC coeflicients, LF{ and sonority features
are generated. The sonority feature is fed to the previously trained SVM classifier to obtain the voicing
decision corresponding to all the frames. This voicing decision along with continuous LFj values are
used in excitation source generation component. The resultant excitation source along with MGC

coefficients are passed through the synthesis filter (vocoder) to derive the synthesized speech.
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5.4 Experimental observations

To evaluate the performance of the proposed voiced /unvoiced detection method in terms of quality
of synthesized speech, HMM based SPSS systems are developed using CMU arctic database for SLT
and BDL speakers. As the database contains 1132 utterances corresponding to each speaker, 1000
utterances are used in training of SPSS system while the rest 132 sentences are used in testing. The
sonority feature along with log Fy and MGC coefficients are extracted from the speech signal with 25
ms frame-size and 5 ms frame-shift. In case of the proposed method, the Fyy parameter is extracted
using ZFF algorithm [107] with continuous values in both voiced and unvoiced frames and continu-
ous Fy modeling approach is followed [93]. For comparison RAPT, REAPER, SRH and STRAIGHT
methods of voicing decision are also implemented. For these cases the same Fjy extracted from ZFF is
used, only voicing decision is adopted from individual methods. Except the proposed method, MSD-
HMM is used to model Fj as well as voicing decision for all other approaches. In both RAPT and
REAPER methods autocorrelation analysis of speech signal and dynamic programming are used to
derive the voicing decision. SRH uses harmonic estimation of the residual signal for pitch tracking and
local thresholding of pitch contour is used for voicing decision. The STRAIGHT algorithm employs
wavelet transformation approach, where the voicing strength in different bands is used to derive the
voicing decision. In this work, version 40 of STRAIGHT is used. For deriving the synthesized speech
using the excitation source and spectrum MLSA filter is used. As the excitation source model used in
conventional MLSA based SPSS framework is simple impulse and noise based, it is greatly effected by
wrong voicing decision. However the advanced excitation generation algorithms like STRAIGHT [53]
that uses both periodic and aperiodic components along with the phase component, may be compara-
tively less prone to voicing decision. Therefore the same voicing decision algorithms are also employed
in the STRAIGHT based SPSS framework. In this case, only the voicing decision and F information
is being adapted from the proposed as well as RAPT, REAPER, SRH and STRAIGHT algorithms
and ZFF respectively, whereas all other modules remain same as [53]. In case of STRAIGHT, along
with traditional SPSS parameters 25-dimensional BAP are also trained in a separate stream. There-
fore, there are total 4 streams in this case. Apart from this, the training process remains same as
described in Section During testing, from the generated continuous Fy, voicing decision obtained
from generated sonority feature and aperiodicity component, excitation source is generated. Using

this excitation source and MGC coefficients synthesized speech is obtained from STRAIGHT vocoder
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algorithm. Due to the complex analysis synthesis procedure in STRAIGHT, the synthesized speech is
of higher naturalness. The synthesized speech files obtained from both MLSA and STRAIGHT based
SPSS with different voicing decision algorithms for both SLT and BDL speakers are considered for

objective and subjective evaluations. The experiments establishes the efficacy of the proposed method.
5.4.1 Objective evaluation

The objective measures used for evaluation of synthesized speech using different voicing algorithms
are VUg and LSD. As the length of natural and corresponding synthesized speech files are not same,
frame level alignment between natural and synthesized speech is performed using DTW before calcu-
lating these measures. In case of each speaker and each of the voicing algorithms such as proposed,
RAPT, REAPER, SRH and STRAIGHT for both MLSA and STRAIGHT synthesizers, 132 test ut-
terances are used. The average VUg and LSD across 132 utterances for each method are shown in
Table 5.4l As the accuracy of voicing decision improves, VUg and LSD decrease. It can be observed
from Table 5.4l that in most of the cases synthesized speech using the proposed and STRAIGHT based
voicing decision methods achieve better performance compared to others. The performance of SRH
method is poorer compared to other methods. Another observation is that RAPT and REAPER have
similar trend of performance. Compared to the MLSA synthesized speech, the LSD values for all
methods are less in case of STRAIGHT synthesizer. This is due to higher performance of STRAIGHT

vocoder compared to MLSA.
5.4.2 Subjective evaluation

As seen from the objective evaluation, voicing error during excitation source generation has a
significant impact on naturalness of synthesized speech. In the objective evaluation, the SRH method
performs poorer compared to all other, while performance of REAPER is similar to that of RAPT to
some extent. As in the subjective evaluation, number of subjects is limited and listening too many
speech files may be a tedious task, therefore only proposed, RAPT and STRAIGHT based methods
of voicing decision are considered in this case. Two types of subjective evaluations are carried out
namely MOS and PT for all the three methods. Total 10 subjects took part in this evaluation,
who are research scholars having sound knowledge of speech perception. In case of MOS evaluation,
the subjects were asked to provide a score against each speech file between 1 to 5 based on the

naturalness, where 5 corresponds to the best quality and 1 for the least. Reference speech files were
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Table 5.4: Objective evaluation for synthesized speech using different voiced/unvoiced decision methods with
MLSA and STRAIGHT vocoder.

