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Abstract

In this thesis, we consider 2-D analysis of speech spectrograms. We consider a
spectrotemporal patch and model it as a 2-D amplitude-modulated and frequency-
modulated (AM-FM) sinusoid. Demodulation of the spectrogram yields the 2-D AM and
FM, which correspond to the slowly varying vocal-tract envelope and the excitation,
respectively. For solving the demodulation problem, we rely on the complex Riesz
transform, which is a 2-D extension of the 1-D Hilbert transform. The demodulation
viewpoint brings forth many interesting properties of the speech signal. The
spectrotemporal carrier helps us identify time-frequency regions that are coherent and
those that are not. Based on this idea, we introduce the coherencegram corresponding
to a given spectrogram. The temporal evolution of the pitch harmonics can also be
characterized by the orientation at each time-frequency coordinate resulting in the
orientationgram. We show that these features collectively enable solutions for the
important problems of voiced/unvoiced segmentation, time-frequency aperiodicity
estimation, periodic/aperiodic component separation, and pitch tracking. The
spectrotemporal amplitude characterizes the time-varying magnitude response of the
vocal-tract filter. We use the spectrotemporal amplitude, pitch, aperiodicity, and voiced/
unvoiced decisions for the task of speech reconstruction in a spectral synthesis model
and WaveNet, which is a neural vocoder. The quality of the synthesized speech is
assessed using both objective and subjective measures. We show that conditioning
WaveNet on the spectrotemporal features results in high-quality speech synthesis that
is on par with state-of-the-art vocoders, namely WORLD and STRAIGHT.
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Abstract

Speech signals possess a rich time-varying spectral content, which makes their
analysis a challenging signal processing problem. Developing methods for accurate
speech analysis has a direct impact on applications such as speech synthesis, speaker
recognition, speech recognition, voice morphing, etc. A widely used tool to visualize
the time-varying spectral content is the spectrogram, which represents the spectral
content of the signal in the joint time-frequency plane. A spectrogram can be
viewed as a collection of several localized spectrotemporal patches. By analyzing
the structure of two-dimensional (2-D) patterns in the spectrogram, we propose
modeling it using 2-D amplitude-modulated and frequency-modulated (AM-FM)
sinusoids. The justification for the 2-D AM-FM model for speech can be provided
based on the physical process behind its generation. From a speech production
perspective, the AM and FM components correspond to the vocal-tract smooth
envelope and excitation signal, respectively. We demonstrate that analyzing speech
jointly in time and frequency reveals several important characteristics, which are
otherwise not evident either in purely time-domain or frequency-domain analysis.
The central problem in this dissertation is 2-D demodulation of a speech spec-
trogram, which yields 2-D AM and FM components. We advocate the use of the
Riesz transform, which is a 2-D extension of the Hilbert transform, to demodulate
narrowband and pitch adaptive spectrograms. Interestingly, the 2-D AM and FM

components obtained as a result of demodulation have potential benefits for speech
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analysis. We demonstrate the impact of the proposed modeling technique for vocal
tract filter estimation, voiced /unvoiced component separation, pitch tracking, speech
synthesis, and periodic/aperiodic decomposition of speech signals. The accuracy
of the estimated speech parameters is validated considering the task of speech
reconstruction.

The first part of the thesis is focused on theoretical developments related to
2-D modeling. We consider prototypical 2-D cosine signals, analyze their Fourier
transform properties, solve the problem of demodulation of a 2-D AM-FM cosine
signal and extend the model to spectrotemporal patches. Following this, we examine
the taxonomy of time-frequency patterns in the FM component, highlighting the
salient attributes of different types of phonation in speech. We show that 2-D patterns
specific to different speech sounds (voiced/unvoiced) can be captured by computing
two novel time-frequency maps from the 2-D FM component: the coherencegram
and orientationgram. The usefulness of the maps is demonstrated for the problem
of periodic and aperiodic decomposition of speech signals.

In the second part, we use the FM component for estimating the source pa-
rameters. We show that the FM component is a rich representation of the source
signal in 2-D and use it to estimate the speaker’s fundamental frequency (or pitch),
speech aperiodicity, and voiced/unvoiced segmentation of the speech signal. We
propose novel spectrotemporal features for voiced and unvoiced segmentation of
speech. In contrast to time-domain features such as short-time energy, zero crossings,
and autocorrelation coefficients, the proposed features are relatively insensitive
to local variations of the speech waveform. The FM component is obtained by
demodulating the narrowband speech spectrogram, which exhibits high frequency
resolution. Consequently, the FM component encodes the speaker’s pitch. Hence, we
propose methods for estimating the pitch from the FM component. Another critical
component of a speech signal is its aperiodicity. Voiced sounds are quasi-periodic

and have a noise component of strength relatively weaker than unvoiced sounds.
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Abstract 3

Utilizing the time-frequency properties of the FM component, we propose methods
for the estimation of speech aperiodicity.

While the FM component is used to estimate the source parameters, the 2-D
AM component models the slowly varying vocal-tract filter. However, estimation
of the vocal-tract filter is challenging due to its interaction with the quasi-periodic
excitation. Two issues arise in this context: the first one is related to the length of the
analysis window used for computing the spectrogram. We argue that a fixed-length
analysis window is not ideal for vocal tract estimation. We show that the best
results can be obtained by adapting the window length to the speaker’s pitch while
computing the spectrogram. Such a spectrogram is referred to as the pitch-adaptive
spectrogram. The second issue is related to the processing involved in demodulation,
which has the undesirable effect of broadening the formant bandwidths. Hence,
we propose a method to compensate for the formant broadening. It is crucial to
estimate the optimum formant bandwidths as they determine the shape of the vocal
tract filter and govern speech intelligibility during synthesis.

The effectiveness of the estimated source and filter parameters is shown by
incorporating them in a spectral synthesis model and a neural vocoder for speech
reconstruction. For neural vocoder, we use WaveNet, which is a deep generative
model for audio generation. By conditioning the model on acoustic features, one can
guide WaveNet to produce realistic speech waveforms. We use the Riesz transform-
based acoustic features as conditional features in WaveNet vocoder. The quality of

generated speech waveforms is evaluated by using objective and subjective measures.
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Chapter 1

Introduction

Speech communication is one of the most effective ways of communication in our
everyday life. Humans produce speech by expelling air from the lungs through
the layrnx and controlling the vocal-fold vibrations and vocal-tract shape. In the
process, the acoustic energy gets modulated and comes out in the form of speech.
The modulations carry a distinct acoustic signature and are important to analyze
in numerous applications such as speech synthesis, automatic speech recognition,
speech enhancement, design of psychoacoustic stimuli, speech coding, etc. Speech is
a nonstationary signal, which also means that the modulations vary with time in a
seamless fashion. The fundamental problem of studying the modulations constitutes
the speech analysis task and the nonstationarity makes the analysis challenging.
One typically resorts to the assumption of quasi-stationarity, i.e., the signal is
assumed to be relatively stationary over short durations (typically, 20 to 30 ms long).
Processing of speech signals over short time windows is referred to as short-time
analysis. Consecutive windowed segments are overlapped in the analysis to ensure
temporal continuity. Computing Fourier transforms of windowed segments results
in the short-time Fourier transform (STFT).
The STFT of a signal s(¢) is given by
o0 .
S(t,w) = / s(m)w(r —t)er7dr, (1.1)
—o0

where w(t) denotes the analysis window, ¢ denotes the time instant at which the
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Figure 1.1: Tllustration of the short-time processing of a speech signal.

window is centered, and w denotes the digital frequency. The magnitude-square
of STFT, i.e., |S(t,w)|? is the power spectrum of the windowed signal at time
t. The STFT can be computed for a fixed hop duration AT at time instants
t=kAT,k=1,2,3,... and the corresponding power spectra stacked over time yields
a t-f representation known as the spectrogram. Figure illustrates the spectrogram
computation. Depending on the length of analysis window, the spectrogram is
usually available in two flavors wideband or narrowband. A short window gives a
wideband spectrogram and a long one results in a narrowband spectrogram. A short
window gives better temporal resolution and a long window results in better spectral
resolution. One could also vary the window length as a function of time. Features
derived from the spectrogram have been deployed for various applications such as
speech activity detection , language identification @, speaker identification ,
and speech recognition . In this thesis, the narrowband spectrogram is of particular
interest and is the default meaning of the term spectrogram. Figure shows a

spectrogram. A zoomed-in voiced spectrotemporal patch is shown in Figure [1.2(b)|
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Figure 1.2: (a) A narrowband spectrogram along with a zoomed in voiced spec-
trotemporal patch; and (b) 3-D view of the voiced spectrotemporal patch. The
patch contains amplitude and frequency modulations of speech.

The spectrogram has been widely used mainly for visual representation and
understanding of the speech signal. Speech analysis is largely about picking the
right kind of modulations for the task at hand. One popular approach to analyze
modulations in the spectrogram is referred to as modulation filtering, which consists
of filtering the temporal trajectories of the short-time spectrum of speech [9]. Slow
temporal modulations (< 10 Hz) are associated with the syllable rate in speech,
while fast and intermediate modulations (> 10 Hz) capture the segmental transitions
such as onsets and offsets [10]. Modulation filtering aims at removing the spectral
content (usually due to noise) that changes slower or faster than the speech spectrum.
Humans are most sensitive to modulation frequencies in the range 4-16 Hz, which also
coincides with the rate of phoneme production. The modulation spectrum has been
shown to be important in human speech recognition [11}]12]. In the literature, various
approaches have been developed for the estimation of modulation spectra [13,]14],
which benefited applications such as speaker separation, audio fingerprinting, and
content identification [15-17]. In contrast, the modulations that we shall consider
in this thesis are of a different variety — we consider spectrotemporal modulations
embedded in the spectrogram and propose robust techniques to estimate them from

the spectrogram. We do not confine ourselves to short-time processing. On the
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Figure 1.3: Tllustration of different approaches for speech analysis.

contrary, we analyze the speech signal over large time-frequency regions, which
has received relatively little interest compared with the short-time approaches.
A fixed approach does not give access to all the modulations. Depending on
the target modulations, speech processing algorithms can be broadly classified
as short-time analysis approaches, narrowband approaches, or spectrotemporal
approaches. Figure [I.3] compares the three approaches. Short-time approaches focus
on short segments of the signal for determining temporal properties or for estimating
spectra. Examples include linear prediction analysis [18] and cepstral analysis [19],
which have been used successfully for speech coding, speaker/speech recognition,
etc. Narrowband analysis algorithms have higher frequency resolution than time
resolution. Spectrotemporal analysis operates on larger time-frequency patches and
analyzes 2-D amplitude and frequency modulations (AM and FM, respectively).
In this thesis, our objective is to develop novel methods for spectrotemporal
modeling and analysis of speech signals. The motivation for this stems from recent
findings in auditory neuroscience. Neurophysiological studies on animal models
have shown that certain neurons in the primary auditory cortex (Al) are tuned
to specific spectrotemporal patterns of sounds [20-23]. The tuning is quantified
by studying the response of a cortical neuron to varied time-frequency patterns
[24H27|. The resulting response is referred to as the spectrotemporal receptive field

(STRF) of the neuron [28-32]. STRFs are hypothesized to detect and extract time-
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Introduction 9

frequency patterns of interest from the auditory spectrograms. Inspired by STRF's,
neurophysiology based algorithms and representations have been developed, which
have found applications in speech/non-speech separation [33|, speech denoising [34],
assessment of speech intelligibility [35], and speech recognition [36], etc. The
evidence of time-frequency tuning in auditory cortical neurons forms the motivation
for this thesis with the key objective of developing spectrotemporal speech processing

algorithms.

