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Abstract

Abstract

This Ph.D.thesis focuses on developing a system for 4ojghlity speech synthesis and
voice conversionVocoderbased speech analysis, manipulation, smdhesis playa crucial
role in various kinds of statistical parametric speech research. Although there are vocoding
methods which yield close to natural synthesized speech, they are typically computationally
expensive, and are thus not suitable fol-teae implementation, especially in embedded
environments. Therefore, there is a need for simple and computationally feasible digital signal
processing algorithms for generating higinality and naturasounding synthesized speech. In
this dissertation, propose a solutioto extract optimal acoustic features and a new waveform
generatotto achieve higher sound quality and conversion accurga@pplying advances in
deep learningTheapproach remains computationally efficient. This challelegalted irfive
thesis groups, which are briefly summarized below.

| introduce firstly a new method to shape the Higiguency component of the unvoiced
excitation by estimating themporalenvelope of the residual signal. | showed experimentally
that this approacis helpful in achieving accurate approximations compared to natural speech.
Secondly | propose a newype ofnoise masking to reduce the perceptual effect of the residual
noise and allowing a proper reconstruction of noise characteristics. The reggéstdhathe
continuous masking approach giveetter quality speech than traditional binary techniaies
theliterature.

Next, | concern with estimating the fundamental frequency (also known as pitch tracking
or FO) on clean and noisy speech signalictvacts as a key in spegmiocessingpplications.
| describe novel approaches which can be used to enhance and optimize some other existing
FO estimator algorithms. Three adaptive techniques asédimantilter, time-warping, and
instantaneoufrequency have been developed in order to achieve a robust and accurate
continuous FO. As a result, these approaches achieve higher accuracy and smoother continuous
FO trajectory on noisy and clean speech. In addition, | propose and perform an experiment
showirg that adding a new excitatidrarmonicto-noise ratio INR) parameter to the voiced
and unvoiced components can indicate the degree of voicing in the excitation and reduced the
influence of buzziness caused by the vocoder.

Later on | build and implementleep learning based acoustic modeling using deep feed
forward and sequende-sequence recurrent neural networks. A perception and acoustic
experiments have shown that the developed vocoder capgdiiedby the proposed learning
framework and showed itaugeriority against hidden Markewodel based texb-speech
(HMM-TTS).

Afterwards | propose a new continuous sinusoidal model (CSM) that is applicable in
statistical frameworks, which can provide a vocoder with a faretiow number of parameters
and gemratehigh quality synthetic speeatomparedo stateof-the-art models of speech. |
alsoapply CSM withdeep learning based on bidirectiolaig shortterm memory (LSTM) to
provide more naturand intelligibleTTS capabilities

Finally, | apply the tworocoders using continuous parameters (sofilteg and sinusoidal
models) within avoice conversion framework experimentally proved that the suggested
models give statef-the-art similarity results.

Overall, this Ph.D. dissertation has establishedpaiitive alternative vocodsfor speech
analysis and synthesis systems. The utilization of proposed models and methods clearly
demonstrates that it is compelling to apply them for the statistical parametric speech synthesis
and voice conversion.
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Chapter 1: Introduction

Chapter 1

Introduction

fiSuccess is a science; if you havedbeditions, you get the resudit.
Oscar Wilde (1854 1900)

1.1 Background andProblem Definition

T he qAllove reeedfto do is make sure we keeptatking sai d by Stephen
to draw tle encouraging line of all the speech technology. With the fast growth of computer
technology to become more functional and prevalent, a wide range of the speech processing
area is becoming a core function for establishing a huwwoaryputer communication ietface.

An excellent example of this, among other multimedia applications, is known bspleash
synthesisi.e. artificial generation of speech waveforms, anteastoi speechi.e. building
naturatsounding synthetic voices from texBoth are of greticurrent interest and are still
receiving much attention from researchers and industry.

Stateof-theart textto-speech (TTS) synthesis is either based on unit seleftior
statistical parametric methoffy. In the lastwo decads, particular attention has been paid to
hidden Markowmodel (HMM)[3], which has gained much popularity due to its advantages in
flexibility, smoothness, and small footprint. Deep neur&ivoeks (DNNs) have also become
the most common types of acoustic models used in TTS for obtainingek&ghdata
representations analith the avaliability of multi-task learninga significant improvement in
speech quality can be achieVddl. In view of these systems the speech signal is decomposed
to parameters representing excitation (e.g. fundamental frequency, FO) and spectrum of speech,
these are fed to a machine learning system. After the statistical mogkehésated usg
training data, during synthesis, the parameter sequences are converted back to speech signal
with reconstructigp methods (e.g. speech vocoders

Although nowadays TTS systems are intelligible, a limitation of current parametric
techniques does not alldull naturalness yet and there is room for improvement in being close
to human speech. Mainly, there are three factors in statistical parametric speech synthesis
(SPSS) that are needed in order to achieve as high quality synthesized speech as amt select
improved vocoder technigues, acoustic modeling accuracy, andsowathing during
parameter generation. Since the design of a vodoaeed SPSS depends on speech
characteristics, the preservation of voice quality in the analysis/synthesis phiagariaim
problem of the vocoder. Although there are vocoding methods which yield close to natural
synthesized speech (e.g. the current de facto method, STRAIBHT their high
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computational complexity and variable parametees sill considered challenging issues,
which present some speech quality degradation in the TTS and other speech applications.
Moreover, recent work has demonstrated that a generative WaveNet[6jodelds stateof-

theart peformance and gives a good sounding speech in a variety of voices. However, it
requires a large quantity of data and computation power which makes it diffi¢tdirtdor
realtime implementation, especially in embedded environmérterefore, vocoddrased

SPSS still provides a quick and flexible solution that can capture high quality synthesized
speech.Besides, it gives controllability, which usually is not fully supported by neural
vocoders.Hence, there is a need for simple and computationally fdasdigital signal
processing algorithms for generating natts@lindingsynthetic speech

The goal of another related field of speech technoMgige ConversiofVC), is to modify
the speech of a source speaker with digital speech signal processhugisneta way that it
will be similar to the speech of a target speaker, while the linguistic cantgsiremain the
same. Although there has been a long research in voice convgfsioarrent methods lack
the flexillity to convert the speech of any source speaker to any other target speaker.
Moreover, the naturalness of the converted voice still deteriorates comparedtaogtte
speaker due to ovemooth phenomenon or discontinuity probsasiich make the convest
speech sound muffled. Besides, improving the performance of converted voice is still a
challenging research question. Therefore, thesdsiza need to develop advanced adaptable
vocoder based VC for achieving higlnality converted speech.

In general this dissertation proposes a solution to achieve higher sound quality and
conversion accuracy witihachinelearning advances, while its approach remaiinsple,
flexible, andefficient.

1.2 ResearchObjective

The main goal of my Thesis work is to constructogoder thais very flexible (vhose
parameters can be controljesith respect to achieving high quality synthesized speech. This
challenge required five major contributions of the work presented indtbsertation as
depicted in Figure:1

Harmonic
Modelling

Noise
Modelling

[/ Sinusoidal
Modelling

Learning

Conversion

Figure 1: Thesis contributios
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Thefirst researchobjective ismodulating the noise component ofhe excitation signal.
It was argued that the noise component is not accurately raddelmodern vocoders (even
in the widely used STRAIGHVocoder). Therefordywo new techniques for modelling voiced
and unvoiced sounds are proposed in this part of the research by: 1) estimating the temporal
envelope of the residual signal that is helpful in achieving accurate approximations compared
to natual speech, and) noise masking to reduce the percapteffect of the residual noise
andallowing a proper reconstruction of noise characteristics.

The second researchbjective isharmonic modelling. This study focuses on improving
the accuracy of theomtinuous fundamental frequency estimation and the naturalness of the
speech signal by proposing three different adaptive techniques based on Kalman filter, time
warping, and instantaneous frequency. A clear advantage of the proposed approaches is its
robustness to additive noisMoreover, Harmonito-Noise ratio technique is added as a new
vocodedparameter to the voiced and unvoiced excitation signal in order to reduce the
buzziness caused biyevocoder.

Thethird researchobjective isacoustic modeling design based on deep learningn this
part of the researckhe novel continuous vocoder was applied in the acoustic model of deep
learning based speech synthes@ng feedforward and recurrent neural networks as an
alternative tatHMMs. Here, the objdove is twofold: (a) to overcome the limitation of HMM
which often generate ovemoothing and muffled synthesized speech, (b) to ensure that all
parameters used by the proposed vocoder were taken through training that could synthesize
very high quality TS.

The fourth researchobjective isdesigning asinusoidal modeling system Here, a new
continuousvocoder was built using a sinusoidal model that is applicable in statistical
frameworks which decomposes the speech frames into a harmonic componebglogvand
a stochastic component upper band based on maximum voiced frequency. The objective is to
consider whether a different synthesis technique can produce more accurate synthesis of
speech than the sourfiiter model.

Thefifth researctobjective igoroposing a novel model applied for voice conversion with
parallel training data. This part of research includ@svestigating the novel continuous
vocoders in a VC framework. The vocoders are tested both inganuer and crosgender
scenario

As a find point, this dissertatiorprovides a detailed and complete studysemeralspeech
analysis and synthesis techniques and their applictidextto-speech and voice conversion.

1.3 Methodology

| validated the proposed research by experiments and anabgiadinations, in which |
developed and improved a novel continuous vocoder for SPSS. The applied methodology of
this dissertationfollows the international standards. In the following, speech databases,
conditions, and evaluatianethodsare detailed.

1.3.1 Continuous Vocoder: Baseline

The first version oburresiduaibased vocoder was proposed8]. Using a continuous FO
(contF0)[9], maximum voiced frequency (MVE)0], and24-order Metgeneralized cepstral
analysis (MGC)[11] is performed on the speech signal ww d@ m1& cand™ Qwa &

pfo. In all stepsy a i frame shift is used. The results are the contFO, MVF and MGC
parameter streams.
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During the synthesis phase, voiced excitation is composednziple component analysis
(PCA)residuals overlapdded pitch synchronously, depending on the contF0. After that, this
voiced excitation is lowpass filtered frame by fraenat the frequency given by the MVF
parameter. In the frequencies higher than the actual value of MVF, white noise is used. Voiced
and unvoiced excitatiorare added together. Finally, a Mel generalized spectrum
approximation (MGLSA) filter is used tgysthesize speech from the excitation and the MGC
parameter streaifi?2].

1.3.2 Speech Corpora

In order to evaluate the performance of the suggested models, a database containing a few
hours of speech from several speakers was reqgiairegving indicative results. Five English
speakers were firstly chasérom the CMUARCTIC! databas§l3], denoted BDL (American
English, male), JMK (Canadian English, male), AWB (Scottish English, male), CLB (US
English, fenale), and SLT (American English, female). Each one produced one hour of speech
data segmented into 1132 sentences, restricting their length from 5 to 15 words per sentence
(a total of 10045 words with 39153 phones). Moreover, GMRCTIC are phonetically
balanced utterances with 100% phoneme, 79.6% diphone, and 13.7% trijjolvengge The
waveform sampling rate of this database is 16 kHz.

My second database is the corpus created by rayttosin [J1]. It was motivated by the
fact that it builds the fitsmodern standard Arabic audisual expressive corpus which is
annotated both visually and phonetically. It contains 500 sentences with 6 emotions (Happiness
T Sadnes$ Feari AngerT Inquiry i Neutral), and recorded by a native Arabic male speaker
(deroted ARB) The waveform sampling rate ofisldatabase is 48 kHz.

The third corpus is the one based on Hungarian language. Two Hungarian male and two
female subjects (4 speakers) with normal speaking abilities were recorded while reading
sentences aloud Ifagether 209 sentences each). The ultrasound data and the audio signals
were synchronized using the tools provided by Articulate assistant advanced software [C6].
The waveform sampling rate ofisidatabase is 44 kHz.

1.3.3 Reference System

The proposed vocodebased TTS and VC systemsreevaluated by comparirthemwith
strong reference systems. STRAIGHH] and WORLD[14] are highquality vocoders and
widely regardedsthe stateof-the-art moalsin SPSS. MagPhag&5] and log domain pulse
model (PML)[16] are considered as modern sinusoidal models. SprfCKeis a vocoder
free VC system that was used receffdr the voice conversion challenge2018. YANGsaf
algorithm[18] is an FO estimator method that can be compared alongudatptive ontFO in
Chapterd. The choice of YANGsaf is confirmed by the fact that it was recentiwshn[19]
to outperform other weknown FO estimation approaches found in the current literature (like
YIN, RAPT, or DIO).

! http://www.festvox.org/cmu_arctic/
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1.3.4 Experimental Conditions

| used the open source Mefifi20] toolkit to implement machine learning methods
introduced inPart Ill and V.Constructive changes are also introduced in this toolkit to be able
to adapt the proposed vocoder. The training sets contain 90% of the speech corpora, while the
rest were used for testinghe training procedures were conducted on a-pmtiormance
NVidia Titan X GPU. In the vocoding experiments, 100 sentences from each speaker were
analyzed and synthesized with the baseding proposed vocods).

With the purpose of assessing true perfance of the continuous pitch tracking presented
in Chapted, a reference pitch contour (ground truth) is estimated from the efgottograph
(EGG) as it is directly derived from glottal vibration and is largely unaffected by the
nonharmonic componenbf speech. In my evaluation, the ground truth is extracted from EGG

signalsusingPr aat 6 s a tbasedmpitch asteaniater algaritij@il]. The analysis of the
measurements and the statistical examinations were madéhoynBysand MATLAB 2018b.

1.3.5 Perceptual Listening Tess

| conducted several wellased MUSHRA (MUI#HStimulus test with Hidden Reference and
Anchor) listening testi22] in order to evaluate which system is closer to the natpesch. |
compared natural sentences with the synthesized sentences from the baseline, proposed, and a
hidden anchor system (different for each test). Listeners were asked before the test to listen to
an example frona speaker to adjust the volume. In ttest{ the listeners had to rate the
naturalness of each stimulus relative to the reference (which was the natural sentence), from 0
(highly unnatural) to 100 (highly natural). The utterances were presented in a randomized order
(different for each participd).

Besides, Mean Opinion Score (MOS) test was also carrieith @apterlO and 11In the
MOS test, | compared three variants of the sentences: 1) Target, 2) Converted speech using the
baseline systems, and 3) Converted speech using the proposedrv@&iodkarly to the
MUSHRA test, the listeners had to rate the naturalness of each stimulus, from 0 (highly
unnatural) to 100 (highly natural).

About 20 participants (for each test) between the age-dDq®&ean age: 30 years), mostly
with engineering bekground, were asked to conduct the online listening tests. Altogether, 10
MUSHRA with 2 MOS tests were performed during my research work to evaluate my
dissertation On average, the MUSHRA test took 14 minutes, while the MOS test was 12
minutes long.

2 https://github.com/CSTHREdinburgh/merlin
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Chapter 2

Temporal Envelopes

Alf your experiment needs statistics, y
Ernest Rutherford (187111937)

2.1 Introduction

A statisticalspeechsynthesisframework is guided by the vocoder (which is also called
speech analysis/synthesis system) to reproduce human speech. Although there are several
different types of vocoders that use analysis/synthesis, they follow the same main strategy. The
analsis stage is used to convire speech waveform into a set of parameters which represent
separately the vocdblds excitation signal (sound is voiced or unvoiced) and vivaat filter
transfer function to filter the excitation signal (vofalds movenents), whereas in the
synthesis stage, the entire paramsg¢is used to reconstruct the original speech signal.

Since the design of a vocodeased SPSS depends on speech characteristics, the
preservation of voice quality in the analysis/synthesisphaa nd t he i rreqgul ar A
speech sounds are the main problenseugéralvocodes. Although some other vocodbased
methods have been recently developed and applied to produce high quality speech synthesis
(for a comparison, sg@3]), they are not successful in synthesizing koglality and natural
sounding speech. The reason for this is the inaccurate composition and estimation of the
vocoder parameters which leads to a degradation in the speech signal. Themsfcnapter
considers the above issues by suggestirmpust method for advanced mdded of the noise
excitation which can yield an accurate noise component.

To reconstruct the timdomain characteristics of the noise pamporal envelopbased
techniquegives a reliable estimation that follows closely sudden variations in amplitude and
avoids ripples in more stable regiond/hile the voiced parts describe efficiently the
periodicities in continuous vocoder, modeling of the noise part introduties@rbecause of
the specific timedomain characteristics of noiseight appear in voiced speechihus, |
propose four timenvelope @ model the temporal characteristics of naisehe context of
continuous vocodetlrigure 2 shows the wholeartsof the proposed continuous vocoder in
this dissertation, in whicthe dashed boxefvelope estimatignn the lower half of the figure
is related to this chapter.
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SPEECH I
DATABASH

[ r—
R A
"'mnr 1! PoD | ladcontFa | mMec —— MVF
L__T__ L___l___l ey T SRS
R
I cNM |
| )
I T
I |
I |
I |
I |
I |
I |
I |
! |
: ! Analysis
777777 Vo v
. T 3 [ ee K
l HNR J l cNM | l MGC JI
——7—- e R
' |
,,,,, J,,, I I
| : [ Synthesis
: ——— Voiced PCA :
-~ %_——— excitation residual |
| | 3|
|
I | Envelope I _I
| : Lesﬁmaﬁon}
: | T
|
|
|

—_————eeee =

Voiced & Unvoiced MGLSA
excitation filtering

Synthesized
speech

Figure 2. Schematic diagram of the developed continuous vocodetlitidds and refines are
marked with dashed lines.