Vocoder | | Voicing | SLT BDL
Method | VUg | LSD || VUE \ LSD

Proposed 6.52 | 2.55 5.96 | 3.17
RAPT 12.21 | 2.52 || 10.32 | 3.26
MLSA REAPER | 10.11 | 2.96 8.93 | 3.37
SRH 15.50 | 2.85 | 11.90 | 3.34
STRAIGHT | 6.99 | 3.15 6.22 | 3.24

Proposed 541 | 2.14 4.35 | 2.41
RAPT 10.52 | 2.19 6.22 | 2.57
STRAIGHT | REAPER 8.15 | 2.18 6.54 | 2.51
SRH 11.20 | 2.31 8.79 | 2.52
STRAIGHT | 3.25 | 2.13 4.32 | 2.47

also provided to the subjects to get the knowledge of naturalness, which is defined as the closeness
of the synthesized speech to natural speech. For each method 5 speech files along with 5 natural
speech files corresponding to different utterances are considered for deriving MOS. By considering
both MLSA and STRAIGHT vocoder approaches, there are total 35 speech files for each of the female
(SLT) and male (BDL) speakers. The speech files were randomly coded to avoid bias towards any
method. Thus total 50 scores are obtained for each type among the 7 sets. Table depicts mean
values of the scores corresponding to each method. It can be observed that the proposed method
achieves MOS of 2.5 against 1.7 using RAPT algorithm for female speaker. In case of male speaker,
the improvement lower, which is 3.0 against 2.2 using RAPT. Again, for STRAIGHT vocoder, the
improvement is limited. The MOS value is 3.5 using proposed method, whereas it 2.4 and 3.5 using
RAPT and STRAIGHT based voicing decision. In this STRAIGHT based voicing decision achieves
better than RAPT and equivalent to the proposed method. Although the performance of the proposed
method seems to be not improved to a significant extent, however the proposed method is convenient
in terms of computational complexity compared to STRAIGHT.

Also to show the overall distribution, boxplot corresponding to the scores are shown in Figure
In both the cases, it is evident that after applying the proposed voicing decision, the naturalness of
the synthesized speech increases significantly. Although mixed excitation source is used in case of

STRAIGHT vocoder, from Table and Figure we can infer that the synthesized speech quality
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Table 5.5: Subjective evaluation result for mean opinion score.

Vocoder | Speaker | Proposed ‘ RAPT ‘ STRAIGHT

SLT 2.5 1.7 14

MLSA BDL 3.0 2.2 2.1
SLT 3.8 24 3.5

STRAIGHT BDL 3.4 2.3 2.1

still depends on voicing decision. In case of the MLSA vocoder, the improvement is found to be more
for the female speaker, whereas for STRAIGHT vocoder, male speaker is found to achieve higher

performance after using the proposed method.

MLSA: A=Proposed, B=RAPT, C=STRAIGHT STRAIGHT: D=Proposed, E=RAPT, F=STRAIGHT
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Figure 5.5: Boxplot representing distribution of mean opinion scores of different methods for (a) SLT, (b)
BDL speaker.

In the PT, 10 pairs of speech files corresponding to 5 for proposed vs. RAPT and 5 for proposed vs.
STRAIGHT, for each of MLSA and STRAIGHT based vocoders are played to the subjects. Therefore
each subject listened to of 20 pairs (10 for MLSA vocoder and 10 for STRAIGHT vocoder) of speech
files in random order for each of SLT and BDL speakers. Therefore each subjected evaluated total 40
pairs of speech files. They were asked to listen the speech files pairwise and provide their preference
within each pair. No preference is given if both the speech files seem to have same perceptual quality.
Table shows the mean values of percentage of speech files chosen by the listeners corresponding to
each method. It can be observed from Table that, in each case the preference % for the proposed

method is more than 65%, except the case of BDL speaker for STRAIGHT vocoder. In case of SLT
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Table 5.6: Result of preference test represented in terms of % of speech files subjects have preferred while
comparing proposed method with RAPT and STRAIGHT method for voicing decision.

Vocoder Speaker | Proposed ‘ RAPT ‘ STRAIGHT | No pref.

SLT 71.4 114 - 17.2
88.6 - 5.7 5.7
MLSA BDL 65.7 20 - 14.2
88.6 - 2.9 8.6
SLT 94.3 5.7 - 0
71.4 11.4 17.1
STRAIGHT BDL 45.7 45 - 9.2
42.8 - 28.6 28.6

speaker MLSA vocoder, the proposed is preferred 71.4% compared 11.4% for RAPT. In same case
the proposed method is preferred 88.6% over 5.7% for STRAIGHT based voicing decision method. In
case of STARIGHT vocoder, the preference % is comparatively less for the proposed method. The
proposed sonority based voicing decision achieves comparatively lower performance in case of BDL
speaker STRAIGHT vocoder. Although the preference % is higher for the proposed method, the %
of no preference is increasing this case. In both the subjective evaluations, the proposed method is

found to have remarkable impact on the synthesized speech quality.
5.5 Summary

The contributions made in this chapter explore the scope of sonority as acoustic-phonetic correlate
of voicing decision. The conventional voiced /unvoiced detection algorithms use excitation source based
features by considering that voicing is independent of the vocal-tract information. However, due to
source and system coupling during open phase of glottal vibration, the voicing may also be associated
with the extent of vocal-tract constriction. The sonority aspect associated with a segment of speech
signal can be represented as a combination of source, spectral and suprasegmental evidence. Moreover
sonority is highly correlated with both vocal-tract constriction and voicing strength. Based these
facts, the voiced /unvoiced classification is performed using sonority feature and it is found to yield
improvement as compared to the existing methods. Both empirical and statistical classifications are
presented in this work. The proposed voiced /unvoiced classification algorithm using sonority feature
achieved better accuracy compared to the existing methods. As the voicing decision plays a great role

in synthesized speech quality obtained from SPSS, therefore the proposed voicing decision algorithm
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using sonority feature is integrated with the SPSS framework. With the increase in accuracy of voicing
decision, the naturalness quality of synthesized speech is also found to be improved from both objective

and subjective evaluations.
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Objective

The objective of this chapter is to bring out a combined framework for improving quality of syn-
thesized speech obtained from SPSS using sonority information. The degradation in the quality of
synthesized speech of SPSS in terms of naturalness is a consequence of different issues involved with
the individual modules of the framework. In the previous chapters, parameterization of speech sig-
nal in terms of sonority feature along with the conventional source and spectral features is proposed.
The sonority feature is further used in dynamic PF, spectral slope modification and improved voicing
decision, which are discussed in detail. The contributions of each of these modules carry different
attributes related to the quality of synthesized speech. These contributions are studied independently
and each of them achieves stand-alone improvement. In this chapter, the combined performance of

these different modifications is analyzed and their comparative significance is presented.