1.1 Notations

Functions in 1-D and 2-D are denoted by lowercase and uppercase letters, respectively.
Vector quantities are denoted by boldface letters. The 1-D Fourier transform of
a signal s(t) is denoted by §(w), t,w € R. The short-time Fourier transform is
denoted by S(t,w). The time and frequency variables are represented jointly as

w = (t,w) € R The 2-D Fourier transform of a spectrotemporal patch is given by
$(0, 00) = / / St w) W (1, w) eIt L1 2y gy,

where ; and £2,, denote the Fourier variables corresponding to ¢ and w, respectively,
and W denotes the t-f window. The 2-D Fourier variable is represented succinctly
as © = (Q, Q) € R2. The quantity will be referred to as the grating compression
transform (GCT).

The symbols R>( denotes the set of non-negative real numbers. The symbol *
denotes convolution and 4(-) denotes the Dirac delta. The operation |z|, z € R
gives the greatest integer less than or equal to . The symbol V and || - || denote

the gradient operator and the ¢ norm, respectively.
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1.2 AM-FM Demodulation

Central to AM-FM modeling is the problem of demodulation, which involves estimat-
ing the amplitude and frequency modulations from a given signal. The demodulation
in 1-D is typically achieved using the Hilbert transform by constructing the analytic

signal [37]. Consider the signal

x(t) = a(t) cos (1), (1.2)

where a(t) and ¢(t) represent the AM and instantaneous phase/phase modulation
(PM), respectively. Typically, the modulations are slowly varying than the signal.
The demodulation problem is to determine a(t) and ¢(t) given x(¢). Unlike the case
of a pure tone/sinusoid, the Hilbert transform of an AM-FM signal in general does
not yield the quadrature. This is where the Bedrosian theorem [38] becomes useful.
If the bandwidth of a(t) is smaller than the carrier frequency, then the Bedrosian

theorem guarantees that the Hilbert transform generates exact quadratures:

q(t) = H{z(t)} = a(t) sino(t).

Otherwise, the Hilbert transform generates approximate quadratures. The analytic

signal is constructed as follows:
2alt) = 2(t) +jr(t) = alt) (cos (1) +jsin o(t) = a(®)e®.  (1.3)

The modulus and angle of the analytic signal give the AM and PM respectively. The
instantaneous frequency or FM can be obtained as the derivative of the instantaneous
do(t
phase w;(t) = %
While the Hilbert transform readily solves the 1-D demodulation problem, the
2-D counterpart is not so straightforward. We need an appropriate extension of the
Hilbert transform and this is precisely where the Complex Riesz Transform (CRT)

becomes relevant [39H41).
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Periodic/aperiodic decomposition

Voiced /unvoiced decision

Speech O )
2-D AM-FM 2-D Demodulation and aperiodicity map generation
Speech Modelling using CRT

Pitch estimation
CRT: Complex Riesz Transform

Vocal-tract filter estimation

Figure 1.4: Overview of the thesis.
1.3 Overview of the Thesis

The key idea is to solve the problem of demodulation in 2-D and estimate the
2-D AM and FM components from a spectrogram patch. Most speech processing
approaches have remained largely 1-D or at best “stacked 1-D” giving the impression
of a 2-D approach. On the other hand, we develop a bona fide 2-D approach based
on a sound mathematical foundation. The 2-D modeling takes into account the
mechanism of speech production and the t-f structure of various speech sounds. The
demodulation is based on the complex Riesz transform, which has recently proven
to be successful in various imaging applications. We shall show that estimation of
speech parameters such as fundamental frequency of the speaker, voiced /unvoiced
demarcation, quantification of aperiodicity, extraction of source and vocal tract filter
parameters can all be addressed by working in the spectrotemporal domain. These
parameters are useful for several tasks such as speech synthesis, voice conversion,
prosodic modifications, etc. The accuracy of the estimated parameters is assessed

by carrying out signal reconstruction. Figure gives an overview of the thesis.

1.4 Source-Filter Model for Speech Production

Figure [L.5]illustrates the speech production system and Figure [I.6]depicts the source-
filter model of speech. The term source refers to the phonation that occurs at the
vocal folds (or glottis) during speech production and filter refers to the region from

the vocal folds to the lips, which defines the vocal tract (see Figure . Various
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Figure 1.5: Diagram for the speech production system.
A\
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S
F1 F2 F3
Formants
—
Pulse train h(t) Speech signal:
s(t) = e(t) x h(t)
Vocal-tract filter |——»
Noise Source signal (Unknown)

WMMMWWWW (Unknown)

Figure 1.6: The source-filter model for speech production system.

speech sounds are produced by controlling the type of source and the shape of the
vocal tract in a dynamic fashion. The glottal excitation may be quasi-periodic,
aperiodic or a mixed one depending on the type of sound. The excitation is quasi-
periodic for voiced sounds such as /a/, /e/,/i/,/o/,/u/,” which is caused by nearly
periodic opening and closing of vocal folds. It is aperiodic/noise-like for unvoiced
sounds (when the vibrations at the glottis are absent) such as the /f/, and /s/ in
the word ‘fuss’. The vocal-tract filter acts like a tube with varying cross-sectional

area and length. The resonances of the vocal tract are called formants, which are
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characteristic to the speaker. The glottis and vocal tract are mutually interactive
and nonlinearly coupled to each other. However, the source-filter model [42] makes a
simplifying linear system assumption with independent source/excitation and filter.

The speech signal is given by a convolution of the excitation e(t) and the impulse

response h(t) of the vocal-tract filter:
s(t) = h(t) * e(t). (1.4)
In Fourier-domain, the convolution manifests as

5(w) = h(w)e(w), (1.5)

)

where h is slowly varying and é is fast-varying. Therefore, the vocal-tract “modulates’
the excitation. Given a speech signal, the problem of estimating the source and
filter components is ill-posed. Only by taking into account the speech production
mechanism can suitable priors be constructed that allow for “deconvolution” or

“demodulation” of the excitation and filter components.

1.5 Speech Reconstruction

While speech analysis aims at estimating the source and filter parameters, the task
of speech reconstruction involves combining the estimated parameters to synthesize
an intelligible and natural-sounding speech without relying on the STFT phase. A
system that performs the analysis with the objective of reconstruction is known as the
vocoder [43]. A vocoder is an integral part of the pipeline in text-to-speech technology.
A well known vocoder is STRAIGHT |[44], which stands for Speech Transformation
and Representation using Adaptive Interpolation of weiGHTed spectrum. Its successor
is the WORLD vocoder [45]. Both these vocoders follow the analysis-by-synthesis
approach. In the analysis stage, the source and filter parameters are estimated
which include the fundamental frequency of the speaker, aperiodicity parameters,

voiced /unvoiced decisions, and the frequency response of the vocal-tract filter. The
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Vocal tract filter
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Speech signal

Aperiodicity spectrum - |'. > . l
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Figure 1.7: The block diagram of spectral synthesis model used for speech recon-
struction. The phase spectrum for vocal tract and aperiodicity spectrum is modeled
using the minimum-phase approximation.

‘White noise spectrum

A, (W) ————————» ag,; (w) E—

synthesis stage reconstructs the speech waveform by using the parameters obtained
in the analysis stage. A drawback of STRAIGHT and WORLD is that they require
a lot of manual tuning to obtain high quality synthesis, which has been done over
several years. The STRAIGHT and WORLD vocoder versions have evolved over
the years and achieved a high degree of perfection. Our objective is to develop
if a totally new approach relying on spectrotemporal modulations that would be

competitive with these vocoders.

1.5.1 Spectral Synthesis Model

This is a frequency-domain approach where voiced and unvoiced speech segments
are reconstructed using the V/UV decisions. Figure shows the block diagram
of spectral synthesis model. The spectrum of a voiced speech frame is modeled as

follows:
S, (W) = hy, (w)éy, (w), (1.6)
where é;, (w) denotes the excitation spectrum comprising two parts:

éti (OJ) = \/To(l - dti (w))ﬁtz (w) + &ti (W)ﬁti (LU), (17)

periodic part aperiodic part

output
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Table 1.1: Recently developed vocoders based on deep learning.

Neural vocoder type H Vocoder H Remark
Fully autoregressive, uses dilated convolutions
WaveNet [46]
to model the long-term dependencies
WaveRNN [47] Uses a stack of Recurrent neural networks
Autoregressive Uses a simplified architecture
FFTNet [48]
based on FFT butterfly
LPCNet [49] A variant of WaveRNN that combines
linear prediction with RNN
WaveGlow [50] Flow-based generative model
. Parallel WaveGAN [51] || Uses GAN architecture
Non-autoregressive -
Neural source-filter [52] || Inspired from conventional source-filter model

where in turn py, (w) is the spectrum of an impulse at synthesis time-instant ¢,
dt, (w) is the filter response derived from the aperiodicity parameters, Ty denotes the
pitch period, and 7, (w) is complex white Gaussian noise with zero mean and unit
variance. The first term models the periodic part while the second one accounts for

aperiodicity in the excitation. The frequency response of the vocal-tract filter in

Equation (I.6) is given by
hti (UJ) = ’IA}ti (W)ejemin,ti (w)’

where pin ¢, (w) denotes the phase spectrum derived from the magnitude spec-
trum ¥, (w) using the minimum-phase approximation (Appendix . Similarly, the
aperiodicity spectrum a(t;,w) is also derived using the minimum-phase approxima-
tion. At every synthesis time instant, the spectrum §, ¢, (w) is subjected to inverse
Fourier transform (IFT) and the resulting speech segments are overlap-added (OLA)
pitch-synchronously.

The spectrum of unvoiced segments is modeled as follows:
‘§'U«'U7tz‘ ((.d) = iLti (w)a’ti (w)ﬁti (w) (18)

The unvoiced segments are synthesized by inverting the spectrum §,, ¢, (w) followed

by OLA.
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1.5.2 Deep Learning Models

In the past five years, there has been a surge of deep learning based vocoders, which
have surpassed traditional vocoders such as STRAIGHT and WORLD in terms
of performance. The deep learning vocoders use generative modeling techniques
for waveform generation. They are trained to learn the underlying probability
distribution of the data conditioned on the acoustic features. The acoustic features
could correspond to source, filter or a combination of both. The prominent deep
learning based vocoder is WaveNet [2,/46], which uses an autoregressive model
for waveform generation. A drawback of WaveNet is that the sample-by-sample
generation mechanism makes it considerably slow. In order to speed up waveform
generation, non-autoregressive vocoders have also been proposed — knowledge
distillation networks [53|, flow-based generation [54], and generative adversarial

networks (GAN) [55]. Table [L.1]lists recently developed deep learning vocoders.

1.6 Organization of the Thesis

The chapter-wise organization of the thesis is given below.

Chapter 2: AM-FM Modeling of the Speech Spectrogram and De-
modulation in 2-D
We provide an overview of 2-D cosine signals, their AM-FM counterparts and discuss
the salient properties of their Fourier transforms. Using the source-filter theory
of speech production, we show that a voiced spectrogram-patch can be modeled
by using weighted sum of 2-D AM-FM cosines, referred to as the multicomponent
AM-FM model. One of the key findings is that the optimum model order is propor-
tional to the variations in the FO of the speaker. In the context of the demodulation
problem, we introduce the complex Riesz transform. The estimated AM and FM are
used for estimating weights of the 2-D cosine carriers in the multicomponent model.

Objective evaluation on a speech database confirms that the multicomponent model
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has superior model accuracy than its moncomponent counterpart.