2.2 Modeling of the ResidualSignal

Accurate modeling of the residual signal (excitation) has been shown to significantly
enhance the synthesis quality (in terms of buzziness) than the traditionahpisksexcitation
[23] [24]. Here, the residual signal is obtained by MGLSA inverse filteflr&}. Then, the
Glottal Closure Instant (GCI) detection algoritH@4] is used to find the glottal period
boundaries in the voiced parts of the residual signal. GCls indicate the instants at which
significant excitation of vocdaract take place during voicing. Finally, the pisynchronous
residuals are idated by a GGtentered tweperiod long excitation frames.
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In order to model their lovfrequency contents, pitekynchronous residual frames can be
decomposed by principle component analysis (PCA). PCA is an orthogonal linear
transformation which appliesa rotation of the axis system in order to find the best
representation of lower dimensionality input data in a way that maximizes the data dispersion
along the new axes. It makes the large data set simpler, easy to explore, and visualize. PCA
can be run umerous times with variables being removed or added at every run, only if those
manipulations are validated in the analyses. As a result, PCA reduces the computational
complexity of the model which makes machine learning algorithmdaster and reduce
memory usage.

PCA can be achieved firstly by calculating the eigenvalues and eigenvectors of the data
covariance matrix. The top eigenvector that correspond to the largest eigenvalue is then chosen.
Next, the projection matrixew can be constructed from the selected eigenvector. Lastly,
transform the origingQ-dimensional dataset v to obtain the nev&r -dimensional feature
subspace (wheid L Q.

If we have a dataset consists0)fesidual frames, then the PCA computatiall lead to’Q
eigenvalue_ with their corresponding eigenvect¢ "s_ represents the data dispersion along
axis‘ and is consequently a measure of the information this eigenvectors conveys on the
dataset. To give an idea of whraPCA residual looks like in a continuous vocoder, Figure 3
exhibits the first eigenvector, interpreted as the principal pattern arising from the data, for the
female SLT speaker Q p @)yand for the maleAWB speaker Q ¢ v)yinstead of
impulses, tis PCA residual will be used for the synthesis of the voiced frames.

a) PCA residual fqr female ‘ ‘ b) PCA‘residuaIIfor male‘

0.6

0.4+t R 0.0 W\’F
o 03} o —0.1 1
© ©
= 2
= 0.2t = —-0.2
o Q.
E 0.1} E -0.3
0.0 (‘\/’\W 04l
-0.1} ] -0.5
—-0.2 . s ‘ ‘ s s s . -0.6 s s . s s
0 20 40 60 80 100 120 140 160 0 50 100 150 200 250
Time (samples) Time (samples)

Figure 3: lllustration of the first eigenvecttH = for a given speaker from the CMU
ARCTIC database.

2.3 Parameterizing the NoiseComponents

Degottex anderro[25] argue that the noise component is not accuratelyelledn modern
vocoders (even in the widely used STRAIGHT vocodirjvas also shown that in natural
speech, the higfrequency noise component is tirakgned wih the FO period426].
Therefore, Idesigned aemporal envelope to shaplee high-frequency component (above
MVF) of the excitation by estimating the envelope of the PCA residual; that is helpful in
achieving accurate approxit@s compared to natural speech. | added a-tiomeain
envelope to the unvoiced excitation to make it more similar to the residual of natural speech.
The advantage of this approach is a parametric description of sihetties to refine the

9
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time accuray to obtain valuable moments during transient events like noise bursts (fricatives,
affricates, or stop bursts), and fits a curve that approximately matches the peaks of the residual
framé.

2.3.1 Amplitude Envelope

The amplitude envelope refers here to shape of sound energy over time. It is usually
calculated as filtering the absolute value of the voiced fi0 € :by moving the average filter
to the order o¢ . p[27], where. is chosen to bp tTheamplitude envelope is\gn by

p
b p

e Qs P

Previous work showed that by dowampling the amplitude envelope to a different number
of samples will reduce the relative time square ef281 during parameterizing the noise
components. Figuréb shows the effects of applying the amplitude envelope on the PCA
residual signal.

2.3.2 Hilbert Envelope

Another method of calculating an envelope is based on the Hilbert transfomutezfR9],
which has been used first to obtain an analytical signal in the comapleed timedomain.
Here, the analytic signiv ¢ can be defined as a complex function of time derived from a
real voiced framw ¢ , and can be written as

0D ¢ KOUE @ 0¢ C
where'Qs the imaginary unii p, ard’@ 2 denotes the operation of the Hilbert transform
which is equivalent to the integration fof80]

- 0e P ooteoot Peoe o
e 7 €
wherez stands for convolution symbol. Thus, the Hilbert envelC € can be estimated by
taking the magnitude of the analytical signal to capture the slowly varying features of the sound
signal (see Figuréc) as

e D €8 VIS = 0¢E T
2.3.3 Triangular Envelope

A further time domain parametric envelope that can be easily applied to each frame signal
is the triangular envelope. It was propose{Bih] by using four peameters as it assumes the
triangle to be symmetric. If82], a polynomial curvevas usedo detect these parameters. In
this work, our approach for estimating the triangular enve™ € , which is slightly different
from [31], is only using three parameters (a, b, and c) obtained by detecting them directly on
the envelope. Here, the design parameters have been gind 7@ 0,0 1@ 0, ®

3 This section describe four different temporal envelopes based]di€[l], while others based on
discrete aHpole and frequency domain linear predication approaches are investigated in [J5].

10
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—,andwe se0  p; wherel is the frame length. These parameters are illustrated in Figure
4, and the performance of the Triangular envelope can be observed inGegure

Amplitude

- ”“",;:, >

4 l $ Time
c b

Figure 4: Triangular timedomain envelopestimation.

2.3.4 True Envelope

Another new approach, which can be used for estimating the time domain envelope, is
called the true envelope (TE). It is based on cepstral smoothing of the amplitude sjp&g}rum
[34]. In an iterative procedure, the TE algorithm starts with estimating the cepstrum and
updating it with the maximum of the original spectrum signal and the current cepstral
representation. To have an efficient réale implementation|[35] proposed a concept of a
discrete cepstrum which consists of a least mean square approximatidd@6hadded a
regularization technique that aims to improve the smoothness of the envelope. In this study,
the procedures for estimating the TE is shown in Fiduire which the cepstrura ¢ can be
calculated as the inverse Fourier transform of the log magnitude spe™ C nof a signal
frameo ¢

bt YarQ ~ !
YQ O E00Qs (0]

wherec: C is U -point discrete Fourier transform o0 ¢ , and can be found mathematically
as

»Q LE zZQ T X

Next, the algorithm iteratively updad "Q with the maximum o"Y'Q and the Fourier
transform of the smoothing cepstrid C , that is the cepstral representation of the spectral
envelope at iteratio®

~
g

6Q wE zQ 1]

0 Q T Ar Qhd 71 W

11
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It can be noted that the TE with weighting facd will bring a unique time envelope
which makes the convergence more close to natural speech. In practio-,wiméch was
found to be the most successful is 10. Thus, TE envi™ € 2is proposechere as

"Y¢ 0 z0 QzQ — p T

Despite the good performance, TE makes oscillations whenever the chi’YQ: imfast.
This can be seen in Figuée.
Cepstrum

frame

Figure 5: Procedures foestimating the true envelope.

Spectrum

2.4 Evaluation

In order to achieve our goals and to verify the effectiveness of the proposed methods,
objective and subjective evaluations were carried out.

2.4.1 Phase Distortion Deviation

Recent progress in the speech synthesis $ietdved that the phase distortion of the signal
carries all of the crucial information relevant to the shape of glottal plaS¢sAs the noise
component in the developed continuous vocoder is parameterized in terms ofwetupes
and computed for every pitedynchronous residual frame, | compared the natural and vocoded
sentences by measuring the phase distortion deviation (FHRID).can be estimated in this
experiment ab & i frame shift by

000, Q ch é '—L,)%z Q pp
n p .
CQ — Q
o P Cq
where 6 "0 — M HC — , U is the number of frames, PD is the phase difference

between two consecutive frequency components, and we denote the phagesbywanted
to quantify the noisiness in the higher frequency bands only, | zeroed out the PDD values below
the MVF contair.

12
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__a) Original PCA residual
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Figure 6:1 | | ustration of the performance of the

excitation signal consisting of white noise, whereas "resid_pca" is the first eigenvector
resulting from the PCA compression on theced excitation frame, so here | hav@PCA
component.

Samples for the PDD of one natural and five vocoded utterances in comparison to-the high
quality STRAIGHT vocoder are shown in Figure 7. For the four methods, significant
differences between th@woded samples of the different envelope types can be noted. As can
be seen, the baseline vocoding sample has too much noise component compared to the natural
sample (e.g. see the colors betweénll7s in English and 14 2s in Arabic sentences). On
theother hand, the proposed systems with envelopes and STRAIGHT have PDD values (i.e.,
colors in the figure) closer to the natur al

13
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results in too low PDD values, meaning that the noisiness is too lowaredh to natural
speech. Otherwise, i n general the proposed f
provide highquality vocoding for SPSS.

English sentence

[edNIEN weiBosoadg
leineN welBolpadg

Frequency (kHz)
JenBueu] epnudwy suljeseg

Frequency (kHz)
JE‘|I"|5LIE!JJ_ apnydwy  suljgseq

LaqiH
yeqpH

ani]
ani|

1H QIVHLS
LHOIVHLS

Figure 7. Phase Distortion Deviation of natural and vocoded speech samples thigove
Maximum Voiced Frequency region. The top row shows the spectrogram of the natural

utterances. English sentence: AHe made sure
paddling. o0, from speakernAWB3k¥naod &Hr BAFabi a
transl ated as il did not know what it was as
is Aknt | a ahlm mahowo kma knt | a ahtm bho.

and the noisier the correspong timefrequency region.

2.4.2 Objective Measurement

A range ofspeech quality and intelligibilitynetricsare considered to evaluate the quality
of the proposed modeA calculation is done framy-frame andthe results were averaged
over the test utterars for each speaker. The followiftgir evaluation metrics were used:

a) Weighted Spectral Slope (WSS]37]: The algorithm first decomposes the frame
signal into a set of frequency bands. The intensities within each kchaca are
measured. Then, a weighted distance between the measured slopes otthiedbg
band spectra are computed

P B wp p
-

WYY

14



Thesis I.1 Chapter 2: Temporal Envelopes

wherel is the number of frames in the utterance, and the number of subands.
W [, QOf, and®y; denote the weight, the spectral slopenaturaland synthesized

speech; respectively, at ti@ frequency ban@nd’Q frame.

b) Normalized Covariance Metric (NCM) [38]: It is based on a Speech Transmission
Index (STI)[39], which uses covariance coefficiantf the Hilbert envelope between
the natural andvocodedirame signal

PT

Qv
Q

wherew is the weight vector applied to the STlwfbands and can be foulg the
articulation index40].

c) frequency-weighted segmental SNR (fwSNRsed38]: Similarly to Equation (4),
"QU "Y0 "Ycan be estimated by

B wp 0€&:9—.
00 VO Y p WR  QglY
v U - A . = 0]
}] oy B wjp v P
o o

where G, Qg are criticalband magnitude spectra in tli¢ frequency band of the

naturalandsynthesidframe signals respectively, is the number of bands) is the
weight vector defined if40].

d) Jensen and Ta§l] introduced arExtended ShortTime Objective Intelligibility
(ESTOI) measurethat can be used here talculate the correlation between the
temporal envelopes ofaturalandsynthesizegpeech.

Table 1 displays the results of the evaluation of fourhaws in comparison to the
STRAIGHT vocoder As Table 1 shows, the proposed methddad to significantly
outperform the badiee approach among all metrjcsuggesting the superiority of these
techniques. In particular, we see that NCM and ESTOI measures display that the proposed
vocoder based on Hilbert and True envelopes are cloSGIRAIGHT in all speakers. Hence,
we can conclude that themporalenvelope based approaches were beneficial to model the
noise component. But it should be pointed out that there is no guarantee that better objective
measures yield a better model as sytittepeech quality is an inherently perceptual study.

15



Thesis I.1 Chapter 2: Temporal Envelopes

Table 1. Average scores performanceregynthesized speech signal per each speaker. The
bold font shows the best performance among the proposed vocoder variants.

Models

Metric Speaker
Baseline Amplitude Hilbert Triangular  True STRAIGHT

AWB 6.971 9.638 9.665 9.566 9.693 12.209
fwSNRseg SLT 8.020 10.820 10.949 10.775 10.919 15.427
ARB 9.288 12.732 12.748 12.664 12.770 14.248

AWB 0.642 0.865 0.872 0.863 0.871 0.990
NCM SLT 0.665 0.867 0.883 0.863 0.880 0.981
ARB 0.682 0.864 0.875 0.857 0.876 0.978
AWB 0.532 0.785 0.785 0.782 0.786 0.796
ESTOI SLT 0.665 0.868 0.872 0.865 0.871 0.943
ARB 0.599 0.847 0.853 0.845 0.851 0.880

AWB 54.162 37.158 37.362 37.524 37404 35.586
WSS SLT 58.449 40.168 40.401 40.150 40.488 21.719
ARB 43.359 26.977 26.932 27.051 27.066 24.589

2.4.3 SubjectiveListening Test

In order to evaluate which proposed vocoder variant is closer to the natural speech, |
conducted a webased MUSHRA litening test.| compared natural sentences with the
synthesized sentences from the baseline, proposed, STRAIGHT, and a hidden anchor system
(the latter being a vocoder with simple pufs@se excitation). In this section, | show the results
of two perceptudistening tests.

Listening test #1: English corpus

A total number of 19 participan{8 males and 11 femalesgre asked to conduct the online
listening test. The listening test samples can be found énline

The MUSHRA scores of the listening test presented in Figur®. It canbeobserve that
all of the proposed systems significantly outperformed the baseline. For the male speaker in
this experiment (see Figuda), out of the proposed versions, the Amplitude, Hilbert, and True
reached the highesiaturalness scores in the listening téisis worth mentioning that the
proposed systems have significantly higher ratings than those of STRAIGHT for the female
voice (see Figur@&b). Overall, our model contributes notably to the synthetic quality of the
proposed vocoder than other systems (see FRpre

4 http://smartlab.tmit.ome.hu/vocoder_Arabic_2018
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| therefore draw the conclusion that the average scores achieved by the proposed vocoder
based Hilbert and True envelope significantly outperformed STRAIGHT in case of the female
speaker, while they rehed almost the highest naturalness for the male speaker. This means
that the approach presented in this work is an interesting alternative to the earlier version of
theresidualbasedvocoder[8], and at least for the femaleige inthe STRAIGHT vocoder.

[ 1) natural (original) E¥3 5) synth. (Hilbert) [ 1) natural (original) 5) synth. (Hilbert)
E=3 2) anchor Il 6) synth. (Triangular) E= 2) anchor B 6) synth. (Triangular)
XA 3) synth. (baseline) BB 7) synth. (True) XA 3) synth. (baseline) BB 7) synth. (True)
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Figure 8: Results of the subjective evaluation #1 (English samples) for the naturalness
guestion. Higher value means better naturalness. Error bars show the bootstrapped 95%
confidence intervals.

w

Li stening test #2: Arabic corpus

For a second MUSHRA test, twelve sentences were selected from the Arabic corpus (two
from each emotion). Altogether, 84 utterances were included in the test (1 speaker x 7 types X
6 emotions x 2 sentences). Another set gbp&ticipants (8 males and 13 females) were asked
to conduct the online listening test. All of them were native Arabic speakers and none of them

reported any hearing loss. On average, the test took 20 minutes to fill. The listening test
samples can be fourmhline®.

The MUSHRA scores of the listening test are presented in FRjurere, a number of
observations can also be made. The results show that all of the proposed systems are
significantly better than the baseline. It is also important to note tbatifference between
the proposed systems using the envelopes and the STRAIGHT vocoder is significant, meaning
that our system could reach the quality of ste#téhe-art vocoders. Focusing on the Neutral
and Sad types, it is obvious that STRAIGHT workgdrgwith mean naturalness of 86%) than
other methods. For the other emotions, the proposed vocoder based on the envelopes was
superior with mean naturalness of 86% in Anger, 85% in Fear, 87% in Happy, and 85% in
Question. Overall, our proposed vocodeprsferred in synthesized Arabic speech and reached
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the highest rate (85%) in the listening test, being evaluated higher than the STRAIGHT (78%)
and baseline (77%) vocoders.
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Figure 9: Results of the subjective evaluation #2 (Bitassamples) for the naturalness question.
Higher value means better naturalness. Error bars show the bootstrapped 95% confidence
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2.5 Discussion

To discuss the trend of why STRAIGHT synthesizer scores fell below 70 in English female
speaker and bel 80 in some Arabic emotions, PDD samples of natural and vocoded
utterances by STRAIGHT are shown in Figd@ The main cause seems to be the error that
the voiced segment was wrongly affected by higher frequency harmonics (e.g. above 5 kHz
between 0.2.5s on Figurd 0Oleft), which degrades the quality of the synthesized speech; thus
explaining the lower value for the English female speaker and Anger, Fear, Question for the
Arabic male speaker. Conversely, the synthetic speech of the proposed teckospas ¢his
limitation by controlling the harmonic frequencies and improves speech quality as previously
described and shown in Secti®i3.

English sentence

leameN
eaneN

Frequency (kHz)

1HOIVYHLS
LHOIVYLS

14 16 18 2 22 24 26 28 3 32 34
Time (s) Time (s)

Figure 10: Phase Distortion Deviation of a natural and vocoded speech samples based
STRAIGHT vocoder. English sentence: "Will we ever forget it.", from speaker SLT; and an

Ar abi ¢ sOeBnbtFe nccieK: Bid g PT b maanslated déit woljdbe bejtes Y C S F
to start studying now as | doariptwiaon it iyl
abda mothakeraty alaan heta |l a yakhtalet al:
PDD value and the noisier the corresponding {#frequency region.

