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Abstract

The objective of this thesis is to address the issues in the analysis, estimation and incor-
poration of prosodic parameters for neutral to expressive speech conversion. The prosodic
parameters like instantaneous pitch, duration and strength of excitation are used as the
expression dependent parameters. For the expressive speech analysis, refinements in the
conventional methods are proposed to accurately estimate the prosodic parameters from
different expressions. The variations in the prosodic parameters for different expressions
are compared with respect to the neutral expression. The expressive speech is synthesized
by modifying the prosodic parameters of the neutral speech according to the variations
in the target expression. The variations in the prosodic parameters are incorporated by
epoch based prosody modification. Epochs represent the instants of glottal closure in
voiced speech and onset of burst or frication in unvoiced speech. The improved perceptual
quality in the prosody modified speech is obtained by accurately estimating epochs loca-
tion in epoch based prosody modification. A computationally efficient and perceptually
improved epoch based prosody modification is initially proposed for incorporating static
prosodic variations for different expressions. As the prosodic parameters of the expressions
vary dynamically with respect to the corresponding neutral speech, an epoch based dy-
namic prosody modification method is then proposed for incorporating dynamic variations
in the prosodic parameters. Finally, the significance of dynamic prosody modification is
demonstrated and evaluated for neutral to expressive speech conversion for text dependent
and speaker dependent, text dependent and speaker independent and text independent

and speaker independent scenarios.
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The major contributions of this thesis are as follows:

e Refined method for accurate estimation of prosodic parameters for expressive speech

analysis

e Dynamic prosody modification method for incorporating dynamic variations in the

prosodic parameters due to emotions.

e Demonstrated the effectiveness of the dynamic prosody modification for neutral to

expressive speech conversion

The other contributions of this thesis are as follows:

e Identified degradation in the epoch extraction performance from expressive speech

signals using conventional approaches .

e A computationally fast and perceptually improved epoch based static prosody modi-

fication.

e Significance of glottal activity detection for improving the naturalness of static and

dynamic duration modification

e A general framework for dynamic prosody modification is proposed for the conven-

tional methods

Keywords: Expressions, emotions, neutral to expressive speech conversion, prosody mod-

ification, epochs, dynamic prosody modification, glottal activity detection.
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1.1 Objective of the Thesis

1.1 Objective of the Thesis

In natural human-human communication, along with the message in speech, speaker conveys cru-
cial non-linguistic information also to the listener. This information can be the mental state of the
speaker, personality, emotional state of the speaker etc. and are conveyed through various expres-
sions. The speaker conveys these expressions in terms of body reactions, gestures, facial expressions
or through speech. The listener decodes these expressions, understands and accordingly adjusts his
style of speaking in an effortless manner and makes the communication more natural and effective.
The incorporation of these expressions related to the emotions, personality or style of the speaker into
the speech is increasingly popular trend among the speech synthesis community to have an effective
and natural human-computer interaction. Such a system which incorporates different expressions to
the synthesized speech is termed as expressive speech synthesis (ESS) system. In ESS, the speech
synthesized by the conventional text to speech synthesis system is converted by incorporating the
expressive information related to the target expression. The neutral speech synthesized by the neu-
tral text to speech synthesis (NSS) system followed by the neutral to expressive speech conversion
form important modules of an ESS system. The three stages involved in neutral to expressive speech
conversion are analysis, estimation and incorporation, of expression specific speech parameters into
the neutral speech. In the analysis stage, different expressions are analyzed for identifying significant
expression specific speech parameters from an expressive speech database. These expression specific
speech parameters are accurately estimated from the expressive speech in the estimation stage. Finally,
methods to incorporate these expressive parameters for the expressive speech conversion are devised in
the incorporation stage. The present work reported in this thesis demonstrates the significance of in-
corporating dynamic variations in prosodic parameters for neutral to expressive speech conversion. To
reduce the perceptual distortions in neutral to expressive speech conversion, the prosody modification
is performed by anchoring around accurate epochs location estimated from the neutral speech. The
work proposed in this thesis is therefore termed as epoch based dynamic prosody modification

for neutral to expressive speech conversion.

1.2 Significance of Expressive Speech Synthesis

The expressions in speech carry extra-linguistic information about the context, add expressiveness

and characterize the mental state of the speaker. The dictionary meaning of expression is conveying
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a thought or an emotion. Expression is defined as the vocal indicators of various emotional state
that reflect in the speech waveform [1]. Different emotions and speaking styles are also considered
as expressions [2]. Hence in this thesis the term expression and emotion are interchangeably used.
Expressive speech synthesis deals with incorporating these expressive information in speech. Listeners
effortlessly detect the expressive content from the speech transmitted by the speaker, understand the
behavioral characteristics of the speaker and adapt the speaking style according to the mental state
of the speaker. Hence, expressive speech synthesis finds application in dialogue systems. Also incor-
porating emotions in the speech makes the synthesized speech more natural. The other applications

of the expressive speech synthesis include,

Child Interfaces: For story telling applications for children.

Animation Cartoons: For dubbing the voice for different characters in an animation cartoon.

Call Centers: Expressive speech analysis can be employed for determining the emotional state

of the customers and give the reply by incorporating required expression to please the customer.

Public Address Systems: Announcements in different styles. For example, for announcing

the sad news in sad expression and happy news in happy expression.

1.3 Issues of Neutral to Expressive Speech Conversion

Text to speech synthesis is the process of converting the message in the textual form to the message
in the spoken form. The quality of the synthesized speech is assessed in terms of intelligibility and
naturalness. The intelligibility refers to how well the message in the text is conveyed in the synthesized
speech. The naturalness refers to the similarity of the synthesized speech with the human speech. Due
to various developments in the speech synthesis area, synthetic speech with sufficient intelligibility is
already achieved such that the listeners can easily recognize the message in the generated speech [3].
Even though highly intelligible and naturally sounding speech can be synthesized by the state of the
art unit selection or HMM based statistical parametric speech synthesis systems, the naturalness has
not grown to the level of intelligibility that is achieved in the synthetic speech [4,5]. Hence there
is a great interest in the speech synthesis community to develop expressive speech systems that can
incorporate various expressions related to human behavior. Such systems can be used effectively for

human computer interaction [6].
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1.4 Neutral to Expressive Speech Conversion by Epoch based Prosody Modification

The neutral to expressive speech conversion serves as the back end post processing unit of an ESS
system. The front end processing module synthesizes the neutral speech from the input text. The
synthesized neutral speech is then converted to expressive speech by the neutral to expressive speech
conversion module according to the target expression. The speech parameters that vary according
to expressions of the neutral speech are modified according to the target emotion. The neutral to

emotion conversion is done in the following two stages [7,8]:
e Analysis and estimation of expression dependent parameters
e Incorporation of expressive parameters for the neutral to emotion conversion

In the expressive speech analysis stage, the speech parameters of various expressions are analyzed
for identifying the expression dependent speech parameters. The expression dependent parameters are
estimated to analyze how these parameters are varying for different expressions with respect to neutral
expressive speech. Variations due to expressive information are then incorporated in the neutral speech

signal by an expressive parameter modification algorithm.

1.4 Neutral to Expressive Speech Conversion by Epoch based Prosody
Modification

1.4.1 Expressive speech analysis

The expressive parameters are analyzed for each expression in the database for the same speaker
and and same text. The parameters of the prosody of speech have been used as the important
parameters related to expressions. In the past, researchers have shown that how prosodic parameters
vary for different expressions in an average sense [9,10]. Hence the prosodic parameters like average
pitch, duration and intensity are analyzed across different expressions in the expressive speech analysis
stage. The scaling value for each prosodic parameter is then derived by scaling the average value
obtained for each prosodic parameter for each expression with the average prosodic parameter value
obtained for the neutral speech. For neutral to expressive speech conversion, the prosodic parameters of
the neutral speech are modified according to the corresponding factors derived for the target expression.
The prosody modification algorithm is used to modify the pitch, duration and intensity parameters of

the neutral speech.
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1.4.2 Epoch based prosody modification

Prosody modification is the process of modifying the pitch, duration and intensity of a given speech
without affecting the perceptual quality of the speech. There are both time domain and frequency
domain methods for prosody modification of speech. Among these popular time domain approaches
are time domain pitch synchronous overlap add (TD-PSOLA) and linear prediction pitch synchronous
overlap add (LP-PSOLA). In PSOLA approach, the speech is divided into different analysis frames
having length of 2 to 3 pitch periods. These analysis frames are centered around the pitch marks of the
given speech. The synthesis pitch marks are generated according to the prosody modification factors.
The analysis frames of the original speech are then copied to the nearest synthesis pitch marks in an
overlap add manner with the preceding and succeeding analysis frames. The quality of the prosody
modified speech depends on the accuracy with which the analysis pitch marks are estimated. Since the
analysis pitch marks used in epoch based prosody modification are accurate, the epoch based prosody
modification method can be used for improving the perceptual quality in prosody modification [11].

Epochs represent instants of glottal closure in case of voiced speech and onset of burst or frication
in case of unvoiced speech [12]. Epochs provide accurate locations of pitch marks in voiced speech [13].
In epoch based prosody modification, the prosody modification of speech is performed using epochs as
the analysis pitch marks. In the existing epoch based prosody modification, the epochs are estimated
by the group delay analysis of the linear prediction (LP) residual [11]. Unlike in PSOLA method
for prosody modification, epoch based prosody modification uses no voiced-unvoiced speech detection
for prosody modification. Due to the improved perceptual quality in prosody modification, the work
presented in this thesis uses the epoch based prosody modification for neutral to expressive speech

conversion.

1.5 Scope of the Present Work

For addressing the issues presented for neutral to emotion conversion for expressive speech synthesis

applications, the scope of the work presented in this thesis are the following:

(i) In general most of the expressive speech analysis methods use conventional methods such as
autocorrelation, robust pitch estimation and etc. for estimating prosodic parameters for neutral
to expressive speech conversion [8,14,15]. As the quality of the synthesized expression depends

on the scaling factors derived in the expressive speech analysis stage, the prosodic parameters
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1.5 Scope of the Present Work

have to be estimated more accurately in the expressive speech analysis stage for neutral to
expressive speech conversion. Also, performance analysis of existing techniques for estimating

prosodic parameters are not compared among different expressions.

(ii) As the epochs location in speech provide accurate pitch markers, the epoch based analysis is to
be employed for deriving prosodic parameters. The accuracy of epoch estimation performance

needs to be compared among neutral and different emotion speech signals.

(iii) In Most of the works, the static modification of the prosodic parameters of the neutral speech
is performed according to fixed scaling factors for the neutral to expressive speech conversion.
The dynamic variations in prosodic parameters due to different expressions are not considered

in the existing methods for expressive speech conversion

(iv) For improved perceptual quality in the prosody modification, the epoch based prosody modifica-
tion is employed for neutral to expressive speech conversion. Epoch based prosody modification
introduces minimum distortion in the prosody modified speech at the cost of increased com-
putational complexity. Hence a computationally fast prosody modification method is essential
for real time neutral to expressive speech conversion. Also, the existing epoch based prosody
modification is proposed for the static prosody modification of the prosodic parameters. Hence
the method is not suitable for incorporating dynamic variations in the prosodic parameters due

to expressions.

Motivated from these observations, the primary objective of the work presented in this thesis
is to demonstrate the significance of incorporating dynamic prosodic variations for effective neutral
to expressive speech conversion. The effectiveness of the neutral to expressive speech conversion is

demonstrated through the following works:
e Refinement in the estimation of prosodic parameters for accurate expressive speech analysis
e Development of dynamic prosody modification tool for dynamic variations in prosodic parameters

e Demonstrating the effectiveness of dynamic prosody modification for neutral to expressive speech

conversion
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1.6 Organization of the Thesis

The rest of the thesis is organized as follows:

Chapter 2 provides a detailed review on the neutral to expressive speech conversion. After review-
ing the ESS systems in Section 2.3 the chapter focuses on the issues in neutral to expressive speech
conversion in Section 2.4l The rest of the chapter describes the various studies carried out in the liter-
ature for the analysis, estimation and incorporation of expressive parameters for neutral to expressive
speech conversion. Summary of the review and scope for present work are given in Section 2.8 The
organization of the present work is given in Section 2.9

Chapter 3 describes expressive speech analysis based on the proposed method of accurate esti-
mation of prosodic parameters from various expressions. The emotion speech analysis performed in
different emotion speech databases are also presented in Chapter 3

Chapter 4 proposes epoch based dynamic prosody modification method for neutral to emotion
conversion. Perceptually improved and computationally fast epoch based prosody modification is
proposed in Section 4.3l Section [4.4] describes the proposed epoch based dynamic prosody modification
for incorporating dynamic variations due to different expressions. The subjective studies conducted
for evaluating the proposed static and dynamic prosody modification are given in Section

Chapter 5 demonstrates the effectiveness of dynamic prosody modification in neutral to expres-
sive speech conversion. The effectiveness of dynamic prosody modification in neutral to expressive
speech conversion is demonstrated for text dependent and speaker dependent, text dependent and
speaker independent and text independent and speaker independent scenarios. Section describes
the experimental results to demonstrate the effectiveness of dynamic prosody modification over static
prosody modification for neutral to emotion conversion by comparative subjective evaluations.

Finally Chapter 6 summarizes the present work, lists the major contributions of the thesis and

provides the scope for future work.
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2.1 Objective

2.1 Objective

The objective of this chapter is to provide a detailed review of expressive speech synthesis (ESS)
by neutral to expressive speech conversion. Among various approaches for ESS, the present work
focusses on the development of ESS systems by explicit control. In this approach, the ESS is achieved
by modifying the parameters of the neutral speech which is synthesized from the text. This chapter
also reviews the works addressing various issues related to the development of ESS systems by explicit
control. The review provided in this chapter includes, review of various approaches for text to speech
synthesis, various studies on the analysis and estimation of expressive parameters and various studies

on methods to incorporate expressive parameters.
2.2 Introduction

Speech synthesis is the process of converting message written in text to equivalent message in
spoken form. Expressive speech synthesis deals with synthesizing speech and adding various expres-
sions related to different emotions and speaking styles to the synthesized speech [2] [7] [16] [17]. The
dictionary meaning of expression is conveying a thought or an emotion. The expression is defined as
the vocal indicator of various emotional states that reflect in the speech waveform [1]. The different
emotions and speaking styles are also considered as expressions [2]. Based on this, in the present
work, we have considered different emotions as the expressions and hence emotions and expressions
are interchangeably used.

The objective of speech synthesis is to synthesize speech waveform from the text. The Schematic
block diagram of a speech synthesis system is shown in Figure 21l The input text is first converted into
abstract linguistic representation by the front end text processing stage. This linguistic representation
is obtained by performing prosodic annotations on the syntactic, semantic and lexically analyzed text
[18]. This linguistic representation drives the synthesis routines to get the speech waveform of the
input text [4,19,20]. In the present work, such a system is termed as Neutral Speech Synthesis (NSS)
system.

In expressive speech synthesis, along with text, the desired expression also forms an additional
input to the text processing stage as shown in Figure 2.2l In expressive speech synthesis, along with
the linguistic features of the input text, the expressive information is also incorporated, either before or

after the synthesis of neutral speech. In the former case, the expressive information is coded along with
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Figure 2.2: Schematic diagram of Expressive Speech Synthesis

the linguistic information and speech is synthesized from the text using the linguistic and expressive
information. In the later case, the speech is synthesized initially without any expression, that is,
neutral speech and then later the desired expression is added using a suitable voice transformation
technique [7] [17].

Speech synthesized in different expressions can be used in story telling applications for children
where for effectiveness and drawing attention, different expressions have to be generated in different
contexts of the story [21]. ESS can be used as a part of dialogue system which makes the human
computer interaction more natural and effective [22]. Expressive speech analysis can be utilized by
the call center managers to identify the emotional state of the operators during conversing with the

customers and valuate them based on their emotional maturity. ESS finds application in the financial
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information system to make announcements in different speaking styles to the users [2].

The rest of the chapter is organized as follows: The review of existing approaches for the devel-
opment of ESS systems are presented in Section 2.3l Among various approaches for the development
of ESS systems, the present focus of the development of ESS by explicit control and the issues in
that are described in Section 2.4l In ESS by explicit control approach, the perceptual quality of the
synthesized expressive speech deeply depended on the quality of the synthesized neutral speech, Sec-
tion reviews different NSS approaches. The various works on analysis and estimation of expressive
parameters are explained in Section Section 2.7 reviews the methods to incorporate the expressive

parameters. Finally, the scope for the present work is given in Section
2.3 Review of Existing Expressive Speech Synthesis Systems

This section reviews various existing approaches employed for expressive speech synthesis. Accord-
ing to Schroder, expressive speech synthesis approaches can be broadly classified into the following

three categories [23].
o Expressive speech synthesis by explicit control
e Expressive speech synthesis by playback approach

e Expressive speech synthesis by implicit control
2.3.1 Expressive speech synthesis by explicit control

Here, the expressive speech is synthesized by modifying the neutrally synthesized speech based
on the prosodic rules derived from the expressive speech database of the respective expressions. The
expressive speech synthesis systems developed on formant synthesis [10,24,25] and diphone concate-
nation are examples of explicit control [15,26]. Various methods developed for neutral to expressive
conversion tasks [7,8,21] also falls under the category of explicit control.

Due to flexibility in controlling various source and system parameters, early developments of ex-
pressive speech synthesis systems were built on top of the formant speech synthesis systems [27]. The
affect editor developed by Cahn was the first attempt to synthesize emotional speech using a formant
synthesizer [10,27]. The control parameters of formant synthesizer are manually tuned for each of
the emotions to synthesize the expressive speech. Modification of each of the control parameters for

each emotion is performed according to various acoustic profiles discussed in the literature [9] [28].
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HAMLET, emotion speech synthesis system developed by Murray and Arnott, is a rule based system
developed on commercial formant speech synthesis system called DECtalk [29]. In HAMLET the
pitch and duration rules and voice quality rules are set in the formant synthesizer and quality of the
synthesized emotions are improved heuristically by manual tuning. The development of these rules
for emotions is as given in [24]. The objective of the perceptual experiments conducted by Burkhardt
was to, find out the perceptually relevant acoustic features for each emotion by systematically varying
these acoustic parameters during the synthesis of the neutral utterances and find the optimum values
of each of the acoustic features for the emotional speech synthesis [25]. According to these perceptual
experiments, suprasegmental features like mean pitch and pitch range, speech rate, and voice quality
parameters like phonation and vowel precisions, are found to be significant for effectively synthesizing
emotions using formant synthesizers. The studies conducted by Vroomen et.al on seven emotions
(neutral, joy, boredom, anger, sadness, fear, indignation) showed that only intonation and duration
are enough to express emotions in the synthesized speech using a diphone synthesizer [15]. Here
emotional speech is synthesized by manipulating pitch and duration using Pitch Synchronous Overlap
Add (PSOLA) of the neutrally synthesized speech. The significance of pitch and duration parameters
in emotional speech synthesis is also shown in the studies by [26] in Spanish using diphone concate-
nation. This study also showed that the relative contribution of prosody and voice quality depends
on the emotions to be synthesized [23].

Apart from expressive speech synthesis systems developed based on various speech synthesis ap-
proaches, there are some works described in the literature for neutral to target expressive speech
conversion task using the explicit control approach. Tao et al. achieved expressive speech conversion
by prosody (pitch and duration) modification of the neutral expressive speech [7]. This paper com-
pares linear, Gaussian mixture model (GMM) and classification and regression tree (CART) methods
for converting neutral speech to target expressive speech for Mandarin language. Apart from discrete
emotions like angry, happy, sad and fear, the strong, medium and weak versions of each is also consid-
ered for synthesis. Direct scaling of sentence Fy and syllable duration is done in linear modification
model and other acoustic features of Fy contour considered for modification are Fooprine:FovasetinesF0avg
and intensity. Where, Foopiine and Fopgseline are the Foarar and Foarin, respectively [7]. In GMM
based prosody modification, pitch target models are constructed from the tonal representation of the

intonation pattern of each syllable for each expression. The pitch target model parameters generated
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by GMM of the neutral syllable is mapped to that of the target expression to obtain intonation con-
tour. In the case of CART, along with prosody information of target expression, linguistic information
obtained from the text is also used to build trees. Listening test indicates that the speech synthesized
using GMM (for small data set) and CART (large data set) sounds more expressive compared to linear
prosody modification. Cabral et al. developed Emo Voice system to incorporate different emotions
into the neutral expressive speech in German language [8]. In Emo Voice system the neutral speech is
converted to expressive speech by modifying both prosody parameters (pitch, duration and intensity)
and excitation source parameters (jitter, shimmer, and glottal wave parameters) by Pitch Synchronous
Time Scaling (PSTS) method [30] [3]. The rules for the prosody and voice quality modification are
derived based on the acoustic profiles presented in [31-33]. Theune et al. devised prosodic rules
to generate expressions in the story telling style [21]. Story telling expressions are synthesized by

modifying the pitch and intensity of various part of the story like suspense, climax etc..
2.3.2 Expressive speech synthesis by playback approach

In playback approach, the expressive speech is synthesized independently of expressive parameters
using the respective expressive speech database. Here expressive speech synthesis is achieved either
by merely playing back what is available in the database of the target expression or using the models
which are trained using the target expression database. The unit selection based and HMM based
expressive speech systems trained on the respective expressive database works on play back approach
[2,34-37].

For improved naturalness in the synthesized speech, the emotional speech synthesis systems devel-
oped based on unit selection concatenation were developed. A highly natural synthesized emotional
speech is demonstrated by Lida et al. by storing large databases for each emotion [35]. For syn-
thesizing the target emotion, the respective emotion database is loaded and selects units from the
database to synthesize the speech in the target emotion. A good quality conversational speech is syn-
thesized by Campbell using phrase unit selection based speech synthesizer from a very large database
[38]. Hofer et al. used a blended database by mixing emotion databases of angry, happy and neutral
speech for synthesizing speech in the target emotions [36]. For achieving this, target cost function is
designed to give more penalty to select the units other than the intended emotion. The work done
by Fernandez and Ramabhadran, also followed a similar approach by mixing the units of other emo-

tions to synthesize the target emotional speech [37]. Pitrelli et al. proposed an unified approach

TH-1157_07610213

15



2. Expressive Speech Synthesis - A Review

for expressive speech synthesis system by combining corpus driven and prosodic phonology approach
[2]. The subjective studies described in the paper indicate that the use of corpus driven approach
is effective for conveying good and bad news. Effective contrastive emphasis and Yes-No questions
are achieved using prosody phonology approach. Similar to unit selection approach expressive speech
synthesis systems are developed using statistical parametric (HMM) approach also. Yamagishi et al.
trained HMM models for different speaking styles like reading, sad, joyful and rough and synthesized
speech in the target styles using the respective trained HMM models [34]. Some of the synthesized
expressive speech samples for happy and angry emotions are available for listening at the following

link: http://www.iitg.ernet.in/stud /dgovind /emotionsynthesis.htm
2.3.3 Expressive speech synthesis by implicit approach

The implicit control based expressive speech system controls the expressivity by interpolation
between two statistical models trained on different expressive databases. The expressive speech syn-
thesized by the interpolation and adaptation of HMM models are examples of implicit control. HMM
based speech synthesizers offer various adaptation techniques to adapt the average style model to a spe-
cific style. Miyanaga et al. proposed an HMM based style synthesis system using a style control vector
estimated for each style [39]. During the synthesis the style control vector associated with the target
style transforms the mean vectors of the neutral HMM models. The adaptation techniques provide
flexibility to build the statistical models with a few minutes of data if an average model is available. As
the speech synthesized using speaker adaptation are found to be more robust than speaker dependent
case, these adaptation techniques can be used for synthesizing various styles also [40]. Apart from
the adaptation techniques, HMM speech synthesis systems provide flexibility to synthesize various
speaking styles or emotions by HMM interpolation or multiple regression of emotion vectors [41-43].
In spite of all these advantages for HMM based speech synthesis systems the notable disadvantage is
the inherent over-smoothing of the spectral and excitation parameters by the HMM models [41]. This
over-smoothing causes the reduced naturalness in the synthesized emotions. However, the perceptual
studies presented by Barra-Chicote et al. shows that the emotional speech synthesized using HMM
based speech synthesis system and unit selection based speech synthesis system provides almost similar
emotion identification rates [41].