Chapter 3: Periodic and Aperiodic Decomposition of Speech Signals
Here, we focus on the 2-D FM (the carrier spectrogram), which carries rich information
of the glottal excitation. Visual inspection of the carrier spectrogram shows that
it exhibits two distinct spectrotemporal signatures — one corresponding to periodic
sounds and the other to aperiodic sounds. We also derive t-f maps that capture the
local coherence and orientation. The effectiveness of these maps is demonstrated
for solving the problem of periodic/aperiodic decomposition of speech, which is
formulated as a binary classification problem. Since there are no ground truth labels
available, the problem is solved in an unsupervised manner.

Chapter 4: Voiced/Unvoiced Segmentation and Quantification of
Speech Aperiodicity
The problem of voiced /unvoiced segmentation is viewed as a binary class classification
problem, for which we derive novel features from the coherencegram. Experimental
evaluation shows that the new features are robust to variabilities in the waveform.
We then propose a numerical measure for the estimation of aperiodicity of FM
sinusoids. The idea is extended for estimating the aperiodicity content of voiced
speech frames. The carrier spectrogram, once again, turns out to be a useful repre-
sentation for the estimation of speech aperiodicity. We derive band-wise aperiodicity
parameters suitable for modeling the stochastic component of speech signals in tradi-
tional vocoders. The effectiveness of V/UV segmentation and band-wise aperiodicity
parameters is shown by incorporating them in the WORLD vocoder.

Chapter 5: Pitch Estimation From the Carrier Spectrogram
Estimation of the pitch of the speaker is an important problem in speech analy-
sis/synthesis, for which we employ the carrier spectrogram. Objective evaluation
with state-of-the-art pitch estimation algorithms on two speech databases shows the
superiority of the proposed methods.

Chapter 6: Vocal-tract Filter Estimation and Speech Reconstruction
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In this chapter, we address the problem of estimating the vocal-tract filter, formants
and bandwidths, based on the 2-D AM. The formant bandwidths play a crucial role
for high-quality speech synthesis. A novel formant bandwidth correction method is
proposed to mitigate estimation errors. Effectiveness of the proposed source and
filter parameters is shown by incorporating them in the spectral synthesis model

and in the WaveNet vocoder.

1.7 Databases Used for Evaluation

The following databases have been used for evaluation.

CMU-ARCTIC [56]: There are approximately 1200 utterances per speaker
(sampling rate of 32 kHz) with parallel Electroglottogram (EGG) recordings. The
database was designed specifically for speech synthesis research at Carnegie Mellon
University (CMU). It is available for free download at: http://festvox.org/cmu_
arctic/.

CSTR-FDA: This database includes 50 speech utterances (20 kHz, 16bit) each
from one and one female speaker with parallel EGG recordings. This database was
mainly developing by the Center for Speech Technology Research (CSTR), University
of Edinburgh for FO Determination Algorithm Evaluation (FDA). It is available for
commercial use at: https://www.cstr.ed.ac.uk/research/projects/fda/.

Starkey [57]: The speech material is recorded from 16 American speakers out
of which 8 are male and 8 are female. Each speaker reads the standard rainbow
passage [58]|. The recordings are at sampling rate of 44.1 kHz with 16 bit quanti-
zation. The database is freely available at: https://starkeypro.com/research/
research-resources/open-access-stimuli.html.

TIMIT [59]: This database contains a total of 6300 utterances spoken by 630
speakers, with each speaker contributing 10 utterances. The prompts for the 6300
utterances consist of 2 dialect “shibboleth” sentences (SA), 450 phonetically-compact

sentences (SX), and 1890 phonetically-diverse sentences (SI). TIMIT is divided into


http://festvox.org/cmu_arctic/
http://festvox.org/cmu_arctic/
https://www.cstr.ed.ac.uk/research/projects/fda/
https://starkeypro.com/research/research-resources/open-access-stimuli.html
https://starkeypro.com/research/research-resources/open-access-stimuli.html
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Table 1.2: Absolute Category Rating Scale for MOS test.

Score H Description

Bad: Very annoying artifacts and/or very bad resynthesis quality

Poor: Annoying artifacts and/or bad resynthesis quality

Fair: Some artifacts and/or good synthesis quality but not identical

Good: Very few artifacts and/or very good resynthesis quality but not identical
Excellent: No artifacts and/or identical resynthesis quality

T = W N~

a training set and a test set. The training set contains 4620 utterances, and the test
set contains 1344 utterances of which 192 form a core test set.

VTR [60]: The Vocal Tract Resonance (VIR) database developed by Microsoft is
composed of 538 utterances (only SX and SI sentences) selected as a subset of TIMIT
corpus. The database provides trajectories of the first three formants corrected
through extensive manual labeling. The selected subset of utterances in VTR contains
192 and 346 utterances from the TIMIT test set and training set, respectively. The
192-utterance test subset contains a total of 24 speakers with 5 SX and 3 SI sentences
for each speaker, and 173 speakers in the 346-utterance training with 1 SX and
1 ST sentences for each speaker. Thus, the selected 538 utterances represent a
balanced selection of dialect, speaker and gender while consisting of rich phonetic
contexts. The formant trajectories are first estimated by employing the VTR tracking
algorithm described in [61], followed by extensive manual correction. The database is

available for download at: http://www.seas.ucla.edu/spapl/VITRFormants.html,

1.8 Performance Measures

The performance measures used are Mean Opinion Score (MOS) and Perceptual
Evaluation of Speech Quality (PESQ). MOS is used for subjective evaluation
of speech quality as recommended by International Telecommunication Union-
Telecommunication Sector (ITU-T) [62/63]. It is based on the opinion of a number

of listeners about the speech quality and the score assignment is as per the descrip-
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tion given in Table Although a bit time-consuming, MOS accurately reflects
the perceived quality of speech. The PESQ metric recommended by the ITU-T
P.862 [64] standard is used for the objective evaluation of speech quality. PESQ is
computed between a reference (typically the clean speech) and a processed signal
(synthesized signal in our case). It lies in the range from —0.5 to 4.5 with a higher
value indicating a quality closer to the reference. PESQ was developed primarily for
automatic assessment of end-to-end speech quality in telecommunications. Metrics
such as signal-to-noise ratio do not accurately quantify the user experience of the
speech quality. PESQ solves this problem by incorporating a perceptual model that

can distinguish between audible and inaudible artifacts.
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Chapter 2

AM-FM Modeling of the Speech

Spectrogram and Demodulation in 2-D

In this chapter, we describe two-dimensional (2-D) AM-FM modeling of a narrowband
speech spectrogram and address the problem of separating AM and FM components
from the spectrogram. In Section we consider the 2-D AM-FM cosine signal
model and its Fourier transform. We also discuss the taxonomy of the Fourier
transform of a voiced spectrotemporal patch taken from a spectrogram and show
that 2-D AM-FM cosine signals can be employed to model a voiced patch. In view
of this, a summary of state-of-the-art 2-D AM-FM models for a speech spectrgram
is given in Section In Section we derive the 2-D AM-FM model of a speech
signal by using the basic principles of human speech production system. In particular,
we show that a voiced spectrotemporal patch of a narrowband speech spectrogram
can be modeled using a weighted sum of 2-D AM-FM cosine signals, which gives rise
to a multicomponent AM-FM model. Next, we solve the problem of demodulation in
2-D, which gives access to the amplitude and frequency modulations. The problem
is typically accomplished with the help of the quadrature. While the quadrature
component of a sinusoid in 1-D is obtained by means of the Hilbert transform, the
2-D counterpart requires a consistent generalization of the Hilbert transform. The
complex Riesz transform (CRT) meets this specification |65,|66]. Hence, we discuss
the complex Riesz transform and its properties in Section The demodulation of
a 2-D AM-FM cosine signal using CRT is described in Section In Section

we employ CRT-based demodulation for the estimation of AM and FM components

21
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from speech spectrogram. In Section the performance of the multicomponent
AM-FM model is evaluated with respect to its monocomponent counterpart. We

conclude in Section [2.7] with the chapter summary.

2.1 Review of Two-dimensional Cosines, Fourier Transform, and

AM-FM Cosines

The 2-D AM-FM modeling of a speech spectrogram and the demodulation algorithm
require a clear understanding of a 2-D bandpass signal and its AM-FM representation.
Hence, we begin by providing several examples of 2-D cosines, Fourier transform

and 2-D AM-FM cosine signals.

2.1.1 Two-dimensional Cosines

A 2-D cosine with constant amplitude and frequency is expressed in cartesian

coordinates as cos(tQ; + w2, ), and in polar coordinates as
F(t,w) = cos (Qo(tcos By + wsin Fy)) , (2.1)

where g denotes the spatial frequency of the sinusoid, 8y denotes the orientation of
the sinusoid, measured with respect to the t-axis. The phase of the cosine is a linear

function of continuous variables ¢t and w. The discretized version of a 2-D cosine in

Equation (2.1)) is expressed as
Flky, ko] = cos (Q0 (k1T cos By + kT, sin fBy)) , (2.2)

where T; and T,, denote the sampling steps along t-axis and w-axis, respectively.
Figure 2.1] displays a 2-D cosine and its 3-D view. Figure[2.2]displays 2-D cosines

obtained by changing either frequency or orientation in Equation ([2.1]).
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(b)

Figure 2.1: (a) A 2-D cosine with 8y = w/4, Q¢ = 107, T3 = T,, = 0.002, and (b) its

3-D view.
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Figure 2.2: Ilustration of 2-D cosines. In the first row, the frequency is constant
and the orientation is varied. In the second row, the spatial frequency is varied and

the orientation is kept constant.
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Figure 2.3: Ilustration of 2-D cosines and corresponding Fourier spectra. The first
row displays 2-D cosines with fixed orientation but varying spatial frequency. The
higher the spatial frequency of the sinusoid, the greater the distance of the impulses
from the origin in the Fourier domain. The Fourier transform of sinusoidal patterns
(which resemble gratings) is also referred to as the grating compression transform
(GCT) [i)

2.1.2 Two-dimensional Fourier Transform

The Fourier transform (€, Q) : R2 — C of a real-valued function F(t,w) : R — R
is defined as follows:

F(Q,Q,) 2 / / F(t,w)e I #hFese) qpdy, (2.3)
wJt

where €2; and €2, denote the frequency variables in the Fourier domain corresponding

to the variables ¢t and w, respectively.
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Figure 2.4: Tllustration of 2-D cosines and the corresponding Fourier spectra. The
first row displays 2-D cosines with fixed frequency but varying orientation. The line
joining the impulse pair is orthogonal to the orientation of the sinusoid.

2.1.3 Fourier Transform of a 2-D Cosine

The 2-D Fourier transform of the 2-D cosine F'(t,w) = cos Qo (t cos By + wsin By) is

given by

F(Qt, Q) = m0(Q2e — Qo cos By, U, — Qo sin By) + 7 (2 + Qo cos By, R, + Qo sin Fy),

(2.4)
which is a pair of 2-D Dirac deltas. Figure [2.3]and Figure [2.4] display examples of
2-D cosines and their Fourier magnitude spectra. The locations of the impulses are

governed by the spatial frequency and orientation of the sinusoid.
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Figure 2.5: Ilustration of how frequency modulations are introduced in a 2-D cosine
by changing (a) only the orientation, (b) only the frequency, and (c) both orientation
and frequency.
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Figure 2.6: Tllustration of (a) a frequency-modulated 2-D cosine, (b) an amplitude
modulating function, and (c) a 2-D AM-FM signal.