Some confusion of Arabic emotion types of speech synthesized by ouodsedind
STRAIGHT was observed during the results of the listening test #2. Therefore, the empirical
cumulative distribution function of phase distortion mean values are calculated and displayed
in Figurel11l to see whether these systems can be normallgldistdd and how far they are
from the natural signal. The empirical cumulative distribution funcQ 0 ‘O is defined as

ne DE# © P g o0
€ g
wheredq is the PDM variables with density functi'C « and distribution functioi'C « , [0
symbolizes the number of elements in theoG;éi> ), € is the number of experimental
observations'Qs the indicator of everd given as

N &
Qe

3.5

D w
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It can be noticed that the higher mode of the distribution (positaeis<in Figure 1b-f)
corresponding to STRAI GHdnahat ofRhe briginabsigmal. This e ar | vy
also demonstrates why the synthesized speech for the STRAIGHT ranked lower in the
perception test. On the contrary, the higher mode of the distribution corresponding to the
proposed configurations are better reconstrietspecially in the emotions of Anger, Fear, and
Question. These results can be explained by the fact that modulating high frequencies based
on time envelope is still beneficial and can substantially reduce any residual buzziness.
Focusing on the lower nde of the distribution (negative-axis in Figure 1la, e),

STRAI GHT6s PDMs gives better synthesized per
and Sad emotions, whereas the proposed vocoder almost reaches the natural distribution for
fear and questioamotions (Figurd.1c, f).

Consequently, the experimental results verify the effectiveness of the proposed vocoder in
terms of speech naturalness; and it is comparable, or even better in some cases, than
STRAIGHT. In particular, our emotional Arabic uttecas are also more suitable to model
with the continuous vocoder applying envelopes and pravidettemperformance in Arabic
speech resynthesis.

2.6 Summary

This chapter has presented a new approach for modelling unvoiced sounds in a novel
continuous vocoer, and evaluating it using English and Arabic speech samples. The main idea
was to further control the time structure of the Higiguency noise component by estimating
a suitable temporal envelope.

Using a variety of measurements, the performancegitrermand weaknesses of each of the
proposed methods for different speakers were highlighted. From the objective experiments, it
was shown that the proposed vocoders have a better capability for modelling the time structure
of the noise component than thaskline. The Hilbert and True envelopes are the best when
combined with the continuous vocoder (i.e. they are close to the natural sentences in terms of
PDD). Furthermore, the results of the MUSHRA test demonstrated the effectiveness of the
proposed apprahes for improving the quality of synthetic speech. It was shown that the
proposed vocoder outperformed the staHtthe-art (STRAIGHT) models in Arabic and
female English speakers.

The results obtained in this chapter will allow us to enhance the perfoenaé other types
of vocoders in order to yield a more natural synthetic signal.
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Chapter 3

Continuous Noise Masking

Alf | have seen further, it is by
Isaac Newton (164B1727)

3.1 Motivation

Traditional parametric vocoders generally show a perceptible detesiomatine quality of
the synthesized speech due to different processing algori@migarly to other vocoders (e.g.
a lack of proper noise modiglg in STRAIGHT [5]), the noise component in the baseline
continuous vocoder igi not accurately modelled that limits the overall perceived quality.
Furthermore, @ inaccurate noise resynthesis (e.g. in breathiness or hoarseness) is also
considered to be one of the main underlying causes of performance degradation, leading to
noisytransients and temporal discontinuity in the synthesized spé2Lcf43].

To mitigate the problem above, | proposehis thapter a continuous noise masking (cCNM)
approach with the aim of improng the naturalness of synthetic spe€fis is shown byhe
dashed boxRDD and cNM in theleft upperhalf of Fgure 2. This method has a twofold
advantage: a) it allows to mask out most of the noise residuals; and b) it attempts to reproduce
the voicedand unvoiced (V/UV) regions more precisely, that is, resenthksatural sound
signal. Thus, proper reconstruction of noise in voiced segments (like in breathiness parts) is
necessary for the synthetic speech to achieve a quality ot of the atural sound.

3.2 Proposed Method

Noise masking is a fundamental technique to improve the performance of the speech
synthesizer by reducing the number of noise artifacts in thefteqeency domaint has been
widely used in earlier studies. One simple mdtigpresented ifd4] as a small amount of
artificial noise is added to the clean speech to improve the noise immunity of the model and
reach the desired signt-noise ratio (SNR). Another method with similar goals is capable
lowering the statistical mismatch of acoustic features in the training and testing conditions
[45]. Moreover, a good degree of noise robustness in both filter bank anfidgetncy
cepstral domains can be found4®]. Recentlya binary noise mask (bNMyasproposed for
improving both speech intelligibility based on noise distortion constr@iijsand parametric
speech synthesis based on thresholdin@Dig [25]. However, forcing the PDD values below
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thresholding to zero might lack a minimum of randomness in the voiced sedfr3].
Therefore, by considering that both PDD ardMb help in decreasing thanfluence of
variability in the speech signa] | introducea new masking approach to avoid any residual
buzziness, improve creakiness, and ensure the proper randomization of the noise segments in
the parametric vocoders.

In principle, cNM changes from 0 to 1 (or 1 to 0) rather than a binary 0 or 1 as in the bNM,
and hence preserves the quality of the voiced segmentsder to compute the cNM, we
should first compute the PDD. Originally, PDD can be calculated based on edudy's=is
standaredeviation [49] and as defined in Section32.Unlike in bNM which was just a
thresholded version of PDD, cNM can be estimated here as

w0 p 0OCQ p 1l
where0 ‘O'@ a normalized PDD value using neanesighbor resampling method. Then, to

model the speech signal tihe continuous vocoder, the following formulasapplied in the
synthesis phasi ¢ as shown in Figre 2:

i ¢ b e 6 ¢ 00

whereb ¢ ando ¢ are the voiced and unvoiced speech components at £ araspedtely.
Thus, forl 0

s e L Eh B0 80 o a0 ol
Mo GOl 60 X a0
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The masking algorithm developed here is to carry out the masking in the voiced and
unvoiced segments of the continuous vocoder. To better understand how to approach the above
conditions, the suggested model shall satisfy the properties: If the fahme aNM estimate
for the voiced frame is greater than the threshold, then this value is replaced (masked) in order
to reduce the perceptual effect of the residual noise as may appear in the voiced parts of the
cNM (lower values), whereas Egtion(21) controls the unvoiced frame based on the unvoiced
part of the cNM (higher values). This means that cNM can save parts of speech component in
the weakvoiced and unvoiced segments by using a smaller value instead of 0 or 1 caused by
the bNM estimation.

Accordingly, cNM improves the synthesis robustness to noise generated in creaky
voice segments and closely resembles natural background noise (such as breathy voice). In
informal listening tests, we experimented with several continuous values (from 0 to 1), and
selected 0.77 as the one producing the best results for indication of presence/absence of voicing
in respective voiced/unvoiced frames. This threshold is supported by the experiment in
Sub<ection 34 (Figurel4) showing that the probability kernel dendiimction of the proposed
model (blue line) starts to match the natural one (black dash line) at PDD 0.77, which then is
confirmed as a confidence threshold in teiadyto avoid any other erroneous estimates.
Nevertheless, the results are not to be gengsitive to this threshold as it is more like a clipping
needed to account for a low and high level estimation issue in the voiced and unvoiced frames.

An example of cNM estimation on a female speech sample and masking threshold
compared with the MVF adour is shown in Figre 12. It can be seen that the cNM also
follows the actual voiced/unvoiced regions of the MVF. In other words, if the segment is
voiced, then the cNM must be lower to give indication to the synthesis process that this region
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is voicedand should discard any other noise artifatgpendingon the threshold. On the
contrary, if the segment is unvoiced, then the cNM must be higher to give indication to the
synthesis process that this region is unvoiced and should mask any other highami¢gar
frequenciesdependingalso on the threshold. Consequently, it possible for this method to
reduce the effect of residual noise, and thus yielding to save parts of speech components.
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Figure 12 lllustration of the performare of the continuous noise mask (blue line) plotted

across the maximum voiced frequency (red dashed line), where threshold = 0.77 (black dotted
line) is obtained after informal listening tests; UV and V are the unvoiced and voiced segments,
respectively. Bgl i sh sentence: Al was not to cry out

3.3 Maximum Voiced Frequency Algorithm

During the production of voiced sounds, MVF is used as the spectral boundary separating
low-frequency periodic and higinequency aperiad components. MVF has been used in
various speech mode[24] [26] [50], that yield sufficiently better quality in synthesized
speech. Our vocoder follows the algorithm gmweed by[10] which has the potential to
discriminate harmonicity, exploits both amplitude and phase spectra, and use the maximum
likelihood criterion as a strategy to derive the MVF estimate. The performance of this
algorithm has been previously assessed by comparing it with twedstdie-art methods,
namely the Peato-Valley (P2V) used if26] and the Sinusoidal Likeness Measure (SLM)
[50]. Based on Receiver O@ing Characteristic (ROC) curve and Area Under the Curve
(AUC), the algorithm proposed 0] objectively outperforms both P2V and SLM methods.
Moreover, a substantial improvement was also observed over thefstageart techniques in
a subjective listening test using male, female, and child speech.

The method consists of the following steps. First, 4 pdoad Hanning window is applied
to exhibit a good peak structure. Then, the frequencies of the spectral pedkteated using
a standard peak picking function. Amplitude spectrum, phase coherence, and haomonic
noise ratio are extracted in the third step for each harmonic candidate which convey some
relevant statistics to predict the strategy decision by ubliegnaximum likelihood criterion.
Time smoothing step is finally applied to the obtained MVF trajectory in order to remove
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unwanted spurious values. An example of spectrogram of the natural waveform with the MVF
contour is shown in FigurE3. Here, the dration of this sentence is about 3s, and was sampled
at 16 kHz with a 1#it quantization level. It is windowed by Hanning window function in
duration of 25 ms, shifted by 5 meps The thresholds for the pitch tracking are set from 80

to 300 Hz. Thus,ite MVF parameter models the voicing information: for unvoiced sounds,
the MVF is low (around 1 kHz), for voiced sounds, the MVF is high (above 4 kHz).

Figure 13: Example of spectrogram of the natural waveform and MVF contowe)bl
Sentence: AAut hor of the danger trail, Phil i

3.4 Evaluation

3.4.1 Objective M easurement

Finding a meaningful objective metric is always a challenge in evaluating the performance
of speech quality, similarity, and intellglity. In fact, one metric might be possibly suitable
for a few systems but not convenient for all. The reason for that may be returned to some
factors which are influenced by the speed, complexity, or accuracy of the speech models.
Speaker types and enenmental conditions should also be taken into account when choosing
these metrics. Therefore, four objective speech quality measures are considered to evaluate the
quality of the proposed model. Frequeegighted segmental signd-noise ratio
(wSNRseg was firstly calculateds described in Subsectior32.

Secondly, coherence and speech intelligibility index (fSI1) was employed to evaluate
the noise and distortion of the synthetic speech. The coherence Sll (CSllireneas chosen
here because it has been showj88j to be one of the best predictors for speech intelligibility
in fluctuating noise conditions. In thighesis the CSilI is obtained for each frari 2as:

5 N - B aé hQ o Q
0 1 $ = —
> B YahQln © ¢

where® 7 is the filter window function™Qis the FFT bin indexi & hQ and™ & hC are
estimations of the natural and synthesized speech power spectra, respectively. These are
obtained as
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OAahQ g Ts I€Ya "HQs C

YahQ p ¢ s €Ya "MQs Q-
where™ & "¥iC is the shortime Fourier transform of the synthesized spe¢Yis the
frameshift, and the magnitude squared coherf-nafethe crossspectral densit™Y between
natural specha ¢ and synthesized speei ¢ , both having spectral densit™v and'yY
respectively, is given by

~ §Y $ .
v C¢ Wh m ¢ (s p C !

Additiondly, the density estimate using a kernel smoothing mefs2}d53] was calculated
to show how the reconstruction of the noise component in theddttte-art vocoders behaved
in comparison to therpposed model. The probability kernel density function is given by

P L@
to Y T S0

wherei is the synthesized speech sigr «@  are finite random samples drawn from some
distribution with an unknown densitv { is the kernel function, an'Q Tis a smoothing
parameter to adjust the width of the kernel. A more detailed-lmasase analysis by
fwSNRseg and CSIll are shown in TaBl€eThe results were averaged over 25 synthesized test
utterances for each speakandacalculation is done framly-frame.

Table 2: Average scores based orsynthesized speech for male and female speakers. The
bold font shows the best performance of each column.

Metric Speaker . Models
Baseline PML STRAIGHT Proposed

JMK 6.083 9.959 14.436 11.661

fwSNRseg BDL 6.449 13.578 16.371 12.298
CLB 7.559 13.752 16.583 9.789
SLT 6.771 13.538 15.742 10.938
JMK 0.048 0.208 0.252 0.271

coherence Sli BDL 0.044 0.191 0.244 0.248
CLB 0.043 0.199 0.226 0.204
SLT 0.065 0.236 0.252 0.263

First, it could be observed thie proposed method significantly outperforms the baseline
vocoder in both metrics. In particular, it can be seen from the fwSNRseg measure that the
proposed vocoder is also better than PMLhi@ MK speaker. On the contrary, STRAIGHT
vocoder still gives better metric results than other systems. Second, for both male and SLT
female speakers, the coherence SlI values indicate that the proposed system obviously
outperforms all systems. In a sendere is a tendency to increased CSIlI when considering
continuous noise masking in the proposed method. It is interesting to emphasize that the
baseline does not at all meet the performance of the other vocoders in all speakers. In other
words, the resudtreported in Tabl@, strongly support the use of proposed vocoder than others
in terms of coherence Sl measurean conclude that the approach reported in this work is
beneficial and can substantially reduce any residual buzziness.

Probability kerneldensity function of PDD values for all systems are also estimated and
shown in Figrre 14 compared to the PDD measure on the natural speech signals. It can be

26



Thesis I.2 Chapter 3: Continuous Noise Masking

shown that the proposed vocoder based cNM start to match the natural PDD values at a
threshold 00.77, whereas other systems (like STRAIGHTggents more deviation from the
natural one. This indicated that the proposed cNM method gives a better synthesis of the noise
in voiced and unvoiced segments than, for example, the bNM in PML.

1.2

Baseline
—— STRAIGHT |
PML
— Proposed

0.8

06

047

Probability Kernel Density

021

Threshold =0.77

0 0.5 1 15 2 2.5

Phase Distortion Deviation (PDD)

Figure 14: Estimation of the probability kernel density functions of PDDs using 4 vocoders
compared with the PDD measure on the natural speech signal. The threshold = 0.77 is shown
in the vertical dashed line.

Finally, the empirical cumulative sliribution functiorf54] of phase distortion mean values
are calculated and displayed in Figul® to see whether these systems can be normally
distributed and how far they are from the natural signal. The empirical cumwlatibution
function™ 0 ‘O defined as

N w —ds* E no@ C.
€ €
whered is the PDM variables with density functi’C « and distributiorfunction™C « , Mo
symbolizes the number of elements in thed:d® @), € is the number of experimental
observations'Qs the indicator of everd given as

B h N o
N w SIH e b C )

It can be noticed that the higher mode of the distribution (positi&eis<in Figire 15)
corresponding to STRAI GHT6s PDMs is clearly
the PMLO6s PDMs i s | ower . ynlhbesized spgdclsfar theheranked st r a
lower in the perception test (sealf3ection 34.2). On the contrary, the higher mode of the
distribution corresponding to the proposed configuration is better synthesized performance
with almost matching the natural spkesignal. The performance of STRAIGHT and the
baseline vocoders appear considerably worse than PML. Focusing on the lower mode of the
distribution (negative Jaxis in Figire 15) , PMLOs PDMs gives the sec
performance behind the propdsaodel. This result is probably explained by the fact that cNM
can substantially reduce any residual buzziness.
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Hence, the experimental results confirm the effectiveness of the proposed vocoder in terms
of speech naturalnets becomparable, or even bett to the STRAIGHT and PML vocoders.
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Figure 15. Empirical cumulative distribution function of PDMs using 4 vocoders compared
with the PDM measure on the natural speech signal.

3.4.2 Subjective Listening Test

In order to evaluate ¢hperceptual quality of the proposed systems, we conducted-a web
based MUSHRAiIstening testWe compared natural sentences with the synthesized sentences
from the baseline, proposed, STRAIGHT, PML, and an anchor system. The anchor type was
the resynthess of the sentences with a standard MGLSA vocoder using-palse excitation
[12] implemented irthe speech signal processing toolkit (SPT.KJhe listening test samples
can be found onlirfe and18 participants (9 males, 9 faies) with a mean age of 29 years
were asked to caluct the online listening testWe evaluated 16 sentences (4 from each
speaker). Altogether, 96 utterances were included in the test (4 speaker x 6 types x 4 sentences).
The MUSHRA scores for all the syste are shown in Figure6lshowing both speaker by
speaker and overall results.

According to the results, the proposed vocoder clearly outperformed the baseline system
(MannWhitney-Wilcoxon ranksum test, p<0.05). Particularly, one can see that in thefcase
both male speakers (BDL and JMK) the proposed method is significantly better than the PML
and STRAIGHT vocoders. In terms of the female speakerarn@igc, d), we can see that the
proposed vocoder is ranked as the second best choice. In otherthends;oder based cNM
is superior to the method based bNM in PML and the method based voice decision in
STRAIGHT vocoder in case of CLB and SLT speakers, respectively. This unexpected
difference (specially in Figre 16d) probably might be due to ooétwo concerns. First, SLT
underarticulates, speaks with a low vocal effort, and exhibit a pressed voice d6aljity
Alternatively, the female SLT speaker has a rather modal phonation withoh fmsality,
which is affectngthe evaluation scores. Second, the voiced/unvoiced decision was also left up

S http://sptk.sourceforge.net/
® http://smartlab.tmit.ome.hu/cNM2019
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to themaximum voiced frequen@arameter in our study, whereas other systems have separate
complex parameters to model this (e.g. aperiodicity parameter in STRAIGHT). Tleerefor
some possibly inaccurate decisions migdwealso occurred (especially in unvoiced regions).
Listeners seem to prefer the female voices of PML and the male voices of the proposed model.

But our system is simpler, i.e. uses less parameters comparetR®IGEHT and PML

vocoders.