The present work focuses on the development of neutral to expressive speech conversion systems

for ESS by explicit control of prosodic features. Here the issue will be framing of prosodic rules by
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the analysis of each expression in the database and incorporating them into the neutral speech.

2.4 Issues in Expressive Speech Synthesis by Explicit Control

The ESS by explicit control is achieved by transforming the neutral speech by a signal processing
approach according to the prosodic rules framed for the target expression. The various issues in the

ESS by explicit control approach are the following:
e Synthesizing a good quality neutral speech
e Analysis and estimation of expressive parameters
e Incorporation of expressive parameters

The various issues and approaches for the development of neutral speech synthesizers are presented
in Section Based on this review, the speech synthesized either from a unit selection concatenative
system or HMM based statistical parametric speech synthesis system is of good intelligibility and
reasonably natural. Therefore any of the two systems can be used as the neutral speech synthesizer
for the present work.

The analysis and estimation of expression specific parameters of various emotions are performed on
an expressive database. Section reviews various existing expressive databases used for expressive
speech analysis. Expression specific parameters for each expression are analyzed with respect to
the neutral expression. In this stage, the issues will be the accurate estimation of parameters across
various expressions. Therefore the choice of signal processing tools that accurately estimate expressive
parameters are important for analyzing the expressive parameters. Section also reviews studies
made on various expressive parameters in expressive speech analysis. Finally, the outcome of this
study will be a set of rules on expressive parameters which can modify the parameters of neutral
speech to synthesize the expressive speech.

The final stage in the ESS by explicit control is the incorporation of the rules for each expression
on the parameters of neutral speech to obtain the speech in the target expression. This is typically
achieved by a signal processing method. The issue in incorporating these expressive rules is to intro-
duce minimum perceptual distortion without affecting the naturalness in the synthesized expressions.

Section 2.7 reviews various methods for incorporating expressive parameters.
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2.5 Review of Text to Speech Synthesis

The front end text to speech synthesis system serves as the NSS. The parameters of the neutral
speech synthesized by the TTS system are modified according to target expression to generate the
speech in the target expression. Every T'TS has a front end text processing block, which converts the
text to be synthesized to an abstract linguistic specifications. These abstract linguistic specifications
could be a sequence of phonemes or any sub-word unit and also it could be annotated with the
prosodic information [4,18,20]. The text processing stage generally includes the text normalization,
phrasification and lexical analysis modules. The role of the text processing module is to provide
a unique contextual description about the sound units across the entire utterance. This abstract
linguistic representation drives the waveform generation module to synthesize the speech in accordance
with the text given. For the waveform generation from the abstract linguistic representation, there

are four approaches namely,

e Articulatory speech synthesis
e Formant speech synthesis
e Concatenative speech synthesis

e Statistical parametric speech synthesis
2.5.1 Articulatory speech synthesis

The objective of articulatory speech synthesis is to model various articulatory processes involved
during speech production and use that knowledge to synthesize good quality speech sounds. Various

stages in the development of articulatory speech synthesizers are the following:
e Articulatory data acquisition
e Geometric modeling of vocal tract
e Acoustic modeling for the synthesis

In articulatory data acquisition, the positions of various articulators are studied during the production
of various sound units. In articulatory data acquisition, snapshots of the speech production organs

are taken during the production of various sound units. The articulatory data is acquired using
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various sensors like fiberscope [44], x-ray [45-47] and Magnetic Resonance Imaging (MRI) [48].
The popular commercially available devices for measuring articulation are developed using electro
magnetic articulography (EMA) and electro palatography (EPG). After acquiring the articulatory
data, geometric models are built for the vocal tract which is in turn used for the acoustic synthesis
of the sound units. There are a number of 2D and 3D models proposed in the literature for the
accurate geometric modeling of vocal tract system using the available articulatory data [49-51].
After generating a complete geometrical model from the articulatory data for various sound units,
these parameters in terms of the area functions have to be mapped into acoustic parameters for the
speech synthesis which is the final stage of the articulatory speech synthesis. The source filter theory of
speech production proposed by Fant is the basis for the speech synthesis from the acoustic parameters
[52]. The vocal tract (VT) tube acoustics is obtained by solving Websters horn equations for the
sound pressure. The area functions of the geometrical models are mapped to simple 2D circular
cross-sectional areas for applying Websters Horn equations. Once the acoustic parameters of VT
tube is obtained, the electrical analogue circuit can be designed for the synthesis [53]. The acoustic
parameters can also be simulated by estimating the digital filter coefficients [54,55]. The source
information (pitch and intensity) required for the acoustic synthesis can be directly computed for each
sound unit from the recorded data. Palo provides a detailed review of articulatory speech synthesis
in his MSc Thesis [49].

Even though articulatory synthesis is based on physical theory, construction of geometrical models
and their mapping makes it computationally complex. Also improper co-articulation modeling causes
degradations in the synthesized speech. Computational complexity and reduced naturalness makes
the articulatory speech synthesis approach less popular compared to other existing approaches for

speech synthesis.
2.5.2 Formant Speech Synthesis

Formant speech synthesizers are example of the speech synthesizers using a speech production
model. The formant speech synthesizer is developed based on source filter theory of speech production
[52]. From a historic perspective Dudley’s channel vocoder developed in 1939 is a primitive form of
formant synthesizer [56]. In [56], the distribution of the formant energies and voicing are adjusted by
an expert human to synthesize speech like waveform. Formant speech synthesis involves the simulation

of formant frequencies, formant amplitudes and glottal source characteristics for each sound unit. The
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vocal tract is simulated using a set of resonators connected in cascade or parallel. The popular
technique for the formant synthesis is developed by Klatt in 1980 [19]. The parameters corresponds
to formants and voicing source are tuned manually for synthesizing a good quality speech. After the
development of Klatt formant synthesizer, Fant and Liljencrants came up with an improved parametric
glottal model to provide a better shape for the glottal waves used in the Klatt synthesizer [57]. As
the formant synthesizers provide flexibility to vary the voice qualities of the synthesized speech by
varying the control parameters of the source and the system, formant synthesizers are used in emotive
speech synthesis applications [10]. Recent development in the formant speech synthesis is the data
driven formant synthesis [58]. Here formant parameters stored in the units library are selected and
set as the control parameters for the formant synthesizer.

Even though formant synthesizers provide flexibility for varying voice qualities in the synthesized
speech, increases complexity due to large number of control parameters. This necessity of setting the
control parameters for speech synthesizer increases the time required to build speech synthesizer with
good intelligibility and improved naturalness. Even though formant synthesized speech is observed

intelligible, but sounds unnatural which is its main drawback.
2.5.3 Concatenative Speech Synthesis

The basic idea in concatenative speech synthesis is synthesis by joining the segments of the natural
speech waveform that are stored in the database [4,59]. These segments can be words, subword units
like phonemes, diphones and syllables. The widely used concatenative speech synthesis works on
the principle of unit selection. The popular unit selection speech synthesis systems are clunits and
multisyn [4,59-61]. These systems differ to each other in terms of the type of unit, database and unit
selection criteria used for synthesizing the speech. The unisyn concatenative speech synthesis system
uses diphones as the basic units for concatenation. A diphone is defined from the stable middle
region of one phone to the stable middle region of another phone. Unisyn attempts for building a
diphone synthesizer by storing fixed size diphone units obtained from natural recordings stored in the
repository [60,62]. However, due to the availability of only single example of diphone units representing
all the phonetic contexts, causes unnaturalness in the synthesized speech. To overcome this problem,
clunits speech synthesis system is proposed in [59,61]. In clunits, the basic units of concatenation are
mono phones. Here a large phonetically labeled database of 4-5 hours of continuous speech is used as

unit inventory. The similarly sounding phonemes of different phonetic contexts in the entire database
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are clustered for the same phoneme class. During the synthesis, according to the phonetic context, the
appropriate cluster of the same phone class are picked from clustered database and optimum units are
selected for the reduced temporal and spectral discontinuities (join cost) at the concatenation points
by the efficient Viterbi search algorithm. In multisyn based speech synthesis systems, use diphones as
the basic unit of concatenation. Here the diphones required for the concatenation are selected from a
large diphone labeled database of 4-5 hours of continuous speech recordings. The two cost functions
are used for the optimum unit selection by the viterbi search are join cost and the target cost functions.
The join cost computes the penalty cost in terms of the spectral and temporal distortion while joining
two units and target cost gives the penalty cost of the unit with respect to the target diphone context.
Figure 2.3 shows the example of unit selection for the text "two”. For each target unit, the example
candidate units are listed from the database. The variable size of the candidate units shown in
Figure 2.3 indicate that the size of the listed candidate units from the database need not be fixed size
units. Also variable number of candidate units per target unit indicate that, the number of example
units available in the database are different for each target unit having specific linguistic context.
The path in bold dotted line indicates the optimum path obtained by the Viterbi search algorithm
which has total minimum sum of target and join costs. As unit selection speech synthesis approach
requires a large repository of labeled database, it demands higher memory requirements. The unit
selection systems also suffer from the spectral and temporal mismatches at the concatenation points to
some extent. Signal processing techniques, like Time Domain Pitch Synchronous Overlap Add (TD-
PSOLA), are used to smooth the discontinuities at the concatenation points [63,64]. Even though
there are advances in the articulatory and formant synthesis approaches, unit selection based speech

synthesis approach remain as the mostly used speech synthesis approach.
2.5.4 Statistical Parametric Speech Synthesis

Statistical parametric speech synthesizers follow a model based approach for speech synthesis.
In contrast to concatenative systems, instead of storing the units here the models corresponding to
each unit will be stored in the repository. In the model based approach, the speech is parameterized
and uses statistical methods to build models for those speech parameters, hence the name statistical

parametric speech synthesis [20]. In statistical parametric speech synthesis, the statistical parametric
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Figure 2.3: Unit selection in concatenative speech synthesis system: The bold-dotted lines indicate the
optimum path of the diphone units to be concatenated for the text ”two”
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Figure 2.4: Statistical parametric speech synthesis: The block diagram showing training and synthesis phases
in building a statistical parametric speech synthesizer [20]

models are built using HMM models'. Hence statistical parametric speech synthesis is also known as
HMM-based speech synthesis. The schematic block diagram of statistical parametric speech synthesis
is given in Figure2:4l The HMM based speech synthesis is proposed in [65]. The increased popularity
of the HMM in speech recognition and availability of efficient learning algorithms (Forward-Backward
algorithm, Baum-Welsch re-estimation), computationally efficient search algorithms (Viterbi search)
and parameter tying methods by decision tree clustering, are the motivation behind the development
of HMM based speech synthesis systems [20, 66].

In HMM based speech synthesis, the speech in the database is parameterized into system and

excitation source components. The context dependent HMM models are built by training the HMMs

'In contrast with the HMM based speech recognition, HMM based speech synthesis uses Hidden Semi Markov Models
(HSMM) for representing the speech parameters for each sound unit [20]. The terminology of HMM models used in this
chapter refers to HSMM models that is used for the speech synthesis.
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simultaneously with source and system components for all the training data set. The HMM parameters
during training are estimated using maximum likelihood criterion.

The speech parameters used for HMM training include, value of Fjy and 5 parameters for spectral
envelope of the aperiodic excitation as the excitation parameters and 40 to 60 parameters are used for
the spectral envelope (mel cepstral coefficients) [67,68]. For the natural synthesis of speech dynamic
features (delta and delta-delta coefficients) of both Fjy and spectrum are also used for modeling. These
parameters are extracted typically at 5 ms frame rate. Like in speech recognition HMM models are
trained with labeled speech data. Unlike the speech recognition case, here full context labels are used
for the training. Use of these full contexts for the HMM modeling increases the complexity as compared
to speech recognition case where simple context models like triphone HMM models are used. For the
model complexity control, model parameter tying techniques are adopted where model parameters
shared among models having similar contexts. Decision tree based clustering techniques are commonly
used for parameter tying for HMM based speech synthesis. These parameter tying is responsible for
retrieving models corresponding to the unseen contexts (for which there were no examples in the
training data) during the synthesis. To synthesize a sentence, the text processing block generates
the context dependent phoneme sequence. The corresponding stored HMM models are then retrieved
(decision tree based clustering is used to find the model parameters for the phonemes with the unseen
context factors) and concatenated to form the sentence HMM. From the sentence HMMSs the speech
parameters are generated. The number of frames of speech parameters to be generated is determined
by the explicit duration model. The speech parameter trajectories are generated based on maximum
likelihood parameter generation algorithm (MLPG) using the model parameters for dynamic features
[69]. The generated spectral and Fy parameters are used for vocoding to synthesize the speech. The
STRAIGHT (Speech Transformation and Representation using Adaptive Interpolation of weiGHTed
spectrum) vocoder is generally used for synthesizing the speech in HMM based speech synthesis
systems [70]. Some HMM based systems also use MLSA (MeL Spectral Approximation) algorithm
for synthesizing the speech [71].

Statistical parametric speech synthesis offers more flexibility to adjust the speech characteristics
as compared to unit selection synthesis systems. Due to these parameter flexibility, speaker adaptive
speech synthesis systems are developed using various adaptation techniques (speaking style adaption,

speaker adaption) using limited training data. Since statistical parametric speech synthesizers use
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vocoders for synthesizing the speech, synthesized speech sounds a little unnatural as compared to the
speech synthesized using concatenative speech synthesizers. However, different techniques are being
developed for improving the quality of the synthesized speech in statistical parametric synthesizer by
incorporating glottal source parameters [72], articulatory parameters [73], etc. .

Despite the development in articulatory and formant speech synthesis in the recent years, currently
the unit selection based concatenative and HMM based speech synthesis systems are the mostly used
approaches in the area of speech synthesis. Hence to develop a good quality neutral speech synthesizer
in the context of expressive speech synthesis, we can use either unit selection based speech synthesis

system or HMM based speech synthesis system.

2.6 Analysis and Estimation of Expressive Parameters

2.6.1 Expressive Speech database

As analysis and estimation of expressive parameters are performed on an expressive speech database
to frame the explicit rules for the ESS, the development of expressive speech database is a crucial step
for the present work. Hence the present section starts with the review of expressive speech databases
used for the ESS. Very few works related to ESS used commonly available database for ESS. Most
of the works are based on the data collected locally and are publically unavailable. These expressive
databases differ by the language, type of expressions considered, type of text materials used, number
of speakers and so on [23].

In the literature two types of expressive data are collected. One is the expressive data simulated
by actors [2,28,32,74,75] and the second is the spontaneous expressive data collected from a real
life scenario [9,76-78]. Most of the ESS systems described in Section used expressions simulated
by actors. Angry, happy, sad, fear and disgust are the commonly used emotions for the analysis in
the case of simulated emotions. Williams et al. compared the spontaneous fear and sorrow emotions
obtained from the radio announcer recording of the Hindenburg airship disaster, with the same sen-
tences simulated by professional artists [9]. This work concluded that, emotion specific parameters
estimated from simulated emotion speech data is comparable with that of the real life emotion speech
data. Johnston collected multimodal spontaneous data from the subjects by making them partici-
pate in a competitive computer game [76]. The various instants of the game are manipulated in

order to obtain various emotional responses from the subjects. Speech, electroglottogram (EGG) and
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electromyogram (EMG) are collected for tense, neutral, irritated, happy, depressed, bored and anx-
ious expressions. Despite the practical difficulties in inducing the emotions in speaker, the combined
analysis of acoustic features (from speech) and physiological features (EGG and EMG) gave a clearer
indications of emotional states of the speakers. JST/CREST database collected by Campbell consists
of natural telephonic conversation of various social interactions [77]. The databases of spontaneous
expressions are used for synthesizing expressive speech by unit selection approach.

If the goal of ESS system is to deploy in cartoon animations, call center applications or any other
commercial applications the simulated expressions can be used for analysis. Since actors are well
trained to produce emotions effectively, the use of these simulated emotions by them are recommended.
The expressive data collected from non-professionals can also be used. If the application of ESS system
is to deploy a dialogue system where the machine should interact more naturally with the user, the
analysis of spontaneous expressions is better. Theune et al. described an interesting application of
ESS aimed at children story telling [21]. The database collected for this application is recordings of
story narrated by professional artists. Johnson et al. discussed the ESS for military applications to
simulate the shouted commands, shouted conversation, normal spoken commands and normal spoken
conversation for animated characters [79]. The data set used for training is the recordings of simulated

shouting and normal commands.
2.6.1.1 Berlin Emotional Speech Database

Burkhardt et al. described the development of acted emotion speech corpus in German language
[74]. The database is created with 10 professional actors (5 Males and 5 Females) of 10 emotionally
unbiased sentences in six target emotions (Angry, Happy, Fear, Boredom, Sad and Disgust). Each file
is recorded at 48 kHz sampling rate is downsampled to 16 kHz sampling rate with 16 bits per sample
resolution. The listening test conducted on the recorded emotions gave more than 80% emotion
recognition rate by the listeners. Each recorded speech file is annotated at the word and syllable

levels.
2.6.1.2 LDC Emotional Prosody Speech Transcripts Database

The data collected in this database are grouped into distance/dominance category and emotional
state category [80]. In the distance category the speakers have to give data by imagining whether

speaker is speaking in a close room environment with a single listener or speaking with one or more
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people or speaking to someone who is standing far way of a room. In the emotional category, speakers
have to give data in 14 different emotions with each of the emotions are well defined with a context.
The data is collected from 8 professional actors (three males and five females). The actors were asked
to speak semantically neutral English phrases with dates and numbers in a given category (emotional
or distance category). 14 emotional states are hot anger, cold anger, panic, anxiety, despair, sadness,
elation, happiness, interest, boredom, shame, pride, disgust and contempt. Each speaker is given a
script card in which the emotion category and phrases to be spoken are written and they are allowed
to utter the phrase until the speaker is satisfied about the emotional category conveyed. The data is

recorded in 22.5 kHz with 16 bits per sample bit resolution.
2.6.2 Studies on the analysis of expressive parameters

The studies on the expressive speech parameters are classified based on following speech parame-

ters,

e Prosodic parameters
e Excitation source parameters

e Vocal tract parameters
2.6.2.1 Studies on prosodic parameters

The typical prosodic features used for expressive analysis are parameters of Fyy contour, duration
(sentence duration, syllable duration etc.) and intensity [9,14,28,81]. Fj is the average rate at which
vocal folds vibrate for voiced sounds. The Fy contour refers to the variation of Fjy with respect to time.
The characteristics of this Fjy can be considered as the prosodic parameters. The duration parameters
can be the total duration of the utterance or duration of the sound units like phones, syllables or
words etc. The intensity parameter of the prosody is measure of loudness in the utterance. Fairbanks
et al. studied the Fy characteristics of five expressions (anger, fear, indifference, grief and contempt)
simulated by actors [28]. They found that the expressions can be classified on the basis of Fyrange
(absolute difference between Fyn value and the Fnqq value), Fogyg, overall Fy inflections (variations
in Fy values) and Fj slope of Fy contour. Based on the analysis of F{ characteristics, the indifference
expression showed lowest Fju,g and narrowest Fprqnge. Fear expression exhibited widest Fopqnge and
highest Fp,ng. The angry expression shows highest Fj inflection.
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Studies on duration characteristics by Fairbanks et al. on the same simulated expressions showed
that the duration features like speech rate (number of words per minute), variation in number of
pauses, length of the pauses and ratio of pause duration to total phonation time affects expressions
[75]. For instance, anger, indifference and fear expressions showed higher speaking rate and the
expressions grief and contempt showed lower speaking rates [75]. Williams explored the effect of
prosodic parameters on actor simulated emotional expressions such as neutral, sorrow, angry and fear.
The prosodic parameters considered for the study are Fy,eq (median of Fyy values), Forange and speech
rate. According to this study, the angry expressions found to have increased Fyeq and Forange and
sorrow expressions showed reduced Fypeq and reduced Fyrange [9]. The duration of the utterance
spoken in fear expressions found to be longer than that of the anger expression.

The intensity parameter computed as the average spectral energy, found to be higher for anger
for some syllables as compared to neutral speech [9]. The proposed prosodic parameters for the
simulated expression case is compared with various emotion contexts of the broadcast recordings
during the Hindenburgh airship crash disaster. The study concluded that the characteristics of Fjy
contour alone gives the indication of the emotional state of the speaker [9]. Vroomen et al. showed
that emotions can be accurately expressed by manipulating Fy contour and sentence duration in a
rule based manner. The seven expressions (neutral, joy, anger, boredom, indignation, sadness and
fear) of two sentences in Dutch recorded by an actor are considered as expressive data for their work.
Based on perceptual and acoustic analysis, the Fy contour of each expression is modeled using Dutch
intonation rules [15]. During the synthesis, the Fj contour for each expression is generated and
used to manipulate the Fy contour of the neutral speech. The duration is modified by the linear
compression according to the optimum modification factors obtained from the analysis stage. Murray
et al. considered prosodic parameters like Foqug , Forange » Fo changes (Fp inflections, Fy inclination,
Fj declination), intensity and speech rate [24] for the analysis of various expressions. Six expressions
(anger, sadness, happiness, fear and disgust) along with the neutral expression are considered for
the analysis. According to the analysis, the fear expressions and disgust expressions showed the
highest and lowest speech rates, respectively. The Fpy,,, was highest for anger and lowest for disgust
emotion. Fp,qnge Was narrower for the sad expressions. Anger and happiness got the highest intensity
whereas disgust showed low intensity. Among the Fy changes, anger showed abrupt Fy changes in

stressed vowels and happiness showed smooth and upward Fj inflections. Sadness and disgust showed
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downward deflections whereas fear expression showed normal Fj changes. The rule based expressive
speech synthesis system developed by Murray et al. in [29], modifies the prosodic parameters at the
phoneme level according to the prosodic analysis described in [24]. The rules are set for each prosodic
parameter in the HAMLET neutral formant speech synthesizer for synthesizing the speech in the
target expression [29]. Hashizawa et al. considered Fi,q., speech rate and Fy of the pitch accented
syllables for the analysis. The analysis showed that, the Fy,,q. is the highest for anger emotion, Fj and
pitch accents are enhanced for joy and Fiq, is minimum for sad emotion [81]. Tao et al. used Fygyg,
Fotoplines Fovaseline, syllable duration and intensity as the prosodic parameters [7]. The Fiopiine is the
mean of the line connecting the peaks in Fy contour and Fypgserine is the mean of the line connecting
the valleys in F{ contour. According to Tao et al., the Fygyg and Fyiopine provide more classification
abilities for five emotions (neutral, anger, happiness, fear and sadness). Murtaza et al. showed the
significance of Fyrqnge than Fygyg in classifying four emotions (neutral, anger, happy and sad) of two

sentences from two speakers.
2.6.2.2 Studies on excitation parameters

Excitation parameters refer to the parameters representing the characteristics of the excitation
source. The excitation source parameters are analyzed at subsegmental and segmental levels. The
parameters computed within 2 to 3 pitch periods (10-20 ms) of speech are termed as the segmental pa-
rameters. The parameters such as jitter and shimmer are examples of excitation parameters estimated
at the segmental level. The parameters estimated within a pitch period of speech are subsegmental
parameters. The glottal flow parameters like open quotient (OQ), Return quotient (RQ) and speech
quotient (SQ) are examples of excitation parameters at the subsegmental level.