6.1 Introduction

In the previous chapters, the focus is made to improve synthesized speech quality by incorporating
modifications to different elements of the SPSS. It can be expected that bringing these modifications
under a common framework may lead to further improvement in terms of naturalness. This chapter
discusses the combined framework, where the first component is improved parametric representation of
speech signal in terms of the additional sonority feature described in Chapter[3l The extracted sonority
feature is incorporated in the SPSS framework and employed in dynamic PF algorithm discussed
in Chapter @l This sonorant class based dynamic PF reduces the over-smoothing in source and
spectral parameters. During excitation source generation using the post-filtered source parameters,
the improved voicing decision is incorporated as proposed in Chapter Bl This assists in generating
correct voiced /unvoiced frames of the excitation source. The generated excitation source along with
post-filtered spectral parameters are passed through the vocoder to render the synthesized speech
waveform. In dynamic PF method, the focus is only to modify the spectral peak prominence, Fj
and reduce over-smoothing of the generated source and spectral parameters. However, there is some
amount of discrepancy in the spectral slope of synthesized speech, if we compare with that of the
natural speech. Therefore, the synthesized speech obtained is further passed through the spectral
slope modification algorithm. The output synthesized speech signal is expected to have improved
naturalness due to the combined effect of each component.
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The rest of this chapter is organized as follows. Section[6.2]elaborates the combination of individual
modules and the proposed architecture. The experiments performed to find efficacy of the proposed

framework and observations are discussed in Section Section summarizes the work.

6.2 Proposed framework

The proposed combined framework essentially exploits the independent modules discussed in in-
dividual chapters simultaneously, that are incorporation of additional feature, dynamic PF, improved

voicing decision and spectral tilt modification. The proposed framework is shown in Figure
6.2.1 Feature extraction

For developing the HMM based SPSS system, the HTS toolkit version 2.3 [134] is used, that
involves training and testing processes. In training stage, the first step towards developing SPSS is
representing the speech database in parametric form. For this, the conventional features used are Fy, its
delta and delta-delta (3-dimensional), MGC coefficients, its delta and delta-delta (105-dimensional).
Along with these features the sonority feature, its delta and delta-delta (21-dimensional) are also
extracted from training speech database. The Fy parameter is extracted using ZFF algorithm with
continuous values in both voiced and unvoiced frames. The extraction of sonority feature is explained
thoroughly in Chapter Bl Delta and delta-delta sonority feature is discussed in Chapter @ In each
case, the dynamic features are first and second order derivatives of speech parameters used to include
dependency of features of one frame over its nearby frames. All the features are extracted for a window
length of 25 ms with 5 ms window shift. The features corresponding to the label sequence obtained
from text processing module are used for training HMMs. All the phonemes are modeled with 5
states, each state having 3 streams for modeling different parameters. The first stream consists of
MGC coeflicients including the zeroth coefficient and their delta, delta-delta coefficients. Continuous
Fy modeling approach is followed as mentioned in [93]. Therefore, Fp, its delta and delta-delta are
modeled in a single (second) stream using continuous HMMs. In the third stream 21-dimensional
sonority feature is modeled. It can be seen from Figure that apart from using the sonority feature
in training of HMMs, it is also used to develop voiced /unvoiced classifier and sonorant classifier. The
classes considered in the sonorant classification are: low-vowels, mid-vowels, high-vowels, glides, liquids
and nasals. Each dimension of the sonority feature is normalized to get values in between the range of

0 — 1. The normalized sonority feature is employed to develop the SVM classifiers with RBF kernel.
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5-fold cross-validation is performed to derive the appropriate values of ¢ and . These classifiers will

be employed in the subsequent modules for improving quality of synthesized speech.
6.2.2 Dynamic post-filtering

As explained in Chapter 4] the aim of the dynamic PF method is to reduce the over-smoothing of
the generated parameters, imposed due to statistical modeling. As shown in Figure based on the
obtained label sequence from text to be synthesized, log Fy, MGC coefficients, and sonority features
are generated from trained HMMs using the parameter generation algorithm. The generated log Fy
and MGC coefficients are passed through the dynamic PF module. The PF mechanism has also two

parts: training and testing.

e Training: As shown in Figure [6.2] a background dataset is used for training module of the
dynamic PF method. The CMU arctic database contains 1132 utterances, among which 1000
utterances are used to develop an HMM based speech synthesis system that models conventional
excitation source, spectral and sonority features, as described above. Using this system, the
source (log Fp), spectral (MGC coefficients) and sonority parameters along with synthesized
speech are derived for 100 test utterances. The natural counterparts (log Fy, MGC coefficients,
speech signal) are also available for the same. These parameters and speech signal corresponding
to natural and synthesized are referred as the background set. From the background set, the
mean and standard deviations of values of spectral peaks, valleys and Fy for frames of each
sonorant class corresponding to natural and synthesized are accumulated, which is elaborately
described in Chapter @l This process can be referred as training of the dynamic PF method.

e Testing: In the testing phase, the rest 32 utterances are used for synthesis. As per the
input text, using the maximum likelihood parameter generation algorithm, framewise MGC
coefficients, sonority feature and Fy sequences are computed by maximizing output probability
of static and dynamic features [§]. For each frame, the generated sonority feature and MGC
coefficients are passed through the SVM based sonorant classifier and the class label is obtained.
Based on the sonorant class information and corresponding means and standard deviations
obtained during training, the source and spectral parameters are subjected to the dynamic PF
as discussed in Chapter 4l The dynamic PF results in enhanced Fj contour, improved spectral

prominence and temporal variation across frames.
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6.2.3 Improved voicing decision