Based on the overall results, we can conclude that among the techniques investigated in the
study of noise reconstruction, cNM performs welthe continuous vocoder when compared
with other approaches (kige 16e). When takinghese overall results, the difference between
STRAIGHT, PML and the proposed system is not statistically significant (Mémitney-
Wilcoxon ranksum test, p<0.05), meaning that our methods reached the quality of other state
of-the-art vocoders. This positiveesult was confirmed by a coherence Sl measure in the
he objectiveods
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Figure 16: Results of the subjective evaluation for the naturalness question. A higher value
means larger naturass. Error bars show the bootstrapped 95% confidence intervals.

3.5 Summary

This chapter has developed an encouraging alternative method to reconstruct the noisiness
of the speech signal in a continuous vocoder. | have described an implementation of how to
generate such a continuous noise masking to avoid any residual buzziness. It was also shown
in a subjective listening test that the continuous vocoder allows better ability to synthesize the

speech compared to the PML and STRAIGHT vocoders, in case of aieds vMoreover, the

continuous synthesizer was also found to have similar or slightly worse quality thaafstate
the-art vocoder in female speaker. Therefore, cNM offers a good alternative method to
reconstruct noise than other approaches (for insténhd).

As thecNM parameter is not limited only tr novelvocodr, it is recommended to apply

it to other types of modern parametric vocoders (such as Ahofsftjexs well as PML[16])
to deal wih the case of noisy conditions.
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Chapter 4

Adaptive Continuous Pitch Tracking
Algorithm

AThe whole of science isemethdayg mbr ak:
Albert Einstein (1879 1955)

4.1 Introduction

Parametric representation of speech often implies fundamental frequency (also referred to
as FO or pitch) contour as a pareterof TTS synthesis. During voiced speech such as vowels,
pitch values can be successfully estimated over a -$imoet period (e.g., a speech frame of
25ms). Pitch observations are continuous and usually range from 60Hz to 300idxénr
human speeclfb6]. But in unvoiced speech such as oiced consonants, the long term
spectrum of turbulent airflow tends to be a weak function of frequTdywhich suggests
that the identification of a single reliable FO value in unvoiced regions is not possible. Thus, a
commaly accepted assumption is that FO values in unvoiced speech frames are undefined and
must instead be represented by a sequence of discrete unvoiceds§gdijodh other words,

FO is a discontinuous function of time and voginlassification is made through pitch
estimation.

In standard TTS with thieinary decisiorexcitation system, frames classified as voiced will
be excited with a combination of glottal pulses and noise while frames classified as unvoiced
will just be excied with noise. Consequently, any hard voiced/unvoiced (V/UV) classification
gives two categories of errors: false voiced, i.e. setting frames to voiced that should be
unvoiced, and false unvoiced, i.e. setting frames to unvoiced that are voiced. Pdycepéual
synthesized speech with false voiced produces buzziness mostly in the higher frequencies,
while false unvoiced introduce a hoarse quality in the speech signal. Generally, both of them
sound unnaturgb9].

One solution $ to directly model the discontinuous FO observation with rsphice
probability distribution using hidden Markov models (M&IMM) [60]. However, MSD
HMM has some restrictions with dynamic features that cannot be easily ¢adcdlee to the
discontinuity at the boundary between V/UV regions. Hence, separate streams are normally
used to model static and dynamic featui@s]. But this also limits the model ability to
correctly capture FO trajectorieAn alternative solution, random values generated from a
probability density with a large variance have been used for unvoiced FO obserié2ipns
while setting all unvoiced FO to be zero has been investigajéd]irOnce again, both of these
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techniques are inappropriate for the TTS system since it would lead to a synthesis of random
or meaningless H®].

In recent years, there has been a rising trend of asguhman continuous FO observations
are present similarly in unvoiced regions and there have been various modelling schemes along
these lines. It was found jB8] that a continuous FO creates more expressive FO contours with
HMM-based TTS than one based on the MEBIDM system. Zhang et d64] introduce a new
approach to improve modeling pieagse continuous FO trajectory with voicing strength and
V/UV decision for HMMbased TTS. Garner et 48], the baseline method in thikesis
proposed a simple continuous FO tracker, where the measurement distribution is determined
from the autocorrelation coefficients. This algorithm is better suited to the Bayesian pitch
estimation of Nielsen et a[65]. Téth and CsapfB6] have shown that continuous FO contour
can be approximated better witlvVi¥ and deep neural netwotkan traditional discontinuous
FO. In[8], an excitation modelasproposed which combines continuous FO modeling with
MVF. This model produamore natural synthesized speech for voiced sounds than traditional
vocoders bsed on standard pitch tracking. Howewemtinuous FO istill sensitive to additive
noise in speech signals and suffers from stesrh errors (when it changes rather quickly over
time). To alleviate these issues, three adaptive techniques have been developed in this chapter
for achieving a robust and accurattF0.This is shown by the dashed box Caat=0) in the
middle upper half of Figure 2.

4.2 FO Detection and Refinement

This section is comprised of a brief backgroundhafcontinuous FO (contF0) estimation
algorithm, and a description of three powerful @tdee frameworks for refining it. The
effectiveness of these proposed methods is evaluated in Section 4.3.

4.2.1 contFO: Baseline

The contFO estimatantroduced in this chaptexrs a baseline is an approach proposed by
Garner et al[9]. The algorithm starts simply with splitting the speech signal into overlapping
frames. The result of windowing each frame is then used to calculate the autocorrelation.
Identifying a peak between two frequencies and calculating the variante assential steps
of the Kalman smoother to give a final sequence of continuous pitch estimates with no
voiced/unvoiced decision.

In view of this, contFQs still sensitive to additive noise in speech signals and suffers from
shortterm errors (when it @nges rather quickly over time). Moreovercén cause some
tracking errors wherthe speech signal amplitude is low, voice is creaky, or low HNR.
Therefore, further refinements were developethis chapter

4.2.2 Adaptive Kalman Filtering

To begin with, the&kalman filter in its common form can be mathematically described as a
simple linear model

® 0 O hO DO 0 (29)

« O0w U hoDO nFY (30)
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Hereois a time indexa is an unobserved (hidden) state varia0 3s the state transition
model to update the previous staj (state noise with zero mean) e {measurement noise
with zero mean) are independent Gaussian random variables withacmeamatriced and
Y respectively;« is the measurement derived from the observation ©td is the
measurement model which maps the underlying state to the observation. Alternatively, the
Kalman filter operates by propageg the mean and covariance of the state through time. In
recent times, this method has beeadufor obtaining smoothed voemact parametergg7],
and in speech synthesis systd68] [69].

It is known from the literature thahe Kalman filter is one of the best state estimation
methods in several different senses when the noise ofy-3tb are Gaussian, and both
covariancel ,'Y is expected to be known. However, this can be very difficult in practice. If
the noise statistics (estimates of the state and measurement noise covariance) are not as
expectedthe Kalman flter will be unstable or gives state estimates that are not close to the
true state[70]. One promising approach to overcome this problem is the use of adaptive
mechanisms into a Kalman filter. In particular, signal qualityidesl (SQIs) have been
proposed by71], and recently used [i72], which give the confidence in the measurements of
each sourcalVhen the SQI is low, the measurement should not be trusted; this aaniéecd
by increasing the noise covariandsanas et al.73] proposed an approach to consider both
the state noise and the measurement noise covariance which are adaptively determined based
on the SQI (but in71] and[72], the state noise was a priori fixed). Therefore, to improve the
contFO estimation method, we used 8@l algorithm reported ifi73] in order to compute the
confidence in bth state noise and measurement noise covariance. So that, their covariance
matrices0 and'Y are updated appropriately at each time step until convergence. Detailed
steps of this algorithm are summarized simply in Fidifrdn this formulationthe aim of the
adaptive Kalman filter is to use the measuremants update the current steed  « to
the new estimated steé»when0 and'Y are given at each time step.

Figure Ba shows the performance of this ptige methodology. However, somecases,
this approach may owit to the speech dataset due to the number of manspdgified
parameters which is required for tuning. Thus, this technique should be used carefully.

4.2.3 Adaptive Time-Warping

In speech sigal processingit may benecessary that harmonic components are separated
from each other with the purpose of being easily found and extracted. Once FO rapidly changes,
harmonic components are subject to overlap each other and make it difficult toesdpzsat
components; or the close neighboring components make the separation through filtering very
hard especially with a loypitchedvoice (such as male pitcfi}4]. To overcome this problem,
previous work in the literature hgsovided methods by introducing a time&rping based
approach75] [76].

Abe et al.[77] incorporate timevarping intothe instantaneous frequency spectrogram
frame by frane according to the change of the harmonic frequencies. In view of that, the
observed FO is seen to be constant within each analysis frame. More rectmiyyvarping
pitch tracking algorithmvasalso proposed bjy 8] which gparently had a significant positive
impact on the voicing decision error and led to good results even in very noisy conditions.
Therewasanother approach introduced by Stoter ef78l] based on iteratively time/arping
the peech signal and updating FO estimate on-ivagoed speech, which has a nearly constant
FO over a segment of short duration that sometimes leads to inaccurate pitch estimates. To
achieve a further reduction in the amount of contFO trajectory deviatietatedrom their
harmonic locations) and to avoid additional sideband components generation when a fast
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movement of higher frequencies occurs, adaptive time warping approach combined with the
instantaneous frequency can be used to refine the contFO lahgorit
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measurement noise covarian
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Figure 17: Structure chart of adaptive Kalman filter based contFO (adContFO0).

We refer to the warping function nswhich defines the relationship between two axes
t a6 h o nq 1t (31)
wheret represents a time stretching factor. The first step is to stretch the time axis in order to
make the observed contFO value in the new temporal axis stay unchanged and preserves the

harmonic structure intaff5] [76]. As the initial estimate of the contFO is available, the second
step of the refinement procedure is that the input waveform is filtered by bandpass filter bank
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"C T with different center frequenci‘Qmultiplied by Nuttall window0 1 [80] to separate
only the fundamental component in the range "Qar

at o0t AT Qo (32)
0T TMoYPua T PYp uE—" T @ p MéE QO
I (33)
T8t p Y TWE = ot

Next, instantaneous frequencO 3 of Ct have to be calcul ated.
[81] is used to extract them froboth the complexalued signal and its derivative

620 A0
oot 2T Of (34)
W W
where & and @ are the real and imaginary parts of the spectrurC 1, respectively.’Q
represents the harmonic number. As'O"® indicates the value close to FO, w ¢ £€misO

thus refined to a more accurate FO by using a linear interpolation be 0" nvalues and
contFO coordinates. Then, using a weighted average

wé Em O 35
o (35)

whereB 0 p, provides a nev® ¢ ¢ &&timate on the warped time axis. The last step
is unwarped in time to return the estimated value to the original time axis. Recursively applying
these steps gives a final adaptive contFO estimate (adCotir@xample of the proposed
refinement based on the timearping method is depicted in Figut®b. It can be seen that the
adContFO trajectory given by the time&rping method is robust to the tracking error (dip at
frame 30 and frame 138) to make it armaccurate estimation than the baseline. Despite the
good performance, this technique requires a little tweaking thewiamg to achieve the
desired results.

4.2.4 Adaptive Instantaneous Frequency

Another method used to improve the noise robustness of thHe essmated by contFO is
based orthe instantaneous frequency which is defined asdiwvative of the phase of the
waveform This approaclinamed as StoneMasis)also used in WORLIL4], that is a high
guality speeclanalysis/synthesis system, to adjust its fundamental freq@Bhoy algorithm
[82. FI anaganb6s equation defined as in Equatio
frequency’O ¢ . Here,andare respectively the real and imaginary parts of the spectrum
of a waveform™ 0 windowed by a Blackman window functicd ¢ defined in ~ "VI"V]
with the following form

1] Al 1]

’ \ T ooy ’-",c
DO T@ ( n&bwel—,}w natq.nsaw (36)

where0 is a positive integer, ar'V is the inverse of the contFO candidate. Hence, contFO can
be further refined using recursively a formula given by
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506 ¢ i Ao L SO I
S B TQ.‘Y';'m S

(37)

wherel represents the angular frequency of the contFO canditlateemporal positigrand
‘Crepresents the harmonic number (we’Q ¢ for further refinement of the methodology).

In this work, The 'O € of the periodic signalt®ws the value close wnt-0 when the
frequency is aroundont0. Becausethe spectrum around contFO has a larger power, this
approach is more robust than others. Theretbeegont0 is refined to a more accuraire
even if thecont~0 candidatéassameerror.

The impact of the proposed method on contFO performance is illustrated in Eguteis
quite obvious that the adContFO obtained by StoneMask almost matches the reference pitch
contout andit is much better thamhe others. It can be also es@ here that the proposed
adContFO in the unvoiced region (frames from 170 toi@@2gure Bc) is significantly much
smaller than for the baseline, which is not the case with previous refined methods.
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Figure 18 Examples froma female speaker of FO trajectories estimated by the baseline (red)
and ground truth (black) plotted along with proposed refined contFO (adaptive Kalman filter
(AKF), time-warping (TWRP), and StoneMask (STMSK)) methods.
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4.3 Evaluation

The experimental evaltian aims to evaluate the accuracy of #daptivecontFO using
several measurement metridfie objective evaluation is discussedhe sulsectiors below
whereas the subjective listening test is discussed in Chapter 5.

4.3.1 Error Measurement Metrics

| try to adopt a series of distinct measurements in accordancd88itfid4] to assess the
accuracy of the adContF0 estimation. The results were averaged over the utterances for each
speaker. The fatiwing three evaluation metrics were used:

1) Gross Pitch Errors: GPE is the proportion of frames considered voU ¢y both
estimated and referenced FO for which the relative pitch C ¢ ris higher than a
certain threshold (usually set to 20% §peech). ThC ¢ can be calculated as:

Q3 Or E s of8 S
& ors ph & pMBIO (38)
whereg is the frame index. I€KC € S &, we classified the frame as a gross error
O . Thus, GPE can be deéd as

..U
‘Ou ™ z zpnmb (39)

2) Mean Fine Pitch Errors: Fine pitch error is referred to all pitch errors that are not
classified as GPE. In otheronds, MFPE can be derived frongiation(38) when

€es ™

e "),,1 O "o (40)
U

where( is the number of remaining voiced frames that do not have gross error
o 0 ).

3) Standard Deviation of the Fine Pitch Errors: STD is firstly stated irj84] as a
measure of the accuracy of the FO detector during voiced intervals, then slightly
modified in[83]. For better analysis, STD can be calculated as

P

YT e— Org on 0 "00 O (41)

Table 3 displays the results of the evaluation of three methods based contFO, for female and
male speakers, in comparison to the YANGsaf algorithm. When refining the contileb
warping (contFO_TWRP) technique, the GPE score shows an improvement of 4.46% for BDL
speaker whereas 1.07% for JMK speaker. Nevertheless, we did not see any enhancement for
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SLT speaker in case of ContFO_TWRP. However, 2.32% improvement was fodine in
refinement of contFO based on Sthfask method (ContFO_STMSK). Additionally, Table 3
has showithattherearesignificant differencebetween CotFO_STMSK and the statd-the-

art YANGsaf approaches based on MFPE and STD measures in all speakers.

Table 3. Average performance per each speaker in clean speech.

GPE % MFPE STD
BDL JMK  SLT | BDL JMK SLT | BDL JMK  SLT
baseline 12.754 9.850 7.677| 3.558 3.428 4.421| 4.756 4.513 6.764
contFO_AKF 11.268 12.611 6.732| 2.764 2.754 3.62 | 3.964 3.719 6.113
contFO_TWRP | 8.294 8.777 7.827| 2.764 3.024 3.656| 3.873 4.188 5.788
contFO_STMSK | 10.557 7.530 6.998| 1.661 1.389 2.105| 2.526 1.872 4.181

Method

YANGsaf 4231 2.049 4592| 1.658 1.452 2.142| 2.239 1.575 4.160

In the same way, Table 4 and Tal® tabulates the GPE, MFPE, and STD measures
averaged over all utterances for BDL, JMK, and SLT speakers in the presence of additive white
noise and pink noise, respectively, at 0 dB of SNR to test the robustness of the contFO0 tracker.
adContF0 based onafman filter (contFO_AKF) is more accurate for the female speaker (as
measured by GPE) than the other two candidates. However, this is not the case with pink noise.

Moreover, adContF0 based time-warping has shown better performance in terms of GPE
measuwement in the presence of pink noise with all speakers. In contrast, contFO_STMSK still
has the lowest MFPE and STD under SNR conditions for all speakers.

It is interesting to emphasize that the baseline does not meet the performance of the other
refinements trackerdor BDL, JMK, and SLT speaker3.he results reported in TabBare
comparable with statef-the-art algorithns [18], while they strongly support the usaf the
proposedStoneMask basemhethodthat isthe most aaarate contFO estimation algorithm in
Table 4 and Table 5. In other wardhe findings in Table 4 and Table 5 might have
demonstrated the robustness of the proposed approaches to additive Gaussian white and pink
noise.

It is worth to note that the main aaivtage of usintheadaptive Kalman filter is that we can
determine our confidence in the estimates of contFO algorithm based TTS by adjusting SQIs
to update both the measurement noise covariance and the state noise covariance. For example,
it can be usetb replace the one studied by Li et[dll] in the heart rate assessment application.
Whereas, the time warping scheme has the ability to track thevéingang contFO period, and
reduce the amount of contFO trajectory deviativom their harmonic locations. By
considering the system processing speed, adContFO based StoneMask is computationally
inexpensive and can be useful in a practical speech processing application.
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Table 4: Average performance per each speaker in the presence of additive white noise

(SNR = 0 dB).

Method GPE % MFPE STD
BDL JMK SLT BDL JMK SLT | BDL JMK SLT
baseline | 33.170 40.057 27.502| 4.050 3.901 3.512| 4.393 4.293 3.912
contFO_AKF 31.728 40.865 26.122| 3.211 3.241 2.898| 3.465 3.627 3.448
contFO_TWRP | 29.464 37.839 26.932| 3.199 3.165 2.890| 3.449 3.511 3.186
contFO_STMSK | 31.418 37.052 26.352| 2.128 1.896 2.067| 2.103 1.658 2.058
YANGsaf 27.530 35.200 25.852| 2.233 2.181 2.175| 2.206 2.219 2.265

Table 5: Average performance per each speaker in the presence of pink noise

(SNR = 0 dB).