2.1.4 2-D AM-FM Cosines

An amplitude and frequency modulated 2-D cosine F(w) : R? — R is written as

follows:

F(w) = A(w) cos (Qo(w)fb(w)), (2.5)

where Qg(w) = Qo + AQ(w) denotes the spatial frequency, AQ(w) represents the
frequency modulation around the center frequency g, A(w) denotes the amplitude

modulation, and ®(w) denotes the phase expressed as:
O (w) = tcos fo(w) + wsin Gy (w), (2.6)

where (y(w) is the local orientation of the 2-D cosine. In contrast to a 1-D cosine, a 2-

D cosine has the orientation Sy(w) as an additional degree of freedom. Consequently,

output
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Figure 2.8: (a) A voiced spectrogram patch, and (b) its Fourier transform magnitude.

frequency modulations in a 2-D cosine can be introduced either by changing the
orientation and frequency independently or jointly. Figure illustrates this effect.
Figure shows a 2-D AM-FM signal obtained by using Equation (2.5).

2.1.5 A Voiced Speech Patch and its Fourier Transform

Thus far, we have seen examples of stylized 2-D AM-FM signals. Next, we consider
a real voiced signal t-f patch taken from a speech spectrogram and its Fourier

transform. Figure shows a narrowband speech spectrogram and a patch taken
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Figure 2.9: Schematic of Grating Compression Transform (GCT); Qo and Sy denote

v
r

the 2-D frequency and orientation of the 2-D sinusoid, respectively.

from a voiced t-f region. Its Fourier transform is displayed in Figure The
Fourier transform of a real voiced patch exhibits peaks at the DC, the dominant
frequency, and its harmonics. The key observation is that each pair of peaks can be
modeled by using a single 2-D AM-FM cosine.

The 2-D Fourier transform of sinusoidal patterns (which resemble gratings) is
also known as grating compression transform (GCT) [1]. The GCT of a 2-D AM-FM
cosine is a useful tool that shows its bandpass nature in the Fourier domain. Some
of the salient properties of GCT of a 2-D cosine can be described with the help of
the schematic in Figure|2.9] The parallel lines in the figure illustrates a 2-D sinusoid
and the circular lobes in the GCT domain represent the locations where most of the
energy is concentrated. The energy at (€2, 2,) = (0,0) in the GCT domain is due
to the DC component. The radius of a circle reflects the spread of energy around

the peak in the GCT domain.

2.2 State-of-the-art Spectrogram Patch Models

A seminal contribution for 2-D speech modeling was made by Wang and Quatieri [1],
who extended the idea of sinusoidal modeling of speech [42] and proposed a 2-D
sinusoidal series-based modulation model for small regions of narrowband speech

spectrograms. They also extended the model to wideband spectrograms [67]. A
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windowed patch is represented as follows:
)
Sw(w) = V(w) (ao + Z ay cos (kQo(t cos f + wsin B)) ) , (2.7)
k=1
where V(w) is the amplitude modulation that represents time-varying vocal tract
envelope and oy € Rxq is the DC value of the patch, which makes it a non-
negative quantity. The pitch harmonics/carrier are modeled as stationary cosines
with constant spatial frequency Qo and orientation 5. Ezzat et al. |68] proposed
production-based speech spectrogram patch models and investigated how different
acoustic events (e.g. voicing/unvoicing, plosives, onset/offset, etc.) manifest in the
2-D Fourier domain. They expressed the localized AM components using Gabor
atoms [69]. They showed that 2-D AM and FM encode the phonetic and speaker’s
attributes, respectively.

Aragonda and Seelamantula [41] proposed a 2-D AM-FM model where the
stationary FM assumption proposed in [1] was generalized to spatially varying FM.
They proposed an accurate demodulation strategy using the complex Riesz transform
(CRT). They showed that the generalized model and CRT-based demodulation
algorithm resulted in a superior performance over the sinusoidal-series based model
proposed in [1].

Motivated from the success of the 2-D AM-FM model proposed in [41] and to
keep the exposition self-contained, we describe this model and its multicomponent

counterpart.

2.3 Multicomponent 2-D AM-FM Signal Model

To begin with, we describe modeling of the speech spectrum in 1-D that relies on
the source-filter theory of speech production [42]. The analysis carried out in 1-D
for modeling the magnitude spectrum of a voiced speech provides a direct link to

2-D modeling of t-f localized voiced spectrotemporal patches.
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2.3.1 Modeling the 1-D Magnitude Spectrum

The source-filter model considers voice production as involving two almost separate
processes: excitation generation and vocal tract filtering. The excitation is typically
modeled by using an impulse train for voiced sounds while the unvoiced sounds are
considered to be noise-like. A windowed voiced speech s,,(t) : R — R is modeled as
follows:
oo
sw(t) = w(t) <v(t) x> d(t— kTO)), (2.8)
k=—o0
where w(t), v(t), and Ty represent the 1-D analysis window, the vocal tract impulse
response, and the pitch period, respectively. The equivalent representation in Fourier
domain is given by
)
Sw(w) = w(w) * <ﬁ(w) Z (5(w - 2;()/4;))7 (2.9)
k=—o0
where §,,(w) : R — C. The magnitude of the function §,,(w) can be approximated

as follows [42]:

, (2.10)

p(w)
where p(w) represents the magnitude spectrum of the sound source signal and it is

periodic in w with period % Hence, a Fourier-series expansion of p(w) is given by

p(w) = ap + Z ay, cos(kTow + Yi,). (2.11)
k=1
Substituting Equation (2.11) in Equation (2.10), we get
sul % o6 (a0 + 3 cos(is + 1)
k=1

= ap|0(w)| + a1 |6(w)| cos(Tow + 1)

+ ag|0(w)| cos(2Tow + 1) + - -+, (2.12)
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which represents a decomposition of the power spectrum of a speech signal in terms
of the amplitude modulations given by |0(w)| and harmonically related 1-D cosine
carriers, each term in the summation is referred to as a component. The coefficient
oy, determines the strength of the amplitude modulation for the k** component.
The 1-D AM-FM model given in Equation can be directly extended in 2-D to

model a spectrotemporal patch.

2.3.2 Multicomponent AM-FM Model for a Spectrogram Patch

The 2-D counterpart of the 1-D magnitude spectrum given in Equation (2.12)) can

be expressed as follows:

Sy (w) ~ V(w) <a0 + ZKj aug oS k@(@)

k=1
= agV (w) + a1V (w) cos @(w)
N—— —

low-pass component  fundamental band-pass component

+ wV(w)cos2®(w)+...

higher-order band-pass components
where Sy (w) : R? — Rx( denotes a windowed voiced patch. The model order is
denoted by K, and {ak}szl € R act as weights on the carrier and its harmonics. The
amplitude modulation and the phase component are represented by V (w) : R? — Rx>q
and ®(w), respectively. The phase component of a planar 2-D cosine with spatial

frequency Qo(w) : R? — R>q and local orientation B(w) is written as follows
D(w) = Qo(w)(tcos f(w) + wsin f(w)), (2.13)

where Qo(w) = Qo + AQp(w) with AQp(w) representing frequency modulation and
the local orientation By(w) = By + ABp(w) € (—m, w) with ABy(w) representing the
small variations around [y. In this model, a voiced source signal is represented
as a sum of harmonically related and weighted 2-D sinusoidal carriers where each

carrier is modulated by a slowly varying 2-D envelope V' (w) that represents the local
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spectrotemporal shaping, e.g., due to dynamic formant/glottal flow structure. The
2-D AM-FM spectrogram-patch model given by Equation is referred to as
the multicomponent 2-D AM-FM model. 1t is a monocomponent model for K = 1.
Unlike a sinusoidal-series based model given in Equation , which assumes a
stationary carrier, the multicomponent 2-D AM-FM model given in Equation
makes no such assumption on the 2-D carrier. This argument is justified by the fact
that a real voiced speech patch exhibits frequency modulations due to time-varying
fundamental frequency in natural speech. We have seen in Section that such
frequency modulations are coupled to the frequency and the orientation of the 2-D
sinusoid.

The unknown parameters of the model in Equation are the AM V' (w), phase
®(w), model coefficients ag, a1, -+ , ax, and the model order K. In Section we
describe the details of estimation of the unknown parameters of the model. The
model parameters are estimated in two steps: (1) estimate AM and FM components,
and (2) estimate model coefficients using the estimated AM and FM in Step (1). The
AM and FM components are obtained by 2-D demodulation for which we use the
complex Riesz transform. Before proceeding further, we explain the Riesz transform,

its key properties, and its action on a 2-D AM-FM cosine signal.

2.4 The Complex Riesz Transform (CRT)

The analytic representation of 1-D signals using the Hilbert transform is central
to many applications in signal processing such as AM-FM demodulation, spectral
analysis, interferometry |70-{73], and single sideband modulation [74]. Motivated
from these successes, there were many attempts made to extend the Hilbert transform
to two dimensions, constructed using the product of 1-D functions, which resulted
in the half-plane and quadrature-plane Hilbert transforms [75-77]. A drawback of
these extensions is that they are not isotropic.

The complex Riesz transform provides an elegant isotropic extension of the
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Figure 2.10: Phase response of the complex Riesz transform over the domain
[-7, 7] x [-7,7]. The units of all axes are radians.

Hilbert transform. The Riesz transform has found applicability in fringe pattern

analysis and amplitude and phase decomposition .

The complex Riesz transform fr (w) : R? — C of a scalar function f(w): R? — R

is defined as follows:

FRW) 2 (fe +if)(@) = (he * f + jho * f)(w), (2.14)

where hi(w) and hy,(w) denote the Riesz kernels along time and frequency axes,
respectively. Analogous to the 1-D Hilbert transform, the frequency responses of

the Riesz kernels along ;-axis and (2,,-axis are expressed as

Q

h(Q) & —j——, 2.15
and
A Q
€2

respectively. Applying the 2-D Fourier transform on both sides of Equation ([2.14)

gives

Fr(€) = ((9) + jho(2)) f(9), (2.17)

hr (£2)
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where iALR(Q) denotes the frequency response of the CRT kernel:

. . ) —j + Q,
() £ ha(92) + () = =g (2.18)
where ||| = /2 + Q2. An equivalent polar form is written as follows:
he () = eiten ™ (=55), (2.19)

Equation (2.19) shows that the function Az (€2) is a phase-only function with unity
magnitude and a phase response that resembles a spiral as shown in Figure |2.10.
The action of CRT on a function f(w) is denoted by the Riesz operator R, and its

spectral behaviour is described by the following relation:

7‘]91‘ + Qw r

Rf(w) = Q] f(8). (2.20)

The CRT kernel hx () in Equation (2.18) satisfies the following properties:

(1) It is unitary, which follows directly from the property that |k (€)% = 1.
(2) Tt is anti-symmetric: hg(—€) = —hg (£2).
(3) Analogous to the 1-D Hilbert transform, the CRT kernel also possesses a

singularity at the origin.

In this section, we derive the complex Riesz transform of a 2-D cosine and a 2-D

AM-FM cosine signal, by considering the quasi-eigenfunction property.

2.4.1 Quasi-eigenfunction Property

Complex exponentials are eigenfunctions of linear, shift-invariant (LSI) systems.
In 1-D, the output of an LSI system with frequency response iL(w) corresponding
to the input e/*°t is given by fl(wo)ej“’ot. Considering the 2-D counterpart of this
property, the output of an LSI system to the input el(0«) ig ﬁ(ﬂo)ejmo"") where
h(€2) denotes the frequency response of the LSI system. Naturally, an extension of
this property can be sought for amplitude and frequency modulated eigenfunctions.