Jitter is the average change of Fy from one cycle to another, where as, shimmer is the change in
the excitation strength from one cycle to another. Whiteside has shown the significance of jitter and
shimmer in discriminating various emotions [32]. Seven expressions (neutral, cold anger, hot anger,
happiness, sadness, interest and elation) of 5 sentences from two speakers are used for this study.
The prosodic parameters like mean intensity, standard deviation of intensity and Fpg.g are also used
along with mean of shimmer and jitter for the analysis of seven expressions. According to the analysis
done in this work, hot anger possessed highest mean jitter and mean shimmer and sadness showed
minimum mean jitter and mean shimmer. Using these five parameters, the expression discrimination

accuracy was found to be 88.9% and 85.7% for the two speakers, respectively [32]. Jhonston et
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al. performed the expressive analysis on both spontaneously recorded expressions and simulated
expressions. The first part of the paper used multimodal (speech, EGG, EMG) data of spontaneous
emotions collected from subjects by exposing them to different instants of a manipulated computer
game [76]. The participants were asked to pronounce the sentences to be recorded and asked them to
choose one expression from the list of expressions (irritated, disappointed, surprised, relieved, helpless
and alarmed). Based on the choice of expressions made by the participants at different situations
of the game, the recorded expressions are categorized into low coping, high coping, obstructive and
constructive responses. The parameters used for the analysis are glottal slope, Forqnge, heart period,
respiratory period and respiratory depth. According to the analysis, the glottal slope obtained from the
EGG and the heart rate tend to be higher for obstructive situations and the low coping situations are
characterized by the longer respiratory cycle. The second part of the study consisted of glottal analysis
on EGG data of seven expressions (tense, neutral, happy, irritated, depressed, boredom and anxious)
of 5 digit strings, short phrases and sustained vowel /a/. The expressive data of these seven expressions
were collected from eight speakers. The speakers were asked to imagine the emotions for recording
the expressive data. The excitation parameters used for the analysis are mean jitter, closing quotient
(glottal closing time of the glottis as a percentage of pitch period, Ty). According to the analysis,
mean jitter was highest for happy and anxious expressions and lowest for boredom and depressed
expressions. The depressed and boredom expression showed the higher values of closing quotient and
anxious expression showed lowest values for closing quotient. Cabral et al. used jitter, shimmer and
glottal flow parameters like OQ, RQ and SQ as the excitation parameters for synthesizing emotion
[17]. In this work, the excitation parameters are extracted from seven emotions (angry, happy, fear,
boredom, neutral, sad and disgust) of German emotional speech database. According to the excitation
parameter analysis presented in this work, happy and fear expressions tend to show decrease in OQ .
The breathy quality of the anger expressions are confirmed by the decrease in SQ and RQ compared
to other expressions. Along with prosodic parameters Tao et al. used jitter to analyze five emotional
expressions like neutral, anger, happiness, fear and sadness for the task of neutral to expressive speech
conversion [7]. According to this study, the happiness expression tend to have highest jitter and

sadness showed lowest jitter.
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2.6.2.3 Studies on Vocal tract parameters

Formant frequencies (Fy, Fy, F3, Fy and F5) and bandwidth associated with each formant form
important characteristics of the vocal tract system. Mean F, mean F5 and F} bandwidth are the vocal
tract cues reviewed by Scherer [1]. The acoustic characteristics of around 14 expressions are reviewed
in [1]. Compared to other emotions, lower mean F; was observed for happy and elation expressions
and higher mean F; was observed for other expressions. Whereas lower mean F; was observed for
all the expressions other than happy and elation. The expressions, hot anger, cold anger, disgust
and fear, tend to show narrower F} bandwidth [1]. The parameters considered for these articulatory
stimuli are F; mean, Fo mean and corresponding formant bandwidths. Ishii et al. used a subset of
spontaneous expressions collected in JST (Japan Science & Technology) CREST (Core Research for
Evolutional Science and Technology) ESP (Expressive Speech Processing) project. The spontaneous
expressive data is collected by recording subject’s daily spoken conversations using mini recording
devices and wearing head mounted close speaking microphones. After recording the data, speakers
were asked to label the expressions based on their mood at various times in the conversations such as
neutral, worried, content, happy, bright, sad, angry, tension, energy (”Energy” is categorized based
on the global intensity of the speech) etc. By analyzing the average F3 and average F); parameters
of words in bright, energy and tension expressions, Ishii et al. found that the average Fj is higher
for bright expressions than the expressions labeled with energy. There was no correlation observed
for average F3 values indicating inconsistency of F3 parameter for the same expressions. Erickson et
al. studied the effect of formant frequencies on spontaneous sad emotions [82]. The spontaneous
sad emotional data is collected in two sessions through the telephonic conversions with the subject.
The spontaneous sad emotions were evoked by asking about the sad demise of the subject’s mother.
Lowering of Fy, F3 and Fy was observed for the sad emotions when compared with the non emotional
data.

Table 2.1] presents the summary of the review of the studies made on expressive parameters. The
columns given in the table represent the contributors, choice and type of expressive data used in their

work, expressive parameters considered and the important findings of their work.
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Table 2.1: Summary of various studies about expressive parameters

Type of | Expressive
Author Expressions expressive parameters Findings
data used explored
1. Fy contour as the in-
C. E. Williams . Fy mean, Fy cl.lcator of different emo-
Anger, sorrow, | Simulated by | range, speech | tional states
and K. Stevens .
fear and neutral | actors rate and En- | 2. Fj parameters of sim-
(1972) [9] .
ergy ulated and real emotions
are similar
Happy, cold ?0 pifj;?lete?’ Fy parameters along
Scherer anger, hot | Simulated by L * 72 | with VT parameters
) Mean and .
(1986) [1] anger, anxiety, | actors represents the acoustic
disgust and sad s Band roperties of emotion
5 width PIN
I. R. Murray | Angry, happy, . Sl g Emphasizes the role of
Simulated by | Fy mean, Fj . ;
and J. L. Arnott | sad, fear and prosodic parameters in
(1993) [24] disgust pctors Tange and synthesizing emotions
Intensity
Cold anger, hot | 5 Short sen- | Mean of over- . b
o . " Significance of jitter and
Whiteside anger, happy, | tences simu- | all jitter, Mean shimmer in discriminat-
(1998) [32] sad, interest | lated by two | of overall shim-

ing the emotions

and elation speakers mer
data (EGG,
T Johnston and .Tegse, neutralg R NS . EGG signal gives emo-
K. R Scherer irritated, happy, | speech) col- | Jitter, Glottal o
. depressed, lected during | closing Time .
(1999) [76) ! teristics
bored, anxious computer
game events
Neutral, = wor- | Natural .
Ishii and Camp- | ried, bored, po- | telephonic FO II)nean F’ F, influences different
bell (2003) [78] | lite, depressed, | conversation mgean 4| voice qualities
angry recorded
1. Fp max is higher for
anger
Isolated
. Speech  rate, | 2. For ha both ac-
Y. Hashizawa et | Angry, happy | Words by Fp e d | v ;p}‘lmu be en-
al. (2004) [81] and sad professional P(thch o AN cd 0
annoggeg s 3. Fy and accents were
suppressed for Sad.
Angry,  happy Jitter, shim-
J P Cabral [8] | sad, fear, sur- | Simulated by gvls‘ié ) agrlgytxiz Esssfiezeigfnﬁzggymgi
et al. (2005) prise, boredom, | actors ters (0Q, SQ v and foar 7
disgust RQ) ’ »| B
Simulated by
M. Bulut and Aner ha professional f:fn rene;n, ) tFl‘(j Changes in Fj range sig-
S. Narayanan 81Y, PPY: 1 and non- | ;8¢ £0 S nificantly changes per-
sad and neutral . ization charac- . .
(2008) [14] professional teristics ceived emotions
actors
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2.6.3 Estimation of Expressive Parameters

This section reviews various studies made on estimation of prosodic, excitation and VT parameters

from speech.
2.6.3.1 Estimation of prosodic parameters

As most of the works related to expressive speech synthesis use prosodic parameters as the ex-
pression dependent parameters, it is essential to accurately estimate these prosodic parameters for
expressive speech analysis. The features of Fj contour, speech rate and intensity are the prosodic
parameters reviewed in this section.

Fy or pitch is the fundamental frequency of vibration of the vocal folds during the production of
voiced sounds. Since vocal folds vibrate only during the production of voiced sounds, Fj is defined
only for voiced sounds. Fy is undefined for the unvoiced sounds such as fricatives. Representation
of Fy values versus the time instants at which they are calculated is termed as Fy contour or pitch
contour. In order to derive Fy contour, Fy values have to be accurately estimated from speech. Fy
estimation techniques described in the literature are broadly classified into block processing based
approach and event based approach [83] [13]. Block processing approach computes the average Fy
from block of speech segment where as event based approach accurately determines the instantaneous
Fy by processing entire speech utterance. Most of the earlier works employ block processing approach
for estimating Fy for expressive speech analysis [1,9, 14,24, 32,76, 78, 81].Auto correlation [83, 84],
cepstral analysis [84], simplified inverse filtering (SIFT) [85] and average magnitude difference function
(AMDF) [86] are the popular methods for estimating Fy by block processing. A robust method,
exploiting the properties of Hilbert envelope (HE) of LP residual for reliably estimating average Fj in
adverse conditions is proposed by Prasanna et al. [87].

In order to accurately estimate all the instantaneous Fy values for the entire speech utterance, the
event based approach is used. The instantaneous pitch period is defined as the interval between glottal
closing instant of one cycle to the next. As the discontinuities related to pitch occur at the instants
of glottal closure where the maximum excitation of the vocal tract occurs, accurate determination
of these instants of significant excitation or epochs are essential for computing the instantaneous Fj.
The epochs or instants of significant excitation can be defined as instants of glottal closure incase

of voiced speech or onset of burst or frication incase of unvoiced speech [12,13]. The interaction of
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vocal tract in the speech produced makes the estimation of epochs location a challenging task. There
are several methods proposed in the literature to estimate the epochs location accurately. The epoch
estimation using group delay (GD) functions [88], dynamic programming based projected phase-slope
algorithm (DYPSA) [89], HE based method and Zero Frequency Filtering (ZFF) [12] of speech based
methods are popular existing methods for the epoch estimation. The instantaneous pitch period is
computed as the interval between successive epochs location [11]. The instantaneous pitch period is
also termed as the epoch interval [11]. The instantaneous Fy is computed by scaling the reciprocal
of epoch interval with Fi. The representation of instantaneous Fjy values at the corresponding epochs
location gives the instantaneous Fy contour of the utterance. The significant Fjy parameters derived
from the Fy contour are Foaug: Fomazs Fomins Forange- These Fy parameters can be computed using

the following equations,

N
1
FO(wg =5 NZ;FOZ (21)
1=
Fomaa :maX{FOiai = 1a2a-'-aN} (22)
Fomin :min{FOiai = 1a2a"'aN} (23)
FOrange = FOmax - FOmin (24)

Where N is the total number of pitch cycles in the speech utterance. Various duration param-
eters that are used for expressive analysis are the speech rates at sentence, syllable and phoneme
levels and number of pauses. Unlike the F{ parameters, the estimation of duration parameters are
mostly measured directly from the database. Fairbanks et al. computed the speech rate by count-
ing the number of words uttered per second for analyzing emotional expressions [75]. Burkhardt
et al. used syllable duration as the prosodic parameter for the analysis of the expressions given in
German emotional speech database [74]. The syllable boundaries are labeled manually by listening,
analyzing spectrograms and simultaneous EGG recordings. Cabral et al. used sentence duration of
each utterance as the duration parameter for analyzing various expressions. Murray et al. analyzed
duration at the phoneme level [24]. The duration of phonemes are estimated directly from the phone
boundary labeling of the utterances. The automatic phone boundary marking can also be done using
HMM based force alignment techniques [4]. Other prosodic parameter used for emotion analysis is

the intensity. The intensity is measured by computing the energy of the utterance.
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2.6.3.2 Estimation of excitation parameters

According to the review of excitation parameters given in Section 2.6.2.2 various excitation pa-
rameters used for expressive speech analysis are the segmental parameters like jitter and shimmer,
and subsegmental parameters related to glottal flow and strength of excitation. This section reviews
the method employed to estimate these parameters.

Shimmer is a measure of strength of excitation [90] of the glottal wave which is defined as the
change of strength of excitation pulses from one cycle to another. One of the method to characterize
the glottal activity is from the LP residual obtained by the LP analysis of speech [91]. During the
glottal activity, the LP residual has high energy region and during non glottal activity region, LP
residual shows noisy characteristics. Analysis of the excitation source based on LP residual depends
on the accuracy of LP analysis. Murty et al. described a method to compute the glottal activity and
strength of excitation in speech based on the ZFF of speech [12]. Since the rate of vibration of the
vocal folds is proportional to the glottal air flow, the excitation strength can be found by measuring
the sharpness with which glottal closure occurs. This can be computed by measuring the slope of the
ZFF signal around the epochs location. Now shimmer can be measured as the change of excitation
pulse between successive epochs location. Farrus et al. computed shimmer as the variation of the
peak to peak amplitude values in consecutive pitch period and then proposed shimmer measurements
in the various levels for speaker verification [92]. The average shimmer measurement described in

[92] is given by the Equation 2.5

N
1
Savg = N _1 ; |A; — Ait] (2.5)

where A; is peak to peak amplitude in the i*" pitch period and N is the total number of pitch
periods.

Jitter is estimated by measuring the average change in pitch period from one pitch cycle to another.
Jitter is derived from the instantaneous Fy contour. Method to estimate the jitter in different levels

for speaker verification task is described in [92].

N
1
Javg = m ZZ_; ’TOZ - T()H-l’ (26)
where Tp; is " pitch period and N is the total number of pitch periods
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These shimmer and jitter measurements can be used to find the variation of target expressions
with respect to the neutral speech.

There are several methods discussed in the literature to estimate glottal waveform parameters
directly from speech. Fant et al. developed LF (Liljencrants and Fant) model to uniquely represent
glottal flow derivative for a given pitch period [57]. The LF model is a four parameter model developed
based on the glottal closure instants and glottal closure discontinuity points. The four parameters
are frequency, amplitude, growth constant of sinusoid and recovery time constant. Cabral et al.
estimated the expression dependent glottal flow parameters from the LP residual. These parameters
are estimated by integrating the LP residual. These glottal flow parameters are measured by estimating

the following time instants first:

e Glottal closure instants, n,: By estimating the instants of glottal closure from the LP residual

e Closed phase instants, n.: It is the instant at which closed phase of the glottis starts. n is

calculated by finding the instant of the first peak after the zero crossing.

¢ Glottal Opening instants, n,,: The time instant of the opening phase is calculated by setting
a positive (thpos) and negative threshold (thpeq) on the short time signal. where thy,s is 75%
of the maximum value of the signal energy and thy,ey = —thpes. The first point of the positive
growing part that intercept with the negative threshold and the last point of growing part of
the opening phase that intercepts the positive threshold are calculated [3]. The average signal
amplitude value, k,,eqn between the two estimated points is calculated. The last positive crossing
point of the signal over the kp,cqn axis is estimated to be n,,. The calculation of n,, is shown

in Figure

¢ Maximum of glottal flow,n,: The zero crossing of DC value between n,, and end of the short

time signal.

The estimated time instants are used to compute the duration of the glottal cycle phases, Return
phase (N,), Peak flow duration (N.), Closed phase (N.), Opening phase (N,p,) and Closing phase,
(Net)-

N, =ng (2.7)

Ne=N — Top (28)
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op

Figure 2.5: Locating the instant of glottal opening in a short time segment of LP residual (Figure used with
permission of J. P. Cabral).

N,=N - N, — N, (2.9)
Nop =np — Ngp (2.10)
Ny=N—n, (2.11)

where N is the total duration of the glottal cycle. The duration of these phases in a glottal cycle is
pictorially represented in Figure 2.6l The glottal flow parameters like OQ, RQ and SQ are calculated

as given by the following equations,

N, + N,

oQ N

(2.12)

RQ = % (2.13)
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Figure 2.6: Representation of glottal phases in a (a) glottal cycle and (b) in its derivative for a short time
segment of LP residual (Figure used with permission of J. P. Cabral)

. NOP
5Q =37 (2.14)

The other important excitation source parameter is the strength of excitation. The strength of
excitation is a subsegmental feature which is the strength with which the vocal folds are vibrating
during the production of voiced speech [90]. One of the methods to compute the excitation strength
is from the LP residual obtained by the LP analysis of speech [93]. In the glottal activity region,
the LP residual has high energy and during non-glottal activity region, LP residual shows low energy
noisy characteristics [93]. The strength of excitation is computed by computing the energy of the
residual samples in the region around the glottal closure instants. Murty et al. described a method to
compute the glottal activity and strength of excitation in speech using the ZFF based epoch extraction
[90]. Since rate of vibration of the vocal folds is proportional to the glottal air flow, the excitation
strength can be found by measuring the sharpness with which glottal closure occurs [90]. This can

be computed by measuring the slope of the ZFFS around the epochs location.
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2.6.3.3 Estimation of vocal tract parameters
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Figure 2.7: The formant estimation from LP spectrum: This figure shows the linear prediction spectrum and
Formant locations (indicated by *’) obtained from the peaks in the LP spectrum

There are many methods discussed in the literature to estimate the formants from speech. In [94]
used a method to extract formants by picking peaks from smoothed log-spectra obtained by cepstral
analysis. Figure 2.7 indicates how the formants are located by picking the peaks in the LP spectrum.
The spurious peaks in the log magnitude spectrum causes wrong identification of the formants and is
the main disadvantage of the approach. Formant extraction by the linear prediction analysis solved
the issue of spurious peaks appearing in the LP spectrum [95]. But here also peak picking wrongly
estimates the formants in the case of merged peaks in the LP spectrum. Yegnanarayana showed that
the differentiated linear prediction phase spectrum can clearly resolve the merged peaks because of
the additive nature of the phase of cascaded digital resonators [96]. The Formants can be extracted
by picking peaks of the differentiated LP phase spectrum . To further resolve the spectral peaks in the
smoothed log spectra, properties of the group delay function of minimum phase signals are utilized in

[97]. The significance of measuring the free resonances of the vocal tract to analyze various regions
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like consonant vowel transitions is described in [98]. The speech produced during the closed phase of
the vocal folds are mainly due to vocal tract. At this time the vocal tract tube is closed at one end
and hence the resonances produced are free from the vocal fold vibrations and glottal air flow that
occur during the opening phase of the glottis. The formant parameters are extracted from the analysis
segments taken around the glottal closure instants. The pole zero model of these analysis frames are

determined. This can be represented mathematically as follows [98]:

P p/2
T‘(’I’L) _ Z Akprkzeiekn _d Zp}l(AleiGm i Zle—ieln) (2‘15)
k=1 =1

where n is the discrete time index and p/2 is the number of formants. The variable 6}, is the k"
formant frequency such that -m <6<+ m. As r(n) is real, it can be represented as complex conjugate
pair. The factor Ay is the formant amplitude and py, is the formant damping factor, where 0<p; < 1.

It can be seen that the formant frequency Fj and bandwidth By can be computed from the Equations

(210) and ([2I7) as given in [98].

Fs
F,=—0 2.16
= 520 (216)

By, = —f In(py) (2.17)
2.7 Incorporation of Expressive Parameters

The expressive parameters have to be incorporated into the neutral speech according to the scale
factors set in the expressive analysis stage for effective synthesis of the speech in the target expression.
The incorporation of expressive parameters are performed at the prosodic, excitation and vocal tract

levels. This section reviews methods used to incorporate the expressive parameters at each level.
2.7.1 Methods to incorporate prosodic parameters

The expression specific Fy, duration and intensity parameters can be incorporated by prosody
modification algorithms. Manipulation of Fpy, duration and intensity of the given speech without
affecting the perceptual quality is termed as prosody modification [11,99]. There are several methods
discussed in the literature for prosody modification [11] [100] [99]. The approaches like Over Lap
Add (OLA), Synchronous Over Lap Add (SOLA) and Pitch Synchronous Over Lap Add (PSOLA)

operate directly on the speech waveform to modify the prosodic parameters [99]. The OLA and SOLA
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methods are mainly used for time scale modification of the given speech signal [100]. The duration
modification here is achieved by overlap adding the analysis frames having time scaled length chosen
from the cross correlation with the actual frames of the given speech signal. Development of the
PSOLA allowed both time scale and pitch scale modification by using pitch marks as the anchor
points [11] [99]. In PSOLA method, in general, the pitch modification is achieved by placing the
analysis windows around the modified pitch marks and adding the overlap regions. In the timescale
modification, first resampling the actual pitch mark locations according to the desired timescale and
then the analysis frames around the actual pitch mark is copied and overlap added to the new pitch
locations closest to the original location. The resulting signal obtained will be duration modified
according to the desired modification factor.

Depending on the domain in which PSOLA is applied there are Time Domain PSOLA (TD-
PSOLA), Frequency Domain (FD-PSOLA) and Linear Prediction PSOLA (LP-PSOLA) [99]. In
FD-PSOLA prior to overlap add, the spacing between the pitch and harmonics of excitation signal
obtained by the source-filter decomposition are modified according to the desired pitch modification
factors by resampling in the frequency domain [99]. Unlike TD-PSOLA, LP-PSOLA operates on the
LP residual of the speech signal to be prosody modified. As the LP residual samples are less correlated
than speech samples, the overlap-adding of residual analysis frames give less distortion. Kawahara
developed a method to manipulate the speech parameters like Fjy, speech rate and vocal tract length
using speech representation and transformation using adaptive interpolation of weighted spectrum
(STRAIGHT) [101]. Here a pitch adaptive speech analysis is carried out for speech parameter
manipulations. The instantaneous F{y estimation method developed as part the work uses Gabor filters
for finer frequency resolutions. The manipulated speech is obtained by reconstructing the smooth
time frequency representation using bilinear transformations. Smoothing is done to remove the pitch
periodicity effects in the time-frequency surface representation of the original speech. Muralishankar
et al. proposed Fj modification method using discrete time cosine transformation (DCT) of pitch
synchronous residual frames [102]. Here the DCT coefficients are estimated from the pitch synchronous
residual frames obtained after the LP analysis. According to the pitch modification factors the DCT
coefficients are either truncated (increase in Fp) or padded with zeros (decrease in Fp). For instance,
if V7 is the number of DCT coefficients in residual frame, No point IDCT is taken where No is INq

divided by the F{y modification factor. No-Nj trailing end DCT coefficients are removed for increasing
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Fy and Ni-N; zeros are padded to decrease Fy. Each frame of speech is then synthesized by the LP
filtering with the LP coefficients computed.

A method of prosody modification by accurately determining the epochs location is proposed
in [11] [88] [103]. This type of prosody modification is generally known as epoch based prosody

modification. The steps involved in the epoch based prosody modification are the following;:

¢ Finding the accurate epochs location
e Modifying the epochs location according to the desired prosodic parameters

e Reconstruct the prosody modified speech
2.7.1.1 Estimating epochs location

As described earlier epochs in speech can be defined as the instants of glottal closure in voiced
speech and onset of burst or frication in unvoiced case [12,88]. Due to the effect of vocal tract, the
accurate estimation of epochs location from speech is a challenging task. There are many methods
proposed for the estimation of the epochs location from speech [12,88,89]. Smit et al. proposed group
delay (GD) based approach to estimate the epochs location from LP residual of speech [88]. In GD
method, GD function is computed from the LP residual by considering in blocks of about 1-2 pitch
periods length with shift of every sample. If e(n) is the LP residual, the fourier transform of e(n) and

its time weighted function are given by the Equations (2.I8) and (2.19).
E(w)=FTle(n)] = Er + jE; (2.18)

F(w) = FT[ne(n)] = Fr+ jFr (2.19)
The computation of GD function 7(w) is given in Equation

_ ERFr+ E[F]

T(w) = —¢'(w) = B B (2.20)

After removing isolated peaks from 7(w) using a 5 point median filter, average value of the GD
function is computed for each block of residual with a shift of one sample. The average GD function
obtained for every sample shift is known as the phase slope function. The epochs are estimated as
the zero crossings of the phase slope function. Later, the robustness of GD based method against
various degradation are studied by Satyanarayana et al. in [93]. As the GD function is computed

from LP residual frames for every sample shift, the GD based epochs estimation is a computationally

TH-1157_07610213

42



2.7 Incorporation of Expressive Parameters

complex task [88]. To reduce the time complexity in estimating the epochs from LP residual, a two
stage processing approach is proposed by Rao et al. [104]. In the first stage, the approximate epochs
location are estimated from the HE of LP residual and in the next phase, the GD function calculated
around the approximate epochs location obtained from the HE of LP residual. Dynamic programming
based projected phase slope algorithm (DYPSA) is proposed by Naylor et al. found to provide better
epochs estimation accuracy than GD method [89].