Method GPE % MFPE STD
BDL JMK SLT BDL JMK SLT | BDL JMK SLT
baseline 25.041 26.870 33.124| 2.919 2.799 2.845| 3.061 2.936 3.180
contFO_AKF | 24.548 28.034 31.103| 2.285 2.293 2.284| 2.338 2.327 2.468
contFO_TWRP | 21.512 22.329 29.893| 2.256 2.482 2.472| 2.253 2.702 2.787
contFO_STMSK | 24.371 26.131 32.775| 1.429 1.179 1.387| 1.686 1.981 1.140
YANGsaf 15.401 12509 22.186| 1.419 1.307 1.393| 2.282 2.732 2.022

4.3.2 NoiseRobustness

| used whié Gaussian noise and pink noise as the background noise to test the quality of
the adContF0 and also to clarify the effects of refinement. The amount of noise is specified by
the signalto-noise ratio (SNR) ranged from 0 to 40 dBalculated theoot mea square error
(RMSE) over selected sentences for each speaker.

Figure19a and19b show the overalRMSE values obtained from various methods as a
function of the SNR between speech signals and ndise.averagdeRMSE over all three

speakersis presergd The smaller the value dR MS E ,

t he

better t

he

performance. The results of whiteadapink noise suggest that tRMSE for all proposed
methodss smaller than the baseline, and #ene masknethod becomes the best. This means
that ourproposed one is: a) robust against the white and pink noise; b) superior the one based

on YANGsaf. Consequently, this positive result is beneficial in TTS synthesis.

Furthermore, Figure20 shows the power spectral density (PSD) calculated with the
periodogam method for all FO estimators compared with ground truth. In this figure, the
adContF0 based StoneMask method gives similar performance to that of ground truth (FO_egg)
and better than baselif@. It can be concludetthat all refined approaches were robust against

the noise and outperformed the conventional one as expected.
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Figure 19: Influence of the SNR on the average RMSE with proposed refined contFO_AKF
(adaptive Kalman filter), contF@WRP (timewarping), and contFO_STMSK (StoneMask)
methods.
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Figure 20: The periodogram estimate of the PSD for the extracted FO trajectories.

4.4 Summary

In this chapter, a modified version of the simple continuous pitch estimagjontlam in
terms of adaptive Kalman filter, timearping, and instantanecfrequency methodsvas
proposedA relatively large database containing simultaneous recordings of speech sounds and
EGG was used for the performance evaluation. According to baeraations of the
experiments, itvasfoundthat refined contFO methods could provide the expected results for
both clean speech and speech contaminated with additive naisiand pink noise.

This thesis provides a reference for selecting appropretieniques to optimize and
improve the performance of current fundamental frequency estimation mdthsels texto-
speech.
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Chapter 5

Parametric HNR Estimation
Approach

AANn experiment i s a questandameasiramertistheci e nc
recording of Nature

Max Planck (1858 1947)

5.1 Motivation

A valid and reliable method for calculating levels of noise in human speech would be
required to give appropriate information for SPSS. Existing methods ofinmegagoise in the
human speech divide the acoustic signal into two parts: a harmonic and a noise component.
Based on this assumption, estimates of the harnrtomoise ratio (HNR) have been
calculatedl expect that adding a HNR to the voiced and unwbim@mponents that involve
the presence of noise in voiced frames, the quality of synthesized speech in the noisy time
regions will be more accuragand it is comparable to the staikthe-art results This method
has a twofold advantagi allows to eliminate most of the noise residuadgd it attempts to
reproduce the voiced and unvoiced (V/UV) regions more precisely, that is, resembles natural
sound signal based TTS synthesis.

The goal of this chapter is to further improve our proposed vod8&ér discussed in
Chapter 2, for higlyuality speech synthesis. Specifically: a) it studies adding HNR as a new
excitation parameter to the voiced and unvoiced segments of sfibects shown by the
dashed box (HNR) in the top teforner upper half of Figure ;2and b) it explores a different
methodology for the estimation of MVF.

5.2 Harmonic-to-Noise Ratio

The main goal of vocoders is to achieve high speech intelligilaitity naturalnesdt was
shown before that the mixed ex¢itan source model yields sufficiently good quality in the
synthesized speech by reducing the buzziness and brea{BiBle&uch an analysis/synthesis
system may also suffer from some degradations: 1) loss of thefragyirencyharmonic
components, 2) higfrequency noise components, or 3) noise components in the main
formants. As the degree of these losses increases, more noise appears and consequently
degrade the speech quality higksy].
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This thesis proposego add a continuous HNR as a new excitation parametéhneto
continuousvocoder in order to alleviate previous problems. Consequently, the excitation
model in the proposed vocoder is represented by three continuous parameters: FO, MVF, and
HNR. There are various methods of time and frequency domain algorithms available in the
literature to estimate HNR in speech signals (for a comparisof@8peAs we are dealing
here with time domain processing, we want to fellihe algorithm by89] to estimate the
level of noise in human voice signals for the following reasons: 1) the algorithm is very
straightforward, flexible and robust, 2) it works equally well for low, middle, and high pitches,
and 3) it is correctly tested for periodic signals and for signals with additive noise and jitter.

For a time signea ¢ , the autocorrelation functicdc T as a function of the
a ofC ¢ ¢ (that aret time periods aparfan be defined as

i te momo tQo (42)

This function has a global maximum ft 1, and a local maximum fct (highest
value amonghelocal maxima) The fundamental peric’v  pf'Qis defined as the value of
T corresponding to the highest maximum ofi 1 , and the normalized autocorrelation is

i Dt ﬁ (43)

We could make such a sigra ¢ by taking a harmonic sign’C ¢ with a period”V and
adding a nois0 ¢ to it. We can now write §uation 42) as

[ O (44)

Because the autocorrelation of a signal at O edbalpower in the signal, Equatiof] at
T represents the relative power of the harmonic component of the signal, and its
complement represents the relative power of the noise component:

i Dt . 45
I - (45)
. 1 ™
p 1Dt T (46)
Thus, the HNR is defined t T
o5 Pt
V1o Dt (47)

Accordingly, the HNR is positive infinite for purely harmonic sounds while it is very low
for the roise (see Figur2l). In a continuous vocoder, our approach here is to use the HNR to
weight the excitation signal in both voiced and unvoiced frames. If we define the generation
of the voiced excitation frand Q as

VLQ /Qzo (48)

then, tke weighted voic® value can be determined by

@i 0
4 - "‘ o e 49
" @i " T M 49
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wheren "C is the residual PCA voiced signiC  isu & i frame shift,Qis the sampling

frequency, ancb is the location of impulse in original impulse excitation. Similarly, the
unvoiced excitation framé 'Q and the unvoiced weigld" value can also be computed by

6 £Qz0 (50)

. P = e 7
B 51
0 @Ta o h ©7Q (51)
where¢ Q is the additive Gaussian noise. As a result, the voicedranahvoiced speech
signalcomponentsare added in the ratio suggested by the HNR, and then used to excite the
MGLSA filter as illustrated in the bottom part of Figite
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Figure2 Exampl e of a HNR parameter for the cl ea
out of spite.o from a male speaker.

5.3 Maximum Voiced Frequency Estimation

In voiced sounds, MVF is used as the spectral boundary separatindradoncy periodi
and highfrequency aperiodic components. It has been used in numerous speech models, such
as[24] [26] [50], that yield sufficientlygoodquality in the synthesized speech

The preliminary version of our vocoder followed Drugman and Stylig@6liapproach
which exploits both amplitude and phase spectra. Although this approach tends to relatively
reduce the acoustic buzziness of the retroicted signals, it cannot distinguish between a
production noise and a background noise. This means that MVF might be underestimated if
the speech is recorded under pseudo noisy environment. Moreover, we found that the MVF
estimation basedn [10] lacks to capture some components of the sound that lies in the region
of the higher frequencies (especially for the females). For this reason, higher MVF is required
in this work to yield even more natural synthetic speech.

Over the last few years, several attempts, with varying results, have been already made to
analyze the MVF parameter. In thigesis we used a sinusoidal likeness measure (S[90]
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based approach to extract the MVF. A represtareg block diagram is shown in Figug2
using five main functional steps:

e [

U €& d)’?'Q
L FFT ® Q L 3, - Error N ;
WE —> computation Peaks picking - detection Cost function - 68

Figure 22 Workflow of the MVF estimation algorithm based on SLM method.

1109ds

n

1) Consecutive frames of the input sigic € are obtained by using apriodlong
Hanning windowo € .

2) 0 -point fast Fourier transform (FFT) of every analysis framis compute«d € .
0O is equal or greater than 4 times of the frame le0Ogth

5o 17 S00WEEE & s
¥ 0Q

(52)
3) The magnitude spectral peak detection for each frame is calculated, and their SLM
scorel is given through crossorrelation[90]

$ .‘Y';‘Q 8b z ?‘Qs
BSYQs 83w Qs

(53)

wher w is the Fourier transform « & multiplied by'C. , operator * denotes
a complex conjugation, ar@s the index of the peak. TLsalways lies in the range
[0,1]. Consequently,

ph  Rolimeoi ¢ QQ
= tERI ORI Q1 Qi @EXEIQI Q (54)

4) The error of the MVF position at each p€@k figured as

P - - (55)

cqo

whereD is the total number of spectral peaks.

5) To give a final segence of MVF estimates, a dynamic programming approach is
used to eliminate the spurious values and to minimize the following cost function

‘0 "0
—a —

C
where’(. isthe’© candidate at framQand; patud i.

(56)

Figure 23 shows the spectrograms of an example of voiced speech with MVF estimation
algorithm obtained by the baselifi9] (redline) and SLM blueline). It can l@ seen that the
MVF based SLM approach capture wide frequency segments of data (e.g. betweeh.8s/5s
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and between 1.922.5s). This observation suggests that the baseline often underestimate some
of the voicing frequency in the higher frequency regiof the spectrogram.

she had been thoroughly and efficiently mauled
I T T T T T T 1

Freguency (kHz)
&n

Figure 23: Importance of the SLM in MVF estimation. Top is the speech waveform from a
female speaker, bottom is the spectrogram and MVF contours.

5.4 Evaluation

5.4.1 Objective Measurement

A range of objective spekquality and intelligibility measures are considered to evaluate
the quality of synthesized speech based on the modified version of the continuous vocoder.
fwSNRseg, NCM, WSS, and ESTOI have alrebdgndefined in Chapter 2As the speech
production proess can be modeld efficiently with Linear Predictive Coefficients (LPC),
another objective measure is called the-Ldgelihood Ratio (LLR)[91] can be introducedt
is generally a distance measure that can be direaltulated from the LPC vector of the clean
and enhanced speech. The segmental isSLR

UUYUT [ - - L X

wherew , @, andY are the LPC vector of the natural signal frame, synthesized signal frame,
and the autocorrelation matrix of the natural speech signal, respectively. The segmental LLR
values were limited in the range of [0, 1].

Before | proceed to ftiner deta on examining the results, | first descrilngr experiments.
A number of experiments based on the HNR parameter are implemented to find out the best
continuous pitchrackingalgorithm that works well with our continuous vocoder as well as
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undestanding the behavior of adding a new HNR excitation parameter in both
voiced/unvoiced speech frasi@ he three experiments can be summarized in Table 6.

Table 6: An overview of the three proposed methods based on HNR parameter.

Method Pitch algorithm
Proposed #1 adContF0 based adaptive Kalman filter

Proposed #2 adContF0 based adaptive Timarping
Proposed #3 adContF0 based adaptive StoneMask

The performance evaluations are summarized in Tabkor all empirical measas, a
calculation is done framey-frame and higher value indicates better performance except for
the WSS and LLR measures (a lower value is better). From this table, a number of observations
can be made. First, focusing on the WSS, it is clear thatatiiods for refining contFO appear
to work quite well with the HNR parameter. The fact is that proposed #3 can outperform the
STRAIGHT vocoder for JMK speaker. In terms of fwSNRseg, it can be also seen that all
refined methods can perform well with a contmis vocoder (highest results were obtained);
nevertheless, proposed #3 is shown the best. Similarly, the NCM measure shows similar
performance between proposed #3 and STRAIGHT. In terms of LLR, the lowest correlation
values were obtained with all proposaéthods for all speakers. On the other hand, a good
improvement was noted for the proposed #1, #2, and #82BSTOI measure. Hence, these
experiments showing that adContF0O with HNR was beneficial.

Table 7: Average performanceased on synthesized speech signal per each speaker.

Metric Speaker Baseline Proposed#1 Proposed#2 Proposed#3 STRAIGHT
BDL 8.083 11.812 11.807 13.033 15.062
fwSNRseg JMK 6.816 9.505 9.784 10.621 13.094
SLT 7.605 9.906 9.736 11.079 15.295
BDL 0.650 0.850 0.854 0.913 0.992
NCM JMK 0.620 0.847 0.860 0.906 0.963
SLT 0.673 0.850 0.854 0.910 0.991
BDL 0.642 0.856 0.861 0.892 0.923
ESTOI JMK 0.620 0.831 0.847 0.873 0.895
SLT 0.679 0.848 0.846 0.894 0.945
BDL 0.820 0.457 0.456 0.453 0.219
LLR JMK 0.814 0.635 0.631 0.628 0.391
SLT 0.744 0.639 0.640 0.636 0.194
BDL 48.569 32.875 32.559 24.013 22.144
WSS JMK 51.788 36.236 32.175 26.238 29.748
SLT 58.043 42.789 45,254 26.906 23.614

Additionally, | compared the vocoded sentences to the natadabaseline by measuring
mean phase distortion deviation{{®DD) defined in Chapter Eigure24 shows the means of
the PDD values of the three speakers grouped by the 6 variants. As can be seeRDibe M
values of the baseline system are significantlydoin BDL and SLT speakers and higher in
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JMK speaker compared to natural speech. It can be also noted from the JMK speaker that
proposed #3 appears to match thd’MD value of the natural speech, followed by proposed

#2. Similarly, the closed NPDD valueto natural speech is shown in proposed #3 and #2 for
the female speaker. For the BDL speaker, only proposed #3 is not different from the natural
samples, while others seem to give lowePRD value. In summary, the various experiments
result in different MPDD values, but in general they are almost closer to the natural speech
than the STRAIGHTnot significant)and baseline vocoders.
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Figure 24: Mean PDD values by sentence type.

5.4.2 SubjectiveListening Test

As a subjective evaluatigthe idea was to select the closeness between-gyantieesized
and original speech signal that fits this thesis goal. In order to evaluate which proposed system
is closer to the natural speech, we conducted abssbd MUSHRA listening tesf he
listening test samples can be found onfifeventyone participants (12 males, 9 females) with
a mean age of 29 years, were asked to conduct the online listening test. On average, the test
took 10 minutes to fil. The MUSHRA scores for all the systems are shovagure 25,
showing both speaker by speaker and overall results.

According to the results, the proposed vocoders clearly outperformed the baseline system
(MannWhitney-Wilcoxon ranksum test, p<0.05). Particularly, one can see that in the case of
the fenale speaker (SLT) all proposed vocoders are significantly better than the STRAIGHT
and baseline vocoders (Figuzéc). For male speaker (JMK), we found that the proposed #3
reached the highest naturalness scores in the listening test (Bsh)ur&Vhereasor the BDL
male speaker in Figurg5a, proposed #3 followed by proposed #2 are ranked as the second
and third best choices, respectively. When taking these overall results, the difference between
STRAIGHT and the proposed system is not statistically Sagmt (ManrWhitney-Wilcoxon
ranksum test, p<0.05), meaning that our meth@#dshed a point of high naturalness of
synthesized speechihis positive result was confirmed by metric measures in the statistical
aspects of the objectiveds experimental test

" http://smartlab.tmibme.hu/adContF0_2019
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Figure 25: Results of the subjective evaluation for the naturalness question. A higher value
means larger naturalness. Error bars show the bootstrapped 95% confidence intervals.

5.5 Summary

This chapter proposed @ew excitation HR parameterto the voiced and unvoiced
components in order teeduce thenfluence of buzziness caused by the parametric vocoder
We havealso presented a new method to estimate the MVF based on a sinusoidal likeness
measure (SLM), and we have shown itsaatdageso capture some components of the sound
that lie in the region of the higher frequencaslyield even more natural synthetic speech
Algorithms and examples are given for each apprdadsimg a variety of error measurements,
the performance stngths and weaknesses of the proposed method for different speakers were
highlighted. In a subjective listening test, experimental results demonstrated that our proposed
methods can improve the naturalness of the synthesized speech over our earlierdadeline
well-known STRAIGHTvocoders. This means that proposed #3 was rated better and more
closely reached the staté-the-art performance than the others under most objective and
subjective measuresience, the design dhe continuous vocoder leads to ary simple
synthesizer, which is straightforward to understand and implement.
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Chapter 6

FeedForward Deep Neural Network

Al never did anything byionacoma by acaident;thayor di
came by wor k.

Thomas Edison (184i71931)

6.1 Introduction

The popularity of hidden Markov models (HMMs) has been growing over thetywast
decads, motivated by its accepted advantages of convenient statistical modelling and
flexibility. Even though the quality of synthesized speech generated by-H8bsystenmhas
been improved recently, its naturalness is still far from that of actual human 4p@gch
Moreover, these models have their limitationssipresenting complex, nonlinear relationships
between the speech generation inputs and the acoustic fef8iesTo alleviate these
shortcomings, a variety of alternative models have been proposed, such as improving the model
of HMM training criterion using minimum generation error (MGPY], reducing over
smoothing problems in both time and frequency dornf2bih, or using a trajectory HMM by
imposing explicit relationsps between static and dynamic feature vector sequences
[96]. Although the above models can enhance accuracy and synthesis performance, they
usually increasthe amountf computational complexity with higher number of model
parameters.