This property does not hold for an AM-FM signal. In this case, one can resort to an
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~ ~ .
(@) (ow) ——  h(Q) |— h(QO)eJ(Qo,uﬁ
Complex exponential —
. o ~ .
0 V(w)e?@ — h(Q) —— =(VO(w))V(w)e?«
—

Complex AM-FM signal

Figure 2.11: Tlustration of the (a) eigenfunction property, and (b) quasi-eigenfunction
approximation for LSI systems.

approximation which is referred to as the quasi-eigenfunction property.

Consider a 2-D AM-FM complex exponential function V(w)e’®) where V (w)
and ®(w) denote the 2-D AM and phase function, respectively. The quasi-
eigenfunction property is based on the following assumptions on the AM and

the phase function:

(1) The phase function is of the form ®(w) = (Q, w)+¢(w), where ¢(w) denotes the
nonlinear phase variation about the carrier frequency with [|[Vé(w)|| < [|€0]|-
(2) The function V(w) is smooth and its rate of variation is much smaller than that

of the carrier frequency |||

Under the above assumptions, V(w)e’®) can be locally approximated using a 2-D
sinusoid and the quasi-eigenfunction approximation can be invoked. The output of an
LSI system can be approximated as h(V®(w))V (w)el®«). Figure m summarizes
the quasi-eigenfunction property.

We employ the eigenfunction and quasi-eigenfunction properties to determine

the Riesz transform a 2-D cosine and 2-D AM-FM cosine, respectively

2.4.2 Riesz Transform of a 2-D Cosine

The complex Riesz transform of a 2-D cosine cos(t£2g cos By + wS sin fy) is given by

R{cos Qo (t cos By + wsin o)} = 0 sin Qg (t cos By + wsin o). (2.21)
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Proof: For notational brevity, we express {2y cos 8y + w2 sin Sy = (Q, w), where

Qo = [Q cos By QosinfBy]T and w = [t w]T. Using Euler’s formula, we write

cos({Qo,w)) = 5 (T 4 IR0, (222)

N |

Consider the CRT of the complex exponential:
R0 = i (V{820,0))e @) = hin ()P, (223)
where using Equation (2.18)), we get

fLR(Qo) = —jcos By + sin By = —jel’o (2.24)

— R{ejmom} — _jelfoei(R0w) (2.25)
Similarly, it can be shown that
R{eH{R0@)} = jeifo—i(0,w) (2.26)

Combining Equation (2.25) and Equation (2.26) gives the Riesz transform of a 2-D

cosine:

R{cos({Qp,w))} = —ijejﬁ0 (&)o@} _ oilow)y — oifo gin((Q, w)). (2.27)

2.4.3 Riesz Transform of a 2-D AM-FM Cosine

Using the quasi-eigenfunction property, the complex Riesz transform of a 2-D AM-FM

cosine V(w) cos ®(w) can be approximated as

R{V(w)cos ®(w)} ~ PV (W) sin d(w), (2.28)

where 3(w) = tan™! <<§)‘: ((:))) with ®;(w) and @, (w) denoting the partial derivatives
of ®(w) along t-axis and w-axis, respectively.

Proof: Using the quasi-eigenfunction property, the Riesz transform of an AM-FM
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complex exponential function V(w)el®«) is written as follows:

R{V(w)e®@)) x hp (VE(w))V (w)el®«)
_ TiP(w) + Py (w )V(w)ej{>(w)
?7 (w) + 02 (w)
Py (w) +jPu(w)
D7 (w) + 92 (w)

= —jelP @V (w)el®w), (2.29)

V(w)ejq)(‘*’)

where f(w) = tan™! (Z‘:((:)) ) denotes the local orientation. Similarly, we have

R{V(w)e_j(b(“’)} = jeP @V (w)e 12w, (2.30)

Combining Equation (2.29) and Equation (2.30)), results in Equation (2.28)).
From Equation (2.28]), one can observe that the CRT of a 2-D AM-FM cosine is

the product of three terms: the original AM, quadrature component of the carrier
sinusoid, and a complex exponential that involves the local orientation. In order to
obtain the quadrature component of original AM-FM sinusoid in 2-D, the effect of
local orientation must be removed, which is done by multiplying Equation by
e~1P(@) on both sides:

e PRIV (w) cos @(w)} = V(w)sin &(w), (2.31)
v

where V is referred to as the vorter operator 40| and is defined as the operation of
taking Riesz transform followed by the orientation compensation step. In practice,
the local orientation is an unknown quantity and must be estimated. We develop

the procedure to estimate the orientation.

2.4.4 Estimation of Local Orientation

The problem of computing the local orientation is formulated as an optimization

problem, which relies on the directional Hilbert transform and its relation to CRT.
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Definition 2.4.1 (Directional Hilbert Transform). The directional Hilbert transform

of a function f(w):R? — R along angle 3 is given by
Hp f(w) = cos Bfi(w) + sin Bf.,(w), (2.32)

where fi(w) = (hy  f)(@) and fu(w) = (ho * fu)().

The directional Hilbert Transform and the CRT are closely related. Consider a

function f(w):R? — R, then
Real{e*jﬁRf(w)} = cos Bf;(w) + sin Bf,(w) £ Hg f(w). (2.33)
This property can be proved by expanding the left-hand side:

Real{(e‘j’BRf)(w)} = Real{(e‘j’g((ht * [+ jhy * f))(w))}
ft fo

= (fecos B+ f.sin B)(w)
=Hpf(w)

Let B(w) be an estimate of 3(w). Rewriting Equation as
R{f(w)} = R{V(w)cos D(w)} ~ ¢*“V (w) sin &(w). (2.34)

Multiplying both sides of Equation with e‘jB(“’)7 we have
e*jB(“)R{f(w)} = eI(B)=B)) gip D(w). (2.35)
Expressing R{f(w)} = fi(w) + jfuo(w) (using (2.14)) and taking the real part gives

Real {e‘jg(“’)Rf(w)} = cos(B(w) — B(w)) sin ®(w). (2.36)

Hé(u).f(w)

Since the directional Hilbert transform in Equation (2.36)) is maximum when f(w) =

w), the orientation of a function f(w) at location wg = (t9, wo) € R? is estimated
B(w), ;
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by solving the following optimization problem:
B(wo) = arg max (¥ + [Hs f|*)(wo), (2.37)
pe[—m,7]
where v is a positive, radially symmetric localizing function. Smoothing with
is important to obtain an accurate estimate of the local orientation. Typically, a
symmetric Gaussian smoothing is used, and the degree of smoothing can be varied
by adjusting the variance of the Gaussian kernel.

From Equation ([2.33)), we can write

(Hpf)(wo) = (fecos B+ fosinB)(wo) = (f u)(wo), (2.38)

where u = [cos B sin 3] denotes a unit vector, and f = [fi(w) f.(w)]T.

Equation (2.38)), we express

Using

(W [Hpf)(wo) = (¢ (F u)" (F u))(wo)
= (u" (¢ x £ )u)(wo)
=u'J(wo)u, (2.39)

where the matrix J(wy) is referred to as structure tensor [80] and is given by

T(wo) = (¥ # f7)(wo) (¥ fufi)(wo) _ (2.40)

(¥ # fufi)(wo) (¥ * f2)(wo)

Using Equation , the optimization problem in Equation can be expressed
equivalently as follows:
B(wo) = arg max(u"J (wp)u). (2.41)
Be[—m,7]
The solution of Equation is the eigenvector of matrix J(w) corresponding to
its maximum eigenvalue [81]. The closed-form solution of Equation is given
by

A _ 1 an— ! 2 X (1/1 * ftfw)(wo)
Plan) =3t <<w*f5><wo> - <¢*f3><wo>>‘ (2.42)
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V(w) cos D(w)

v{-}

V(w) sin ®(w)

Figure 2.12: Block diagram illustrating CRT-based demodulation of a 2-D AM-FM

cosine.
05
0.5
-0.5 ' 10
05 1

0.8
06
0.4
0.2

(d) 05 -

Figure 2.13: (Color online) Demodulation of an amplitude modulated 2-D cosine
using CRT: (a) Amplitude modulation obtained as the outer product of a 1-D
Hamming window function, (b) original carrier, (¢) amplitude modulated carrier,
(d) estimated amplitude modulation, (e) estimated carrier signal, and (f) the error
in amplitude modulation estimation. The estimation error in the carrier was also
found to be of the same order as the error in amplitude estimation.

2.4.5 Demodulation of 2-D AM-FM Cosine Using CRT

The key result obtained in Equation (2.31) is used to demodulate a 2-D AM-FM
cosine. The quadrature component given by Equation (2.31) is combined with the

original AM-FM cosine in complex number format that gives the so-called monogenic
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signal in higher dimensions [8283]:
Sa(w) = V(w) cos ®(w) + jV (w) sin ®(w) = V(w)el ), (2.43)
The quantities V(w) and ®(w) are obtained from S,(w) as follows:

V(w) = |Sa(w)], and (2.44)

B(w) = £Sa(w). (2.45)

Figure shows the block diagram for the demodulation of a 2-D AM-FM cosine
using CRT. Figure [2.13 illustrates an example of 2-D AM-FM signal and its AM

and FM components estimated by employing the CRT-based demodulation.

2.5 Estimation of Multicomponent 2-D AM-FM Model Parame-

ters

We describe the estimation of the unknown parameters of the multicomponent-patch
model described in Section [2.3.2. We follow a two-step procedure for estimating the
model parameters. From Equation , one can observe that the AM and FM
components appear in product form in the bandpass term. Hence, in the first step,
we estimate the AM and FM components from the fundamental bandpass component
in Equation by employing CRT-based demodulation. In the next step, the
model coefficients {ak}fle are estimated using least-squares regression relying on
the estimates of AM and FM from the previous step. Section addresses the

choice of the optimum value of the model order K.

2.5.1 Demodulation of Speech Spectrogram Using CRT

We divide a speech spectrogram into localized spectrotemporal patches of size 100 ms
x 600 Hz and multiply each patch by a 2-D Hamming window, the patch size along

frequency axis is chosen such that at least two pitch harmonics are included even
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Figure 2.15: (a) (Color online) Ilustration of the 2-D bandpass filter placement
in the GCT domain and its bandwidth for 0 < a < 1. The filter is always placed
at the dominant peak (o¢, Qow) = (0 cos Bo, Qo sin fy), where Qo = /Q3, + Q3
from the origin. A similar argument holds for the filter placement in second and
third quadrants and (b) the distribution of 2-D BPF center locations in GCT plane
corresponding to the spectrogram patches of a female speech utterance, “Author of
The Danger Trail, Philip Steels, etc.” A pair of peaks for a patch is marked by a
combination of x (red) and o (blue).
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for high pitch sounds such as female voices. Consecutive patches have an overlap of
75% and 35% along time and frequency axes, respectively. Since the spectrogram
is a non-negative quantity, a patch has DC component, which must be removed
before performing demodulation. This is done by passing the patch through a 2-D
bandpass filter. The filtered patch is then subjected to CRT-based demodulation.
Figure illustrates demodulation of a speech spectrogram patch using CRT. Next,

we describe the design of the 2-D bandpass filter.