Recently, a simple, fast and accurate method for estimating epochs from speech is proposed by
Murty et al. in [12]. In ZFF method, the speech is passed through the cascade of two zero frequency
resonators (ZFR). The ZFR output y(n) is given by the Equation ( 2.21])

4
y(n) = — Z ary(n — k) + z(n) (2.21)
k=1
where a1 = 4,a0 = —6,a3 = 4,a4 = —1 and x(n) is difference speech obtained by the successive

difference of samples in the speech signal which is given by z(n) = s(n) — s(n — 1) The variations in
the ZFR output due to epochs are obtained by subtracting local mean from the ZFR output. This
local mean subtracted ZFR output is termed as the zero frequency filtered signal (ZFFS). The local

mean substraction from ZFR output can be expressed as,

i) =) — 50— > y(w) (222)

i
Here 2N + 1 corresponds to the size of window used for computing the local mean, which is typically
the average pitch period computed over a long segment of speech. Thus, the epochs location will be
the positive zero crossings of the ZFFS. The accuracy of the epochs estimated using ZFF method
is better compared to DYPSA and GD method [12]. In ZFF method, as the epochs are estimated
directly from speech without computing LP residual, the method is found to be computationally fast

as compared to DYPSA and GD methods [12].
2.7.1.2 Modifying epochs location for prosody modification

Rao et al. described a method to modify the epochs location according to the desired prosody
modification factors [11]. In this method the modified epochs location are obtained by deriving the
epoch intervals. The epoch intervals are derived as the difference between successive epochs location.

The epoch interval plot is then generated by interpolating the epoch intervals of successive epochs
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location. In the case of Fjy modification, this epoch interval plot obtained for the entire utterance is
scaled according to desired pitch modification factor. The epoch interval plot is resampled according
to the desired duration modification factor in case of duration modification. Modified epochs location
are obtained from the resampled and/or scaled interpolated epoch interval plot. For instance, if A
is the starting sample index of the modified epoch interval plot, the modified epoch location B is
computed by adding, the modified epoch interval number of samples at A" location in the modified
epoch interval plot, to A time index. Similarly, modified epoch location sample index C' is obtained
by adding modified epoch interval number of samples at B location in the modified epoch interval

to the location sample index B.
2.7.1.3 Reconstructing the prosody modified speech

The prosody modified speech is synthesized by generating the modified residual waveform. For
generating the modified LP residual, the modified epochs location that are nearest to the original
epochs location are found. Perceptually relevant (20% epoch interval region starting from the epoch)
residual samples starting from original epochs location are copied to the new modified epochs location.
The perceptually relevant residual samples in the epoch interval refers to human listening in TTS and
speech enhancement tasks. The remaining residual samples in the original epoch interval other than
the samples in the perceptually relevant region, are resampled to fill up the modified epoch interval.
Resampling is used mainly to avoid the spectral discontinuities introduced due to truncation of epoch
intervals (in case of raising Fy) and replication of samples (in case of lowering Fp). This way the
prosody modified LP residual is reconstructed. In pitch modification, as the duration of the utterance
remains same, the LPCs computed from the original speech signal are excited by the modified LP
residual to synthesize the pitch modified speech. In duration modification, since overall duration of
the utterances are changing, LPCs of original speech are updated for very frame shift according to
duration modification factors. These new LPCs are excited by the modified LP residual to synthesize
the duration modified speech. The perceptual quality of the synthesized files for various pitch and
duration modification factors are evaluated using perceptual tests. 25 research scholars of the lab
participated in the perception experiments. Here, the subjects were asked to evaluate the prosody
modified speech files based on the distortion present in the speech file. The filenames of each method
are coded to avoid the biasing towards a particular method. The subjects were asked to judge their

opinion scores on a five point scale where score 1 corresponds to poor quality with objectionable
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Figure 2.8: Pitch Modification: (a) Long Segment of a voiced speech, (b) its LP residual, (¢) modified LP
residual by increasing the pitch by 1.5 times and (d) reconstructed pitch modified speech.

distortion and score 5 is excellent quality with no perceptual distortion. For moderate pitch and
duration modification factors, the epoch based residual modification and LP-PSOLA based approaches
provide almost equal mean opinion scores (MOS). As compared to LP-PSOLA approach, epoch based
prosody modification approach had higher MOS scores for the case of extreme modification factors
(modification factors greater than 2 and less than 0.5).

Figure 2.8 plots the pitch modification example by increasing the pitch of the original speech
segment by factor of 1.5. As we can observe that there are around 13 pitch cycles in Figure [Z8]c)
which is 1.5 times than the number of pitch cycles (8 pitch cycles) in the LP residual segment of the
original signal as shown in Figure 2.8(b).

Figure plots the duration modification example by increasing the duration of the original speech
segment by factor of 2. As we can observe that the overall duration of the signal is doubled compared
to the original duration of the signal. Also it has to be observed that the pitch intervals in the duration
modified speech remain unaltered as in original speech. Figure[2.9)(c) has duration that is 2 times that

of the LP residual segment of the original signal as shown in Figure 2Z.9(b).
2.7.2 Methods to incorporate excitation parameters

The rules related to the excitation parameters like jitter, shimmer and glottal flow parameters
have to be incorporated to effectively convey the expressive information in the synthesized speech.

Cabral described one method to incorporate the jitter into the neutral speech by adding a random
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Figure 2.9: Duration Modification: (a) Longer Segment of a voiced speech, (b) its LP residual, (¢) modified
LP residual by increasing the duration by 2 times and (d) reconstructed duration modified speech.

value to the pitch period [17]. Here the time index of the synthesis pitch marks are randomly varied
(according to jitter modification factor) for incorporating the voice quality that is related to jitter.
Also the shimmer is incorporated by scaling the energy envelope of the short time signal by a random
number (whose variation is according to shimmer modification factor). The glottal flow parameters
like OQ, SQ and RQ can be modified by scaling the time indices used to estimate them [17].
Ruinskiy et al. brought another method to incorporate shimmer and jitter for simulating hoarse
voice quality in a given speech. Here the jitter is introduced by relative stretching and shortening of
pitch cycles [105]. The jitter modification factor for the modification is retrieved from a jitter bank
which stored the trends in the jitter values for every 2 to 4 pitch cycles. The residual samples in the
given pitch cycle is resampled to modify jitter. Similarly, the shimmer modification factors are also
stored across consecutive pitch cycles. The shimmer is introduced by multiplying each pitch cycle by

a window function with varying peak amplitudes according to the shimmer factor [105].
2.7.3 Methods to incorporate vocal tract parameters

Even though there are little works discussed in the literature towards incorporating VT parameters
for ESS, there are some works in the literature towards voice conversion [106] [107]. Rao et al. achieved
vocal tract modification by the linear transformation of formant locations and bandwidth in the z-
plane [106]. The formant frequencies are modified by shifting the polar angle that the corresponding

conjugate pair of poles make with respect to positive real axis of the z-plane. Formant frequency
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Figure 2.10: The formant frequency modification: This plot demonstrate the shifting of the first formant (F})
by a factor of 1.5 times the actual formants locations (dotted plot)

shifting of the LP spectrum is demonstrated in Figure 210l In the Figure 210 the first formant of
the modified LP spectrum, Fy, located at 393 Hz (shown by the thicker plot) is shifted 1.5 times the
the formant value of the original LP spectrum, F; which is at 262 Hz (shown by the dotted plot).

The formant bandwidth is modified by scaling the magnitude of the conjugate pair of poles for the
corresponding formant. The bandwidth scaling corresponding to F5 in the LP spectrum is demon-
strated in Figure 2101 In Figure 211} the bandwidth of F», B scaled 0.25 times (thick plot) the
original Fy bandwidth, By (dotted plot) .

In a recent work on voice conversion, Rao et al. achieved the VT modification by deriving mapping
functions using feed-forward neural networks (FFNN) [107]. Here, the line spectral frequencies (LSF)
derived from LPCs are used to represent vocal tract characteristics. The mapping functions that
represent the relation between the VT characteristics of source and target speakers are derived by
feeding the time aligned LSFs of both source and target speakers to the FFNN using a database
containing 500 Hindi utterances [107]. The dynamic time warping (DTW) is used to time align the
LSFs of source and target speakers. Joseph et al. used multi-layer FFNN to map the vocal tract
parameters of throat microphone to close speaking microphone to enhance throat microphone speech
[108]. Here, the objective was to bring a nonlinear relationship between source and system features

of throat microphone data and speech from close speaking microphone for the enhancement of throat
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Figure 2.11: The formant frequency modification: This plot demonstrate the bandwidth scaling corresponds
to the second formant (F») by a factor of 0.25 times the actual formant bandwidth (dotted plot)

microphone data. The LP cepstral coefficients (LPCC) derived from LPCs are used to characterize

the vocal tract parameters.

2.8 Summary of the Works Related to Neutral to Expressive Speech
Conversion for ESS

As the unit selection based neutral speech synthesis provides more naturalness compared to statis-
tical parametric speech synthesis systems, unit selection based speech synthesis systems can be used
as NSS system for the ESS by explicit control. From the studies on expressive parameters, most
of the works use prosodic parameters as common expressive parameters. Also, many of the works
use the expression dependent excitation parameters and vocal tract parameters as the supplementary
features with prosodic parameters. Hence it is necessary to accurately estimate and analyze these
prosodic parameters for various expressions. It has been observed that almost all the studies use con-
ventional methods for estimating prosodic parameters for expressive speech analysis. As expressions
are characterized by the presence of prosodic variations that are much more than that of the neutral
expressions, the accuracy of the estimated parameters using conventional methods have to be verified
for different expressions. The recently developed ZFF method which provides best accurate estimates

of various prosodic parameters as compared to other existing methods. This can be used for accu-
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rate speech analysis of various expressions. Most of the expressive speech systems use conventional
PSOLA based methods to incorporate the expression specific prosodic variations for ESS. Since the
epoch based prosody modification provides improved perceptual quality for moderate prosody modifi-
cation factors than PSOLA based methods, epoch based prosody modification can be applied for ESS.
The GD method of epochs estimation increases the computational complexity of the existing epoch
based prosody modification. Hence more accurate and computationally faster ZFF epochs can be used
instead of epochs estimated using GD method for epoch based prosody modification. Based on the
review of incorporation of prosody parameters for ESS, the ESS achieved in most of the studies are by
modifying the prosody parameters for fixed scale factors. However, fixed scaling of the prosodic pa-
rameters will not capture the dynamics of the prosody due to various expressions. Hence the prosody
modification methods that incorporate the time varying dynamics of the prosodic parameters have to
be used for ESS.

To evaluate the epoch estimation performance across various expressions, five expressions (Neutral,
Angry, Happy, Boredom and Fear) of German emotional speech database having simultaneous EGG
recordings can be used. The epochs estimated from EGG recordings of these expressions, can be used
as the reference epochs location for measuring epoch estimation performance. If there are degradations
in the epochs estimation performance for expressive speech, a refined method has to be proposed to
improve the epochs estimation performance in expressive speech. The expressive parameters like
Fyavg, sentence duration and strength of excitation have to be estimated and analyzed across various
expressions. A dynamic prosody modification method has to be devised to incorporate dynamic
variations of these parameters in the neutral speech to synthesize the speech in the target expression.
The synthesized expressions have to be subjectively evaluated for the degree of expressiveness present

in the speech.
2.9 Organization of the present work

Chapter 3 presents the refined ZFF method for epochs estimation from expressive speech and,
analysis and estimation of expressive parameters. Chapter 3 starts by using conventional ZFF method
for estimating epochs from various expressions. In order to reduce the degradation in the epoch
estimation performance due to rapid pitch variations in expressive speech, a refined ZFF method

is proposed to accurately estimate the epochs location from various expressions. The gross level
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variations of Fp 4,4, sentence duration and strength of excitation parameters are analyzed across various
expressions. The gross level scaling factors for neutral to target expressive speech conversion are
derived by comparing the parameters of the target expressions with that of neutral expression.

Chapter 4 describes the epoch based prosody modification algorithm for the incorporation of
prosodic parameters. Chapter 4 starts by demonstrating the improved perceptual quality when ZFF
epochs are used in the existing epochs based prosody modification using GD based epochs. The
significant improvement in the computational efficiency of the epoch based prosody modification is
demonstrated by performing prosody modification directly on the speech waveform and using epochs
estimated using ZFF. In order to incorporate dynamic variations of the prosodic parameters, in the
second part of chapter 4 a dynamic prosody modification method using ZFFS is proposed. As the zero
crossings of the ZFFS provides accurate epochs location, these zero crossings from the ZFF'S are used as
the reference locations for deriving the modified epochs location according to desired dynamic prosody
modification factors. The perceptual quality of the prosody modified speech is improved by confining
the prosody modification only in the glottal activity regions derived from the ZFFS. The general
procedure devised to derive the modified epochs location, is used in existing epoch based prosody
modification method and TD PSOLA for dynamic prosody modification. The perceptual quality of
the dynamically prosody modified speech in each case is compared with the proposed dynamic prosody
modification method using ZFFS.

Chapter 5 demonstrates the effectiveness of the epoch based dynamic prosody modification in
neutral to expressive speech conversion for text dependent and speaker dependent, text dependent
and speaker independent and text independent and speaker independent scenarios. The effectiveness
of the of the neutral to expressive speech conversion using dynamic prosody modification and static
prosody modification are compared by subjective evaluations.

Chapter 6 summarizes the works done towards the neutral to expressive speech conversion using
epoch based dynamic prosody modification. The major contributions and the scope of future work

also listed in Chapter 6.
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3.1 Objective

3.1 Objective

Based on the review, the works done for expressive speech analysis show that the Fj contour,
duration and intensity are important expressive speech parameters [9, 14, 15,28, 81]. The objective
of this chapter is to analyze the effect of various expressions on prosodic parameters like F{ contour,
duration and intensity. For accurate Fj analysis, instantaneous Fy contour is computed from each
emotion. The strength of excitation, accurately computed for each epoch interval is used as a measure
of intensity. Effect of overall duration characteristics are obtained by measuring overall duration of each
emotional utterance. In order to accurately compute the instantaneous Fy and strength of excitation
for emotional speech analysis, epochs location need to be reliably estimated from various emotions. As
the conventional zero frequency filtering (ZFF) method provides accurate epochs location from neutral
speech, ZFF method is used for estimating epochs from various emotions. Due to the rapid variations
in the prosodic parameters in emotional speech, spurious zero crossings are introduced in the zero
frequency filtered signal (ZFFS) which in turn result in the unreliable epochs estimation. In the present
work, a modified ZFF method is proposed by smoothing the conventional ZFFS to remove the spurious
zero crossings. The expressive parameters like instantaneous Fy contour and strength of excitation are
then derived from the modified ZFFS for the expressive speech analysis. The estimated parameters
from the emotional speech are compared with the ground truth electroglottogram (EGG) recordings.
Five emotions of German emotional speech (neutral, angry, boredom, fear and happy) are initially
considered for the study presented in this chapter. Also four emotions (neutral, angry, boredom and
happy) of recorded Hindi emotion speech database with EGG recordings are also considered for the

expressive speech analysis.

3.2 Introduction

Expression or emotion is the hallmark of human speech. Both emotion and naturalness provide
completeness and expressiveness to speech. The emotion part of speech plays an important role in
conveying the real intent and meaning of the speaker, not readily available as part of the message.
In human-human communication, such intent and meaning are extensively used as guiding factors
for deciding the future course of action. For instance, in customer care division, the angry speech
by a customer mostly indicate the dissatisfaction and hence immediate need in the change of action.

Like this the use of emotional information in human-human communication is extensive and effortless.
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However, the human-machine communication falls behind in this aspect significantly. There are several
attempts to incorporate the same [9,14,15,28,29,81,109]. According to Vroomen et al., Fy contour and
sentence duration (prosody) parameters are sufficient to effectively synthesize the emotional speech
from neutral speech [15]. Cabral et al. achieved neutral to emotion conversion based on the analysis
of the prosodic parameters of various emotions made in [31,32]. Also the significance of prosodic
parameters in emotional analysis are described in [9,14,15,28,81]. Hence it is necessary to accurately
analyze the effect of prosody over various emotions. The availability of EGG signals under different
emotions [74], make the estimation of prosodic parameters more accurate. However, EGG signals for
various emotions may not be available in practice for accurately estimating expressive parameters.
Hence we have to rely on the best available tools for accurately estimating the expressive parameters
from various emotions. Since the ZFF method is proved to be the most accurate method for estimating
the prosodic parameters for neutral speech signals, it can be used for the accurate estimation of these
parameters from various emotions.

The near-periodic nature of vocal folds vibration and the strength with which the closure of vocal
folds occur is better estimated computationally using the derivative of the glottal wave [12]. The
associated periodicity is characterized grossly in terms of average and standard deviation values of
Fp [87] and finely in terms of instantaneous Fy [13]. The strength can be characterized in terms of the
amplitude of the associated epoch at the closure [90]. Apart from this, the duration of the utterances
also varies from one emotion to other. All these parameters may be distinct for each expression
and hence useful for analyzing expressive information of speech. These parameters can be reliably
and accurately estimated using the recently developed methods for finding epochs, instantaneous
Fy and strength of excitation, all based on the concept of zero frequency filtering (ZFF) [12]. In
expressive speech signals, due to rapid variations in pitch as compared to the neutral speech, the epochs
estimation performance of the conventional ZFF method has to be verified with respect to that of the
neutral speech. In case of degradation in the epochs estimation performance in emotional speech,
method has to be developed to improve the epoch estimation which in turn improves the accuracy of
prosodic parameters when derived using the knowledge of the epochs location. As described later the
present chapter addresses the issue of degradation in epochs estimation performance and methods to
improve the same for emotional speech. The estimation and analysis of expressive parameters using

the modified ZFF method is described for various emotions. The novelty of the work includes the
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following:

e Instantaneous Fy, strength of excitation and duration are found to be expression dependent

parameters

e The degradation in the performance is observed for the parameters estimated from emotional

speech using conventional methods

e Modified ZFF method is proposed for the accurate analysis and estimation of expressive param-

eters

The rest of the chapter is organized as follows: Section provides the analysis of expressions on
the glottal wave and its derivative. Section [3.4] describes the modified ZFF method for the estimation
of expressive parameters from various emotions. The various parameters estimated from the derivative
of glottal wave are studied in Section [B.5l A comparative study with the parameters estimated from

the speech waveform is made in Section Finally Section B.7 summarizes the chapter.

3.3 Analysis of Expressions on the Glottal wave and its derivative

The significance of prosodic parameters in generating expressions can be studied by analyzing the
EGG signals of various emotions. EGG represents the actual glottal waveform that is produced by
closing and opening of the vocal folds during speech production. The near impulse-like excitation
produced due to the closing of vocal folds forms an important characteristic of excitation source. The
location of these excitation instances is represented by impulse-like discontinuity in the derivative of the
glottal waveform. Figure 3.1l shows the speech waveform, LP spectrum, glottal waveform and glottal
wave derivative of five different expressions, namely, neutral, angry, happy, boredom and fear, for the
same speaker and sound. The nature of the speech waveform is different across different emotions. The
variations in the vocal tract characteristics is represented by the LP spectrum and that of excitation
characteristics by the glottal wave and its derivative. Since the speaker and sound are same, the
variations across different plots are primarily due to emotions. The first level visual inspection of
Figure 3.1l indicates that the emotions significantly affect the glottal wave and its derivative as well
as the vocal tract spectrum. From the derivative of glottal wave it can be seen that the amplitude
of the excitation pulses (termed as strength of excitation), their periodicity (pitch contour) are also

affected by the expressions. The glottal waveforms and their derivative indicate that the boredom and
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neutral expressions have relatively higher excitation strength and fear emotion has the least strength
of excitation compared to all other emotions. Also glottal wave derivative shows that the angry and
fear have the highest F{y and lowest F{ is by the boredom and neutral.

An interesting observation is the strength of excitation of angry emotion. By perception of speech
we feel its strength of excitation should be largest, but comes out to be smallest. This is true because,
for producing speech in angry emotion, the pitch increases and hence pitch periodicity decreases.
To cater to the smaller values of periodicity, the vocal folds may not be closing with high suction
and hence low strength for impulse-like excitation. This interpretation may be further appreciated
by analyzing the boredom case. In case of boredom, by perception of speech we feel its strength of
excitation should be smallest, but comes out to be largest. This is due to the large pitch periodicity
associated with boredom and hence more time for closing and opening. This leads to closing of vocal
folds with high suction and hence high strength.

Expressive analysis of relatively smaller segments of the same syllable of various emotions showed
that instantaneous Fy and strength of excitation parameters significantly affect various emotions. In
order to study the duration characteristics and nature of instantaneous £y contour and strength of
excitation contour, longer speech segments of various emotions have to considered. The instantaneous
Fy contour and strength of excitation can be computed by estimating epochs location from emotional
speech. Next section describes the estimation of epochs location from various emotions using ZFF

method.

3.4 Zero Frequency Filtering Method for Epoch Estimation From
Emotional Speech

3.4.1 Conventional ZFF Method for Epoch Estimation

The algorithmic steps to estimate the epochs in speech by ZFF, which hereafter will be termed as

conventional ZFF, are as follows [12]:

e Difference input speech signal z(n)
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Figure 3.1: Speech waveforms, LP spectrum, glottal waveform and glottal wave derivative of the expressions
for Neutral ((a)-(d)), Angry ((e)-(h)), Happy ((i)-(1)), Boredom ((m)-(p)) and Fear((q)-(t)), respectively.
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Compute the output of cascade of two ideal digital resonators at 0 Hz

4
y(n) = — 3 ary(n — k) + z(n) (3.2)
k=1

where a1 = 4, as = -6, a3 = 4, aqg = -1

Remove the trend i.e.,
g(n) = y(n) —g(n) (3.3)

where g(n) = m ZN _n¥y(n)and 2N +1 corresponds to the average pitch period computed

n=

over a longer segment of speech
The trend removed signal ¢(n) is termed as ZFFS.

The positive zero crossings of the filtered signal will give the location of the epochs.

These epochs are periodically located in case of voiced speech representing the glottal closure

instants and are randomly located in case of unvoiced speech representing the onset of burst or

frication [12]. Figure 3.2 shows the epochs estimated from a voiced segment and an unvoiced segment

of speech. It can be noted that ZFFS gives periodic zero crossings in case of voiced segment and

random zero crossings in the unvoiced segment.

The epoch estimation performance is evaluated for five different expressions (Neutral, Angry,

Happy, Boredom and Fear) of German emotional speech corpus having simultaneous EGG recordings

[74).

Approximately 100 speech files of 10 speakers and 10 texts per emotion were used for the

performance evaluation. For evaluating the estimated epochs from the speech, following measures are

used [89].

Larynx cycle: The range of sample (1/2) (l,—1+1,)< n <(1/2)(l;4+1 + 1) where I, [,_1 and l, 1

are the current, preceding and succeeding reference epoch locations respectively

Identification Rate (IDR): The percentage of larynx cycles for which exactly one epoch is de-

tected.
Miss Rate (MR): The percentage of larynx cycles for which no epoch is detected.

False Alarm Rate (FAR): The percentage of larynx cycles for which more than one epoch is

detected.
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Figure 3.2: Epochs from voiced and unvoiced segments of speech. (a) A voiced speech segment, its (b) ZFFS
and (c) epochs. (d) An unvoiced speech segment, its (e¢) ZFFS and (f) epochs.

e Identification Error (¢): The timing error between the reference and detected instants of signif-

icant excitation in larynx cycles for which exactly one epoch was detected.

e Identification Accuracy (o) (IDA): The standard deviation of the identification error ¢. Small

values of ¢ indicate high accuracy of identification.

The performance of conventional ZFF are tabulated in the Table[B.Il As expected the conventional
ZFF method gives better epoch estimation for neutral emotion speech and the epoch estimation
performance degrades in the case of other emotions, except boredom. The reason for this is due to the
rapid pitch variations in the emotional speech compared to the neutral speech. In the conventional
ZFF method of epoch estimation, due to fixed window size used for local mean subtraction, some of the
epochs are either missed or spuriously hypothesized. For this reason an appropriate window size should
be selected for the optimum epoch estimation from speech signals with larger pitch variations. As the
pitch variation of boredom emotion is similar to that of the neutral, the epoch detection performance
of both the emotions is nearly same. This epoch estimation performance from various emotions

are compared with the DYPSA algorithm, another popular method for estimating epochs [89]. The
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Table 3.1: Epoch estimation performance of conventional ZFF and DYPSA algorithms for different emotional
speech signals taken from German database.