As mentioned earlier, the Fj parameter used in this framework is extracted from the ZFF method
and of continuous valued. To generate the excitation source using post-filtered F{y sequence, the voicing
information is essential. To make the voicing decision independent of Fj, it is obtained by applying the
generated sonority feature through the SVM based voiced /unvoiced classifier developed in the training
phase. Based on the class label for voiced/unvoiced frames and Fy values, the excitation source is
generated. This excitation source along with post-filtered spectral parameters are passed through the

synthesis module to derive the synthesized speech.
6.2.4 Spectral tilt modification

Apart from the prominence of spectral peaks and valleys, spectral slope also plays a significant
role in the perception of synthesized speech. To alleviate the gap in the spectral slope of natural
and synthesized speech, we apply the spectral slope modification method on the synthesized obtained
from the previous module. As discussed in Chapter [ the spectral slope modification method consists
of training and testing phases. As shown in Figure [6.2] using the background set of natural and
synthesized speech signal, the error vector corresponding to each sonorant class is obtained during
training. In the testing phase, using these error vectors and knowledge of sonorant class, the spectral
slope of each frame is modified to make it similar to that of the natural. The spectral slope modified

speech signal achieves additional improvement.

6.3 Experimental evaluation

In order to analyze the efficacy of the proposed framework, the evaluation is carried out at different
levels of modification for both SLT and BDL speakers. 32 utterances from CMU arctic database
are used in the assessment that are not considered in the training stage. The proposed methods are
implemented in both MLSA and STRAIGHT vocoder based SPSS framework. However, the combined
structure depicted in Figure corresponds to MLSA vocoder based SPSS. In case of STRAIGHT,
apart from other features the aperiodicity parameter is also modeled in another stream of HMM,
which is used for STRAIGHT based excitation source generation while the other modules remain
same as described above. Initially, the synthesized speech files are obtained without any modification,

where MSD-HMM is used for modeling Fy and voicing decision simultaneously (BASELINE). In
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the next stage, Fj is extracted using ZFF algorithm, followed by continuous Fy modeling approach
along with sonority based voicing decision, keeping all other modules same (VOICING). In the third
case, the dynamic PF method is applied to spectral peaks, valleys and Fy sequences as explained
in Chapter 4l In this case the Fy corresponding to ZFF and sonority based voicing is used as well
(VOICING+POST-FILTERING). Therefore, this shows the performance when the improved voicing
decision and PF methods are used at the same time. In the fourth type, the synthesized speech
obtained after employing the proposed voicing decision and PF methods, is further passed through
the spectral tilt modification module (VOICING+POST-FILTERING+TILT). These three kinds of
synthesized speech will show significance of each modification in combination with the others. The
spectral tilt modification and dynamic PF of Fj, spectral peaks and valleys may effect each other
while used in fusion. Therefore, the spectral tilt modification method is also applied to the synthesized
speech obtained from only improved voicing decision ( VOICING4TILT). Along with these, PF and
spectral tilt modification methods are evaluated independently with all other modules being same as
BASELINE (POST-FILTERING, TILT). To summarize, following types of speech files are used in
the evaluation, in case of both MLSA and STRAIGHT vocoder for each of SLT and BDL speakers.

Both objective and subjective assessments are performed to justify the efficacy of each method.

e BASELINE: MSD-HMM based modeling of voicing decision and Fj.

o VOICING: Improved voicing decision and continuous Fy modeling.

e POST-FILTERING: Dynamic PF of Fy, spectral peaks and valleys.

e TILT: Spectral tilt modification.

e VOICING+POST-FILTERING: Improved voicing decision along with dynamic PF of Fy, spec-
tral peaks and valleys.

e VOICING++TILT: Improved voicing decision along with spectral tilt modification.

e VOICING+POST-FILTERING+TILT: Improved voicing decision along with dynamic PF of

Fo, spectral peaks, valleys and spectral tilt modification.
6.3.1 Subjective evaluation

In the previous chapters, the evaluation is performed for two parameters, naturalness and intel-
ligibility. It is observed that the intelligibility of SPSS synthesized speech is better than that of the
naturalness and the proposed approaches are towards improving naturalness. Therefore, in this eval-

uation, we primarily focus on the naturalness parameter. For assessment, 5 speech files are used from
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Table 6.1: MOS for individual proposed methods and their fusion.

Speaker — SLT BDL

Method | MLSA || STRAIGHT | MLSA || STRAIGHT
BASELINE 2.16 3.28 2.27 2.68
VOICING 2.37 3.45 2.38 2.94
POST-FILTERING 2.95 3.45 2.59 3.10
TILT 2.48 3.35 2.35 2.81
VOICING+POST-FILTERING 3.30 3.59 2.71 3.50
VOICING+TILT 2.61 3.48 2.53 3.05
VOICING+POST-FILTERING+TILT || 3.38 3.70 2.75 3.55