In the last few yearsleep learninglgorithms have shown in many domains their ability to
extract highlevel, complex abstractions and data representations from large volumes of
supervised and unsupervised d@d]. More specifically, deep neural network8NNs) can
represent functions more efficiently and achieve great improvements in various machine
learning areas. Since the first DNIN'S system irf4], a number of studies have dealttwi
deep learning in speech synthesis. As detailde8h DNNs can be viewed as a replacement
for the decision tree used in HMbhsed systems. Hierarchical structured deep neural
networks is presented 9]. In[100], Multi-task deep neural network with stacked bottleneck
features is introduced.

The newest results DNN-TTS have shown that it is possible to synthesize the samples of
speech directly, without using theoarers as an intermediate s{6p[101]. However there
are several drawbacks that we should take into consideration: a) it requires for each speaker a
large quantity of voice data and computation pofee training the neural networks which
make it difficult to use in reaime applications; and b) neural models (e.g. WaveNet) are
naturally serial (it needs to be repeated sequentially, one sample at a time) which cannot fully
employ parallel processo(s.g. GPUs).Therefore, Ibelieve that vocoddrasedSPSSstill
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offers a flexible and tractable solutionsit®éS and voice conversion applicatiotist could be
improved in terms of qualitye.g. to be included in low resource devices like smartphones).
This chapter aims to model the improved version of the continuous vocoder parameters (FO,
MVF, and MGC) with FFDNN based speech synthesissomparison to the previous HViVI

TTS system

6.2 FF-DNN Based Speech Synthesis

The DNN used here is a fedorward (FF)multilayer perceptron architecture. The input is
used to predict the output with multiple layers of hidden units, each of which performs a non
|l inear function of the previous | ayerodos repr
at the outputayer, as follows:

N Q0 O @ v Y

W 0w 0 w V)

wherew is the connection weight matrix between tagers (e.gw is the weight matrix
between input and hidden vecto w)s the bias vectors, ai'l { denotes an activation function
which is defined as:
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This hyperbolic tangent activation function, whose outputs lie in the rabge {), which
can yield lower error rates and faster convergence than a logistic sigmoid function (0 to 1)
[102]. FF-DNN aims to minimize the mean squarede function between thgue outputw
and the predictednew

(0] E W W Qp

€

This network topology consists of 6 FF hidden layers, each consisting of 1024Qum&ts.
of the important aspects through DNHsining is to normalize input and output featUyrE33].
Therefore, the input linguistic features have fmax normalization, while output acoustic
features have mearariance normalization. For the first 15 epochs, a fiezdlrling rate of
0.002 was chosen with a momentum of 0.3. More specifically, after 10 epochs, the momentum
was increased to 0.9 and then there® rate was halved regularljhe training procedures
were conducted on a high performance NVidia Titan X GPU.

Figure 26 conceptually illustrates the main components ofdbetinuous vocoder when
applied in DNNbased training. Textual and phonetic parameters are first converted to a
sequence of linguistic features as input, and neural networks are employedit¢bgureustic
features as output for synthesizing speech.
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Figure 26: A general schematic diagram of the proposed system basdd-spdech.

6.3 Mel-Generalized Cepstral Algorithm

In the previous chaptera simple spectral nadel represented by Pdrder MGC was used
[11]. Although several vocoders based on this simple algorithm have been developed, they are
not able to synthesize natural sound. The main problem is that it is affected byatiymg
components and it is difficult to remove them. Therefore, more advanced spectral estimation
methods might increase the quality of synthesized speech.

In [104], an accurate and temporally stable spectral envelopeat&tn called CheapTrick
was proposed. CheapTrick consists of three stepadBftive Hanning window, smoothing
of the power spectrum, and spectral recovery in the quefrency domain. In a modified version
of the continuous vocoder, Cheaptrick algorithrmgghe 60order MGC representation with
| m® Y(Fs=16 kHz) will be used to achieve highality speech spectral estimation. A
comparison of the spectral envelope between standard MG@earitheapTrick is shown in
Figure 27. Accordingly, it is clear now to see how a continuous vocoder will \m=laéter
adaptation to a more accurate spectral envelope technique than the previous MGC system.

70

— Standard MGC
— CheapTrick MGC ||
— Natural spectrum

60 -

50

40

30

20 -

log Magnitude (dB)

10+

0F

-10 L L L L L
0 50 100 150 200 250 300

frequency bin

Figure 27: Example of the signal spectrum of a voiced segment (green) with the spectral shape
(spectral envelope) estimates obtaimétth standard MGC (red) and CheapTrick (blue).
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6.4 Evaluation

6.4.1 RMS - Log Spectral Distance

Several performance indices have been proposed for evaluating spectral algorithms. Since
this Chapterdealing with speech synthesis based TTS and one major taskeéditieenent of
the spectral envelopes ihe continuous vocodet,will focus on distance measures. Spectral
distortion is among the most popular ones and plays a very important role in speech quality
assessment which is designed to compute the distarneedretwo power spect{a05].

To verify the effectiveness of the proposed vocoder using the CheapTrick algorithm in the
direction of refining baseline vocoder spectral enve[8p85], root mean square (RMS) log
spectral distance (LSD) evaluation is proposed to carry it, 3 ¢ is a distance measure
and can be defined here by

b "yn

C:l

AQGaE Y aéd™n Q

where0 "C and0(") are spectral power magnitudes of the natural and synthesized speech
respectively, defined 0 frequency points.

For a perfect synthesized speech, the ideal val,, 3¢ is zero, whichindicates a
matching frequency content. The values expressed in Babfer to the averac, 3 ¢ that
was calculated for 20 sentences selected randomly from two categories of SLT and AWB
speakers. The analysis of these results confirms thg, 3 ¢ is getting lower by using
CheapTrick spectral algorithm than the simple spectral algorithm used in the baseline vocoder.
This point is well illustrated in Figur28 by three spectrograms of frequency versus time. In
the middle spectrogram, t, 3 ¢ of the signal is equal to 1.6, while the bottom spectrogram
has alowe, 3 ¢ equalto 0.89 thatis closer to the top speech spectrogram (natural speech).
Thus, we can say that csmggestedcheme introduces a smaller distortion to the sound gualit
and approaches a correct spectral criterion.

Table 8: Average log spectral distance for the spectral estimation.

. E N #en(dB)
Spectral algorithm SLT AWB
Standard MGC 1.47 0.94
CheapTrick MGC 0.91 0.89
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Figure 28: Comparison of speech spectrograms: Natural speech signal (top), synthesized
speech based on a simple MGC algorithm (middle), and ssimdtke speech based on
CheapTrick algorithm (bottom). The sentence
the table. o, from speaker SLT.

6.4.2 SubjectiveListening Test

In order to evaluate the differences in DNNS synthesized samples using the above
vocoders, a webased MUSHRA listening test is performed. | compared natural sentences
with the synthesized sentences from the baseline, proposed and a benchmark system. The
benchmark was a DNIITS applied with a simple puls®ise excitation vocoder. Alsd
added samples from an earlier HMM'S system which was using the continuous vocoder
[8]. 15 sentences were selected which were not included in the training. Altogether, 90
utterances were included iretlest (6 types x 1%atences)The utterances were presented in
a randomized order (different for each participant). The listening test samples can be found
onliné€. Nine participants (7 males, 2 females) with a mean age of 35 years were asked to
conduct the online listenirtgst. On average, the test took 20 minutes to fill. The results of the
listening test are presented in Fig@® DNN-TTS refers in this chapter the DNN+Cont
system (the onehat based onan earlier version ofa continuous vocodef8]) and
DNN+Cont+Env system (the one that discussed in Chapter 2).

Based on the overall results, the DNNS with the continuous vocoder significantly
outperformed baseline method based on HIWIVB, and its naturalness is almost reached the
gualityof the WORLD vocoder based TTS. | can conclude that this Thesis showed the potential
of the DNNbased approach for SPSS over the HNIVES.

8 http://smartlab.tmit.ome.hu/dogs2017_vocoder_dnn
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Figure 29: Results of the MUSHRA listening test for the naturalness question. Erratuars
the bootstrapped 95% confidence intervals. The score for the reference (natural speech) is not
included.

6.4.3 Comparison of the WORLD and ContinuousVocoders

In this study, the WORLD vocodgt4] was chosen for comparisavith the optimized
vocoder for the reason that it also used a CheapTrick spectral algorithm. Similarly to the
continuous vocoder, the WORLD vocoder is based on sdiliee separation, i.e. models
separately the spectral envelope and excitation (witarféDaperiodicity). At the beginning,
WORLD estimates the FO contour using the DIO (Distributed Ifiiter Operation)
algorithm[82], the spectral envelope is estimated with the CheapTrick algojdib«h), and at
the end, the excitation signal is estimated with the D4C (Definitive Decomposition Derived
Dirt-Cheap) algorithnjl06] and used as a band aperiodicity of speech signals.

Table 9 compares the parameters tbe vocoders under study. It can be seen that the
continuous vocoder uses only two edienensional parameters for modeling the excitation,
whereas the WORLD vocoder is applying a fdienensional band aperiodicitgccordingly;
the synthesis part is comfationally feasible, therefore speech generation can be performed in
reattime. For the DNNTTS training with the WORLD vocoder, it is necessary to interpolate
FO and add a new voiced/unvoiced (V/UV) binary feature.

Table 9: Paraneters of applied vocoders.

Vocoder Parameter per frame Excitation
Continuous FO: 1 + MVF: 1 + MGC: 60 Mixed
WORLD FO: 1 + Band aperiodicity: 5 + MGC: 60 Mixed

To evaluate the performance of the proposed vocoder, the Félimpdapability and the
V/UV transitions were tested the following way. Although the WORLD vocoder can achieve
a good quality when applied in speech synthesis, it is worth noting here that the WORLD
vocoder (which is using the DIO pitch tracking algorithm and results in a disconsrit0
track) can make V/UV decision errors (i.e. setting voiced that should be unvoiced, or vice
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versa) and also sometimes contains errors at boundaries (at the V/UV or UV/V transitions).
This is not the case with the continuous vocoder, which is ustagtnuous pitch detection
algorithm. In the latter, the voicing feature is modeled by the continuous MVF parameter;
therefore, V/UV errors do not occur, but errors in MVF estimation might cause some audible
issues. It can be seen in Figd@(showing theFO contour of a synthesized speech sample)
that the continuous vocoder interpolates the FO contour even in unvoiced regions of speech.
For that reasgnthe V/UV error was 5.35% for the WORLD vocoder in case of the SLT
speaker. In informal listening testslso observed that the WORLD vocoder often synthesizes
speech with clicks which are the result of false V/UV decisions.
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Figure 30: FO trajectories of a synthesized speech signal using the DIO algorithm (red), and
continuous kgorithm (blue) for continuous and WORLD vocoders respectively. (sentence:
AAut hor of the danger trail, Philip Steels

6.5 Summary

This chaptepresented a novel approaajpemploying continuous vocoder deep neural
network basedmeech synthesis. The experiments were successful and we weieaddehe
continuous features to the training of the DNNIse motivation for using@ntinuous vocoder
arises from our observatidhat the stat®f-the-art WORLD vocodehas often V/UV eors
and boundary errors due to the DIO FO estimation algorithm. In a subjsiti8éiRA test,it
wasfound that the DNNI'TS using thecontinuous vocoder was rated better than an earlier
HMM-TTS system.

Consequently, the benefit of this continuous vocasié¢nat it has only two -tlimensional
parameters for modeling excitation (FO and MVF), and the synthesis part is a computationally
feasible solutionln the next chapter, we will discuss how to apply the proposed vocoder into
sequencédo-sequence recurrenteural networks for furthamproving the quality of the TTS
synthesis.
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Chapter 7

Seguenceto-Sequence Recurrent
Neural Network

AWe often think that when, we&nowa amutiovo, mpl et
because "two' i's '"one and one.' We forget

Arthur Eddington {8821 1944

7.1 Introduction

Deepneural networksiave had a tremendous influencespeech synthesis the last few
years In the previous chapter, Fgposed a vocoder which was successfully used with a feed
forward deep neural network and outperformed the baseline based HNBVHowever, Zen
and Seniof107] comprehensively listed several limitations of the conventional midbed
acoustic modeling for speech synthesis, e.qg. its lack of ability to predict variances, unimodal
nature of its objective function, and the sequential nature of speech is ignored. Therefore, the
use of sequenem®-sequence modeling with the recurrergural networks (RNNS) is
investigated in thiThesis chapter to overcome the limitations of theDiIRAN.

RNN is a more popular and effective acoustic model architecture which can process
sequences of inputs and produces sequences of outpyiarticular,the RNN model is
different from the DNN the following way: RNN operates not only on inputs (like the DNN)
but also on network internal states that are updated as a function of the entire input history. In
this case, the recurrent connections are able band remember information in the acoustic
sequence, which is important for speech signal processing to enhance prediction outputs.

RNNsvaryfrom main FFDNNSsin their hidden layerd&veryRNN hidden layegetsinputs
not only from its previous layer batso from activations of itself for previous inputsbasic
version of thisarchitecturas displayedin Figure 31, in whichevery node in the hidden layer
is connected to the previous activation of every node in that layer.
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Figure 31 A basic version of RNN.

7.2 RNN Acoustic Modek

In this section, the performance of recently proposed recurrent units is evaluated on
sequence modelling using continuous vocoder.

7.2.1 Long Short-Term Memory

As originally proposed ifil08] and reently used for speech synthelg8], long shoriterm
memory networKLSTM) is a class of recurrent networks composed of units with a particular
structure to cope better with the vanishing gradient probl during training and maintain
potential longdistance dependencies. This makes LSTM applicable to learn from history in
order to classify, process and predict time series. Unlike the conventional recurrent unit which
overwrites its content at each tingep, LSTM have a special memory cell with self
connections in the recurrent hidden layer to maintain its states over time, and three gating units
(input, forget, and output gates) which are used to control the information flows in and out of
the layer aswvell as when to forget and recollect previous stat&IM is formulated as
follows:

Nl o YO [ ¢ o @
N o YO o6& ¢ @
N e M odRe YO o @
E 1 o YO o ¢ @ @0
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where™ "0 and¢ are the input, forget, and output gates, respecticrlis the secalled

memory cell;"0 is the hidden activation at tin & is the input signalw , and’Y are the

weight matrices applied on input and recurrent hidden units, respecfjaigoare the peep

hole connections and biases, respectivy  and o @®are the sigmoid and hyperbolic

tangent activation functian, r espect i vel-wiseprodgct means el ement
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7.2.2 Bidirectional LSTM

The main concept of the BISTM was proposed if109], and is a frequently used
architecture for speech synthefid0]. For a given input vector sequer® &8 Fe |, a
regular RNN based BiSTM calculates hidden state vector sequeQ O FO and
outputs vector sequenw & 8 Fw . More specifically, BILSTM separates the state
neurons im forward state sequen@(positive time direction), and backward state sequence
"Q(negative time direction); which means that both forward and backward outputs are not

connected. This can be observed in FigBeThe iterative process of the-BE5TM can be
defined here as

~
g

! ORW & WP Wh Q)
T 0WRw « w O o Q0
©® W, o 0 X I

where is the connection weight matrix between two layers (@ is the weight matrix
between input and hidden vectoiw)s the bias vetors, ancd «@denotes aangentctivation
function which is defineth Chapter 6.

7.2.3 GatedRecurrent Unit

A slightly more simplified variation of the LSTM, the gated recurrent unit (GRU)
architecture was recently defined and found to achieve a beftiermpance than LSTM in
some cased 11]. GRU has two gating units (update and reset gates) to modulate the flow of
data inside the unit but without having separate memory cells. The update gate supports the
GRU to capture longerm dependencies like that of the forget gate in LSTM. Moreover,
because an output gate is not used in GRU, the total size of GRU parameters is less than that
of LSTM, which allow that GRU networks converge faster and avoid overfitGRJJ is
formulatedas follows:

a p 40 40 -
¢ 7 o YO X
© O0ATwe Yi O X
i e YD X

where’© andg are the output and update gates, respecti ¥hypjecs the input into a hidden
space] is a logistic sigmoid functiori is a set of reset gates a lis an elementvise
multiplication.
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7.2.4 Hybrid Model

The advantage of RNNs is that they are able to make use of previous context. In particular,
RNN based BiLSTM acoustic model has been shown to give stéthe-art performance on
speech synthesis taskisl0]. Obviously, there are two important drawbacks to use fully Bi
LSTM hidden layers. Firstly, the speed of tiag becomes very slow due to iterative
multiplications over time that leads to network paralysis problems. A second problem is that
the training process can be tricky and sometimes expensive undertaking due to gradient
vanishing and exploding.12].

In an attempt to overcome these limitatidnsropose a modification to the fully RISTM
layers by using BLSTM for lower layers andinidirectionalRNN for upper layers to reduce
complexity and to make the training easier whildalad contextual information from past and
future have been already saved in the memory. Consequently, reducing memory requirements
and the potential of being suitable for reale applications are the main ashtages of using
this topology.

7.3 Evaluation

In order to achieve our goals and to verify the effectiveness of the proposed methods,
objective and subjective evaluations were carried out.

7.3.1 Network Topology

| trained a feedorward DNN and four different recurrent neural network architectures,
each havingpither LSTM, BtLSTM, GRU, or Hybrid. The objective of these experiments is
to find out the best network type to model the continuous vocoder parameters. The topologies
implementedn this experimenare as follows:

1 DNN: 6 feedforward hidden layers; eadme has 1024 hyperbolic tangent units.

i LSTM: 3 feedforward hidden lower layers of 1024 hyperbolic tangent units each,
followed by a single LSTM hidden top layer with 1024 units. This recurrent output
layer makes smooth transitions between sequentiakBamhile the 3 bottom feed
forward layers intended to act as feature extraction layers.

1 BIi-LSTM: Similar to the LSTM architecture, but replacing the top hidden layer with
a B-rLSTM layer of 1024 units.

1 GRU: Similar to the BiLSTM architecture, but replatg the top hidden layer with
a GRU layer of 1024 units.

1 Hybrid: 2 Bi-LSTM hidden lower layers followed by another 2 standard RNN top
layers each of which has 1024 units.
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7.3.2 Empirical Measures

To get an objective picture of how these four recumetivork models perform against the
DNN using the continuous vocoder, performance of these systems is assessed by five metrics:

1) MCD (dB): Mel-Cepstral Distortion to measure -@imensonal meicepstral
coefficients, as follow

UOC‘DT Wy Wh X L

wherewandware the'l. cepstral coefficients of the natural and synthesized speech
signals, respectively.