2.5.1.1 2-D Bandpass Filter

The GCT of a voiced spectrogram patch shows multiple dominant peaks, which
include peaks at the zero frequency, the spatial frequency 2y, and its harmonics
(see Figure . We use a 10*"-order 2-D Butterworth filter designed with its center
frequency located at the second dominant peak in the GCT domain, which occurs at
the spatial frequency € as shown in Figure Centered at 2o = (Qot, Qow) €
R?, the bandwidth of the bandpass filter (BPF) is chosen to be af where 0 < o < 1
and Qp = \/m . The transfer function of an n'"-order circular Butterworth
2-D BPF filter centered at €2 is given by

1

2n’
L+ <R(Qé;ﬂw)>

where R(Qy, Q) = \/(Qt —Qot)? + (Q — Qow)?, and Q. € R- denotes the cut-off

H(Q, Q) = (2.46)

frequency of the filter. The optimum value of « is obtained empirically by evaluating
the model accuracy on a speech database for which the details are provided in
Section [2.6.3] For unvoiced spectrogram patches, the location of the dominant
peak occurs at random locations. Figure shows the distribution of the
center locations of BPF in GCT plane for the spectrogram patches of a continuous
speech utterance spoken by a female speaker. The peak-pairs along );-axis mostly
correspond to unvoiced patches, whereas the peak-pairs corresponding to voiced

patches occur in either the first and third quadrants or second and fourth quadrants
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Figure 2.16: The t-f maps of (a) the spectrogram, (b) AM, and (c) the corresponding
2-D carrier for a speech utterance, “Author of the danger trail, Philip Steels, etc.,
spoken by a male speaker.

)

depending on whether the pitch is decreasing or increasing, respectively. The
occurrence of peak-pair along €),-axis indicates a flat or nearly constant pitch.
The bandpass filter effectively retains the fundamental bandpass term in Equa-
tion and the estimates of V(w) and cos ®(w) for each patch are obtained
from this term using Equations (2.43)-(2.45)). The spectrotemporal characteristics
of a speech signal are more prominent in the full t-f maps of AM and 2-D carrier

cos ®(w). The t-f map of the AM is obtained by combining the AM components of
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all the patches using 2-D overlap-add in least-squares sense (2-D OLA-LSE) (Ap-
pendix . The same procedure is followed to obtain the t-f map of the 2-D carrier.
Figure @ illustrates the t-f maps of the AM and the 2-D carrier cos ®(w). We
observe that the AM captures slowly varying magnitude response of the vocal-tract
filter /formant-structure and the 2-D carrier predominantly exhibits the excitation

characteristics such as pitch and the evolution of its harmonics in the t-f plane.

2.5.2 Estimation of the Model Coefficients

After obtaining estimates of V(w) and ®(w) for a patch, the parameter set 6
is estimated using least-squares regression. Let m = (1,k) denote the discrete
counterpart of w = (¢,w). A spectrogram patch Sy (m) is vectorized to a column

vector s. Similarly, the column vectors corresponding to V(m) and ®(m) are denoted

by v and ¢, respectively. The coefficients 8 = [ag, a1, -+ ,ax]T are obtained by

solving the following problem:

2, (2.47)

K
s—v@(ao—l—Zozjcosjqb)

j=1

0" = arg min
0

where ® denotes element-wise product. Taking derivative of the cost function with

respect to 6 in Equation (2.47) and equating it to zero gives a set of K + 1 linear

equations:
[voll* vgv1 -+ vy VK Qo v} s
T 2 T T
vivg [[v1]]* - vivK ay vy S
! -7, (2.48)
_v?{vo vhvy - lvgl®] |k _v?{s_
—— ——
A(K+1)x (K+1) O (k41)x1 bixriyxt

where v; =v ©cosj¢ for j =0,1,2,... K. The closed-form least-squares solution
to Equation is given by 8" = A'b, where AT denotes the pseudo-inverse of A.
An illustration of the obtained AM, FM, and 0* for a voiced spectrogram patch is
shown in Figure
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FREQUENCY (kHz)

Figure 2.17: (Color online) A narrowband spectrogram of a male speech utterance.
The decomposition of a voiced patch into its AM-FM components using the mul-
ticomponent AM-FM model. The estimated model coefficients for the patch were
apg = 0.83,a1 =1,y = 0.26, and ag = 0.01.

A0 7.‘. Qw
2DFT B0 Qty
—T ) i
f 2 t= ><
~ JS __2Zm
FO ~ N1 Qosinﬁo _7-‘-"
(@ (b)

Figure 2.18: (a) Schematic for a voiced spectrogram patch, and (b) its GCT with
dominant peak illustrated by a symbol “x”.

2.5.3 Choice of the Model Order

We show that the optimal choice of the model order is proportional to the instanta-
neous fundamental frequency (pitch) of the speaker, and hence the model order must
be adapted to the pitch. Figure depicts the fanning structure of the harmonic
lines corresponding to a voiced spectrogram patch and the corresponding pair of
peaks in its GCT (marked with x). If the patch size is small enough such that the
harmonic lines can be assumed to be approximately parallel to the local variations

of the speaker’s fundamental frequency FO, then with reference to the schematic
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Figure 2.19: (Color online) Spectrogram patches ( of size 1 kHz x 80 ms) of a signal
consisting of a sum of harmonically related sinusoids with fundamental frequency
(a) fo =100 Hz, (b) fo = 200 Hz and their corresponding GCTs in (¢) and (d). The
spectrogram was computed with a 40 ms Hamming window with a frameshift of
1 ms and 512 FFT points. The signal sampling frequency is 8 kHz. The figure shows
that, for a given spectrogram patch size, a signal with higher fundamental frequency
has more number of peaks in GCT plane than a signal with lower fundamental
frequency.

shown in Figure [2.18] we have

FO ~ Ei’
N1 QO Sll’lﬁo

Bo € (0,7), (2.49)
where fs; and N7 denote the sampling frequency of the speech signal and the number
of FFT points used for computing the STFT, respectively. For a given spectrogram

patch, the model order K is the count of the number of peaks that occur at

fundamental frequency and its harmonics in the GCT domain within the Nyquist
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frequency bounds. Hence, the model order K is given by

0 0
K = mi . 2.50
mm{_QosinﬁoJ’ {QO|COSBO|J} (2:50)
Using Equation ([2.49)), one can express the model order K in terms of FO as follows
- . N1 N1| tan ﬂol
K= mln{ 27, FOJ, L o7, FO| ¢, (2.51)

which shows that, for given f,, N7 and §y, the model order is directly proportional
to FO. A higher value of FO results in a higher value of K. For illustration, consider
the signal

J
s(t) =Y _sin(2mj fot), (2.52)

Jj=1

which is a sum of J harmonically related sinusoids with fundamental frequency fo.

We consider a spectrogram patch of dimension 1 kHz x 80 ms. Figure [2.19|shows
the patches and their GCTs for two cases: (1) fo = 100 Hz, and (2) fo = 200 Hz
with J = 10. From the figure, one can observe that, for a fixed patch size, the
number of peaks in the GCT domain becomes double when the frequency fy is
increased from 100 Hz to 200 Hz. Hence, for higher fy, values, the model order K
can take on high values in accordance with Equation . Therefore, the model
order in Equation should be chosen in a pitch-adaptive manner based on the
relation given in Equation . For instance, female speakers have a higher FO

and correspondingly a higher K compared to male speakers.

2.5.3.1 Upper Bound on the Model Order

Irrespective of the values taken by Gy € (0, 7), the upper bound on the model order

K using Equation (2.51) is given by

Ny
K< | “2F0,.. . 2.
= bfs 0 J (2:53)
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Figure 2.20: (Color online) Hlustration of a spectrogram patch, its 2-D Fourier
transform, SRNR values with respect to K and the values of model coefficients when
the patch is subjected to multicomponent modeling with a fixed model order K = 6.
The first row corresponds to male speakers and the second one to female speakers.

where FOpax is the maximum fundamental frequency of the speaker. Let Kpax
= {%FOmaXJ. Consider an example with N; = 512, f; = 8000 Hz and a female
speaker with FOp,,x= 300 Hz, then using Equation , we get Kpax = 8. On
the other hand, the 2-D Fourier transform of an unvoiced patch does not show
harmonically separated peaks. Assuming €2y corresponds to the highest peak location

in an unvoiced patch, we use the same criterion for selecting the model order as

given in Equation (2.53)).

2.5.4 Model Order versus Model Accuracy

We conduct a preliminary experiment to compute the accuracy of the proposed
model versus model order for a voiced spectrogram patch. Two patches having
same dimensions are considered from the narrowband spectrograms corresponding
to speech utterances spoken by male and female speakers. The spectrogram patch

modeling accuracy is measured using the objective measure, Signal-to- Reconstruction
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Noise-Ratio (SRNR), which is defined as follows:

~soree [ IS@I
SRNR = 20log,, (||S(w) 5wl ) dB, (2.54)

where S(w) and S (w) denote the original and reconstructed spectrogram patches,
respectively. Figure [2.20] shows two spectrogram patches corresponding to a male
speaker and a female speaker and their corresponding GCTs. The figure also shows
the SRNR values versus model order. The highest model order was set using
Equation with FOpax set to the average pitch of the female speaker, which
was obtained using the standard software Praat [84]. The figure shows that the
SRNR improves by increasing the model order for both the speakers. For male
speakers, the SRNR improves by about 55 dB when the model order is increased
from K =1 to K = 2. For female speakers, the SRNR improves by about 50 dB
when the model order increases from K = 1 to K = 4. Also, we see a saturation
in SRNR beyond a certain value of K. Because female speakers have a higher FO,
the saturation occurs at a higher value of K (cf. Equation (2.53)) than for a male
speaker. This also implies that more the of 2-D cosines (equivalently higher model
order) are required for modeling a high-pitched sound. The figure also shows the
variations of the model coeflicients when the highest model order was set to K = 6.
Observe that the model coefficients of the male and female speakers patches under
consideration are close to zero for K > 2 and K > 4, respectively. In conclusion, this
experiment shows that the model order must be chosen depending on the significant
harmonic peaks present within the 2-D Fourier transform of a patch.

Evaluation of the multicomponent AM-FM model on a speech database is reported

in Section [2.6]

2.5.5 Multicomponent AM-FM Decomposition of a Spectrogram
Patch

We now show that the model error decreases as the model order increases.
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Algorithm 2.1 Multicomponent decomposition of a speech spectrogram

Step 1: Input the spectrogram patch Sy (w) to a bandpass filter designed to pick
the fundamental bandpass component V(w) cos ®(w).

Step 2: Using Riesz transform based demodulation, estimate AM V(w) and FM
D(w).

Step 3: Determine the optimum model order K using Equation .

Step 4: Find the optimum model coefficients 8* = {aj }H< | by solving the following
optimization cost:

2

0" = arg min
o F

Siw(w) = Vw) (a0 + iaj cos o) )

Outputs: 0", AM  component V(w), and 2-D  carriers
{cos ®(w), cos 2®(w),...,cos KD(w)}.

Theorem 2.5.1. The least-squares error for a K -order model is given by

Ex(ao,... ax) = / / (Sw(w)—V(w)kizoak coskq>(w))2dw. (2.55)

The model coefficients {ak}szo are obtained by solving the following optimization

problem:

arg min  Eg(ao,...,0aK). (2.56)

QO XK
Let (&5,...,a%) denote the optimum solution in Equation (2.56). Also, let
(g, Qg q) be the optimum solution set for model order (K +1).

The claim is that
EK+1(a37 s ,Cf;{+1) < EK<O~‘(>§7 s 76‘*1(); K=1,2.3,...,

i.e., the least-squares error with a (K + 1)-order model is lower than that of a

K™ _order model.

Proof: Since (ag, ..., ) is the optimal solution to the (K + 1)"-order model,

we have

EK+1(OJS,...,04;<+1) SEK+1(050,...,CYK+1), Vao,...,OéK+1. (257)
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Further, with aiy1 = 0, we have

Exi1(ag,...,ak,0) = Ex(ag, -+ ,ak), Vag,...,ak. (2.58)
Setting (ap, ..., ax, k1) = (&5, ..., d%,0) in Equation gives
Erxii(ag, ... 0k 1) < Exp1(ag, ..., 0%, 0). (2.59)
Plugging Equation in Equation 7 we get
Ergii(ag,...,0x) < Ex(ag,...,0%), (2.60)

which is the desired result.