each of the above 7 methods, along with 5 natural speech files. Therefore, total 40 speech files are
obtained for each vocoder and each speaker. As both MLSA and STRAIGHT vocoders are used, 80
files are obtained for each speaker. For both, the speakers 160 speech files are randomly coded to avoid
bias towards any method. Using these examples MOS based evaluation is performed with 20 subjects,
having the knowledge of speech perception. They were asked to provide a score between 1 to 5 based
on naturalness, by listening to the speech files carefully using headphone. Naturalness can be defined
as the closeness of synthesized speech to human speech. Apart from this reference speech files were
demonstrated to them to indicate the effect of voicing error and over-smoothing. Based on observation
of these factors along with the quality of synthesized speech, the subjects were asked to provide score
against each speech file. The MOS corresponding to each method is shown in Table It can be
observed that among each of the individual techniques, the TILT has a lower contribution towards im-
provement compared to VOICING and POST-FILTERING. Again, VOICING+POST-FILTERING
always achieves better performance compared to that of VOICINGHTILT. However, after fusion
VOICING+POST-FILTERINGHTILT has shown improvement over VOICING+POST-FILTERING.
When BASELINE and VOICING+POST-FILTERING are compared, significant improvement is ob-
served using the proposed combined framework. The MOS value obtained for BASELINE is 2.16 and
after applying proposed framework is 3.38 in case of MLSA vocoder and female speaker. We can
observe an absolute improvement 1.22 after incorporating the contributions made in this thesis. The
improve in MOS value in case of the male speaker is 0.48. It can be observed that the contribution
of the PF method is more for the female speaker and less for the male speaker. The distributions
corresponding to the scores obtained for each method are shown in terms of boxplot in Figure [6.1l In

case of MLSA vocoder the improvement achieved is more for female speaker and in case of STRAIGHT
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vocoder, it is more for the male speaker. To observe the statistical significance of results discussed
above a series of pairwise t-test is performed, between each pair of methods in Table All the pairs
are found to be significantly different at 1% level except VOICING+POSTFILTERING vs. VOIC-
ING+POSTFILTERINGHTILT for SLT STRAIGHT, BDL. MLLSA AND BDL STRAIGHT. Another
pair of methods with less than 1% level of difference is BASELINE vs. TILT.

Another subjective evaluation carried out is preference test, where the comparison is made between
the methods BASELINE vs. VOICING, VOICING vs. VOICING+POST-FILTERING, VOICING+
POST-FILTERING vs. VOICING+POST-FILTERING+TILT and BASELINE vs. VOICING+POST-
FILTERINGHTILT. For each comparison, 5 pairs of speech files are given in random order. Therefore,
total 20 pairs of speech files are provided (for each vocoder and each speaker), and the subjects are
asked their preference among each pair. If both speech files seem to be similar, they are asked to
mark those as no preference. The % of choice along with % of no preference corresponding of each
comparison are shown in Table The p-values obtained from double-tailed t-test between each
pair are found to be less than 0.01. It depicts that in contrast to VOICING+POST-FILTERING
(42.22%) vs. VOICING+POST-FILTERING+TILT (51.11%), the preference is almost same towards
each (for SLT speaker and MLSA vocoder). This result signifies limited contribution of spectral tilt
modification compared to improved voicing and dynamic PF methods. However, in BASELINE vs.
VOICING+POST-FILTERINGHTILT, the latter one is most preferred. This observation shows the
quality improvement in SPSS synthesized speech after employing the proposed framework. However,
the proposed combined framework achieves preference of 95.56% compared to 2.22% for the baseline
method, in case of female speaker MLSA vocoder. The preference obtained for the male speaker is

77.11% for the proposed framework against 22.22% for the baseline method.

Table 6.2: Result of preference test in terms of % of preference.

Comparison Vocoder SLT BDL
A ‘ B | No pref A | B | No pref

BASELINE (A) vs. MLSA 11.11 | 75.56 13.33 35.56 | 57.78 6.67
VOICING (B) STRAIGHT | 15.50 | 63.22 21.28 26.67 | 57.78 15.56
VOICING (A) vs. MLSA 11.11 | 75.56 13.33 31.11 | 60.00 8.89
VOICING+POST-FILTERING (B) STRAIGHT | 7.33 | 78.49 14.18 35.56 | 46.67 17.78
VOICING+POST-FILTERING (A) vs. MLSA 42.22 | 51.11 6.67 28.89 | 68.89 2.22
VOICING+POST-FILTERING+TILT (B) | STRAIGHT | 38.33 | 56.32 5.35 33.33 | 55.56 11.11
BASELINE (A) vs. MLSA 2.22 | 95.56 2.22 22.22 | 71.11 6.67
VOICING+POST-FILTERING+TILT (B) | STRAIGHT | 7.23 | 84.35 8.42 28.89 | 55.56 | 15.56
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6.3 Experimental evaluation

A=BASELINE, B=VOICING, C=POST-FILTERING, D=TILT, E=VOICING+POST-FILTERING, F=VOICING+TILT, G=VOICING+POST-FILTERING+TILT
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Figure 6.1: Boxplot representing distribution of mean opinion scores of different methods for (a) SLT MLSA,
(b) SLT STRAIGHT, (c¢) BDL MLSA, (d) BDL STRAIGHT.

6.3.2 Objective evaluation

As the number of subjects and speech files are limited in case of the subjective evaluation process,
therefore objective measures are also used to validate the improvement achieved after incorporating
the proposed algorithms. The objective measures used are PESQ-MOS and LSD. Both the measures
are calculated for each type of synthesized speech files corresponding 32 utterances for both the
speakers and vocoders. The reference files used are the corresponding natural speech files. As the
length of natural speech files and synthesized are not same, the frames are aligned using DTW before
calculating the LSD. Both the objective measures calculated corresponding to each method are noted
in Table After incorporating the proposed method the MOS values are found to be increased,
while the LSD is decreasing. This refers to increase in naturalness and decrease in distance with the
natural speech, after incorporating the proposed methods. The MOS value is found to be highest
for VOICING+POST- FILTERING+TILT method (1.41), while the same for BASELINE is 1.16
corresponding to SLT STRAIGHT. The observations from both objective and subjective evaluation

show a significant improvement in synthesis quality in case of female speaker.
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Table 6.3: Objective evaluation results for proposed methods and their fusion.