Emotion | IDR (%) | MR (%) | FAR (%) | IDA (ms)
ZFF
Neutral 99.12 00.08 00.79 0.3194
Angry 87.93 00.41 11.66 0.4115
Happy 90.66 00.33 09.02 0.3858
Boredom 98.75 00.04 01.20 0.3495
Fear 94.90 00.13 04.97 0.2774
DYPSA
Neutral 96.25 0.84 2.92 0.3727
Angry 88.43 511 6.46 0.3824
Happy 87.87 4.68 745 0.3828
Boredom 96.66 0.63 2.71 0.4057
Fear 88.62 4.38 7.00 0.4297

Table 3.2: Epoch estimation performance of conventional ZFF method on Hindi emotional speech database

Emotion IDR (%) | MR (%) ](5‘0;&)1:{ IDA (ms)
0

Neutral 99.82 0.032 0.14 0.300

Angry 96.71 0.62 2.68 0.3460

Happy 92.17 0.21 7.62 0.3420

Boredom 99.78 0.02 0.20 0.2984

DYPSA algorithm used in this work is implemented using the programs given in the Voicebox speech
processing toolbox [110]. The epochs estimated using DYPSA also show the same trend, confirming
that the degradation is due to the large pitch variations in the emotional speech.

A similar trend in the epoch estimation performance can be observed in the Hindi emotional speech
database collected for four speakers (2 males and 2 females) in 4 different emotions (Neutral, Angry,
Happy and Boredom) having simultaneous EGG recordings. Ten randomly selected sentences from
the Hindi broadcast news database, are used for the emotional speech recording. As the speech is
recorded in three sessions, there are 120 files (3x4x10) available for each emotion. Table shows
epoch estimation performance obtained for Hindi emotional speech database. The degradation in the
epoch estimation performance can be observed here also for angry and happy emotions. Even though
the level of degradation performance is different, it follows a similar trend as in German emotional

speech corpus.
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Figure 3.3: Comparison of conventional ZFF and the modified ZFF approaches. (a) The ZFFS obtained from
a voiced segment of angry speech showing the spurious zero crossings, its (b) epochs and (¢) STFT magnitude
spectrum. (d) The modified ZFFS obtained by updating the window length, its (e) epochs and (f) STFT
magnitude spectrum. (g) The ZFFS obtained by low pass filtering the modified ZFFS segments, (h) epochs
estimated and its (i) STFT magnitude spectrum showing no frequency components beyond Fj.
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3.4.2 Modified ZFF Method for Epoch Estimation in Emotional Speech

For reliably estimating the epochs from emotional speech, a refinement to the conventional ZFF
algorithm is developed here. Instead of using fixed average pitch period as the window length for
the trend removal of the zero frequency resonator output, the window length is updated for every
short time segment of length 20-30 ms. A robust method to find the F{ values from the ZFFS for
acoustically degraded speech is described in [111]. In this method Fjy is computed as the frequency
value corresponding to the highest magnitude in the short time fourier transform (STFT) of the ZFFS
segment obtained from the conventional ZFF method and the window length is computed as the
reciprocal of the Fy value. This window length is used for the trend removal of the zero frequency
resonator output to get the ZFFS for that particular speech segment. In the present work we use this
approach for the emotional speech case which can be treated as a degraded speech due to the change
in the psychological state of the speaker. The performance of this method for the estimation of epochs
in emotional speech is given in Table The performance improves significantly compared to the
fixed window case demonstrating the significance of variable window length for trend removal in case

of emotional speech.

Table 3.3: Epoch estimation performance of modified ZFF method by updating the window length for 25 ms
segment of speech from different emotions.

Emotion IDR (%) | MR (%) ](E‘;?)R IDA (ms)
Neutral 99.56 0.04 0.29 0.2493
Angry 94.47 0.40 5.12 0.3746
Happy 94.36 0.48 5.16 0.3622
Boredom 99.57 0.03 0.40 0.2682
Fear 96.95 0.26 3.51 0.2792

Figure B3l compares the epoch estimation using conventional ZFF method and the proposed modi-
fied ZFF method. Figure[3.3(a) shows the ZFF'S of a segment of angry speech. The corresponding zero
crossings termed as epochs are plotted in Figure B.3(b). The fixed window length results in spurious
zero crossings. Figure [3.3(d) shows the ZFFS for the same segment obtained from the method given
in [111]. Even though, the number of spurious zero crossings are reduced, it still leaves some spurious
zero crossings unaltered. To analyze this, the corresponding magnitude of STFT of ZFFS for the
both the methods are plotted in Figures B.3|(c) and (f). As it can be observed from both the figures,

the magnitude of the harmonics beyond the fundamental frequence are comparatively stronger. To
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alleviate this problem the trend removed ZFFS segment is passed through a low pass filter having cut
off frequency equal to 1.05 x Fj. This is to suppress the strength of the pitch harmonics that come
beyond Fj as shown in Figure 3:3((i). This resulted in further reduction of spurious zero crossings
as given in Figure B3[(h). Similarly, all the ZFFS segments obtained are concatenated together to
obtain the modified ZFFS. Modified epochs are estimated by finding the positive zero crossing in the
modified ZFFS. The performance after the low pass filtering of ZFFS is given in Table Table
also shows the improved epoch estimation performance for the Hindi emotional speech database. As
given, it further improves with low pass filtering. Thus the proposed modified ZFF method employs
both variable window length and low pass filtering for the epoch estimation.

The steps in the modified ZFF method can be summarized in Table [3.4]

Table 3.4: The steps in the modified ZFF method for epoch extraction from emotional speech

e Compute the ZFFS using conventional ZFF method.

e Compute Fjy as the highest magnitude frequency value in the STFT of each 25 ms
non-overlapping ZFFS frames.

e Derive window length as the reciprocal of Fj for each frame.

e Remove the trend in the corresponding segment of the resonator output signal y(n)
(Equation (3:2])) using a moving average filter of length equal to the window length
of that segment, as given in Equation (3.3)).

e Low pass filter each of the trend removed ZFFS segment with a cut off frequency
equal to 1.05 x Fy.

e Concatenate all the modified ZFFS segments to obtain the modified ZFFS signal.

e Hypothesize the negative to positive zero crossings of the modified ZFFS as the
estimated epoch locations.

It is to be noted that, even though there is a significant improvement in the epoch estimation due
to the modified ZFF method for the emotional speech case, still the performance in case of angry,
happy and fear are not comparable with that of the neutral or boredom. To study the reason for
this, the glottal waves from these five emotions are analyzed. Figure 3] shows the speech waveform,
glottal wave and difference of glottal wave of five emotions under the condition of same speaker, text

and syllable. The prominent features in the difference glottal wave are the impulse-like discontinuities.
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Table 3.5: Epoch estimation performance of refined ZFF method on various emotions

Emotion IDR (%) | MR (%) ?(;?)R IDA (ms)
Neutral 99.61 0.09 0.29 0.2422
Angry 96.20 0.37 3.43 0.3569
Happy 95.27 0.43 130 0.3544
Boredom 99.55 0.06 0.39 0.2688
Fear 96.95 0.25 2.80 0.2721

Table 3.6: Epoch estimation performance of refined ZFF method on various emotions from Hindi emotional
speech database

Emotion IDR (%) | MR (%) ](5:?)1:{ IDA (ms)
0

Neutral 99.56 0.64 0.37 0.2549

Angry 98.33 0.68 0.99 0.2668

Happy 99.27 0.08 0.65 0.2313

Boredom 99.54 0.05 0.41 0.2799

The amplitude of these impulse like discontinuities give an indication about the intensity with which
the closing of vocal folds occur. Hence the difference glottal wave may be treated as the representative
of strength of excitation. The strength of excitation of the emotions like angry, happy and fear are low
as compared to neutral and boredom emotions. This is due to the rapid pitch variations and/or the
difference in the nature of vocal folds activity for these emotions. The rapid pitch variations cause the
vocal folds to vibrate with the lower suction pressure and hence the reduced strength of excitation.
Depending on the psychological state of particular emotion, the tension associated with the vocal
folds and associated muscle structure may be different. Because of these factors, the impulse strength
may not be as prominent in the case of neutral and boredom emotions. These can be observed by
comparing the difference glottal waves of different emotions. This in turn may result in the reduction
of energy around the zero frequency region, leading to the spurious epochs detection. This may be
the reason for the reduced epoch estimation performance in case of angry, happy and fear emotions.

Further exploration and understanding is required in this direction.
3.5 Estimation of Expressive Parameters from Modified ZFFS

Modified ZFF method is used to compute the instantaneous Fy contour and strength of excitation
from the emotional speech utterances for the expressive speech analysis. The sentence level duration

of emotional utterances are also used for expressive speech analysis.
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Figure 3.4: Comparing the FO contour obtained using conventional and refined ZFF method. The FO contour
obtained from, a neutral ((a)-(c)) and angry ((d)-(f)) speech signals using conventional and refined ZFF methods.

3.5.1 F;, Parameters [13]

The instantaneous pitch period or the epoch interval can be found by the successive difference
between the estimated epoch locations. Taking the reciprocal of each epoch interval, multiplied by
the sampling frequency gives the fundamental frequency (Fp) [13]. Figure B4 shows the Fyy contours
derived from the estimated epochs using conventional and modified ZFF methods for neutral and
angry emotional speech signals. It is to be observed from the Figures B.4(b) and (c) that the Fy
contours obtained using conventional and modified ZFF methods remain nearly same for the neutral
emotion. For angry emotion, the Figures B.4le) and (f) indicate that the F{ values obtained using
the modified ZFF method are more continuous than that obtained using conventional ZFF method.

Hence the merit of the modified ZFF method.
3.5.2 Strength of Excitation [90]

The strength of excitation is referred to as the amplitude of the glottal impulses of the excitation
waveform. Hence the strength of excitation is otherwise known as the rate of glottal closure [90]. The

strength of excitation is proportional to the peak intensity of the glottal wave derivative at the glottal
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Figure 3.5: Strength of excitation in GA and non-GA Regions. (a) a voiced segment of speech waveform
, (b) corresponding ZFFS segment and (c) Strength of excitation. (d) An unvoiced waveform segment, (e)
corresponding ZFFS segment and (f) strength of excitation.

closure instants. The strength of excitation can be computed as the slope of the ZFFS computed
around each epoch location. The regions of the glottal activity (GA) can be determined from the
strength of excitation. Figure plots the strength of excitation of the GA and non-GA regions.
The lower strength values in the non-GA regions (Figure B5(f)) have to be observed as compared to
strength of excitation in the GA regions. Also the ZFFS segment (Figure[3.5(e)) in the non-GA region
is more random as compared to the GA region ZFFS (Figure B.5(b)).

As the strength of excitation is significant in the GA regions than the non-GA region, the GA
detection can be done by putting a threshold in the strength of excitation values. Typical threshold
for GA detection is experimentally found to be 10% of the maximum strength of excitation value of
the entire speech utterance. The characteristics of the strength of excitation values and instantaneous

Iy values in the GA regions are considered for the expressive speech analysis.
3.5.3 Duration parameters

For the present work, the sentence duration of the emotional speech utterances are considered as
the duration parameters for the expressive speech analysis. The sentence duration of various emotions

are measured directly by computing the length of emotional speech utterances in the database. The
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Table 3.7: Expressive parameters of different emotions from EGG and speech of German emotional speech

corpus.
Emotion Foaug Std. Dev. Epoch Dur.
(Hz) F, (Hz) Strength (Norm. Amplitude) | (s)
EGG | Speech | EGG | Speech | EGG Speech
Neutral | 174.53 | 180.86 | 30.73 | 35.10 0.60 0.51 2.26
Angry | 279.67 | 301.59 | 57.09 | 60.44 | 0.50 0.41 2.59
Happy 259.76 | 287.17 | 47.70 | 55.58 0.47 0.38 2.43
Boredom | 168.08 | 175.60 | 36.34 | 39.36 | 0.59 0.52 2.70
Fear 243.19 | 249.10 | 45.66 | 45.56 0.54 0.42 2.240

sentence duration of various utterances are measured in seconds (s).
3.6 Expressive Parameters from EGG and Speech

Figure plots the EGG signals, strength of excitation and Fy contours estimated from the EGG
signals using ZFF method for five different emotions, for a given speaker and sentence. The envelopes
of EGG signals are different indicating different way of modulation of air flow for each emotion.
The variation in the nature of strength of excitation contours across different emotions indicate the
difference in the rate of closure of vocal folds. It is interesting to observe that the maximum values of
strength of excitation is even more compared to that of EGG. Hence the amplitudes in the two cases
may represent different aspect of source information. The Fy contours are different indicating the
influence of emotion on the pitch periodicity. Figure B.7] represents the same expressive parameters
derived from the speech signals using ZFF method. The difference in the envelopes of speech signals
and strength of excitation contours are attributed to the effect of emotion. The difference between
the envelopes of strengths of excitation derived using EGG and speech indicate that the observation
using speech case may not directly correlate well. However, the general trend remains same in both
the cases. The similarity in the Fy contours can be observed for both the cases. Apart from Fj
and strength of excitation contours, the overall duration of the utterances are also vary for different
expressions. From Figures B.7 and [B.6, the variations in the length of emotional speech utterances

indicate the effect on duration in various emotions.
3.6.1 Comparison of Expressive Parameters

As per Figures and B.7 angry and fear emotions have highest range of pitch values, whereas

boredom has the lowest pitch contour values. In the case of strength of excitation, boredom has the
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Figure 3.6: EGG, estimated strength of excitation and instantaneous Fy contours from EGG of Neutral ((a)-

(c)), Angry ((d)-(f)), Happy ((9)-(i)), Boredom ((j)-(1)) and Fear((m)-(0)) emotions, respectively.
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Figure 3.7: Speech waveforms, estimated strength of excitation and instantaneous Fy contours of Neutral

((a)-(c)), Angry ((d)-(f)), Happy ((9)-(i)), Boredom ((j)-()) and Fear((m)-(0)).
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Table 3.8: Expressive parameters of different emotions from EGG and speech of German emotional speech
corpus for Male speaker case. The prosodic parameters are computed for two texts and three male speakers

Emotion Foaug Std. Dev. Epoch Dur.
(Hz) Fy (Hz) Strength (Norm. Amplitude) | (s)
EGG | Speech | EGG | Speech | EGG Speech

Neutral | 107.61 | 108.86 | 18.81 18.71 0.52 0.50 2.17
Angry 189.93 | 196.03 | 48.11 | 46.96 | 0.38 0.38 2.72

Happy 180.81 | 199.02 | 51.14 | 47.03 0.35 0.42 2.33
Boredom | 110.70 | 111.44 | 26.15 | 26.56 0.51 0.57 2.83
Fear 161.26 | 162.15 | 26.55 | 28.83 0.44 0.43 2.26

highest, and angry and fear have the lowest values. Tables 3.7 provide Fpa.g, standard deviation of
Fy, strength of excitation and the overall duration of the utterances computed across nine sentences
and eight speakers (5 males and 3 females) using EGG and speech signals of German emotional speech
database. In case of duration, boredom showed the increased sentence duration compared to other
emotions in the database. Even though the respective values are different in the two cases of EGG
and speech, the trend is same across all the parameters. This infers that if trend is the required
information, then we can derive the same either using speech or EGG. Table presents the same
expressive parameters estimated from Hindi emotion database with four emotions across 10 sentences
and 4 speakers (2 males and 2 females). From Tables B.7 and [B.I0] it has to be observed that the
expressive parameters estimated from corresponding emotions of German and Hindi languages follow
almost similar trend. However, a varied trend in the overall duration characteristics is observed for
angry emotions of German and Hindi languages. Table and Table B.9 show the variations of the
prosodic parameters across various expressions in German emotional speech database for male and
female speakers respectively. Three male and female speakers for two different texts are used for the
analysis of prosodic parameters. The observed trend for whole German emotional database remained

same when the prosodic parameters are separately computed for the male and female speakers.

3.7 Summary & Conclusions

In this chapter, variations in the expressive parameters like instantaneous Fp, strength of excita-
tion and duration are observed for various emotions by analyzing the EGG recordings. To estimate
these expression specific parameters ZFF method is used. Even though conventional ZFF method

reliably estimates accurate epochs location from neutral speech signals, it shows degradation in the
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Table 3.9: Expressive parameters of different emotions from EGG and speech of German emotional speech
corpus for Female speaker case. The prosodic parameters are computed for two texts and three female speakers

Emotion Foaug Std. Dev. Epoch Dur.
(Hz) F, (Hz) Strength (Norm. Amplitude) | (s)
EGG | Speech | EGG | Speech | EGG Speech

Neutral | 191.38 | 193.54 | 36.94 | 36.85 0.57 0.50 2.06
Angry | 296.50 | 301.59 | 63.98 | 58.51 0.32 0.39 2.22

Happy 270.79 | 277.65 | 58.28 | 57.13 0.45 0.36 2.20

Boredom | 174.67 | 177.93 | 37.21 38.27 0.58 0.55 2.34
Fear 241.70 | 242.35 | 40.79 | 36.52 0.41 0.44 2.06

Table 3.10: Expressive parameters of different emotions from EGG and speech of Hindi emotional speech

corpus.
Emotion Foavg Std. Dev. Epoch Dur.
(Hz) Fy (Hz) Strength (Norm. Amplitude | (s)
EGG | Speech | EGG | Speech | EGG Speech
Neutral | 190.9 196.7 67.7 72.8 0.58 0.53 3.44
Angry 239.4 | 246.7 68.0 90.3 0.41 0.38 2.81
Happy 222.6 236.1 63.6 79.3 0.50 0.54 4.11
Boredom | 151.4 156.9 60.1 76.7 0.62 0.52 4.73

estimated epochs in case of emotional speech. In this chapter, a modified ZFF method is proposed
by smoothing the ZFFS obtained by the conventional ZFF method for removing the spurious zero
crossings introduced due to rapid pitch variations in the emotional speech. Performance evaluation
of refined ZFF method indicates the robustness of the epoch extraction for various emotions in two
languages. The expression specific features are estimated from the refined ZFFS. The next chapter
presents the proposed epoch based dynamic prosody modification tool using ZFFS to incorporate the

variations in the expressive parameters for neutral to expressive speech conversion.
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4.1 Objective

4.1 Objective

Modifying the prosody parameters like pitch, duration and strength of excitation by desired factor
is termed as prosody modification. The objective of this chapter is to develop an epoch based dynamic
prosody modification method which can be used for effectively incorporating the dynamic variations
in the prosodic parameters with reduced perceptual distortion. A computationally fast static prosody
modification method with reduced perceptual distortions using ZFF method is developed in the first
part of the chapter. The perceptual quality of the existing epoch based prosody modification is
improved by using the accurate epochs location estimated using ZFF method instead of the GD based
epochs locations as pitch marks in the existing epoch based prosody modification. The computational
complexity is further reduced by performing the prosody modification directly on the speech waveform
samples. The second part of the chapter develops a dynamic prosody modification method based on
zero frequency filtered signal (ZFFS), a byproduct of zero frequency filtering (ZFF). The existing
epoch based prosody modification techniques use epochs as pitch markers and the required prosody
modification is achieved by the interpolation of epoch intervals plot. Alternatively, this work proposes
a method for prosody modification by the resampling of ZFFS. Also the existing epoch based prosody
modification method is further refined for modifying the prosodic parameters at every epoch level.
Thus providing more flexibility for prosody modification. The general framework for deriving the
modified epoch locations can also be used for obtaining the dynamic prosody modification from existing
PSOLA and epoch based prosody modification methods. The quality of the prosody modified speech
is evaluated using waveforms, spectrograms and subjective studies. The dynamic prosody modified
speech files synthesized using the proposed, epoch based and TD-PSOLA methods are available at

http://www.iitg.ac.in/eee/emstlab /demos/demo5.php.
4.2 Introduction

Prosody modification is the process of changing the pitch, duration and strength of excitation
of a recorded or synthesized speech according to the given modification factor [112]. The resulting
prosody modified speech should be natural, free from spectral and temporal distortions, and preserve
the speaker dependent features of the original speech signal [112] [113]. The pitch and duration
modifications are extensively used as part of unit selection based text to speech synthesis (TTS)

engine to remove the discontinuities due to the concatenation of various sound units selected from
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different contexts of a large database [64]. The emotion conversion can be achieved by modifying
the prosody parameters of neutral speech according to the target expression [7,17,21]. The prosodic
information in emotional speech changes continuously. The well known existing prosody modification
methods work well for static modification factors. On the other hand what is needed in tasks like
emotional speech conversion is a dynamic prosody modification method. Such a method offers flexibility
for prosody modification and hence the motivation for this work.

There are several methods discussed in the literature for prosody modification [11,63,99]. Among
these PSOLA and epochs based prosody modification methods are popular methods for prosody
modification. The perceptual quality of the prosody modified speech using PSOLA methods depends
on the accuracy of the pitch markers estimation. As estimating epochs from speech provide more
accurate pitch marker locations, prosody modification can also be performed using epochs as the
anchor points [11,30,114]. The epochs in speech refer to the instants of glottal closure in case of voiced
speech and random instants like onset of frication or burst in case of unvoiced speech [11,12,88,104].
The prosody modification approach developed in [11] uses epochs estimated using group delay (GD)
analysis as the pitch markers.

The prosody modification techniques discussed above are proposed mainly for prosody modification
by time invariant modification factor where the pitch, duration and energy of the original waveform are
scaled by static values, uniformly across the whole utterance [113,115-117]. However, in real scenario,
for instance, emotional speech, the prosody parameters vary continuously and non-uniformly. Thus
incorporating the prosody parameters by static prosody modification may not be effective in the
applications like neutral to target emotional speech conversion. The dynamic prosody modification
technique capable of non-uniformly modifying the prosody parameters is required. The works reported
in [115,116] propose an improvement over PSOLA for achieving time varying prosody modification.
Here, the prosody parameters of the given syllable are modified dynamically according to the prosodic
trajectory predicted by the prosodic processing unit of the text analysis stage of a concatenative TTS
system. The shape invariant prosody modification methods based on sinusoidal analysis and synthesis
are proposed in [113,117]. Instead of using arbitrary phase values for sinusoidal synthesis, the shape
invariance is achieved by keeping the phase relations of excitation and system components consistent
with the prosody modification factors during the sinusoidal synthesis for every pitch interval [113].

Along this direction, the present work proposes an epoch based dynamic prosody modification method
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using zero frequency filtered signal (ZFFS). Also the proposed method provides a general frame work
where any existing technique can be used to modify according to desired dynamic prosody modification
factors.

The epochs and ZFFS are the byproducts of the ZFF approach. The epoch based approaches
in [11] compute the epoch intervals plot and interpolate it according to the prosody modification
factor. The modified epochs location are then derived and used for generating the prosody modified
speech. Alternatively, this work proposes that the ZFFS itself can be directly resampled according to
the modification factors and used for deriving the modified epochs location. Hence the basis for the
proposed dynamic prosody modification method. Further, as will be described later, in the proposed
method, the prosody modification factors can be changed dynamically and hence offers more flexibility.

The novelty of this work include the following:

e Use of ZFF epochs to improve the perceptual quality and reduce the computational complexity

in the existing epoch based prosody modification.
e A method for deriving modified epoch locations using ZFF'S.
e A method for dynamically changing the prosody modification factor using ZFFS.

Apart from the above mentioned novel aspects, the existing solution in the literature for identifying
glottal activity (GA) regions using ZFFS [118] is integrated into the epoch based prosody modification
approach for performing prosody modification only in the voiced regions.

The rest of the chapter is organized as follows: A computationally fast static prosody modification
method is proposed in Section 4.3l Section [4.4] describes the development of the proposed epoch based
dynamic prosody modification method using ZFFS. The experimental results and discussion are given
in Section Finally Section summarizes the works done in this chapter towards epoch based

prosody modification.
4.3 Computationally Fast Static Epoch Based Prosody Modification

There are three main steps involved in the proposed fast prosody manipulation.