2.6 Performance Evaluation on Speech Data

2.6.1 Objective Measures

We use four objective measures to quantify the accuracy of the proposed model.
The first three are computed between the input speech signal and the reconstructed
signal. Higher values of these scores reflect a better model accuracy. The fourth one
quantifies the error in demodulation — the lower it is, the better is the modeling

accuracy.

(1) Global signal-to-noise ratio (GSNR): GSNR quantifies the reconstruction error

in the time domain and is given by

_ (@)l
GSNR = 20log;, <||$(t)_i’(t)|> dB,

where z(t) and Z(¢) denote the original speech signal and reconstructed speech
signal, respectively.

(2) Average frame-wise (or segmental) signal-to-noise ratio (SSNR): SSNR is ob-
tained by averaging the frame-wise SNR over speech frames of duration 20 ms.

Prior to computing SSNR, the silence region are removed using a short-time
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energy based detector.

(3) Perceptual evaluation of speech quality (PESQ).

(4) Patch error: Patch error measures the error between the original and recon-
structed spectrogram patch relative to the energy in the original patch Sy, (m)

and is given by

> [Sw (m) — Sy (m)|”
Yom [Sw(m)

where Sy (m) is the reconstructed spectrogram patch obtained using the esti-

G = (2.61)

mated AM and weighted carriers.

2.6.2 Database and Experimental Settings

We use the Starkey database [57], which has 8 male and 8 female American speakers,
reading the standard rainbow passage |58]. We randomly pick 5 speech utterances
(each about 4 s long) for each of the speakers, thus giving rise to a total of 40 male
and 40 female utterances. Additionally, the database has speakers with different
voice quality, speaking style, and pitch. The speech signals in the database are
downsampled to 8 kHz. A narrowband spectrogram is computed using a Hamming
window with frame update interval of 1 ms. We next address the optimum length of
the analysis window to compute STFT and the bandwidth factor for 2-D bandpass
filter as alluded to in Section 2.5.1.11

2.6.3 Optimum Duration of the Analysis Window and Bandwidth
of the 2-D Bandpass Filter

We vary the duration of 1-D analysis window and the 2-D bandpass filter bandwidth
and analyze the impact of the parameters on the average model accuracy evaluated
over speech waveforms taken from the Starkey database. The spectrogram is
subjected to the proposed multicomponent modeling and the model parameters

(AM, FM, and 0) are estimated for each spectrogram patch. An approximation of
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Figure 2.21: (Color online) Average values of objective scores on Starkey database
for varying duration of analysis window with respect to bandwidth factor a. The
first row corresponds to the male speakers and the second one to the female speakers.

the spectrogram patch is obtained using Equation . The patches are combined
using OLA-LSE in 2-D to obtain the full spectrogram matrix. The reconstructed
spectrogram using 2-D OLA-LSE is combined with the original STFT phase. The
time-domain speech signal is reconstructed using inverse short-time Fourier transform
and the overlap-add of the speech frames.

We compute the average objective measures (see Section. between the original
and reconstructed speech signals for varying window duration and filter bandwidth
factor a. Taking into consideration the typical duration of the window used for
short-time analysis of speech signals, we vary it from 20 ms to 40 ms in steps of 5 ms.
Figure shows the average values of the objective measures as a function of the
bandwidth factor « that varies from 0.4 to 0.7 in steps of 0.1 for different window

durations. From the figure, an improvement in all the three objective measures is
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observed when « varies from 0.4 to 0.5 irrespective of the window duration and the
speaker’s gender. For both male and females speakers, there is significant degradation
in the model performance for a > 0.5 and the highest model accuracy is achieved
for a = 0.5 and window duration of 40 ms. The PESQ scores show an increasing
trend with increasing bandwidth factor, however, the variations are small. One can
observe that for a given value of o, GSNR and SSNR scores are better for window
duration 40 ms than any other choice of the window duration with no significant
performance gain when the window duration is changed from 30 ms to 40 ms. Based
on these observations, a reasonable choice of bandwidth factor and window duration
can be made for a relatively high model accuracy irrespective of the gender. We
conclude that the optimum values of bandwidth factor and window duration can be

set to be 0.5 and 40 ms, respectively.

2.6.4 Performance Comparison: Monocomponent Versus Multi-

component Model
2.6.4.1 Highest achievable model accuracy without demodulation

We use continuous speech utterances from Starkey database and evaluate the perfor-
mance of spectrogram analysis and synthesis steps without demodulation. In the
analysis step, the spectrogram is divided into overlapping patches, each patch is
multiplied by a 2-D window, which is followed by synthesis step where the patches are
stitched back using 2-D OLA-LSE (Appendix . The performance of 2-D OLA-LSE
is evaluated using the objective measures GSNR, SSNR, and PESQ. This gives
the upper limits of the objective measures without subjecting a spectrogram to
demodulation.

Table [2.1| shows the objective scores. High values of GSNR and SSNR indicate a
high reconstruction accuracy of the speech waveforms, and a high value of PESQ

indicates that the reconstructed speech is of high perceptual quality.
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Table 2.1: Average values of objective scores for spectro-
gram reconstruction after splitting and 2-D OLA-LSE
for Starkey database.

GSNR (dB) | SSNR (dB) PESQ
Female | 56.23 & 1.77 | 72.07 £ 1.38 | 4.45 £ 0.03
Male | 55.64 = 1.73 | 73.08 & 1.45 | 4.46 + 0.02

Table 2.2: Performance comparison between monocomponent and multicomponent
models on Starkey database.

Male speakers Female speakers
Monocomponent | Multicomponent | Monocomponent | Multicomponent
GSNR (dB) 12.23 + 1.66 14.00 £+ 1.60 11.96 + 1.53 15.37 £ 2.01
SSNR (dB) 10.50 £ 1.20 12.30 + 1.24 11.23 £ 1.02 15.14 £+ 1.69
PESQ 3.89 £ 0.13 4.13 + 0.10 3.33 £ 0.20 3.94 + 0.14

2.6.4.2  Model accuracy on a continuous speech database

In this section, the evaluation is done by subjecting the spectrogram to demodulation.

We apply the proposed model for analysis/synthesis to the continuous speech
utterances from the database. In particular, we carry out a performance comparison
between a monocomponent model (K = 1) and its multicomponent counterpart,
where the model order is selected in a pitch-adaptive fashion. The objective scores
for both the models are given in Table The table shows that the inclusion of
higher-order (K > 1) weighted cosine carriers indeed improves the model accuracy
over a monocomponent model. Also, a multicomponent model gives about 2 to
3 dB improvement over a monocomponent model for male and female speakers,

respectively.

2.6.4.3 The cumulative average mormalized count of the model order K

across patches

We mentioned in Section|2.5.3 that the multicomponent model benefits from choosing

the model order for each patch in a pitch-adaptive fashion. To elucidate further,
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we analyze the model order required by different patches obtained while analyzing
the waveforms from the database. We propose a measure namely, the cumulative

average normalized count, given by

Kmax
Cp = L?k 2 (2.62)
Zj:l nj
where k =1,2,3,4, -, Kjpae, With K4, denoting the maximum model order, ny

denotes the total number of patches with model order k. The cumulative average
normalized count C is a measure of the occurrence of patches having model order

k or higher and satisfies the following relation:
Cr>Cryr with £=1,2,3,--+ , Kjpax — 1. (2.63)

The average normalized count of the model order after pooling all patches is shown
in Figure [2.22 with K, = 5. The spectrogram patches corresponding to female

speakers feature a higher occurrence of model orders 3, 4, and 5, relative to the

patches from male speakers. This is attributed to the higher FO of female speakers.

This result shows that it is advantageous to adapt the model order.

2.6.5 Performance Comparison for All-voiced Speech Utterances

The performance comparison between monocomponent and multicomponent model

is carried out for all-voiced speech utterances taken from TIMIT database [85].

Speech files corresponding to the sentences “S1: Where were you while we we were

output
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Table 2.3: Comparison of global and average frame-wise SNRs of speech reconstructed
using a monocomponent and multicomponent model. The higher SNR is indicated
in boldface. The speech files were taken from TIMIT database.

Filename | FO range (Hz) Global SNR Avg. frame-wise SNRs
Monocomponent | Multicomponent | Monocomponent | Multicomponent
mS1 (120, 188) 19.38 21.17 19.1 20.45
fS1 (190, 270) 12.17 22.52 13.76 24.48
mS2 (104, 156) 21.00 22.38 20.00 21.31
£S2 (199, 310) 10.89 21.48 13.07 23.73
40 T T
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Figure 2.23: (Color online) Frame-wise SNRs of voiced speech files reconstructed
using demodulated AM and carriers. The dashed black and thick blue lines corre-
spond to monocomponent and multicomponent model, respectively. (a) mS1, (b)
fS1, (¢) mS2, and (d) £S2.

away?” and “S2: He will allow a rare lie.” were chosen. The identity of male and
female speakers is indicated by prefixing ‘m’ and ‘f’ to the the sentence label. ‘mS1’,

‘517, ‘mS2’, and ‘fS2’ correspond to the speakers with TIMIT database IDs ‘DAC2’,

output
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Figure 2.24: (Color online) Histograms of patch error measure ¢, corresponding to
different voiced speech files: (a) mS1, (b) £S1, (¢) mS2, (d) £S2.

‘GJDO’, ‘GJF0’, and ‘JMGO,’ respectively. All the speech files were downsampled to
8 kHz and silence regions were manually removed. The speech files were normalized
to have a peak time-domain magnitude of unity. From the conclusion drawn in
Section we choose a 40 ms Hamming window for spectrogram computation
and bandwidth factor oo = 0.5.

Table shows global and frame-wise SNR values for reconstructed speech files
using monocomponent and multicomponent models. One can observe that for the
male speakers, the objective scores are about 1 to 2 dB higher for multicomponent
model over the monocomponent model. On the other hand, a significant improvement

of about 11 dB is observed for female speakers. This is because the average
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fundamental frequency of female speakers is higher than that of the male speakers.
Hence, choosing model order adapted to pitch variations of the speaker is more
effective for high-pitched speech sounds. Figure displays the variations of frame-
wise SNRs over a time duration of 0 to 0.3 seconds for the voiced speech files. From
the figure, we observe that frame-wise SNR is higher for multicomponent model with
respect to monocomponent model across the speech frames over the specified time
duration. The advantage of the multicomponent model over the monocomponent
one is more prominent in the case of female speakers than males speakers.

Figure shows histograms of ¢, for different all voiced speech utterances. We
observe that more spectrogram patches take on low values of ¢, for the multicompo-
nent model than a monocomponent model. This also shows that a multicomponent

model gives superior modeling accuracy than a monocomponent model.