Speaker — SLT BDL
Method | MLSA STRAIGHT MLSA STRAIGHT
MOS | LSD | MOS | LSD || MOS | LSD | MOS | LSD
BASELINE 1.02 | 2.52 | 1.16 | 2.19 1.08 | 2.30 | 1.13 1.85
VOICING 141 | 2.50 | 1.19 2.14 1.10 | 2.25 | 1.19 1.83
POST-FILTERING 1.13 | 2.46 | 1.22 2.10 1.14 | 2.23 | 1.16 1.83
TILT 1.15 | 2.45 | 1.20 212 1.10 | 2.27 | 1.17 1.82
VOICING+POST-FILTERING 1.18 | 2.39 | 1.26 2.08 1.17 | 2.19 | 1.21 1.81
VOICING~+TILT 1.14 | 2.43 | 1.18 2.10 1.18 | 2.21 | 1.22 1.82
VOICING+POST-FILTERING+TILT || 1.21 | 2.35 | 1.41 | 2.04 1.20 | 2.17 | 1.24 | 1.78

6.4 Summary

In this chapter, the proposed modules in the previous chapters are fused together to introduce
a combined scheme for improvement in the quality of synthesized speech. From the subjective and
objective evaluations, it is observed that the PF algorithm has the highest impact on quality of
synthesized speech. As two different perceptual aspects of synthesized speech i.e. spectral prominence
and excitation source components are modified, it gives significant enhancement in synthesized speech
quality. Improved voicing decision and PF mechanism in fusion give advantage from two different
prospectives. The spectral-tilt modification method provides added benefit, although it is less while in
fusion with the dynamic PF method. However, in combination with the improved voicing algorithm the

spectral tilt modification method shows significant contribution. Finally, when all the three different

perspectives are combined together, a commendable performance is achieved.
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7. Summary and Conclusions

In this chapter, we have summarized and concluded the work presented in this thesis towards

improving the quality of statistical parametric speech synthesis using sonority information.

7.1 Summary

The objective of this thesis is to improve the quality of synthesized speech obtained from SPSS
approach. The drawbacks of SPSS attempted to solve in this thesis include, poor representation of
speech signal in terms of acoustic parameters, over-smoothing of generated parameter sequence and
inaccurate voicing decision. In order to overcome these issues, the sonority information is incorporated
in the SPSS framework. The sonority information is further used in reducing the over-smoothing and

improving voicing decision. The contributions incorporated in this thesis are summarized below.

(i) Sonority information: In the second chapter of this thesis, a detailed review is made on the
issues associated with the SPSS framework that limit the synthesized speech quality. The first
issue discussed is the use of limited number of parameters as representation of the speech signal.
The next issues are over-smoothing of generated parameter contours and error in voicing deci-
sion during excitation source generation. The existing efforts towards alleviating these issues
along with their pros and cons are discussed in the second chapter. Apart from the conventional
source and spectral features, incorporation of additional information and its subsequent utiliza-
tion in improving other modules may contribute towards enhancement of synthesized speech
quality. As the sonority information has high correlation with the speech perception, therefore
a study is made to extract the feature representing sonority associated with a sound unit. The
sonorant sounds can be characterized by higher spectral prominence, excitation source strength
and longer duration. To capture the vocal-tract information the usefulness of HNGD spectrum
is exploited. Different measures related to the spectral peaks of HNGD spectrum are used to
represent the formant prominence. The HE of LP residual has the ability to represent the
excitation source. The peak to side-lobe ratio of each peak (corresponding to GCI) derived
from HE of LP residual represents the excitation source aspect of sonority. The periodicity
aspect is represented by the correlation measure of the speech signal over several pitch peri-
ods. These three aspects derived from the speech signal is defined as sonority feature. The

extracted sonority feature is shown to be useful in different speech processing applications. The
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usefulness of the sonority feature in sonorant/non-sonorant segmentation and six class sono-
rant classification tasks verify its efficacy in representing the degree of sonority. The proposed
feature also improves the performance of DNN based phoneme recognition and VOP detection.
As the degree of sonority is associated with the speech perception, the sonority feature is used
in different modules of SPSS to improve synthesized speech quality.

(i) Dynamic post-filtering: As mentioned earlier, another major shortcoming of SPSS is over-
smoothing of the generated parameter contours. In the literature, PF methods are found to
be useful to alleviate this. The existing methods use constant PF factor for all the categories
of sound units. However, based on the difference in production behavior, different categories
of sound units may require enhancement to different extent. The sounds with higher sonority
have higher spectral sharpness and SoE that effect the perception. Based on this fact, different
PF factors are derived for different categories of sonorant sounds. Along with conventional Fy
and MFCCs, the sonority feature is also modeled in a separate stream in the HT'S. The source
parameters considered for PF are Fy, SoE, and the spectral parameters are first five spectral
peaks and valleys. For each of these parameters, a comparison is carried out between natural
and synthesized counterpart, using a background dataset of parallel natural and synthesized
utterances. This comparison shows that the deviation between natural and synthesized pa-
rameters may vary with different sonorant categories. Therefore, means and variances of the
post-filters are obtained for the above mentioned parameters corresponding the sonorant cate-
gories. An SVM classifier is trained using the sonority feature to classify the speech sound to
different sonorant classes. This can be referred as the training phase.

During synthesis, based on the text to be synthesized, along with the conventional features
the sonority feature is also generated framewise. The sonorant class information of each frame
is obtained from the SVM classifier using the generated sonority feature. The corresponding
post-filter mean and variance is used to derive the modified source and spectral parameter
values. This dynamic modification of the source and spectral parameters helps to reduce the
over-smoothing to improve the quality of synthesized speech. Introducing dynamic PF factor
in the spectral domain helps to preserve the fine spectral structure, whereas the dynamic PF
over successive frames reduces the over-smoothing. This post-filter tries to reduce the deviation

between natural and synthesized speech in terms of Fj, SoE, spectral peaks and valleys.