(i) Deriving the epochs from the speech signal by the ZFF method.
(ii) Deriving a modified (new) epoch sequence according to the desired prosody (pitch and duration).

(iii) Deriving a modified speech signal from the modified epoch sequence.
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4.3.1 Deriving the epochs using ZFF method

The epochs estimated using the GD based approach used as the pitch marks in the existing epoch
based prosody modification is replaced with the ZFF epochs in the proposed fast prosody modification.

The reasons for using ZFF epochs for prosody modification are the following:
e Epochs estimated using ZFF method are more accurate than the GD based epochs

e ZFF method is computationally less complex than the GD method

Table 4.1: Performance of ZFF and GD methods for determining instants of significant excitation.

| Method [ IDR (%) | MR (%) | FAR (%) | IDA (msec) |

GD Method 94.48 4.07 1.45 0.45
ZFF Method 99.67 0.02 0.31 0.26

The CMU-Arctic database having simultaneous recordings of speech and EGG signals [119] was
used to evaluate the GD and ZFF methods for determining the epochs location. This database
consists of 1132 phonetically balanced English sentences, spoken by two male and one female talkers.
The duration of the speech utterance is about 3 sec. For each speaker 100 sentences are randomly
selected forming a set of 300 sentences. The reference epochs location are extracted from the voiced
segments of the EGG signals by finding the peaks in the differenced EGG signal. The performance of
epochs estimation was evaluated only in the voiced segments which contains a total of 42065 reference
epochs. Table [41] compares the performance of epochs estimated using ZFF and GD methods. The
improved epoch identification rate and identification accuracy and reduced epoch miss rate and false
alarm rate of the ZFF based method as compared to the GD based method can be observed from the
Table [£11

4.3.2 Deriving the modified epochs location for prosody modification

The modified epochs location for the epochs based prosody modification is obtained by deriving
the epoch interval plot from the estimated epochs locations.The term epoch interval refers to the
interval between successive epochs [11]. This epoch interval corresponds to the instantaneous pitch
period. For duration modification, the epoch interval plot obtained is interpolated and resampled
according to the static duration modification factor. For pitch modification, the interpolated epoch

interval plot is scaled according to the static pitch modification factors [11]. Starting from a point,
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new locations are derived from the modified epoch interval plot (interpolated and resampled original
epoch interval). These new locations will be the modified epoch locations for the desired pitch and

duration modification.
4.3.3 Waveform Generation

After obtaining the modified epochs, the next step is to derive the speech signal. For this, the
original epochs closest to the modified epochs are determined. The speech samples around the original
epoch are placed starting from the corresponding new epoch. Since the value of the desired epoch
interval is different from the value of the corresponding original epoch interval, it is necessary to
either delete some speech samples or append some new speech samples to fill the new epoch interval.
Deletion of required number of speech samples is made in the tail portion of the selected speech
samples. Insertion of required number of speech samples is achieved by suitably resampling about
10% of the tail portion of the selected speech samples and appending them to the end. Changes in
the spectral features are visible for large modification factors of pitch period and duration as can
be seen in the narrowband spectrograms for pitch period modification by 2.0 given in Fig. L1l The

degradation seems to be more for residual modification compared to waveform modification.
4.3.4 Computational efficiency of the proposed fast prosody modification method

The first observation is that the ZFF method works directly on the speech signal, and hence
does not need LP analysis as in the GD method. The ZFF does not need GD analysis which is a
computation intensive process. Finally, the ZFF method does not employ block processing for every
sample shift to determine the instants. A speech signal (about 3 sec duration) for the text “Don’t ask
me to carry an oily rag like that” taken from the TIMIT database is used for determining the instants
of significant excitation using both the GD and ZFF methods. Both the Matlab programs were run
on the same computer. The time taken for determining the instants was about 4.83 secs in the case
of the GD method, and it was only about 15.6 msec in the case of the ZFF method, demonstrating
the computational efficiency of the ZFF method for finding the instants of significant excitation.

For analyzing the computational efficiency, the same speech utterance from TIMIT database is
used for prosody modification (pitch period by 0.66, and duration by 2) using (i) epochs from the
GD method and residual modification (EGD-RM), (ii) epochs from the ZFF method and residual

modification (EZFF-RM), and (iii) epochs from the ZFF method and speech waveform modification
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Figure 4.1: Speech waveforms and their narrowband spectrograms for original speech ((a) and (b)), pitch

modification by factor of 2.0 for EZFF-RM((c) and (d)) and EZFF-SM ((e) and (f)).

Table 4.2: Computational time for prosody modification.

‘ Method ‘ Time for prosody modification ‘

EGD-RM 6.22 sec
EZFF-RM 1.78 sec
EZFF-SM 0.93 sec
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(EZFF-SM). The time taken for each method is tabulated in Table The time for the proposed

prosody modification (EZFF-SM) is significantly lower than the other two methods.
4.3.5 Subjective Evaluations

Performance of the proposed prosody modification (EZFF-SM) method is compared with EGD-
RM, EZFF-RM, and also with the PSOLA method operating on the speech waveform called time
domain (TD)-PSOLA . The TD-PSOLA method performs pitch and time-scale modifications of the
speech waveform using pitch markers as anchor points. Perceptual evaluation was carried out by

conducting subjective tests with 10 research scholars. Two sentences of Indian English accent (1

male and 1 female) and two sentences of American English accent (1 male and 1 female) are used for
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Table 4.3: Ranking used for judging the distortion of the speech signal for different modification factors

‘ Rating ‘ Speech Quality ‘ Level of distortion ‘
1 Unsatisfactory | Very annoying and objectionable
2 Poor Annoying but not objectionable
3 Fair Perceptible and slightly annoying
4 Good Just perceptible but not annoying
5 Excellent Imperceptible

Table 4.4: Mean opinion scores for different pitch modification factors.

| Method [0.66] 1.5 [ 2.0 |

TD-PSOLA | 2.31 | 2.97 | 2.39
EGD-RM | 3.46 | 2.84 | 2.03
EZFF-RM | 3.90 | 3.38 | 2.34
EZFF-SM | 3.44 | 3.68 | 3.03

prosody modification. For each sentence the pitch period was modified by three factors: 0.66, 1.5 and
2. Similarly, the duration was modified by factors: 0.5, 1.5 and 2.5. After the required modification
using the three methods, the filenames were coded to avoid bias toward a specific method. The tests
were conducted by playing the speech signals through headphones. In the test, the subjects were asked
to judge only the distortions present in the speech for various modification factors on a five-point scale
given in Table

The Mean Opinion Score (MOS) for each of the pitch period and duration modification factors are
given in Tables[4.4] and [4.5], respectively. For moderate modification factor of 1.5, all the methods seem
to provide at least fair quality speech, and among these the proposed method provides the best possible
speech quality. For all the modification factors, the scores for the methods based on the knowledge of
the instants of significant excitation are better than the TD-PSOLA. This demonstrates the significance

of the instants of significant excitation for prosody modification. The TD-PSOLA method uses pitch

Table 4.5: Mean opinion scores for different duration modification factors.

| Method | 05 [ 1.5 | 2.5 |

TD-PSOLA | 2.75 | 3.17 | 2.05
EGD-RM | 3.41 | 3.86 | 2.59
EZFF-RM | 3.79 | 4.67 | 3.72
EZFF-SM | 3.97 | 4.52 | 3.88
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Table 4.6: Comparison of significance of differences in MOS scores of different methods with EZFF-SM for

pitch modification and duration modification.

Pitch Modification
Modification factors | EZFF-RM | EGD-RM | TD-PSOLA
0.66 <80 <80 >=99
1.5 <80 >=95 >=90
2 >=90 >=97.5 <80
Duration Modification
0.5 <80 <80 >=99.5
1.5 <80 >=95 >=99.5
2.5 <80 >=95 >=99.5

markers computed by conventional pitch extraction methods like autocorrelation analysis. From the
speech production and perception point of view, most of the speech signal characteristics are present
in the samples around the instants of significant excitation. Thus preserving these samples using the
knowledge of the instants of significant excitation results in better speech quality. Table gives the
level of significance obtained by student-t distribution of the difference in MOS of the proposed EZFF-
SM from other methods for pitch and duration modifications [120]. From Table[4.6] it can be seen that
difference in MOS score for TD PSOLA and EZFF-SM is significant as the level of confidence is more
than 99. Also it is to be noted that the level of significance of difference between MOS scores of EZFF-
SM and EZFF-RM is less than 80 both in the case of pitch and duration modification. Lower values of
confidence level between the MOS of EZFF-SM and EZFF-RM indicates nearly the same perceptual
qualities of speech produced from both the approaches. The difference between speech produced by
ZFF based direct waveform prosody modification and GD based residual prosody modification is also
significant as given in the Table

It is interesting to note that the degradation in perception quality is less in duration modification
compared to pitch period modification. This is because in duration modification the waveform in each
pitch period is preserved. Only the number of pitch cycles are either reduced or increased depending
on the modification factor. On the other hand, in pitch period modification the waveform is either
truncated or stretched depending on the modification factor. Thus the degradation will be more for
large pitch period modification factors. The residual modification seems to introduce higher distortion
compared to waveform modification for large pitch modification factors as can be seen from column

four in Table (4.4
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4.4 Dynamic Prosody Modification using Zero Frequency Filtered Signal

4.4 Dynamic Prosody Modification using Zero Frequency Filtered
Signal

The epochs estimated using the ZFF method are used as the pitch markers for modifying the du-
ration and pitch of the given speech signal. The modified epochs location for prosody modification are
obtained by resampling of ZFFS. To achieve efficient prosody modification with reduced computation
complexity, the prosody modification is performed on the speech waveform itself. There are mainly

three steps in the prosody modification, namely,
(i) Finding the epochs location using ZFF method.
(ii) Deriving the modified epochs location according to desired prosody using ZFFS.
(iii) Reconstructing the speech waveform according to modified epochs location.

Section 41 and Section 42| give the detailed description of the proposed method for duration and

pitch modification for dynamic modification factors, respectively.
4.4.1 Dynamic Duration Modification

The term epoch interval refers to the interval between successive epochs [11]. In dynamic duration
modification, the duration of all the epoch intervals in the speech signal are modified according to the
given time varying duration modification factor ;. The 3; represents the duration modification factor
for the signal samples present in the epoch interval starting from the i** epoch. The steps involved in

the dynamic duration modification are as follows:
(i) Find the epochs location using the ZFF method.

(ii) Find the positive integers P; and @; such that §; = P;/Q;, where [3; is the duration modification

factor for the i*" epoch interval.
(iii) The ZFFS samples for the epoch interval starting from i*" epoch are resampled according to 3;.

iv) For deriving the modified epochs location, the interval between every it" and i + Q" positive
1

zero crossings of the resampled ZFFS is divided into P; equal intervals.

(v) The begin of each of these intervals is identified as the modified epoch location.
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4. Epoch Based Dynamic Prosody Modification

(vi) For each of the modified epoch location, the nearest original epoch location is found out and the

speech samples in its epoch interval are copied.
(vii) The steps 3 to 6 are repeated for all the epoch intervals.
(viii) The final result is the dynamic duration modified speech signal.

Figure [4.2] illustrates the proposed dynamic duration modification method using a segment of
voiced speech given in Figure €.2(a). Figure [£2(b) shows the ZFFS of this speech. Figure [£2)(c)
is the resampled ZFFS for the dynamic duration modification. The resampled ZFFS is obtained
by considering the original ZFFS segment from every epoch interval, resampling it according to the
desired ; and then concatenating. For this example, the duration modification factors are varied from
1.5 (initial region) to 0.5 (final region). In Figure £2(d), the original epochs location obtained from
the original ZFFS are marked as 'O’. Figure [£.2[e) shows the positive zero crossings of the resampled
ZFFS indicated by 'R’. Figure L.2(f) shows the modified epochs location obtained for the desired
dynamic duration modification. The corresponding original epochs are shown in Figure [f2(g). The
dynamic duration modified speech segment obtained by copying the speech samples using original
epochs 'O’ (Figure [£.2(g)) is shown in Figure [£.2(h).

Figure demonstrates the duration modification applied for static duration modification for the
same voiced segment of speech used in Figure Static duration modification is achieved by keeping
the duration modification factors same for all the epoch intervals. The Figure [£.3] demonstrates the
static duration modification for B;=1.5 for all i, where i represents the i epoch. Thus the existing
static duration modification is indeed a special case of the proposed dynamic duration modification.
As illustrated later, the static modification case helps in illustrating the effectiveness of proposed
dynamic duration modification.

In the dynamic duration modification proposed above, all the epochs in the original signal are
considered for the duration modification as performed in [11]. However, modifying the duration of the
epochs in the unvoiced regions like fricatives and other unvoiced consonants causes unnaturalness to
the duration modification [121]. Intuitively also this is true because when we increase or decrease the
duration while speaking, most of the modification takes place only in the voiced regions. In particular,
vowel-like regions [121-123]. Thus the original duration of the unvoiced regions needs to be preserved

and the duration modification is to be performed only on the voiced regions.
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Figure 4.2: Deriving modified epochs location for dynamic duration modification with duration modification
factors varied dynamically from 1.5 to 0.5. (a) A voiced speech segment of the original speech, (b) ZFFS from
the voiced segment, (¢) Resampled ZFFS according to 3; (d) Original epochs location (indicated by *O’) , (e)
positive zero crossings from resampled ZFFS (indicated by 'R’), (f) modified epochs location (indicated by "M’),
(g) the mapped modified epochs location showing that the epoch intervals are repeated at the initial regions of
the segment and some of the epoch intervals are deleted towards the final region of the segment, and (h) the
corresponding dynamic duration modified segment.
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Figure 4.3: Demonstrating static duration modification as a special case of dynamic duration modification.(a)
Voiced speech segment from the original speech, (b)corresponding ZFF'S segment, (c¢) resampled ZFFS according
to B; = 1.5, (d) Original epochs location from original ZFFS segment (indicated by ’O’), (e) positive zero
crossings from resampled ZFFS (indicated by 'R’), (f) modified epochs location (indicated by 'M’), (g) mapped
modified epochs location showing the repetition of original epoch intervals and (h) the corresponding duration

modified speech segment according to [;.
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4.4 Dynamic Prosody Modification using Zero Frequency Filtered Signal

For finding the epochs in the voiced regions, GA regions are defined. A method for finding the GA
regions in the speech signal using ZFFS is described in [90]. The GA regions can be computed from the
strength of excitation of the epochs, which is defined as the slope of the ZFFS around each epoch [90].
Figures[d.4(a) to (c) show the original speech, modified ZFFS using (; = 1.5 for all 4, and the strength
of excitation of epochs derived from the resampled ZFFS, respectively. It can be observed that the
GA regions have larger strength of excitation. These GA regions can be defined using a threshold on
the strength of excitation. 30% of the average strength of excitation values, experimentally verified
for different databases, is used as the threshold for defining the GA regions [118]. The GA regions
derived from the strength of excitation are shown as dotted lines in the Figure [f4(b). Then the
final duration modified speech is generated by retaining the duration modified speech within the GA
regions and replacing the samples in the non-GA regions from the original speech signal. The steps

can be summarized as follows:
(i) Perform dynamic duration modification for all the epochs in both GA and non-GA regions.
(ii) Glottal activity regions are derived from the resampled ZFFS.
(iii) Retain the duration modified speech in the GA regions.
(iv) Replace the samples in the non-GA regions from the original speech signal.

Figure 44(d) plots the duration modified speech obtained using all the epochs, both from GA
and non-GA regions. By comparing Figures [4.4(a) and (d), the length of duration modified speech
using all the epochs is almost 3; times the length of original speech. Figure [4.4](e) shows the duration
modification using GA detection. By comparing Figures [4.4(a) and (e), it can be observed that the
durations of the non-GA regions of (a) (region around 0.6 sec of original speech) remains same as that
of the duration modified speech (region around 0.75 sec of (e)) after GA detection. Because of this
non-uniform duration modification, the overall length of the duration modified speech is less than g;
times the length of the original speech.

Figure[d.5l shows the spectrograms of original speech, duration modified speech using all the epochs
and using GA detection, corresponding to the waveforms shown in Figures d.4(a), (d) and (e), respec-
tively. The overall spectro-temporal characteristics of duration modified speech follows that of the
original speech, indicating no spectral distortions during the duration modification. In case of dura-

tion modification using GA detection, since there is no duration modification in the non-GA regions
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Figure 4.4: Demonstrating the duration modification for 8;=1.5. (a) Original speech, (b) modified ZFFS and
GA regions (dashed lines), (c) strength of excitation derived from modified ZFFS , (d) duration modified using
all the epochs and (e) duration modification after GA detection.
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(b)

Frequency (Hz)

Figure 4.5: The Spectrograms of (a) original speech, the (b) duration modified speech with 3;=1.5 using all
the epochs and (c) after GA detection.

(region around 0.75 sec), the spectro-temporal characteristics of these regions remain same as that of
the original speech (region around 0.6 sec).

Figure [£.6(c) plots the waveform and spectrogram of dynamic duration modified speech by varying
B; from 3.0 to 0.5. Different regions are changed by different duration modifications that can be
observed by comparing with the waveform of static modification given in Figure [4.6[(b). For instance,
the first GA region in Figure [L6(c) is elongated in duration and the last GA region is compressed in
duration. Where as, all the regions are uniformly duration modified in Figure [L.6(b). The duration of
the non-GA regions are kept intact as in the original speech and hence their spectral characteristics
remain same as in the original speech. This can be observed by comparing the region around 0.5 sec

in original and dynamic duration modified speech spectrograms.
4.4.2 Dynamic Pitch Modification

In the pitch modification, the pitch periods are either reduced or increased according to the desired
pitch modification factor. In dynamic pitch modification, such a variation is performed in a dynamic
fashion. The pitch modification can also be achieved by reconstructing the modified ZFFS according

to the dynamic pitch modification factor («;). The «; represents the pitch modification factor for the
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Figure 4.6: Dynamic duration modification. (a) Original speech signal and its spectrogram, (b) the static
duration modified speech by a factor 8; = 1.5 and its spectrogram and (c¢) Dynamic duration modified speech
with duration modification factor §; varying dynamically from 3.0 to 0.5 and its spectrogram.
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4.4 Dynamic Prosody Modification using Zero Frequency Filtered Signal

signal samples present in the epoch interval starting from the i*” epoch. The steps in the proposed

dynamic pitch modification are as follows:

(vii)

(viii)

(ix)

Find the epochs location using the ZFF method.
For the ith epoch, find the positive integers P; and Q; for «; such that o; = P;/Q;.

The interval between every P; original epochs location starting from it epoch is divided into Q;

equal intervals.
The begin of each of these intervals is identified as the modified epoch location.
For each of the modified epoch location, the nearest original signal epoch location is found out.

In case of decrease in pitch period, all the speech samples in the original pitch period starting
from the original epoch location are copied to the nearest modified epoch location in an overlap-

add manner [99].

In case of increase in pitch period, all the speech samples in the original pitch period starting
from the original epoch location are copied to the nearest modified epoch location and 10% of

pitch period samples from the tail end are extrapolated according to the modified pitch period .
The steps 2 to 7 are repeated for the remaining epochs starting from ¢ + Pith epoch.

The final result is the dynamic pitch modified signal by processing all the epochs present in both

GA and non-GA regions.
GA regions are derived from the original ZFFS.

The original speech samples are copied to the non-GA regions to obtain the final dynamic pitch

modified speech signal.

Figure [ shows (a) segment of voiced speech, (b) its ZFFS, (c) original epochs location, (c)

modified epochs location derived according to «; varied from 0.6 to 1.5 and (e) the sequence of

original epochs location that are close to the modified epochs location. In dynamic pitch modification

demonstrated here, the pitch modification factor is varied from 0.6 to 1.5. The modified epoch locations

for the first epoch (i = 1) of the given speech segment according to pitch modification factor a; = 0.6

(P;/Q; = 3/5) are obtained by inserting 5 (Q;) equal intervals between 1°¢ and 4"*(P; + 1**) original
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Figure 4.7: Deriving modified epochs location for dynamic pitch modification with «; varying from 0.6 to
1.5. (a) A voiced segment of original speech, (b) ZFFS from the voiced segment of original speech, (¢) Original

epochs location from the positive zero crossings of original ZFFS segment (indicated by ’O’) |

(d) modified

epochs location (indicated by 'M’), (e) the mapped modified epochs location shows the sequence of original
epoch intervals that are near to the modified epoch intervals and (f) the dynamic pitch modified speech segment.
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4t epoch location (i = 4)

epochs location. Then the pitch modification factor corresponding to the
is retrieved next. According to this pitch modification factor, again @); equal intervals are inserted
between 4" and (4 + P;)** epochs location. This process is repeated until the last epoch. After
deriving the modified epochs location, the original epoch location that are nearest to the modified

epochs location are noted. Figure[7(f) shows the dynamic pitch modified speech segment obtained by

using the original epochs give in Figure [£7(e). Figure shows the spectrograms of original speech,

Frequency (Hz)

Figure 4.8: Dynamic pitch modification. The (a) spectrogram of the original speech signal, (b) spectrogram
of the static pitch modified speech by a factor «; = 0.6 and the (c) spectrogram of the dynamic pitch modified
speech with pitch modification factor «; varying dynamically from 0.6 to 1.5.

pitch modified speech by a static modification factor, a;=0.6 for all ¢ and dynamic pitch modification
by varying «; from 0.6 to 1.5, respectively. The evidence of the dynamic pitch modification can be
observed from the Figure[4.8(c). The interval between pitch and its harmonics is large in the beginning
and reduces towards the end. Where as a constant upward shift 1/a; = 1/0.6 times the original pitch

can be observed from the spectrogram of static pitch modified speech.
4.4.3 Dynamic Excitation Strength Modification

In this work, the strength of excitation is defined as the amplitude of the impulse occurring around
the epochs. The strength of excitation is measured using the slope of the ZFFS around the epochs

as described in [90]. The strength of excitation is also an emotion specific parameter and hence its
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modification is essential for effective neutral to emotional speech conversion . The dynamic excitation
strength modification is achieved by scaling the speech samples in the epoch intervals according to
the dynamic modification factor ;. The ~; represents the excitation strength modification factor for
the signal samples present in the epoch interval starting from the i** epoch. The steps involved in the

dynamic strength modification are as follows:
(i) Find the epochs location using the ZFF method.

(ii) The speech samples for the epoch interval starting from i*” epoch are scaled according to 7; and

copied to a new array.
(iii) The above step is repeated for all the epochs.
(iv) The final result is the dynamic excitation strength modified speech signal.

Figure demonstrates the dynamic excitation strength modification with strength modification
factor v; varying from 1 to 0.1. Figure [£.9(b) shows the strength of excitation at the epochs location
for the speech signal given in Figure [£.9(a). Figure [4.9(c) shows the strength modified speech signal.
Figure[d9l(d) plots the strength of excitation at the epochs locations derived from the dynamic strength
modified speech signal and is found to be scaled according to ;. The Figures [L.9(e) and (f) show the
spectrograms of the original speech and dynamic strength modified speech. The strength modification
effect is reflected as the reduction in the intensity of gray scale values in the spectrogram as compared

to the original speech spectrogram.
4.4.4 Dynamic duration, pitch and strength modification

We discussed about modifying duration, pitch and strength in an independent manner. However,
the combined dynamic duration, pitch and strength modification is required for the neutral to target

emotion conversion. This can be achieved as follows.
(i) Derive the epochs from the speech signal by ZFF method.
(ii) Derive the duration modified epoch locations according to ;.

(iii) Derive the pitch and duration modified epoch locations by processing duration modified epoch

locations according to «.
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Figure 4.9: Dynamic excitation strength modification. The (a) original speech signal , its (b) strength of
excitation derived from ZFFS, (c) excitation strength modified speech signal with ~; ranging from 1 to 0.1, (d)
the modified strength of excitation obtained from ZFFS of strength modified speech, (e) spectrogram of the
original speech and (f) the spectrogram of the strength modified speech.
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(iv) While deriving the speech signal for the duration and pitch modified epoch locations, the speech

samples in the epoch interval of the i** epoch are scaled according to ;.

(v) The result is the dynamic duration, pitch and strength modified speech.