2) RMSEwmvr (Hz): Root mean squared error to measusximum voiced frequency
parameter performance.

3) RMSEro (Hz): Root mean squared error to measure fundamental frequency
prediction performance.

4) Overall validation error: A validation loss between valid and train setsrirlast
epoch (iteration).

5) CORR: The correlation measures the degree to which reference and generated data
are close to each other (linearly related).

y e B &« Z & U
ouYY - - X ¢
B « B « U

Where@and U arethe mean of th@aturale: and synthesizew speech frames;
respectively.

For all empirical metrics, a calculation is done fralnyeframe and a lower value indicates
better performance except for the CORR measure where +1 is better. Overall validation error
throughout the training decreases with epochs whiclcatels a convergence.

The test results for the baseline (DNN) and the proposed recurrent models are listed in Table
10. Compared to the DNN, the BISTM reduces all four experimental measures, and obtain
similar performance for the male and female speakéttsough the Hybrid system is not better
than BiLSTM, it slightly drops the validation error in case of AWB speaker from 1.632-in Bi
LSTM to 1.627. Interestingly, the Hybrid system does not outperform the baseline model. This
indicates that increasinggmumber of recurrent units in the hidden layers is not helpful. We
also see that using GRU system has no positive effect on the objective metrics. In summary,
these empirical outcomes demonstrate that usingSBiIM systems to train continuous
vocoder parmeters improves the synthesis performance and outperforms DNN and other
recurrent topologies.
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Table 10: Objective measures for all training systems based on synthesized speech signal
using proposed Continuous vocoder for SLT AWdB speakers.

MCD (dB) MVF (Hz) FO (Hz) CORR Validation error
SYsems | g v AWB |SLT AWB |SLT AWB |SLT AWB |SLT AWB
DNN 4.923 4.592| 0.044 0.046| 17.569 22.792| 0.727 0.803| 1.543 1.652
LSTM 4.825 4.589| 0.046 0.047|17.377 23.226| 0.732 0.793| 1.526 1.638
GRU 4.879 4.649| 0.046 0.047|17.458 23.337| 0.731 0.791| 1.529 1.643
Bi-LSTM | 4.717 4.503| 0.042 0.044| 17.109 22.191| 0.746 0.809|1.517 1.632
Hybrid | 5.064 4.516| 0.046 0.044| 18.232 22.522|0.704 0.805| 1.547 1.627

7.3.3 Subjective Listening Test

This test compared naturaentences with the synthesized sentences from the baseline
(DNN), proposed (BLSTM, Hybrid), and an anchor system. The anchor was an HM$&
using a simple pulseoise excitation vocoder. From the four proposed recurrent systems, |
only included Hybridand BiLSTM, because in informal listening we perceived only minor
differences between the four variants of the sentences. We evaluated ten sentences from
speaker AWB, and ten sentences from speaker SLT. The listening test samples can be found
online.

Another 13 participants (6 males, 7 females) with a mean age of 29 years were asked to
conduct the online listening test. On average, the test took 23 minutes to fill. The MUSHRA
scores for all the systems are shown in Fig@2eFor speaker AWB, both recurtenetworks
outperformed the DNN system, and thelBHiTM and Hybrid networks are not significantly
different from each other (Marwhitney-Wilcoxon ranksum test, p<0.05). For speaker SLT,
we found that the BLSTM system reached the highest naturalnesesadan the listening test,
consistent with objective errors reported above. In case of the female speaker, this difference
between the BLSTM and Hybrid systemiis statistically significant.

From both objective and subjective evaluation metesperimeral resilts demostrated
that the proposed RNN models can improve the naturalness of the speech synthesized
significantly over our DNN baseline. These experimental results showed the potential of the
recurrent networks based approaches for SPSS. In partithe B-LSTM network achieves
better performance than others.

® http://smartlab.tmit.ome.hu/vocoder2019
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anchor e BLSTM
DMM mm  Hybrid

Mean naturalnes

Figure 32 Resuts of the MUSHRA listening tesbr the naturalness question. Error bars show
the bootstrapped 95% confidence intervals. The scoredaeterence (natural speech) is not
included.

7.4 Summary

This chapter focused on the task of sequence modeling basedtinuous vocoder, which
was ignored in the conventiont@edforward neural networkFour different deep recurrent
architecturegLSTM, BLSTM, GRU, andHybrid modelshave been implemented train our
acoustic featured-rom objective evaluation metrics, experin@mesults demonstrated that
the proposed RNNITS model can improve the naturalness of the speech synthesized
significantly over our DNNTTS baselinePreference tests show the proposed method gives
further improved performance.

These experimental results showed the potential of the recurrent networks based approaches
for SPSS. In particular, the BISTM network achieves bettperformance than others.
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Chapter 8

Continuous Sinusoidal Model

ANothing in |ife is to be feared, it is on
more, sothate may f ear | e

Marie Curie (18671 1934)

8.1 Introduction

Parametric speech synthesis based on TTS systems have steadily advanced in terms of
naturalness during the last two decades. Even though the quality of synthetic speech is still
unsatisfying, the énefits of flexibility, robustness, and control denote that SPSS stays as an
attractive proposition. Besides, vocoder performance is the most important factor limiting the
impact of overall voice quality in SP$8. Vocoders sempt to produce a decoded signal that
sounds like the original speech. Therefore, several approaches based on mathematical and
physical models have been suggested to model the overall speech signal.

In recent years, a number of sophisticated safiitee based vocoders have been proposed
and extensively used in speech synthesis. Specifically, for example, STRAIGHT (Speech
Transformation and Representation using Adaptive Interpolation of weiGHT spectrum)
vocoder[5] is probaby the most used vocoder for SPSS which decomposes signals into
spectral envelope, excitation, and aperiodicity parameters. Fotimsalprocessing, the
computational issue is expensive in STRAIGHT. Furthermore, the Deterministic plus
Stochastic Model (DSMproposed by Drugman et §l.13] is based on a twband mixed
excitation in which the upper band was treated as noise and the lower band was modeled
through a set of deterministic waveforms. More recently, a-gigility voco@dr named
WORLD was developed if14] to meet the requirements of réahe processing.

Sinusoidal vocoder is an alternative category for the sefiteemodel of speech and has
been successfully applied to a broad eaad speech processing problems such as speech
modification and conversion. Sinusoidal modeling can be characterized by the amplitudes,
frequencies, and phases of the component sine waves; and synthesized as the sum of a number
of sinusoids that can geng&gadigh quality speeclror each frame, a set of those parameters is
estimated corresponding to peaks in the stesrh Fourier transformConcisely, voiced
speech can be modeled as a sum of harmonics (quasi periodic) spaced at FO with instantaneous
phaseswhereas unvoiced speech can be represented as a sum of sinusoids with random phases
[114].
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Various sinusoidal model formulations have been discussed in the literature. In particular,
Harmonic plus Noise Model (HNM) was dewpkd in[115] and has shown the capability of
providing highquality copy synthesis and prosodic modifications. Based onuangng
frequency, HNM decomposes speech into deterministic lower band where the signal is
modeled as a sum of harmonically related sinusoids and stochastic upper band where the signal
is modeled by colored noise. Another sinusoidal based speech vocoder is being developed by
Degottex and Stylianoy116] in which an adajive QuasiHarmonic vocoder (aQHM) and
Adaptive Iterative Refinement (AIR) method combined as an intermediate model to iteratively
minimize the mismatch of harmonic frequencies. Hence, the full system is calleéAdRIM
Similarly, Perception based Dynansiousoidal Model (PDM) and Harmonic Dynamic Model
(HDM) have been proposed[ibl7] and have both been applied during analysis and synthesis
to be modelled in hidden Markov models (HMM) based speech synthesis.

Thus, from a poinof view of either objective or subjective measures, sinusoidal vocoders
were preferred in terms of quality. However, these models have usually more parameters (each
frame has to be represented by a set of frequencies, amplitude, and phase) than ioethe sou
filter models. Consequently, more memory would be required to code and store the speech
segments. Although some experiments have been made to use either an intermediate model
[116] or intermediate parameters (regularizedsteg coefficients]117] to overcome these
issues, the computational complexity of SPSS can be quite high once additional algorithms are
including[2].

By keeping the number of our vocoder parangseterchanged5], which are simpler to
model than traditional vocoders with discontinuousth6, goal of the work reported in this
Thesis was to develop a new sinusoidal model as an alternative synthesis technique in a
continwus vocoder, which can provide a high quality sinusoidal model with a fixed and low
number of parameters.

8.2 Proposed Method

The sinusoidal model assumes the excitatiber is modeled by a sum of sine waves.
Continuous vocoder bas&ihusoidalModel (CSM)was designed to overcome shortcomings
of discontinuity in the speech parameters and the computational compbéxihodern
vocoders. Tie novelty behind this vocoder is to use harmonic features to facilitate and improve
the synthesizing step before speestonstruction.

By keeping the number of our previous sodfitter vocoder parameters unchandés]
and similarly to[115] [50], the synthesis algorithm implemedta this Thesisdecomposes
the speech frames into a loweaind voiced componeri 0 and an uppeband noise
componeni ¢ based on MVF values. We define these components here as

i¢c 1 o i ¢ X |

In order to avoid discontinuities at the frasrti@undaries, Overlagpdd (OLA) technique is
used to reconstruct the speech signal from their corresponding parameters estimated from our
analysis model ifi85]. If the current frame is voiced, the harmonic part can be exprasse

i o O AT ™o 3 X 1)
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whered and3 arethe synthetic harmonic amplitudes and phagefsameQrespectively,
"0 p ¢QOfs the sampling frequencd  mipk8 ) andi is the frame lengtty is the time
varying frequency components or harmonics that depends on the contFO arasMVF
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where'C is complementary lovpass filter for the harmonic pad is complex harmonic log
amplitudeobtained by resampling the ME@04] envelope
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where is the altpass factor takes 0.42 00 p @Q'Qdhe phases are obtained recursively
in a minimum phaseesponsdetween harmonics in adjacent frames
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where'Q) is a lineafin-frequency term which can be attributed to the underlying excitation,
and”Yis the frame shift measured in samplgpically it corresponds to vd i interval).

The synthetic noise signé o is filtered by a higkpass filter'™ 0 with a cutoff frequency
equal to the local MVF, and then modulated by its tdneain envelopC ¢ as we described
it in Chapte 2 [85]

i 0 Co Mozg o P o
If the current frame is unvoiced, the harmonic part is zero and the synthetic frame is usually
equal tothe produced noisé¢dence, the synthesized speech signal is obtained by adding the

harmonic and noise components. A block diagram of the proposed architecture is depicted in
Figure 3.
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Figure 33: Block diagram of the sinusdalsynthesis part in a continuous vocoder.
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8.3 Evaluation

8.3.1 Objective Evaluation

A range of acoustic objective measures are considered to evaluate the quality of synthesized
speech based on the proposed sinusoidal vocoder. We adopt the fwSNRseg for the error
criterion since it is said to be much more correlated to subjective speech quality than classical
SNR[38]. Moreover, Extended Shefime Objective Intelligibility (ESTOI) measuie used
to calculate the correlation beten thenaturaland processed speech. We also measure the
ItakuraSaito (IS) distance that has played a key role in speech analysis and s\aft®isis
To a large extent, most studies (suchld®]) confirmed that when the IS distance is below
0.1, the two spectra would be perceptually nearly identiSatan be defined based on the
linear predication coefficien{g$.PC) as

=
¢

oY P .5 OFRYR® B,
0 BRY o 5 P VX

=

j=xj
=
3¢
j

where , &, and’Y are the LPC vector of the natural speech frame, synthesized speech
frame, and the autocorrelationatrix, respectively, and, are the LPC alpole gainsFor

all objective measures, a calculation is done friopprame and a higher value indicates better
performance except for the IS measure (lower value is better). The resulesverged over

the selected utterances (50 sentences) for each speaker.

As Table 1 shows, the proposed vocoder tends to significantly outperform the baseline
approach among all metrics. In particular, it can be seen from IS measure that the proposed
vocader is slightly better than STRAIGHT in the AWB speaker whereas this is not the case
with the SLT speakeit can be concluded that tiSM presented in thi$hesishas similar,
or only slightly worse, performance to the reference vocoders.
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Table 11: Average scores performance based on synthesized speech for male and female
speakers. The bold font shows the best performance.

IS fwSNRseg ESTOI
Vocoder
AWB SLT | AWB SLT AWB SLT
Baseline 0.148 0.447 | 6.987 7.940 0.517 0.676
Proposed 0.058 0.082 | 9.560 11.034 | 0.749 0.867
WORLD 0.016 0.014 | 13.312 13.336 | 0.808 0.951
STRAIGHT 0.065 0.042 | 11.840 14.641 | 0.772 0.933

In addition, Tablel2 compares the parameters of the vocoders under study. It can be seen
that thecontinuous sinusoidahodeluses only two ondimensional parameters for modeling
the excitation, the WORLD vocoder is applying a fdienensional band aperiodicity, whereas
STRAIGHT use higkhdimensional parametevghich makes the statistical modelling approach
progressively complex and computationally intensiviehe findings also point out that tRe&SM
has few parameters compared to the WORLD and STRAIGHT vocoders, and it is
computationally feasible; therefore, it is suitable for-teak operation.

Table 12 Parameters and excitation type of applied vocoders

Vocoder Parameter per frame Excitation
CSM FO: 1+ MVF: 1 + MGC: 24 Mixed
WORLD FO: 1 + Band aperiodicity: 5 + MGC: 60 Mixed

STRAIGHT FO: 1 + Aperiodicity : 1024 + Spectrum: 1024  Mixed

8.3.2 Subjective Evaluation

In order to evaluate the perceptual quality of the proposed systems, we conducted a web
based MUSHRA listening test. | compared natural sentences with the synthesized sentences
from the baseline, proposed, STRAIGHT, WORLD, and an ansygiem. The anchor type
was the resynthesis of the sentences with a standard pwg®e excitation vocoder. The
utterances were presented in a randomized order. The listening test samples can be found
online'.

13 participants (7 males, 6 females) withame range of 282 years (mean: 31 years), were
asked to conduct the online listening test. We evaluated ten sentences (five from each speaker).
Altogether, 60 utterances were included in the test (2 speaker x 6 types x 5 sentences). On
average, the tesbok 15 minutes to fil. The MUSHRA scores for all the systems are showed
in Figure 3. According to the results, the proposed vocoder outperformed the baseline system
for both speakerandpreferred over STRAIGHT (not significant), showing that the sondal
extension othe CSM reached an adequate level to the naturalness of speech.

10 http://smartlab.tmit.ome.hu/specom2018
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Figure 34: Results of the MUSHRA listening test for the naturalness question. Error bars show
the bootstrapped 95% confidence intervals. Theesfay the reference (natural speech) is not
included.

8.4 Summary

This chapterhas proposed a new approach with the aim of designing a high quality
continuous vocoder using a sinusoidal model. The performance of the systems has been
evaluated through objgee and subjective listening tests. Experiments demonstrate that our
proposed model generates higher output speech quality than the baseline, that isfdteource
basedvocoder It was also found that the results obtained with the proposed vocoder were
preferred over STRAIGHT and somewhat worse than with WORLD vocoders. Moreover, the
findings point out that the continuous vocoder has few parameters and is computationally
feasible; therefore, it is suitable for re¢ahe applications.

The applicabilityof the proposed CSM will be studied for two major fields of speech
processing: texto-speech (Chapter 9) and voice conversion (Chapter 11).
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Chapter 9

CSM with Deep Learning

ASuccess in creating Al wo ory. Unfotenatalyhite bi gg
mi ght al so be the | ast, unl ess

Stephen Hawking (19422018)

9.1 Related Work

In anearlier work, a computationally feasible residbaked vocodewas proposed if8],
using a continuous FO modg¢®], and MVF [10]. In this method, the voiced excitation
consisting of pitch synchronous PCA residual frames isdass filtered and the unvoiced part
is highpass filtered according to the MVF contour as a cutoff frequency. The approach was
especially successful for modelling speech sounds with mixed excitation. However, we noted
that the unvoiced sounds are sometimes poor due to the combination of continndg FO
MVF. In [85], the time structure of the highequency noise componenas further controlled
by estimating a suitabkemporalenvelope.

In [120], | successfully modelled all vocodearameters (continuous FO, MVF, and MGC)
with FFFDNNs and shown that the HPNN have higher naturalnedsain HMM based texto-
speech. Furthermore, adeling the parameters otontinuous vocoder using RNN, LSTM,
BLSTM, and GRU variants extended if121]. Experimental results demonstrate that using
Bi-LSTM systems to train continuous vocoder parameters improves the synthesis performance
and outperforms FBNN and other recurrent topologies. The advantage of a continuous
vocoderin this scenario is that vocoder parameters are simpler to model than conventional
vocoders with discontinuous FO.