TH-1917_136102017

143



7. Summary and Conclusions

(i)

Spectral tilt modification: The PF of spectral features such as peaks, valleys and source
features Fy, SoE have significant impact on the perceptual quality of synthesized speech. As
stated in the previous studies, the spectral tilt also has an effect on the perception. Suppres-
sion of higher harmonics results in more negative slope that makes sounds muffied in quality.
Enhancement of higher harmonics to some extent results in clear sounds. An analysis is carried
out to compare the spectral tilt corresponding to voiced frames between natural and synthe-
sized speech. The synthesized speech is found to have more negative spectral tilt compared to
that of the natural. This behavior seems to be consistent over different speakers. The same
is analyzed for different sonorant categories (low-vowels, mid-vowels, high-vowels, semivowels,
nasals). It is observed that the divergence is more in case of low-vowels, mid-vowels, high-vowels
compared to that of the nasals. Therefore, a spectral tilt modification method is proposed that
flattens the spectral tilt to required extent depending on the class of sound unit. For a parallel
set of natural and synthesized speech frames, the first order LP spectrum is determined. Cor-
responding to each class an error vector is obtained by subtracting the average of first order
LP spectrum of all the frames of the synthesized from that of the natural. This is the training
phase. During testing, given the frame of synthesized speech for a particular class the tilt of the
spectrum is corrected using the knowledge of corresponding error vector. This method of spec-
tral slope modification corrects the spectral tilt, without effecting the other parameters of the
spectrum. This method is found to provide improvement in terms of naturalness, intelligibility
and speaker similarity.

Improved voicing decision: The naturalness of synthesized speech greatly depends on the
excitation source, which is generated based on the voicing decision corresponding to each frame.
In conventional approach, voicing decision and Fy are modeled using MSD-HMM, which may
carry errors due to Fy estimation and modeling. As the sonortiy notion is highly correlated
with voicing, therefore the sonority feature is analyzed to find its efficacy in representing voicing
information. It is found that the feature has better capability to differentiate between voiced
and unvoiced classes compared to conventional features. An SVM classifier developed to decide
voiced /unvoiced frames for the generation of excitation source. In this case, the Fj information
is extracted from the ZFF algorithm with continuous values in both voiced and unvoiced frames.

Therefore, continuous Fy modeling is used instead of MSD-HMM. During synthesis, the voicing
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decision corresponding to each frame is obtained by applying the generated sonority feature
to the SVM based voiced/unvoiced classifier. The derived voicing decision and Fy are used to
generate the excitation source which is applied to the vocoder to render the synthesized speech.
This improved voicing decision is found to have compelling effect on the naturalness.

(v) Combined framework: After exploring the sonority feature and its prospective applica-
tions in different modules of SPSS, the work focuses on combining all these modules into a
common framework. In the training phase, the sonority feature is also extracted along with
log Fy and MGCs, from the training speech corpora. These are modeled simultaneously in
the HTS framework. At the same time, the dynamic post-filters for the source and spectral
parameters are trained with respect to different sonorant classes using the background parallel
data. The error vectors corresponding to spectral tilt modification method are also obtained
for different classes. During the same training phase, two SVM based classifiers for sonorant
and voiced /univoiced classifications are trained using the sonority feature.

During testing, the sonority, log Fy and MGCs are generated from the HMMs. The generated
sonority feature is applied to the SVM based sonorant classifier to derive the class information.
Accordingly, the dynamic PF is performed to derive modified source and spectral parameters.
Using the modified source parameters and voicing information derived from the sonority based
voiced /unvoiced classifier, excitation source is generated. The synthesized waveform is obtained
from the vocoder using the excitation source and spectrum. Further, the spectral tilt modifi-
cation method is applied to enhance the synthesized speech quality, by correcting the spectral

slope of the spectrum.

7.2 Conclusions

The conclusions referred from the work proposed in this thesis are as follows:

e Based on the production characteristics of the sonorant sounds, a feature level of representation
of degree of sonority is extracted from the speech signal. Less vocal-tract constriction, higher
excitation source strength and periodicity are the three mostly cited correlates of sonority. A
feature set derived from the vocal-tract system, excitation source and suprasegmental aspects
is proposed to quantify the sonority associated with a sound unit. The proposed feature has

certain level of capability to correctly delineate the sonority hierarchy. It also shows efficacy
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7.3

towards different applications like phoneme recognition and VOP detection.

A dynamic post-filter that applies different modification factors for frames corresponding to
various sonorant classes, apparently enhances the temporal variation of the parameter contours.
Use of separate PF factors for different spectral peaks and valleys helps to retain the fine spectral
structure. This method enhances the synthesized speech quality to a great extent. It is found
that the effect of dynamic PF on the synthesized speech is more compared to improvements
achieved in other modules of this work.

To minimize the difference in spectral tilt between natural and synthesized speech, a spectral
tilt modification method is proposed that leads to better quality of synthesized speech. As
the synthesized speech has more negative spectral slope compare to that of the natural, the
modification of spectral tilt leads to a flatter spectrum resulting in clearer sound quality.
Apart from these parameter modification or enhancement methods, voiced/unvoiced decision
is another component that effects the synthesized speech quality. In addition to the excitation
source based features, the VTS information present in the sonority feature leads to improved
voicing decision. This has a significant impact to naturalness of the synthesized speech.

A combined framework is exploited that effectively combines each of the above modules and
the performance is analyzed. It shows that the dynamic PF method achieves highest prefer-
ence among each of the individual modules. The combination of dynamic PF and improved
voicing decision achieves a countable gain in the quality of synthesized speech. Further a small

improvement in observed, if we apply the spectral tilt modification over the synthesized speech.

Contributions

The contributions made as a part of this thesis are as follows:

Proposing an efficient feature set from vocal-tract system, excitation source and suprasegmental
aspects of the speech signal having capability to represent degree of sonority.

As sonority is associated with production aspects of sound units, its subsequent applications in
improved phoneme recognition and VOP detection are presented.