4.5 Experimental Results and Discussions

The effectiveness of the proposed dynamic prosody modification method is evaluated by subjective

studies. The subjective evaluations are carried out in three different ways, namely,
e Subjective evaluation for studying the effectiveness of GA regions
e Subjective evaluation for static prosody modification

e Subjective evaluation for dynamic prosody modification
4.5.1 Significance of GA detection for duration modification

The significance of GA detection for duration modification is studied by subjective evaluation.
Four phonetically balanced utterances from 3 speakers (2 males and a female) of Arctic database are
selected for the subjective evaluation. The files initially sampled at 32 kHz are down sampled to 8 kHz
and used for the evaluation. The duration modified files are synthesized for various static duration
modification factors using the proposed dynamic duration modification methods with and without
GA detection. The synthesized duration modified speech files from both the cases are paired with the
original file and used for the evaluation for each duration modification factor. The file names of the
synthesized files are coded to avoid biasing of the subjects towards a particular method. 15 research
scholars in the speech lab participated in the subjective evaluation. The subjects were instructed to
give their opinion scores based on the perceptual quality (naturalness and intelligibility) with respect
to the original file. The description for each of the scores are given in Table 4.7

Table .8 shows the Mean Opinion Scores (MOS) obtained for each of the modification factors.
For moderate modification factors like 0.7 and 1.5 the MOS scores obtained are nearly same. A
significant improvement in the MOS scores for the proposed duration modification by GA detection
compared to the case without using GA detection. This infers that only GA regions can be pro-
cessed for prosody modification. The duration modified files can be accessed from the following link,

http://www.iitg. ac.in/eee /emstlab/demos/demo6.php.
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Table 4.7: Ranking used for judging the distortion of the speech signal for different modification factors.

| Rating | Speech Quality | Justification for the ranking |
1 Unsatisfactory | Very annoying and objectionable
2 Poor Annoying but not objectionable
3 Fair Perceptible and slightly annoying
4 Good Just perceptible but not annoying
5 Excellent Imperceptible

Table 4.8: Mean opinion scores for different duration and pitch modification factors.

Method 05 | 0.7 | 1.5 ] 25
All Epochs 3.12 | 4.15 | 3.9 | 2.75
GA Region Epochs | 3.93 | 4.45 | 4.1 | 3.55

4.5.2 Subjective evaluation of static prosody modification

The utterances used for the subjective study are same as before. The proposed dynamic prosody
modification is initially evaluated for three different static duration and pitch modification factors.
The proposed prosody modification method using ZFFS (ZFFS-SM) is compared with the speech files
synthesized using TD-PSOLA, ZFF based LP residual prosody modification (ZFF-RM), ZFF based
fast prosody modification (FAST), and using the epochs obtained by ESPS (ESPS). For all these
methods, the epochs estimated using ZFF method are used as the pitch marks except for the speech
synthesized using ESPS. In ESPS, the epochs estimated using RAPT algorithm which is available
in ESPS toolkit is used. For all the methods the prosody modification is performed only in the GA
regions obtained by ZFF method. The subjects participated in this study also remained same as
before. Here the subjects were asked to rate the files according to the quality and distortion present
in the file. A pilot test was given to all the subjects before the evaluation. Table [4.7] describes the
significance of each of the scores used for the evaluation. The mean opinion scores (MOS) obtained
in this subjective study are given in Table

As we can observe from the Table 4.9, the MOS scores obtained for ZFFS-SM is comparable with
the existing methods like TD-PSOLA, ZFF-RM and FAST. Because of the accuracy of the ZFF epochs
compared to that obtained using ESPS, the speech synthesized using ZFFS-SM gets better scores com-
pared to that of ESPS. For the duration modification, the MOS scores of ZFFS-SM, TD-PSOLA and
FAST are comparable where as for pitch modification due to the truncation of the pitch cycle FAST

gave lower MOS scores compared to ZFFS in case of decreasing pitch period. Since the waveform gen-
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Table 4.9: Mean opinion scores for different duration and pitch modification factors.

Duration Modification

Method 05 | 1.5 | 25
ZFFS-SM | 3.59 | 4.32 | 3.75
TD-PSOLA | 3.64 | 4.28 | 3.64
ZFF-RM 3.17 | 3.82 | 3.17
FAST 3.23 | 3.98 | 3.52
ESPS 2.60 | 2.07 | 1.75
Pitch Modification

0.6 | 1.5 2
ZFFS-SM | 4.62 | 4.25 | 4.09
TD-PSOLA | 4.40 | 4.15 | 4.09
ZFF-RM 4.33 | 4.12 | 3.96
FAST 3.59 | 4.03 | 4.09

ESPS 2.54 | 3.17 | 3

eration method for increasing pitch period modification is nearly same as that of FAST, the MOS scores
for increasing pitch period is nearly same for ZEFS-SM and FAST (for the scale factors 1.5 and 2 in
the Table[9)). Since the waveform generation methods for TD-PSOLA and ZFF-SM are same for de-
creasing pitch period, the MOS scores for ZFFS-SM and TD-PSOLA are comparable. The synthesized

files can be accessed from the following link: http://www.iitg.ac.in/eee/emstlab/demos/demos.php
4.5.3 Subjective evaluation of dynamic prosody modification

The proposed dynamic prosody modification ZFFS-SM is compared with the TD-PSOLA, ZFF-
RM, FAST and ESPS methods for prosody modification. The dynamic prosody modification is eval-
uated for both dynamic duration and pitch modification. The dynamic duration modification is
evaluated for the duration modification dynamically varying from 2.5 to 0.5, and dynamic pitch modi-
fication is obtained by dynamically varying the pitch modification factors from 2 to 0.6. The proposed
method is used for deriving the modified epochs locations according to desired dynamic prosodic pa-
rameters for TD-PSOLA, ZFF-RM and FAST also. For all these methods the epochs estimated using
ZFF method are used as the analysis pitch marks. Whereas, the pitch marks locations estimated using
RAPT, are used as the analysis pitch marks for the dynamic prosody modification given in ESPS.

The coded speech files synthesized using proposed ZFFS-SM, and TDPSOLA, ZFF-RM and FAST
methods are presented to the same subjects who participated in the earlier subjective studies. The

subjects were asked to judge the quality and the level of distortion present in the synthesized speech
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Table 4.10: Mean Opinion Scores for dynamic duration and pitch modification.

| Method | MOS |

Duration Modification
ZFFS-SM 4.0
TD-PSOLA 3.90
ZFF-RM 3.18
FAST 3.75
ESPS 2.56

Pitch Modification
ZFFS-SM 4.25
TD-PSOLA 4.20
ZFF-RM 3.90
FAST 3.30
ESPS 3.10

files. The justification for each of the ratings are given in the Table L7l A pilot test was provided
to the subjects before conducting the subjective evaluations. The objective of the pilot test was to
demonstrate the dynamic prosody modification and to show how dynamic prosody modification is
different from the static level modification.

The algorithm used for modifying the epochs location remained same for the all the methods.
Table shows the MOS scores obtained for the dynamic duration and pitch modification. The
same trend can be observed in case of MOS scores obtained for dynamic prosody modification. ZFFS-
SM and TD PSOLA provided nearly same scores for both dynamic pitch and duration modification.
Like in the static modification case, in the dynamic case also ESPS shows degraded performance
compared all other methods due to deviation from the accurate epoch locations. The distortions
introduced due to sudden truncation of the pitch cycles causes the lowered MOS scores for FAST

compared to ZFFS-SM, TD-PSOLA and ZFF-RM.

4.6 Summary

In this chapter, an improved perceptual quality in the existing epochs based prosody modification
is achieved by using the accurate epochs location estimated from ZFF method. Also a computationally
fast prosody modification is achieved by performing the prosody modification directly on the speech
waveform. Then a dynamic prosody modification method is proposed using zero frequency filtered
signal obtained during the epoch extraction using ZFF method. The dynamic prosody modification

method developed in this work make use of the availability of ZFFS in the following ways for prosody
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4. Epoch Based Dynamic Prosody Modification

modification:
e Positive zero crossings of ZFFS for accurate estimate of the epochs locations
e The zero crossings of the resampled ZFF'S used as the reference locations for prosody modification
e GA regions can be found based on the strength of excitation computed from the resampled ZFFS

The GA detection used in the duration modification was found to improve the naturalness of the
duration modification than modifying the duration of all the epoch intervals without GA detection.
The proposed method to generate synthesis pitch marks can also be used for achieving the dynamic
prosody modification using epoch and PSOLA based techniques. The next chapter describes the

neutral to expressive speech conversion using epoch based dynamic prosody modification.

TH-1157_07610213

100



Dynamic Prosody Modification for
Neutral to Expressive Speech

)
Conversion
Contents
5.1 Objective of Neutral to Emotion Conversion . . . . ... ... .......
5.2 Introduction . . . . . . . . @ @ i i i i i i e e e e e e e e e e e e e e e e e 103

5.3 Text Dependent and Speaker Dependent Neutral to Emotion Conversion [10d
5.4 Text Dependent and Speaker Independent Neutral to Emotion Conversion[111
5.5 Text Independent and Speaker Independent Neutral to Emotion Conver-

53 e Y s
5.6 Subjective Evaluations . . ... ... ... ... . .0 000 117
5.7 SUmMmMAry . . v v v vt e e e e e e e e e e e e e e e e e e e e e e e e e 120

TH-1157_07610213

101



5. Dynamic Prosody Modification for Neutral to Expressive Speech Conversion

TH-1157_07610213

102



5.1 Objective of Neutral to Emotion Conversion

5.1 Objective of Neutral to Emotion Conversion

The objective of the work presented in this chapter is to demonstrate the effectiveness of dynamic
prosody modification in neutral to emotion conversion. In this work, the significance of dynamic
prosody modification in neutral to emotion conversion is presented at various levels. The effectiveness
of dynamic prosody modification is initially demonstrated for text dependant and speaker dependent
emotion conversion system, where the dynamic prosody modification factors are derived directly from
the available emotion speech in the target emotion. The experiments to study the effect of the dy-
namic prosody modification is then extended to text dependent and speaker independent case, where
the dynamic prosody modification factors required for the neutral to emotion conversion are stored as
patterns correspond to each GA region across various speakers in the database. Finally, the effective-
ness of dynamic prosody modification is demonstrated for German emotion speech database for text
independent and speaker independent case by comparing with the target emotion speech synthesized
by the gross level prosody modification. The effectiveness of the dynamic prosody modification for
neutral to emotion conversion in each level is confirmed by waveforms, spectrograms and subjective

evaluations of the synthesized emotion speech using dynamic prosody modification.
5.2 Introduction

The neutral to emotion conversion deals with incorporating emotion specific parameters in neutral
speech. The neutral to emotion conversion is achieved by modifying the emotion specific parameters
of the neutral speech according to the desired emotion. The neutral to emotion conversion can be
used as the back end post processing module of expressive speech synthesis system, where neutral
to emotion conversion module converts the synthesized neutral speech from the text to the required
emotion. The modification factors required for the neutral to emotion conversion are derived by
analyzing different emotion speech databases. Most of the works presented in the literature achieve
neutral to emotion conversion by modifying the emotion specific prosody parameters by fixed scaling
factors across whole neutral speech utterance [8,21]. However, the emotion specific parameters vary
dynamically for various emotions. From the analysis of emotion speech databases, the instantaneous
Fy, duration and strength of excitation are considered as the emotion specific parameters. Figure 5.1
plots the waveform, instantaneous pitch contour and strength of excitation of neutral and angry

emotion speech utterances. The dynamic variations in the instantaneous F{ of neutral and angry
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Figure 5.1: Dynamic variations in emotion specific prosodic parameters : The waveform, pitch contour and
strength of excitation of neutral ((a)-(c)) and target angry emotion ((d)-(f)).
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5.2 Introduction

emotion speech utterances can be observed by comparing the Figures 5.1 (b) and [Edl(e) at various
regions of the contours. The same dynamic variations in the strength of excitation also can be
observed for the same emotions by comparing the corresponding regions in Figures [5.1] (¢) and BI[(f).
Hence the incorporation of dynamic variations in these emotion specific parameters is essential for
effective neutral to emotion conversion. The work presented in this chapter describes the significance
of dynamic prosody modification for incorporating dynamic variations in instantaneous Fp, duration
and strength of excitation parameters for neutral to emotion conversion. The effectiveness of dynamic

prosody modification in emotion conversion is illustrated for the following cases:

e Text dependent and speaker dependent case
e Text dependent and speaker independent case

e Text independent and speaker independent case

A straight forward way to demonstrate the effectiveness of dynamic prosody modification is the
emotion conversion for text dependent and speaker dependent case. Here the dynamic prosody modi-
fication factors required for the emotion conversion are derived directly from the glottal activity (GA)
regions of target emotion speech. These dynamic prosody modification factors obtained for each GA
region are used for modifying the prosodic parameters of the corresponding GA region of the neutral
speech. Alternatively, the effectiveness of the dynamic prosody modification is illustrated by deriving
the dynamic prosody modification factors from each syllable like unit of the target emotion speech.
Here, the target emotion speech is synthesized by dynamically modifying the prosody parameters of
syllable like units of neutral speech according to corresponding dynamic prosody modification factors.
The emotion conversion is also achieved by dynamically modifying the prosodic parameters of each
phoneme unit of the neutral speech according to that of the target emotion.

For demonstrating the effectiveness of dynamic prosody modification in text dependent and speaker
independent case, the dynamic prosody modification factors corresponding to each GA region are
derived by computing the average across the speakers and stored as dynamic prosody modification
patterns in the database. For the emotion conversion, the prosodic parameters of the GA regions
of the neutral speech are modified according to the dynamic prosody modification factors stored as

patterns for the corresponding GA region.
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5. Dynamic Prosody Modification for Neutral to Expressive Speech Conversion

Dynamic prosody modification is demonstrated for text independent and speaker independent
neutral to emotion conversion where the dynamic prosody modification factors are derived for initial,
middle and final regions of the utterances in the emotion speech database. The target emotion speech is
synthesized by dynamically modifying the prosody parameters in initial, middle and final regions of the
neutral speech. The effectiveness of the dynamic prosody modification is demonstrated by subjective
comparisons with the text independent and speaker independent neutral to emotion conversion system
by static prosody modification of neutral speech.

The rest of the chapter is organized as follows: Section [(£.3] describes the effectiveness of dynamic
prosody modification in text dependent and speaker dependent neutral to emotion conversion system.
Section [B.4] describes the usefulness of dynamic prosody modification in text dependent and speaker
independent neutral to emotion conversion system. The effectiveness of dynamic prosody modification
in text independent and speaker independent neutral to emotion conversion is described in Section [5.5]
The subjective evaluation for each case is given in Section Finally Section [(.7] summarizes the
works done for demonstrating the significance of dynamic prosody modification for neutral to emotion

conversion.

5.3 Text Dependent and Speaker Dependent Neutral to Emotion
Conversion

To test the effect of dynamic prosody modification in neutral to emotion conversion, we use three
databases. The following subsection describes the information about the databases used for the neutral

to emotion conversion

5.3.1 Databases
5.3.1.1 German Emotion Speech Database [74]

The speech of five different emotions (Neutral, Angry, Happy, Boredom and Fear) across 9 texts
of 8 speakers (5 females and 3 males) from German emotion speech database are used for the present
work. The emotions are elicited by professional artists and the utterances are segmented at the syllable
level. The segmentation at the syllable-like unit level is carried out manually using electro-glottogram
(EGG) and spectrograms of the recorded emotion speech utterances. All the utterances in the database

are sampled at 16 kHz with 16 bit resolution per sample.
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5.3 Text Dependent and Speaker Dependent Neutral to Emotion Conversion

5.3.1.2 CSTR emotion speech database [36]

The CSTR emotion speech database consists of three emotions (Angry, Happy and Neutral)
recorded in UK English. 400 sentences are used for recording each emotion of two speakers (1 male
and 1 female). The female speaker in the database is a professional actress who worked in various TV
shows and the other speaker is not a professionally trained actor. The sentences used for the recording
are selected from UK newspapers and the sentences are selected for optimum phonetic coverage. The

emotion speech is recorded at 16 kHz sampling rate and 16 bits per sample resolution.
5.3.1.3 Hindi emotion speech database

Hindi emotion database is prepared by recording four simulated emotions (Angry, Happy, Neutral
and Boredom) of four speakers (2 males and 2 females). 10 Hindi sentences randomly selected from
Hindi broadcast news database are used for the recording. The speech for each emotion is collected
from every speaker in three sessions such that there are 3 examples for each emotion utterance for a
given speaker. The speakers used for the recordings are students of the speech laboratory. The speech

and EGG are simultaneously collected using an electro-glottograph for each speech utterance.
5.3.2 Hindi text dependent and speaker dependent neutral to emotion conversion

In text dependent and speaker dependent case, the F{y, duration and strength of excitation of each
glottal activity (GA) region of target emotion are imposed on the corresponding GA regions of the
neutral speech. The dynamic scaling factors are derived by scaling all the Fj and strength of excitation
values in the GA regions of target emotion with that of the neutral GA region. As the target and
neutral GA regions have different lengths and have different number of Fy and strength values, the
interpolation of Fy and strength values in each GA region is done. The interpolated Fy and strength
values in the GA regions are then resampled to match the length of the neutral and target emotion
GA regions before deriving the dynamic scaling factors.

The dynamic pitch and strength of excitation scaling factors are derived by dividing the inter-
polated and resampled Fj, and strength of excitation contours of target and neutral GA regions.
The duration scaling factors are derived by scaling the length of GA regions of target emotion with
the corresponding GA regions of the neutral. The prosody parameters of the neutral speech signals
are dynamically modified according to the dynamic prosody modification factors. Table Bl gives
the prosody modification factors of different speakers (Speaker-1 to Speaker-4). The dynamic scaling
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5. Dynamic Prosody Modification for Neutral to Expressive Speech Conversion

Table 5.1: The dynamic prosody scaling factors derived for neutral to angry emotion conversion for 3 speakers
from each of the GA regions.

Speaker GA; | GAs | GAs | GAy GAs | GAg | GA7 Average
Dynamic Pitch Modification Factors Fixed Pitch Modification Factor
Speaker 1 | 1.6+0.3 | 1.7+0.1 | 1.7£0.2 | 1.5+0.2 | 1.4+0.6 | 1.940.2 | 1.3+0.3 1.6
Speaker 2 | 1.24+0.2 | 1.1+0.3 | 1.2+.04 | 1.3+0.1 | 1.1£0.1 | 1.6+0.2 | 1.240.3 1.2
Speaker 3 | 1.1£0.2 | 1.4+0.4 | 1.24+0.1 | 1.240.1 | 1.3£0.1 | 1.3+0.1 | 1.3+0.2 1.3
Average | 1.3+0.2 | 1.44+0.3 | 1.44+0.1 | 1.3+£0.1 | 1.3+0.3 | 1.6+0.2 | 1.3£0.3 1.4
Speaker 4 | 1.04£0.3 | 1.1+0.1 | 1.4+0.1 | 1.44+0.1 | 1.1£0.2 | 1.24+0.1 | 1.0+0.1 1.2
Dynamic Duration Modification Factors Fixed Duration Modification Factor
Speaker 1 1.0 0.7 0.8 0.7 0.6 0.7 0.7 0.7
Speaker 2 1.1 0.9 1.0 0.8 0.9 0.9 0.9 0.9
Speaker 3 0.8 0.8 0.7 0.9 0.9 0.8 0.7 0.8
Average 0.9 0.8 0.8 0.8 0.8 0.8 0.8 0.8
Speaker 4 1.4 1.0 0.6 0.7 1.4 0.9 0.7 1.0
Dynamic Strength Modification Factors Fixed Strength Modification Factor
Speaker 1 | 0.840.3 | 1.0+0.4 | 1.2+.5 | 1.54+0.2 | 1.4+0.6 | 1.6+0.7 | 0.6+0.7 12
Speaker 2 | 0.94+0.6 | 0.840.9 | 0.9+.2 | 1.1+0.6 | 0.9£0.6 | 1.3+0.4 | 0.6+0.2 0.9
Speaker 3 | 1.1+0.4 | 1.240.6 | 1.8+0.7 | 1.1+£0.8 | 1.3+0.3 | 1.5+0.4 | 0.94+0.7 1.3
Average | 0.9+0.4 | 1.0£0.6 | 1.34+0.5 | 1.2+0.5 | 1.24+0.5 | 1.5+£0.5 | 0.7£0.5 1.1
Speaker 4 | 0.9£0.5 | 1.1+0.5 | 1.1£0.5 | 1.2+0.7 | 1.5£0.9 | 1.2+0.4 | 1.1+ 0.7 1.2
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Figure 5.2: Text dependent and speaker dependent emotion conversion by dynamic prosody modification: The
waveform, pitch period contour and strength of excitation of neutral ((a)-(c)), target angry emotion ((d)-(f))

and synthesized angry ((g)-(i)) emotion using prosodic parameters of the target emotion .
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5.3 Text Dependent and Speaker Dependent Neutral to Emotion Conversion

factors corresponding to instantaneous Fj and strength of excitation of each GA region of angry ex-
pression are represented by the mean and variance values in the Table .1l Whereas, the dynamic
duration modification factors are derived from the mean duration of each GA region. For instance,
the dynamic pitch modification factors derived for the first GA region (GA;) has a mean of 1.6 and
a variance of 0.3. This means the pitch modification factors in GA; vary dynamically within 1.640.3.
Figure [(£.2] shows the dynamically prosody modified neutral speech according to the target emotion
speech of Speaker-4. The pitch contour and strength of excitation plots of the synthesized speech are
significantly different from that of neutral speech and also resemble to the target emotion.
5.3.3 Text dependent and speaker dependent neutral to emotion conversion in
German emotion speech database

This section describes the text dependent and speaker dependent neutral to emotion conversion
using dynamic prosody modification of syllable like units in German emotion speech database. Here the
Fy, duration and strength of excitation of syllable like units are dynamically modified to synthesize the
expressions. Fach emotion utterance in German emotion speech database was labeled at the syllable
level. In order to study the effectiveness of the dynamic prosody modification, the Fp, duration and
strength of excitation from the syllable like units of target expressions are imposed on the same syllables
of neutral speech by dynamic prosody modification. Figure shows the waveform, pitch contour,
excitation strength and spectrogram of the synthesized target emotion in this case. The instantaneous
pitch and strength contours of the synthesized target emotion match closely with that of the reference
target emotion. The narrowband spectrograms also indicate that the spectral distributions of the
synthesized expressions are different from that of the neutral speech and confirm that the spectral
distribution of the pitch and harmonic structure is not merely a scaled version of neutral speech.
5.3.4 Text dependent and speaker dependent neutral to emotion conversion in

CSTR emotion speech database

To test the effectiveness of dynamic prosody modification for text dependent and speaker dependent
neutral to emotion conversion in English CSTR emotion speech database, the prosodic parameters of
the phonemic units of neutral speech is dynamically modified according to the target emotions. As the
CSTR emotion speech database is sufficiently large, the utterances in the database are automatically
segmented at the phoneme level by HMM based force alignment. The dynamic duration, pitch and
strength modification factors are derived by comparing the parameters of neutral and the target
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Figure 5.3: Text dependent and speaker dependent neutral to target emotion conversion by the dynamic

prosody modification of syllable-like units of German emotion speech database. Speech waveform, pitch con-
tour, excitation strength and narrow-band spectrogram of the neutral ((a)-(d)), synthesized target emotions by
deriving the scale factors from the target emotion syllables ((e)-(h)), and original target angry emotion ((q)-(t)).
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5.4 Text Dependent and Speaker Independent Neutral to Emotion Conversion

emotion phonemes. The duration scale factors derived for each phoneme unit is assigned to each of
the epochs location of the phoneme units of the neutral speech for dynamic prosody modification. The
pitch modification factors for each phoneme is derived by scaling the average Fjy of the target emotion
phoneme units and the corresponding average Fy of neutral phoneme units. Each Fj scale factor is
then assigned to the epochs location of the neutral phoneme unit. Similarly, all the epochs location of
the neutral speech are assigned with the respective pitch modification factors of each phoneme. The
strength modification factors for dynamic strength modification are also derived in the similar manner.
The neutral speech is then dynamically prosody modified according to the these dynamic duration,
pitch and strength modification factors. Figure [5.4] plots the waveform, Fj contour and strength of
excitation of original neutral, synthesized angry and original target angry emotions. The Fj contour
and strength of excitation of the synthesized emotion speech is estimated using the modified ZFF
method by providing the the synthesized emotion speech as the input. We can observe from the
Figure B.4(e) that the dynamics of the F{y contour of the synthesized angry emotion is more close
to original angry emotion utterance given in Figure [5.4(h). The dynamics of the Fj contour due to
target emotion is confirmed by observing the region around 0.5 sec in Figure[5.4le) and corresponding
region in target angry emotion in Figure [5.4(h). Also the same observation can be found in strength
of excitation case by comparing Figure [5.4(f) and Figure [5.4(i). Figure plots the waveform, Fj
contour and strength of excitation of original neutral, synthesized happy and original target happy
emotions. Here also dynamics due to the emotion can be confirmed by comparing the Fy contours of
the target and synthesized happy emotion utterances (Figure [5.5(h) and Figure [5.5)(e)) and strength

of excitation of target and synthesized happy emotions (Figure [5.5(i) and Figure B.5(f)).