Previous studies have shown that human voice can be modelled effectively as a sum of
sinusoids and has shown the capability of providingpaigality copy synthesis and prosodic
modifications[115][116] [117]. Therefore irf122], | proposed a continuous sinusoidal model
(CSM) that is applicable in statistical frameworks by keeping the number of our vocoder
parameters unchang¢8b]. Experimental results from objective and subjective evaluations
have shown that thESM gives statef-the-art vocodes performance in analyssynthesis
while outperforming the previous work based sourcefilter vocoder. Therefore, in this
Thesis | study the interaction between CSM andLBiTM based RNN by feeding linguistic
features to the BLSTM based neural netwlo to predict acoustic features, which are then
passed to a CSM to generate the synthesized speech. | expect that the new mdaettgives
performancaisingRNN and enhances the quality of synthesized speech

71



Thesis IV.2

Chapter 9: CSM with Deep Learning

9.2 Proposed Method

The mathematical backgrouol both BILSTM and CSMapproacheblavealready been
givenand explained in Chapter 7 and 8, respectiv@ised on them, the overall architecture
is depicted in the block diagram as shown in FigfreConsequently, 4 feebrward hidden

layers each caisting of 1024 units and performsarfdon ne ar

function of

representation, followed by a single-BSTM layer with 385 units, will be used in this work
to train the CSM parametensn the RNNTTS experimerd! tests 132 sentences froeach
speaker were analyzed and synthesized with the WORLD, baseline (that is ouffiieurce

model[121]) and proposed vocoders. For WORLD and baseline vocoders, | used the same

RNN architecture as for the proposed sinudaidadel
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Figure 35: Block diagram of the CSM based-B&ETM.
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9.3 Evaluation

9.3.1 Error Metrics

A range of objective speech quality and intelligibility measures are considered to evaluate
the quality of the proposed model. The resultsensmreraged over the test utterances for each
speaker. Log ikelihood Ratio (LLR), frequencyveighted segmental SNR (fwSNRseg), and
Log Spectral Distortion (LSD) were used in this experiment. LSD can be defined as the square
difference carried over the logdam of the spectral envelopes of natil8 "Q and synthesized
& "C speech signals U frequency points

0"y GQoil 18N a¢ ) ER)

:l

The results were averaged oveR18st sentences, and the best value in each column of
Table13is bold facedFor WORLD[14] and baselin¢l21] (that is a sourcélter) vocoders,
we used the same RNN architecture agHerproposed one.

It is good to note that the findings in Taldld8 showed that the proposed vocoder based
sinusoidal model succeeded in thelEiTM training. Moreover, the CSM framework provides
satisfactory results in terms of naturalness and intelliiliomparable to the highuality
WORLD vocoderand baseline. In particular, LLR between natural and synthesized speech
frame is smaller than those using the baseline and WORLD methods. Focusing on the
fwSNRseg, it indicates that the WORLD model outperfed the proposed one only in the
male speaker. While in terms of LSD, lowest correlation values were obtained with baseline
method. However, a slightly improvement was noted for the CSM over the WORLD model.

As a result, these experiments showing thaptieposed model with continuous sinusoidal
model was beneficial in the statistical deep recurrent neural networks.

Table 13: Average scores performance based on synthesized speech signal using proposed
CSM for Male and Female speak.

Metrics Model AWB SLT
Baseline 1.4309 1.6966
LLR Proposed 1.4178 1.6791
WORLD 1.5008 1.7516
Baseline 2.514 1.1882
fWSNRseg Proposed  2.4972 1.2278
WORLD 2.5802 0.81389
Baseline 2.0739 2.2254
LSD Proposed 2.0995 2.2391
WORLD 2.108 2.3373
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9.3.2 Subjective Test

To demonstrate the efficiency of our proposed model, we performed ebased
MUSHRA listening test. We compared natural sentences with the synthesized sentences from
the baseline, proposed, WORLD, and an anchor system. Therayjphavas the rsynthesis
of the sentences with a standard puleese excitation vocoder. 100 utterances were included
in the test (2 speakers x 5 types x 10 sentences). 13 participants between the &8 of 24
(mean age: 31 years) were asked to contheconline listening test. Five of them were males
and eight were females. On average, each test was completed within 17 minutes. The listening
test samples can be found onthe

The results of the listening test are presented iarBig6 for the two spakers separately.
For speaker AWB, it can be observed that the proposed framework significantly outperforms
the baseline vocoder (MasWhitney-Wilcoxon ranksum test, with a 95% confidence level),
while for speaker SLT, this difference is not significdntboth cases, the WORLD vocoder
was rated slightly better than tlxsSM, but this difference ialsonot significant. This means
that CSM based®NN-TTS is closer to the level of the staikthe-art high quality vocoder
than the baseline system.

100
B natural anchor baseline I proposed s WORLD

Mean naturalnes

AWB SLT

Figure 36. MUSHRA scores for the naturalness question. Higher value means better
naturalness. Errorbars show the bootstrapped 95% confidence intervals.

1 http://smartlab.tmit.ome.hu/ijcnn2019_vocoder
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9.4 Summary

In this Chapter, wénaveintroduced a novel simple approach to the dtatisparametric
speech synthesis using continuous sinusoidal model. The maiwadéa integrate the CSM
into sequenceo-sequence BLSTM deep neural network. The experiment was successful and
we were able to add the continuous features (FO, MaximuioedoFrequency, and Mel
Generalized Cepstrum) to the training framework based RNt means that the acoustic
model has fewer acoustic features to predict from the input text features than commonly used
by conventional vocoders&lsing a variety of measements, the performance strengths and
weaknesses of the proposed method for two different speakers were highlighted. From both
objective and subjective evaluation metrics, the performance of the proposed clgstdyn
tends to perform better than the Hase The naturalness achieved letpropose@vaveform
generatowas also found to be closed to the stEt¢he-art modelthat uses the WORLD
vocoder
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Chapter 10

Statistical VC with Source-Filter
Model

iMeasure what can be measured, and make
Galileo Galilei (1564 1642)

10.1 Introduction

Statistical voice conversion (SVC) is an effective technique for flexibly synthesizing several
kinds ofspeech. While keeping the linguistic content and environmental conditions unchanged,
the goal of SVC is to change and modify spea
is transformed to sound like that of the target spefafefhere are several applications within
the concept of voice conversion, such as converting speech from impaired to normal voice
[123], from normal to singing sourjd24], electrelaryngeal to normal spee¢h25], etc.

Over the years, voice conversion frameworks have mostly focused on spectral conversion
between source and target speaké26] [127]. In the sense of the statistical parametric
approaches, such as Gaussian mixture model (GMZ3] and exemplar based on ron
negative matrix factorizatiorj129] [130], SVC marked a success in spectrum linear
conversion. Nonlinear transformation approaches, such as hidden Markov models (HMMs)
[131], deep belief networks (DBN§)32] and restricted Boltzmann machines (8 [133],
have been shown to be effective in modeling the relationship between-sangetefeatures
more accurately. The DBN and RBM were used to replace GMM to model the distribution of
spectral envelopg434]. However, the resulting speech parameters from these models tend to
be oversmoothed and affect the similarity and quality of generated speech. To cope with these
problems, some approaches attempt to reduce the difference between natheatanderted
speech parameters by using Global varigh28], modulation spectrufd35], dynamic kernel
partial least squares regress|[@B6], or generative adversakiaetworks[137]. Even though
these techniques achieve some improvements, the accuracy of the converted voice still
deteriorates compared to the source speaker. Therefore, improving the performance of
converted voice istill a challenging research question.

There seem to be four factors that degrade the quality of SVC: 1) speech parameters (i.e.
vocoder features), 2) mapping function between the source and target speakers, 3) learning
model, and 4) vocoder synthesisatity. To capture the quality of these factors, féaavard
deep neural networks (HBPNNs)wereproposed as an acoustic modeling solution of different
research aredd] [98] [138]. FFDNNs have shown their ability to extract hilgvel, complex
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abstractions and data representations from large volumes of supervised and unsupervised data
[97], and achieve significant improvements in various matearning areas including the

ability to model highdimensional acoustic paramet§t89], and the availability of mukiask
learning[100]. In thischapter | predict acoustic features using a-BRN, which are then

passed to a vocoder to generate the converted speech waveform. TENRE used to

improve both the converted acoustic parameters and the vocoder performance.

Recent studies are still considering some of these voc{#Rirsn voice conversion, such
as STRAIGHT[140][128] [141], mixed excitatiorj142], Harmonic plus Noise Mod¢143],
glottal source modelin44], or even with more complex vocoders like adaptive WAVENET
[145], or Tacotrorj146]. Consequently, simple and unifiorvocoders, which would handle all
speech sounds and voice qualities (e.g. creaky voice) in a unified way, are still missing in SVC.
Therefore, it is still worth to develop advanced vocoders for achievingduiglity converted
speech. In our recent woik statistical parametric speech synthesis, a nowstinuous
vocoder using continuous parameteass proposed which was shown to improve the
performance under a HPNN [120]. However, in SVC, the effectiveness of ttentinuous
vocoder has not been confirmed yet. Thus, we are developing a solution rhésisto
achieve higher sound quality and conversion accuracy, while the SVC remains
computationally efficient.

Unlike the methods referenced above, the proposectste implicates two major technical
developments. First, build a voice conversion framework that consists of eDINN and a
continuous vocoder to automatically estimate the mapping relationship between the parameters
of the source and target speak&scond| apply a geometric approach to spectral subtraction
(GA-SS) to improve the signdéb-noise ratio of the converted speetlexpect that the new
voice conversion model gives higluality synthesized speech compared to the source voice.

10.2Voice Conveasion Model

The framework of the proposed SVC system is shown in Figuré consists of feature
processing, training and conversisynthesis steps. MVF, contFO, and MGC parameters are
extracted from the source and target voices using the analysisofurnétthe continuous
vocoder. A training process based on alMN is applied to construct the conversion phase.

The purpose of the conversion function is to map the training features of the source speaker
QO to the corresponding training features of the target sp«d «* . Here,®

advector sequences are tiragned frame by frame by the Dynamic Time Warping (DTW)
algorithm [147] [148] since both vectors differ in the durations and have diffdegth
recordings. DTW is a technique for deriving a nonlinear mapping between two vectors to
minimize the overall distancO @ between the source and targetakersSo that the time
events (sequence of phonemestiirtan be aligned to corresponding eventarimising the

warp pathw to form such a neyoint vector sequenca of equal length. Specifically, the

(. elementir® can ke constructed as

G N W o

i A@® 0 Co WL
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wherev is the length of thw . Theminimumdistance warp path between two feature vectors
is
Qo QA M o W
Thus,

oM a0 Qw W

Then, the timealigned acoustic feature sequences of both speakers are trained and used for
the conversion function in order to predict the target features from the features of the source
speaker. Finally, the convert® ¢ ¢m0 ¢3Q andd "Odare synthesized to get the converted
speech waveform by the synthesis function of the Continuous vocoder.

Source speech
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Conversion function
Training

MVF
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Figure 37: Flowchart of the proposed SVC algorithm.
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10.3 ReducingUnwanted Frequencies

The goal of thissection is to remove or reduce the level of unwanted-fnegiuency
components from the converted features, that may be generated during training or conversion
phase. Therefore, we apply the &8 approach proposed [@49] in order to improve the
performance of the converted speech signal. This approach consistently outperforms other
conventional spectral subtractions particularly at low SNRs. Besides§S3g\more suitable
for our work because of its simplicity and low compiataal cost. Here, GASS can be applied
in each frame signéC ¢ by letting € C&¢  'C ¢ be the sampled speech signal with
the estimation errcC € , assuming that the first 3 frames are noise/silence. Taking the short
time Fourier transformfcu €

WU 00 [OX1] W

wherev  ¢* T, Q miplfeeh)  p, and( is the frame length in samples. Then, we
can rewrite Equatior9@) in polar form as

0 C 0 C 0 C w-
whered and—are the magnitude and phase of the frame spectra respectively. Taking into

account the trigonometric principles in Equat{®4), the gain functior'C® can be derived as
always real and positive

. 0 £
(@ O_ T h© Tt w

Obtain the enhanced magnitude spectruthefsignal by
0 Cz0 W)

Using the inverse discrete Fourier transformo &. , the enhanced frame sigrQé¢
can be obtairg

To clarify the effects of this approach, white Gaussian noise is added to the natural and
synthetic speech waveforms. The amount of noise is specified by-tgmaike ratio (SNR)
in the range of20 to 10 dB. The root mean square (RMS) error wasutatked over 20
sentences selected randomly from each speaker. The smaller the value of RMS, the better
performance. The overall RMS error values obtained as a function of the SNR between clean
speech (natural or synthesized) sample and the noisy orga(tieespeech sample, with noise
added) is shown in Fige 3. The results suggest that the RMS for the synthesized signal with
GA-SS approach is smallest and close to the natural signal than witheeSGNevertheless,
the differences were very small. Batlding this approach as an extra step to our proposed
model does help to some extent in improving the overall sound quality, especially in noisy
conditions.
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10.4 Evaluation

| used three main speakergmely SLT, BDL, and JMK for source and target speakers.
With the aim of seeing the statistical behavior of the proposed model, fourgemdsr
(Ameoif emal eo a-todha Ind ®@)malcenver si ons experi men:
evaluation:

- SLTtoBDL
- BDLto SLT
- SLT to JMK
- JMK'to SLT

10.4.1 Error Measurement Metrics

It is well-known that the efficient method for evaluating speech quality is typically done
through subjective listening tests. However, there are various issues related with the use of
subjective teting. It can be sometimes very expensive, time consuming, and hard to find a
sufficient number of suitable voluntedgl] [150]. For that reason, it can often be useful in
this work to run ofective tests in addition to listening tes&ven objective measures are
considered to evaluate the quality of the proposed model.

A reference (baseline) system with high quality performance is required to demonstrate the
effectiveness and performancetloé proposed methodology. Since the WORLD vocoder has
a highquality speech synthesis system and better than severadindjty vocoders (such as
STRAIGHT), we use it as our stapé-the-art baseline within SVC and used the same
architecture as for theroposed vocoder.

It is interesting to emphasize that the findings in Tddlshowed that the baseline does not
meet the performance of our proposed model. That, in other words, the results reported in Table
14 strongly support the use of the proposedodwss for SVC. In particular, the fwSNRseg
between converted and target speech frames using the proposed method with continuous
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vocoder are higher than those using the baseline method. Nevertheless, the WORLD vocoder
is shown to be better only for the Std-JMK speaker conversion.

The comparison of the spectral envelope of one speech frame converted by the proposed
method is given in Figre 39. The converted spectral envelope is plotted along with the source
and the preferred target. It may be observettheaconverted spectral envelope is more similar
in general to the target one than the source one. Even though, these two trajectories seem
similar, they are moderately smoothed compared with the target one; that can affect the quality
of the converted sech. It can also be seen in Figdfghat the converted contFO trajectories
generated from proposed method follow the same shape of the target confirming the similarity
between them and can provide better FO predictions. Similarly, when looking at #igitre
makes apparent that the proposed framework produces converted speech with MVF more
similar to the target trajectories rather than to the source ones.

As a result, these experiments show that the proposed model with continuous vocoder is
competitivefor the SVC task, and superior to the reference WORLD model.

Table 14: Average scores on converted speech signal per each of the speaker pairs

conversion.
Error metrics Model SLT-to-BDL BDL-to-SLT  SLT-to-JMK  JMK-to-SLT

Refaence 5.624 5.355 5.856 5.765

MED Proposed 5.609 5.341 5.846 5.754
Reference 1.660 1.119 2.162 0.558

fWSNRseg

Proposed 3.072 1.873 1.970 1.312

LSD Reference 2.423 2.208 2.506 2.557
Proposed 2.214 2.107 2.368 2.401

S Reference 33.005 24.887 33.060 39418
Proposed 15.183 21.212 13.973 29.137

Reference 8.842 16.299 8.068 17.310

WSS Proposed 7.723 13.683 7.783 14.046
Reference 1.718 1.724 1.610 1.744

LLR Proposed 1.451 1.581 1.442 1.640
NCM Reference 0.103 0.102 0.024 0.030
Proposed 0.115 0.124 0.028 0.035
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Figure 39: Example of one shorter segment /e/ from the natural source, target, and converted
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Figure 41. Example of the natural sece, target, and converted MVF contours using the
proposed method. Sentence: fAGregson shoved

10.4.2 Perceptual Test

To demonstrate the efficiency of our proposed model, we conducted two different
perceptual listening testBirst, in order to evaluate the similarity of the converted speech to a
reference target voice (which was the natural voice), we performed-aagsedd MUSHRA
like listening test. The advantage of MUSHRA is that it enables evaluation of multiple samples
in a single trial without breaking the task into many pairwise comparisons, and it is a standard
method for speech synthesis evaluations. Within the MUSHRAItestnpared four variants
of the sentences: 1) Source, 2) Target, 3) Converted speech usinghHogdlity baseline
(WORLD) vocoder, 4) Converted speech using the proposed (Continuous)evod8d
utterances were included in the MUSHRA test (4 types x 12 sentences).

Second, in order to evaluate the overall quality and identity of the synthesesszhdpom

both proposed and baseline systems, a Mean Opinion Score (MOS) test was carried out. In the
MOS test we compared three variants of the sentences: 1) Target, 2) Converted speech using

the baseline (WORLD) vocoder, and 3) Converted speech usingrdpesed vocoder. 36
utterances were included in the MOS test (3 types x 12 sentences).

19 participants between the age of&fB(mean age: 30 years) were asked to conduct the
online listening test. 12 of them were males and 7 were females. On avheajit)SHRA
test took 13 minutes, while the MOS test was 12 minutes long. The listening tests samples can
be found onlin&.

12 http://smartlab.tmit.ome.hu/vc2019
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The MUSHRA similarity scores of the listeig test are presented in Figut2. It can be
seen that both systems achieve almost ampierformance to the target voice across all gender
combinations. This means that our proposed model has successfully converted the source voice
to the target voice on crogender cases. In case of StoFJMK conversion, the difference
between the basek and the proposed systems is statistically significant (Ngmitney
Wilcoxon ranksum test, with a 95% confidence level), while the other differences between the
baseline and proposed are not significant.

Figure 422 MUSHRA scaes for the similarity question. Higher value means larger similarity
to the target speaker. Errorbars show the bootstrapped 95% confidence intervals.

Additionally, Figure43 shows the results of the MOS test. We can see that both the baseline
and proposd systems achieved low naturalness scores compared to the target speaker, showing
that the listeners clearly differentiated the utterances resulting from the voice conversion. It
can be also found that the listeners preferred the baseline system cotopéegroposed
one.

As the final result of the listening tests investigating similarity to the target speaker and
overall quality, we can conclude that the proposed continuous vocoder within the SVC
framework performed wellvhen compared tdhe voice cowersion using the WORLD
vocoder.

85


































