A sonorant class based dynamic PF method is proposed to reduce the over-smoothing as well
as the deviation between natural and synthesized speech parameters.

To minimize the difference in spectral tilt of natural and synthesized speech, a spectral tilt
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modification method is proposed that leads to better quality of synthesized speech.

e Use of sonority feature in voicing decision during excitation source generation in the SPSS
framework results in improved naturalness of the synthesized speech.

e A combined framework is proposed that models the sonority feature and further employs it in
PF of spectral peaks and valleys, Fy, SoE; voicing decision and spectral tilt modification at the

same time.

7.4 Criticism

The efforts made in this thesis towards improving quality of synthesized speech achieve the goal
to some extent. The methods proposed in this work essentially focus on signal processing based
approaches instead of contribution to statistical modeling techniques. It firstly derives a set of fea-
tures representing degree of sonority that can be used in diverse speech processing algorithms. The
sonority feature is extracted from the knowledge formant prominence, excitation source strength and
periodicity. However, apart from these there are several other correlates of sonortiy broadly studied
in phonetics which are not included in the presented work. This results in limited improvement using
the sonority feature in addition to MFCC in case of the sonorant classification. Further, the sonor-
ity feature is modeled using HMMs and adopted in the dynamic PF method. In this module, the
sonority feature is only used in the classification task to derive information about the sonorant class
corresponding to each frame. Based on the class information corresponding PF factors are applied
to parameters of that frame. This is indirect utilization of sonority feature in PF. The direct mod-
ification of different aspects of sonority would have been more useful. In the dynamic PF method,
first five spectral peaks and valleys are modified that may also effect the slope of the spectrum. The
consequence of PF on the spectral slope is not studied in this work, that may be the reason of limited
improvement when dynamic PF and spectral slope modification methods are incorporated at the same
time. The next exploration is the improved voicing decision using the sonority information. The major
drawback in this case is we require the baseline voicing boundaries to train the SVM classifier, that
may not be available for the database used in development of TTS. Based on these drawbacks of the

work presented in this thesis, some prospective future work directions are also explicated.
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7.5 Directions for future work

e The distributions of sonority feature corresponding to different classes of sonorant sounds are
found to be overlapping to significant extent. This may be due to the effect of change in the
feature value with different speaker. As the resonance peaks may be changed with the varia-
tion in vocal-tract length, this effect can be normalized using vocal-tract length normalization
techniques. This may lead to speaker independent sonority feature with improved accuracy.

e The sonortiy feature is extracted from the speech signal based on the formant prominence, SoE
and periodicity. On the other hand, there are several other correlates of sonority studied in
the literature of phonology. Such correlates include duration, continuability, harmonic phases,
tonality, pitch and so on. These aspects of sonority can be also studied and a more potent
feature of sonority can be developed.

e In case of the dynamic PF method, first 5 spectral peaks are enhanced with different factors.
These factors are derived based on the comparison between natural and synthesized counterpart
during training. The modification of 5 peaks mostly effects the lower frequency region of the
spectrum. To modify the entire spectrum, it can divided into number of bands. The spectral
peaks corresponding to different bands can be modified with different factors.

e As the use of SVM classifier in the speech synthesis framework may not be a suitable approach,
we aim to add decision tree-based phoneme-level clustering method using sonority class questions
instead of the SVM in the future.

e The enhancement of spectral peaks may also effect the spectral tilt. The trade off between PF
factors for modification of spectral peaks and change in spectral tilt can be analyzed in detail. A
combined method by modifying both spectral tilt and peak prominence to correct the spectrum
can be proposed.

e As the idea of the class specific PF method provides better modification of the generated pa-
rameter sequences, the state-of-the art methods of PF can also be designed in the same way.
A comparison of class independent and class dependent PF in case of each method will help to
understand significance of class information in a better way.

e The voicing decision algorithms that require baseline voicing boundaries can be developed using
the empirical methods. The issue in this case is setting of the threshold based on the database

used. Development of automatic threshold setting method based on different signal character-
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istics could be helpful in this scenario.
e Although combining all the modules together is done well, the interactions among the various
components will need to be considered more carefully to determine if a they work against each

other Interactions among the various components.
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Suggestions & Discussions During the Oral Examination

We would like to express my deepest appreciation to the viva-voce committee and external examiner
for providing their constructive comments towards improving my contributions made in this thesis.

Following are some major comments and suggestions that I will include in my future research.

e In Chapter B we have extracted the sonority feature from vocal-tract system, excitation source
and suprasegmental features from the speech signal. The experiments carried out for the analysis
and evaluation are based on the TIMIT database. The reference labels corresponding to different
sound units are also obtained from TIMIT database segmentation. It is suggested that many
sound units in the TIMIT database are not properly uttered and the segmentation is also not
very accurate. Therefore, these boundaries are required to be examined before the analysis of
the sounds units.

e In Chapter [3 we have not used the power spectrum to calculate the bandwidth. For each of the
first three spectral peaks (P, Py, Ps), the difference between the frequencies in both side of the
peaks, where amplitude of the HNGD spectrum is 0.707 of maximum value of corresponding
peak is calculated. This difference is termed as bandwidth associated of the first three formant
peaks (Bj1, By, Bs) in the rest of the thesis.

e Another crucial point is to analyze the duration of these sound units. The duration of vowels
is much higher compared to the glides, liquids and consequently the number of pitch period for
a segment of sound unit also changes. This fact needs to be taken into account while averaging
the feature values corresponding to epochs within a frame.

e It is to be noted that all the experiments done in this work for synthesized speech are on held out
sentences from the database used. However, in TTS a better way to evaluate the improvement
in naturalness and intelligibility is to find mean opinion score for semantically unpredicted
sentences. The duration of the test sentences should me long enough to perceive the synthesis

quality.
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