5.4 Text Dependent and Speaker Independent Neutral to Emotion
Conversion

The more generic case is a speaker independent scenario. The proposed dynamic prosody mod-
ification can also be used for developing text dependent neutral to emotion conversion in speaker
independent manner. The dynamic prosody modification factors derived for each GA region of each
speaker as described above are averaged and used. For instance, the dynamic prosody modification
factors derived for the neutral to angry emotion conversion obtained by averaging the three speakers
data (Speaker-1 to Speaker-3) are given in Table 5.l The speech in the target emotion synthesized

using the average dynamic prosody modification factors (obtained by the average of Speaker-1 to
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Figure 5.4: Text dependent and speaker dependent neutral to angry emotion conversion: Text dependent
and speaker dependent neutral to target emotion conversion by the dynamic prosody modification of phonemes
in CSTR emotion speech database. Speech waveform, pitch contour and excitation strength of the neutral
((a)-(c)), synthesized target angry emotion speech signals by deriving the scale factors from the target emotion
phoneme ((d)-(f)), and original target angry emotion ((g)-(i)).

Speaker-3) is compared with the original target emotion of the Speaker-4. The Figure shows the
synthesized angry emotion speech of Speaker-4 using these average factors. The pitch contour and the
excitation strength plot of the synthesized angry emotion speech are significantly different to that of
the neutral speech. This can be further improved using the average factors from a large number of

speakers.

5.5 Text Independent and Speaker Independent Neutral to Emotion
Conversion

The dynamic prosody modification for text independent and speaker independent neutral to emo-
tion conversion is demonstrated for German emotion speech database. For demonstrating the dynamic
prosody modification in the neutral to emotion conversion of German emotion speech database, the
dynamic prosody modification parameters are derived from syllable like units in the initial, middle and
final regions of the utterance. The text independent and speaker independent neutral to emotion con-

version can also be developed by the gross level scaling of prosodic parameters of the neutral speech.
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Figure 5.5: Text dependent and speaker dependent neutral to happy emotion conversion: Text dependent
and speaker dependent neutral to target emotion conversion by the dynamic prosody modification of phonemes
in CSTR emotion speech database. Speech waveform, pitch contour and excitation strength of the neutral
((a)-(c)), synthesized target happy emotion speech signals by deriving the scale factors from the target emotion
phoneme units ((d)-(f)), and original target happy emotion ((g)-(i)).

The effectiveness of dynamic prosody modification over static prosody modification is demonstrated
by comparison mean opinion score (CMOS) based subjective evaluation.

5.5.1 Text independent and speaker independent neutral to emotion conversion
in German

A general observation is that the initial and final region syllables are relatively more affected
compared to the middle region. A via media is therefore to average the effect of emotions across the
initial, middle and final regions of the text. T'wo syllable-like units at the beginning and end of the text
form the initial and final regions of the text, respectively. The syllable-like units between the initial
and final regions constitute the middle region of the text. The average pitch, duration and strength
of excitation modification factors are derived for each region of the neutral speech by comparing the
corresponding regions of the target emotion. The Fj, duration and strength modification factors
computed for 5 different emotions in 9 texts of 8 speakers are given in the Table Variability of
pitch, duration and strength modification factors across the initial, middle and final regions show the

variable effect of the emotions across different regions in a given text. In order to convert neutral
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Figure 5.6: Emotion Conversion by dynamic prosody modification: The waveform, pitch period contour and
strength of excitation of neutral ((a)-(c)), target angry emotion ((d)-(f)) and synthesized angry ((g)-(i)) emotion
using the prosodic parameters of the target emotion.

to target emotion, the prosodic parameters of initial, middle and final regions of neutral speech are
dynamically modified according to the scaling factors derived for each region. To demonstrate the
effectiveness of the dynamic prosody modification, the emotion utterances synthesized using dynamic
prosody modification, is compared with that synthesized by the static prosody modification. To
convert the neutral to emotion speech by static prosody modification, the gross level modification of

Fy contour, strength of excitation and duration of the neutral utterances are carried out.

Table 5.2: Pitch, duration and excitation strength modification factors of initial, middle and final regions of
sentences. I, M and F represents the initial, middle and final regions of the sentence, respectively.

Emotion Pitch Dur. Strength
Mod. Mod. Mod.
I M F I M F I M F
Angry 1.63 | 1.86 | 2.11 | 1.27 | 1.28 | 1.04 | 0.77 | 0.84 | 1.30
Happy 1.62 | 1.80 | 1.95 | 1.15 | 1.06 | 1.03 | 0.75 | 0.75 | 0.93
Boredom | 1.19 | 0.94 | 0.98 | 1.24 | 1.25 | 1.19 | 0.99 | 1.04 | 1.13
Fear 1.38 | 1.53 | 1.83 | 1.11 | 0.98 | 0.90 | 0.67 | 0.84 | 1.33
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Table 5.3: Average prosodic parameters parameters of different emotions estimated from the emotion utter-
ances of German emotion speech database.

Emotion Mean Mean Mean
Pitch Dur. (s) Strength
Neutral 180.86 2.260 0.51
Angry 301.59 2.590 0.41
Happy 287.17 2.430 0.38
Boredom | 175.60 2.700 0.52
Fear 249.10 2.240 0.42

Table 5.4: Pitch, duration and strength modification factors obtained by taking ratio of target emotion
parameters with respect to the neutral emotion.

Target Pitch | Dur. Strength
Emotion Mod. | Mod. | Mod.
Angry 1.67 1.15 0.80
Happy 1.59 1.08 0.76
Boredom 0.97 1.20 1.02
Fear 1.38 0.99 0.83

5.5.1.1 Neutral to emotion conversion by static prosody modification

The static prosody modification factors required for the gross level modification of the prosody
parameters can be obtained by analyzing the different emotion speech signals taken from different
speakers and texts of the German emotion speech database. We can have one modification factor for
the entire sentence and use it for modification, termed as gross level modification or static prosody
modification in this work. Table [(.3] presents the average instantaneous Fp, duration and sentence
level duration and strength of excitation of emotion utterances from German emotion speech corpus.
Table [5.4] shows the gross level scale factors for the neutral to emotion conversion by static prosody
modification. For instance, in order to synthesize angry emotion, the Fj, strength and sentence level
duration of neutral speech are modified by static scaling factors, 1.67, 0.80 and 1.15, respectively. For
the gross level modification of prosody modification, the same dynamic prosody modification method
is used where all the epochs location of the neutral speech are assigned with the same modification
factor. For instance, for neutral to angry emotion conversion, all the epochs location in the neutral
speech are assigned with a pitch modification factor of 1.6, strength modification factor of 0.80 and
duration modification factor of 1.15.

Figure 5.7 (e)-(h)) shows the relevant plots of gross level modification. Figure B.7((i)-(1)) shows
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Figure 5.7: Neutral to target emotion conversion. Speech waveform, pitch contour, excitation strength and
spectrogram of the neutral ((a)-(d)), by the gross level modification ((e)-(h)) and initial, middle and final region
wise modification ((i)-(1)) and original target emotion ((m)-(p)).
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5.6 Subjective Evaluations

Table 5.5: Ranking used in perceptual test to judge the similarity of the synthesized emotion with the target
emotion.

Rating Description for evaluating
synthesized emotions
sounds exactly like neutral
sounds slightly different from neutral
sounds different from neutral
sounds more
different from neutral
) sounds exactly like target

=W No| =

the relevant plots for the dynamic prosody modification of the initial, middle and final regions. From
the Figure B.7((j)), it is to be noted that the shape of the modified Fy contour matches more closely
with the target emotion pitch contour than that of the neutral speech. Same trend can be observed
in the strength of excitation plot also. Alternatively, in Figure E.7(f), even though the range of the
pitch values match with that of the target emotion, the gross trend of pitch contour matches closely
to that of the neutral speech. Similar observation can be made with respect of excitation strength of
gross level modification. Comparing the Figures[5.7((i)-(1)) and B.7((e)-(h)), it may be noted that the
shape of the pitch contour and strength of excitation of the target emotion are preserved better in the
speech synthesized using region wise modification than the gross level modification. The spectrogram
of the speech synthesized by modifying initial, middle and final region syllables of the neutral speech
shows the spectral characteristics similar to that of the target emotion. The smooth transitions of
spectral characteristics indicate that there are no spectral and temporal distortions present in all the

three modification methods.

5.6 Subjective Evaluations

To demonstrate the effectiveness of dynamic prosody modification for neutral to emotion conversion
subjectively, subjective evaluations were carried out. Here the the subjects were presented with the
neutral speech, target emotion speech and synthesized emotion speech. The subjects were instructed
to evaluate for the level of expressiveness or emotion content in the synthesized emotion by comparing
the neutral speech and original target emotion speech. The subjects were told to provide their score

in a five point scale. The significance of each score is given in Table
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5. Dynamic Prosody Modification for Neutral to Expressive Speech Conversion

5.6.1 Subjective evaluation for Hindi emotion speech database

The comparative subjective study conducted in this section is to develop the effectiveness of dy-
namic prosody modification over static prosody modification for text dependent and speaker indepen-
dent neutral to emotion conversion. The average prosody modification factors of all the GA regions
are used for static prosody modification based neutral to emotion conversion. The values of static [y,
duration and strength modification factors are given in Table 5.1l The stimuli required for subjective
evaluations are synthesized from two speakers (1 male and 1 female) and for three emotions (Angry,
Happy and Boredom) and for one text of the utterance from Hindi emotion speech database. A total
of 24 files (2x4 x3) are used for the subjective evaluation. The filenames of the emotion speech
synthesized using and static and dynamic prosody modification were coded before presenting to the
subjects. A pilot test was given to all the subjects. In the pilot test, the subjects were instructed to
evaluate for the synthesized speech files by comparing the original neutral speech and original target
emotion speech. A total of 15 research scholars of EMST laboratory participated in the subjective
evaluations. The average value of the scores obtained for each file is then calculated as the comparison
mean opinion score (CMOS). The Table presents the CMOS obtained for emotion synthesized

using static prosody modification and the dynamic prosody modification.

Table 5.6: Comparison mean opinion scores for the emotion speech synthesized by static and dynamic prosody
modification

CMOS
Emotion Conv. Method | Angry | Happy | Boredom
Static 2.14 2.17 3.12
Dynamic 3.23 3.31 3.20

Table shows a significant improvement in MOS scores obtained for synthesized emotions us-
ing dynamic prosody modification as compared to static prosody modification. This indicates the
effectiveness of dynamic prosody modification in emotion conversion as compared to the existing tech-
niques for emotion conversion using static prosody modification. Also a less variation in MOS scores
for synthesized boredom emotion can be observed from Table This may be due to lack of rapid
variations as compared to angry and happy emotions. The synthesized files can be accessed from the

following link: http://www.iitg.ac.in/eee/emstlab/demos/demo7.php
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Table 5.7: Comparison mean opinion scores for the emotion speech synthesized by modifying parameters of
each syllable, gross level and initial,middle and final regions of the neutral speech.

CMOS
Method Angry | Happy | Boredom | Fear
Syllable 3.60 3.53 3.83 3.50
Static 2.78 2.42 3.44 2.53
Initial — Middle—
Final 3.38 3.17 3.72 3.22

5.6.2 Subjective evaluation for German emotion speech database

The comparison subjective evaluations were performed to demonstrate the effectiveness of dynamic
prosody modification for neutral to emotion conversion for German emotion speech database. Here,
the effectiveness of emotion conversion by the dynamic prosody modification of syllable like units (text
dependent and speaker dependent neutral to emotion conversion), dynamic prosody modification of
initial, middle and final regions (text independent and speaker independent) and static prosody modi-
fication are evaluated subjectively by CMOS. The same subjects who participated for Hindi subjective
evaluations, are participated in this case also. All the subjects are presented with original neutral and
target emotions and synthesized emotions using the syllable, static and region wise methods. The
subjects were asked to compare the synthesized emotions in the coded file with the original neutral
and target files and rate them according to the descriptions given in Table 5.5 A total of 40 (5X4X2)
speech files synthesized from a male and a female speakers of the German emotion speech corpus are
used. The comparison mean opinion scores obtained for the each of the emotions are averaged to get
the CMOS. The CMOS obtained for each emotion for all three methods are presented in Table 5.7

It has to be observed that the emotions synthesized using region wise modification of the prosody
parameters show higher CMOS than the static prosody modification of the parameters from neutral.
The fear and happy emotions shows the lowest CMOS indicating the most confusable emotions with
neutral. No significant difference in CMOS values are observed in case of boredom emotion. The
higher CMOS obtained for prosody modification of each syllable like unit and, initial, middle and final
regions reinforce the significance of dynamic prosody modification for neutral to emotion conversion
over the static prosody modification of the neutral utterances. Some of the synthesized emotion speech

samples are provided in the following link http : //www.iitg.ac.in/eee/emstlab/demos/demod.php .

TH-1157_07610213

119
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5.7 Summary

In this chapter, the effectiveness of dynamic prosody modification over the static prosody modifi-
cation for neutral to emotion conversion is evaluated. The emotion speech utterances of three emotion
speech databases in three languages are used for the present work. The significance of dynamic prosody
modification to incorporate the prosodic parameters for text dependent and speaker dependent, text
dependent and speaker independent and text independent and speaker independent neutral to emo-
tion conversion is demonstrated in this work. The effectiveness of the dynamic prosody modification
is confirmed for neutral to target emotion conversion by the subjective evaluations of synthesized emo-
tion utterances from each emotion database. This indicates that the dynamic prosody modification
predominantly incorporates the variation in the emotion specific prosodic parameters irrespective of
the language in which the utterance is spoken. The comparative subjective studies show that the level
of emotion information is more in the synthesized emotion speech by dynamic prosody modification as
compared to the emotion speech synthesized by the static prosody modification. However, there are
some distortions still present in the synthesized emotions using dynamic prosody modification. This is
due to rapid variations in dynamic prosodic scale factors derived from the original target expressions.
The future work should focus on eliminating this distortions introduced due to rapid variations in the

dynamic scale factors.
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6.1 Summary of Present Work

6.1 Summary of Present Work

The objective of the present work is to demonstrate the effectiveness of the epoch based prosody
modification in neutral to expression conversion for expressive speech synthesis (ESS) applications.
The general approach used for the ESS is by explicitly incorporating the expression specific prosodic
parameters by prosody modification. The works presented in this thesis focus mainly on the following

stages of neutral to emotion conversion,
e Analysis and estimation of expressive parameters

e Development of epoch based dynamic prosody modification method for neutral to expression

conversion

e Demonstrating the effectiveness of epoch based dynamic prosody modification in neutral to

expression conversion

Accurate estimation of expressive parameters are essential for the expressive speech analysis. From
the analysis of EGG of various emotions, the contour of the instantaneous Fp, strength of excitation
and duration vary with emotions. These emotion specific parameters can be accurately computed
by estimating accurate epochs location from emotional speech. As the ZFF method provides most
accurate estimate of the epochs location from neutral speech signals, the conventional ZFF method is
initially used for the epochs estimation from emotional speech. In ZFF method, the speech is passed
through the cascade of two zero frequency resonators (ZFR) connected in cascade. A ZFFS is then
derived by removing the trend in the ZFR output by the local mean substraction using average pitch
period of the utterance as the window length. The zero crossing of the ZFFS are estimated to be the
epochs location of the speech utterance. However, due to rapid pitch variations in emotional speech,
the ZFF'S of the emotional speech is found to show spurious zero crossings which in turn results in false
estimation of epochs. Therefore a modified ZFF method is proposed to improve the epoch estimation
performance from emotional speech. In the modified ZFF method, for trend removal of the ZFR
output, the window length is updated for every 25 ms segments of ZFR output. These trend removed
short segments of ZFR are further smoothed by low pass filtering using the cut off frequency as the
average pitch. The modified ZFFS is then reconstructed from the trend removed short segments
of ZFR. The epochs location are estimated as the positive zero crossings of the modified ZFFS.

The instantaneous Fy is computed from reciprocal of the successive epochs location and strength
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6. Summary and Conclusions

of excitation at every epoch location is computed as the slope of the modified ZFFS around each
epoch location. The sentence level duration characteristics are then computed from each emotion as
the duration parameter. The German emotional speech database with five emotions (neutral, angry,
happy, boredom and fear) and Hindi emotional database with four emotions (neutral, angry, happy
and boredom) are considered for the analysis. According to the expressive speech analysis, the angry
expressions found to have highest Fj4,, and boredom found to possess the lowest Fpa,g in both the
databases. The average standard deviation of the Fyy contour indicates the variations in the Fy contour.
The highest average standard deviation obtained for angry emotion indicate the higher Fy variation
in the contour as compared to other emotions. In case of strength of excitation, the boredom and
neutral emotions found to have highest average strength of excitation and angry and happy emotions
found to have lowest average strength of excitation. In case of duration characteristics, the boredom
emotion utterances have the highest duration compared to all other emotions considered.

Epoch based prosody modification is used for incorporating the variations in the Fp, duration
characteristics and strength of excitation for effective neutral to emotion conversion. An improved
perceptual quality in the existing epochs based prosody modification is achieved by using the accurate
epochs location estimated from ZFF method instead of the group delay (GD) based epochs. The
improved epoch estimation performance of the ZFF method as compared to GD method is the reason
for the improved perceptual quality of the prosody modified speech. Since the algorithmic steps to
estimate the epochs location in ZFF method is computationally cheap as compared to GD method,
the use of ZFF based epochs also makes the epoch based prosody modification computationally fast.
The computational complexity in the epoch based prosody modification is further reduced by perform-
ing the prosody modification directly on the speech waveform instead of the LP residual modification
used in the existing epoch based prosody modification. The subjective evaluations showed an improve-
ment in the perceptual quality of the prosody modified speech as compared to the existing prosody
modification for static pitch and duration modification factors. As the prosodic parameters of vari-
ous expressions vary dynamically, it is required to dynamically incorporate these dynamic variations
for effective expressive conversion. Hence a dynamic prosody modification method is proposed using
zero frequency filtered signal obtained during the epoch extraction using ZFF method. The dynamic
prosody modification method developed in this work make use of the availability of ZFFS in the

following ways for prosody modification:
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e Positive zero crossings of ZFFS for accurate estimate of the epochs location
e The zero crossings of the resampled ZFF'S used as the reference locations for prosody modification

e GA regions can be found based on the strength of excitation computed from the resampled ZFFS

The GA detection used in the duration modification was found to improve the naturalness of the
duration modification than modifying the duration of all the epoch intervals without GA detection.
The proposed method to generate synthesis pitch marks can also be used for achieving the dynamic
prosody modification using epoch and PSOLA based techniques. The subjective evaluations show
improved perceptual quality for the proposed dynamic prosody modification using ZFFS compared to
PSOLA and existing PSOLA based techniques for both static and dynamic modification factors.
After developing method to dynamically incorporate prosodic parameters, the next step is to
demonstrate the effectiveness of dynamic prosody modification for neutral to expression conversion.

The effectiveness of the dynamic prosody modification is demonstrated for the following cases:

e Text dependent and speaker dependent case
e Text dependent and speaker independent case

e Text independent and speaker independent case

For demonstrating the effectiveness of dynamic prosody modification in text dependent and speaker
dependent scenario, the prosodic parameters of the GA regions, syllable like units and phonemes are
varied according to that of the target emotion speech of the same text and the same speaker. In the
text dependent and speaker independent case, the prosodic patterns for each GA region is averaged
across various speakers for the same text and stored in the database for each emotion. During the
conversion, the prosodic patterns of each GA region corresponding to target emotion is retrieved from
the database and dynamic prosody modification is performed on the corresponding GA regions of
the neutral speech. For text independent and speaker independent neutral to emotion conversion,
the average prosodic parameters corresponding to syllables in the initial, middle and final region are
computed for all the emotion speech utterances and the neutral to emotion conversion is achieved by
the dynamic prosody modification according to the modification factors in initial, middle and final
regions. The effectiveness of the dynamic prosody modification in neutral to emotion conversion is
confirmed from the waveforms and spectrogram plots and comparative subjective evaluations with the

original neutral and target emotions.
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6.2 Contributions of the present work

The contributions of the work reported in this thesis for the neutral to emotion conversion using

epoch based prosody modification include,

e Identified instantaneous Fj, strength of excitation and duration as the expression specific pa-

rameters from the analysis of EGG of various emotions

e Identified a significant degradation in the epoch estimation performance for emotional speech

using conventional ZFF epoch estimation method

e Proposed a modified ZFF method for improving the epochs estimation performance in emotional

speech

e Epochs estimated using ZFF method are used as the analysis pitch marks in the existing epoch

based prosody modification for improving perceptual quality of the prosody modified speech

e Computationally fast epoch based prosody modification method is proposed by performing

prosody modification directly on the speech waveform

e General framework for deriving synthesis pitch marks for dynamic prosody modification is pro-

posed using ZFFS

e The epoch based dynamic prosody modification using ZFF'S is used for dynamic modification of

pitch, duration and strength of excitation

e Performing the duration modification only in the GA regions found to improve the perceptual

quality of the duration modification

e A text dependent and speaker dependent neutral to emotion conversion is demonstrated by

dynamic prosody modification of GA regions, syllables and phonemes of the neutral speech

e A text dependent and speaker independent neutral to emotion conversion is demonstrated by
storing the average prosodic parameters across various speakers for each GA region and for each

emotion

e A text independent neutral to emotion conversion is demonstrated by dynamically modifying
Fpy, duration and strength of excitation of initial, middle and final syllable regions of neutral

speech
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e The effectiveness of the neutral to emotion conversion using dynamic prosody modification com-

pared to the static prosody modification is demonstrated from the subjective evaluations.

6.3 Scope for future work

e To improve the accuracy for the estimation of expressive parameters like instantaneous Fy and
strength of excitation, we have proposed a modified ZFF method for extracting epochs location
from emotional speech. Even though the proposed modified ZFF method provides improved
epoch estimation performance for various emotions, the performance is not at par with that
obtained for the neutral speech signals. Hence further refinements in the epoch estimation are

required for the applications of converting one emotion to another emotion.

e Apart from prosodic parameters, methods have to be developed for the analysis and incorpora-

tion of vocal tract (VT) parameters for the effective neutral to emotion conversion

e In the proposed fast prosody modification, for extreme modification factors, other speech pa-
rameters such as spectral transitions and changes in loudness in different segments need to be

incorporated to reduce perceptual distortion.

e There seems to be some reverberation in the proposed and other waveform modification methods
for large prosody modification factors. Methods have to be developed to avoid these reverberation

effects for extreme modification factors.

e Even though the effectiveness of the dynamic prosody modification is demonstrated by imposing
the dynamic prosodic features of the target emotional speech, the challenging task will be to

model these dynamic prosodic features for text independent emotion conversion task.

e In order to model the emotions, the prosody parameters of each emotion has to be analyzed for
each sound unit from a large database and use it for neutral to emotion speech conversion using

dynamic prosody modification

e Statistical modeling of Fy and duration have to be done for each emotion and then the dynamic
prosody modification has to be used for converting the neutral speech to target emotion speech

according to the statistically predicted F{y contours and duration parameters.
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