2.7 Chapter Summary

We provided a review of 2-D cosines, Fourier transform and 2-D AM-FM cosines.
A voiced patch of a speech spectogram was modeled as a 2-D AM-FM signal.
We investigated a multicomponent 2-D AM-FM model for the spectrotemporal
patches and developed a novel scheme for optimal choice of the model order. We
showed that the model order for a given patch is proportional to the variations
in the instantaneous fundamental frequency of the speaker. The model order
was varied across spectrogram patches depending on the speaker’s pitch. We
estimated the model parameters in two steps: (1) the AM and FM components
were estimated by solving the 2-D demodulation problem, and (2) the weights of
the 2-D cosine carriers were estimated by using the least-squares method. For
solving the demodulation problem, we used the Riesz transform technique, which
gives accurate estimates of the AM and FM components. The proposed model was
applied for the decomposition of a narrowband spectrogram and compared with its

monocomponent counterpart. We used four types of objective measures to quantify
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the model accuracy: GSNR, SSNR, patch reconstruction error, and PESQ. First,
we evaluated the model accuracy for all voiced speech utterances and compared
multicomponent model with a monocomponent model. Second, we hypothesized that,
in addition to voiced speech sounds, the unvoiced sounds are also better represented
by incorporating more number of cosine carriers in the model. This argument was
supported by running an experiment on a speech database containing continuous
speech utterances from a variety of speakers. We showed that the multicomponent
model gives superior model accuracy over its monocomponent counterpart in terms

of all the four measures.
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Chapter 3

Periodic and Aperiodic Decomposition of

Speech Signals

The speech signal broadly comprises voiced and unvoiced segments. The voiced
segments can be considered the output of a time-varying vocal-tract filter with the
excitation being a combination of a quasiperiodic stream of pulses and noise. In the
case of unvoiced segments, the excitation is noise-like. Therefore, the speech signal
is a mixture of a periodic (deterministic) and an aperiodic (stochastic) component.
Decomposing a speech signal into its periodic and aperiodic constituents is an
important task and finds applications in speech synthesis [86], denoising [87], voice
analysis [88], etc. For instance, such a decomposition is useful for controlling
the characteristics of excitation source signal for speech synthesis application [89]
where the aperiodic component characterizes the voice attributes such as breathiness
and roughness. Breathiness is caused due to glottal air leakage or turbulence
during phonation. Roughness is defined by the presence of low-frequency noise
component [42]. Unvoiced speech sounds exhibit a higher degree of the aperiodic
component. In contrast, although the voiced speech sounds have relatively lesser
energy of the aperiodic component, they are never completely devoid of it [90].
Previous studies [91] have shown that there are mainly two sources of aperiodicity
in voiced speech sounds: 1) additive random noise, and 2) modulation aperiodicity.
o Additive random noise: This source of aperiodicity represents frication or aspiration
noise. It is present in segments of voiced fricatives or breathy vowels [92194]. This

is modeled as additive because the noise is superimposed onto the voice source. The
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location of the source of additive noise in the vocal apparatus indicates the nature
of the noise. For example, the noise is aspiration noise if it is generated at the
glottis (especially when the glottal closure is incomplete), or frication noise if it is
generated at a constriction in the vocal tract (e.g. voiced fricatives). The frication
noise and aspiration noise also differ in their spectral properties — the frication
noise is highpass, and the aspiration noise is broadband.

o Modulation aperiodicity: Random perturbations in the duration of glottal cycles
and their peak amplitudes cause modulation aperiodicity in the speech signal.
Aperiodicity may also be introduced by voluntary changes in the source characteristics
as in prosody, and in formant transitions.

We study the characteristics of the demodulated 2-D carrier for different types
of speech sounds. In particular, we observe that the 2-D carrier exhibits mainly
two types of spectrotemporal regions: (1) coherent regions, which contain a strong
structure; and (2) incoherent regions where there is no prominent structure. These
spectrotemporal properties are characterized by maps computed from the 2-D
carrier using the complex Riesz transform: (1) the coherencegram, and (2) the
orientationgram. We employ these t-f maps for periodic-aperiodic decomposition
(PAPD).

In Section we first elaborate on the spectrotemporal properties of the
2-D carrier in connection to the periodic/aperiodic components of speech. We
show that different speech sounds exhibit distinguishable spectrotemporal patterns
in the 2-D carrier. Such patterns can be effectively captured by computing the
coherence and orientation of the 2-D carrier. In Section we propose a new t-f
map referred to as the tracegram. Unlike coherencegram and the orientationgram,
which are computed from the 2-D carrier, the tracegram is computed directly from
the speech spectrogram. Analogous to short-time energy in 1-D, the tracegram
gives spectrotemporal distribution of energy. In Section we construct a joint

feature vector in R? by taking values from the coherencegram, orientation, and the
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Figure 3.1: Illustration of the coherent and the incoherent time-frequency regions in
a carrier spectrogram.

tracegram at a t-f bin. The problem of periodic/aperiodic decomposition is viewed
as an unsupervised binary classification problem where each t-f bin is classified as
either periodic or aperiodic. The classifier output results in a binary mask in the t-f
domain, which could be used to decompose the speech signal into its periodic and

aperiodic components.

3.1 The Carrier Spectrogram and its Time-Frequency Properties

We have also seen that the carrier in a 2-D AM-FM multicomponent model can be
modeled as consisting of a 2-D sinusoid oscillating at the fundamental frequency and
the sinusoids oscillating at its harmonics. We focus on the 2-D carrier component
that oscillates at the fundamental frequency and refer its t-f map to as the carrier
spectrogram.

We have seen in Chapter 2 that the Riesz transform approach enables demodula-
tion of the spectrogram into AM and FM components. The FM component or the
carrier spectrogram carries information not only about the evolution of the fundamen-
tal frequency of the speaker but also the perturbations in pitch partials due to the
aperiodicity in the speech signal. An example carrier spectrogram corresponding to
a continuous speech utterance is shown in Figure[3.1] Some observations are in order:
(1) the interference due to the formants of the vocal-tract filter has been removed

by the demodulation technique; (2) the temporal evolution of the fundamental



November 26, 2021 3:21 World Scientific Book - 9.75in x 6.5in output

66

T
dark i greasy

AMPLITUDE

FREQUENCY (kHz)

Figure 3.2: [Color online] (a) A speech waveform, and (b) its carrier spectrogram.
The speech utterance is “She had your dark suit in greasy wash water all year,” spoken
by a female speaker. The labels Ry, Ry, R3 and R4 indicate the correspondence of
the specific sounds to the spectrotemporal signature in the carrier spectrogram.

frequency and its harmonics for voiced sounds manifests prominently; and (3) the
t-f signatures for voiced and unvoiced sounds are distinct. Certain regions are more
coherent in the sense that they are structured and have a specific orientation, whereas
others are incoherent because they lack directionality and structure. The coherent
regions are predominantly voiced whereas the incoherent ones are unvoiced. The
2-D carrier depends on the type of spectrogram used for demodulation. For instance,
a narrowband spectrogram has a finer frequency resolution and the carrier has
horizontal striations in voiced regions. On the other hand, a wideband spectrogram
would have exactly the opposite effect — the carrier would contain vertical striations
in the voiced regions. In this study, we focus on the narrowband spectrogram. An
example of a carrier spectrogram and the corresponding speech waveform is shown
in Figure We observe that voiced sounds are characterized by a carrier that is
predominantly oriented parallel to the time axis, whereas fricatives do not have a
preferred orientation (R1, R2, R3). Certain voiced regions may have spectrotemporal
regions (such as R4) that are coherent but their orientation is different from those
in the other regions. Carrier orientation alone does not suffice and one must take
coherence also into account. In Sections[3.1.1 and [3.1.2, we describe how to compute

the coherence map and orientation map, respectively.
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3.1.1 The Coherencegram

We compute the coherence using the structure tensor approach discussed in Sec-
tion [2.4.4] of Chapter 2, but with a difference. The structure tensor now operates
on the carrier spectrogram and not the narrowband speech spectrogram. A 2 x 2
structure tensor is determined at every t-f location in the carrier spectrogram. The
relative discrepancy between the eigenvalues of the structure tensor reflects the
degree of uniformity of the underlying 2-D pattern and is quantified by the following

coherence measure:

_ 2
(3532)7 M #0202 #0,

0, otherwise,

C(wo) = (3.1)

where A1 and Ay are the eigenvalues of the structure tensor. By definition, coherence
takes a value between zero and unity.

The eigenvalues and eigenvectors of the structure tensor have found applications
in edge detection [95,|96], image segmentation [97,(98] and estimation of the local
orientation [80}99).

If the eigenvalues are small, it indicates that the energy is low and that locally,
there is no preferred orientation. The coherence takes a small value in this case.
Spectrotemporal regions representing unvoiced sounds have this property. If both
eigenvalues are large and comparable, it corresponds to a high-energy region. In image
processing, this would correspond to a corner. In spectrotemporal representations of
speech, such regions correspond to voiced/unvoiced transitions. If the maximum
eigenvalue significantly dominates the minimum eigenvalue, then it indicates a clear
directional preference and high coherence (closer to unity) — this kind of a structure
is possessed by voiced regions.

To illustrate further, consider a planar cosine (Figure and a radial cosine
(Figure . A planar cosine has a directional preference and is highly coherent
everywhere (Figure . A radial cosine has directional preference only away

from the center (Figure |3.3(d)).
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Figure 3.3: (a) A planar cosine, (b) a radial cosine, (¢) coherence of the planar
cosine, and (d) coherence of the radial cosine. The images are of size 900 x 900
pixels. The smoothing window 1 (w) used in the computation of the structure tensor
is a 2-D Gaussian of size 90 x 90 pixels. The coherence is 1 for a planar cosine. For
a radial cosine, it is closer to one away from the center. This is because, away from
the center, the ripples of a radial cosine are approximately planar.

Si(wo)  Siz2(wo)

S1a(wo) Sa(wo)

2x2

A 2 x 2 structure tensor matrix at wq

1 1

Si(w) = (v * f7) (w) Sa(w) = (¥ * f2) (W) Srz(w) = (¥ fifo) (@)

Figure 3.4: The computation of a 2 x 2 structure tensor matrix at location wq for a
given FM patch f(w). The dimensions of S;(w), Sa(w) and Si2(w) are same and
equal to the dimensions of the FM patch. h,(€2) and h,,(£2) represent the complex
Riesz kernels along t-axis and w-axis, respectively. An example of 2 x 2 structure
tensor matrix J(wy) is shown on the right.

In the case of speech, we perform the computations patch-wise, which is more
suitable for parallel processing. The patches are of size 600 Hz x 100 ms with an
overlap of 75% along time and frequency axes. Figure [3.4]illustrates the computation
of the structure tensor. Finally, overlap-add synthesis of the spectrotemporal
coherence patches gives rise to the coherencegram that has the same dimensions as
the carrier spectrogram. Figure b) displays the coherencegram along with the

corresponding carrier spectrogram.
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Figure 3.5: Tllustration of (a) the carrier spectrogram, (b) coherencegram, and (c)
the orientationgram. The t-f regions enclosed by the boxes highlight complementary
information captured by coherence and orientation.

3.1.2 The Orientationgram

The orientationgram is a that contains the estimate of the local orientation in the
carrier spectrogram at each t-f point. We use the optimization formulation given in
Equation (Section of Chapter 2) to determine the preferred orientation
at a t-f point. The orientation is computed with respect to the time axis. Similar to
the coherencegram, the orientationgram is also computed patch-wise followed by
overlap-add synthesis. Figure ¢) displays an orientationgram. The orientation
is close to 0° for the t-f regions corresponding to voiced sounds — this property is

exhibited by pitch partials in the carrier spectrogram and correspond to voiced
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Figure 3.6: (a) Estimated density of the coherencegram values corresponding to a
female speech utterance. The coherence is strictly between 0 and 1. The spill-over
beyond this interval is due to smoothing caused by the kernel-density estimator,
and (b) estimated density of the orientation values corresponding to a female speech
utterance, “Not at this particular case, Tom apologized Whittemore.”

sounds. On the other hand, unvoiced sounds have an orientation that significantly
deviates from 0°.

Figure shows the kernel density estimate of coherence values obtained
from continuous speech utterance spoken by a female speaker. The strong mode
closer to unity indicates that the percentage of voiced sounds is higher. The mode
around 0 is weaker and spread out, which corresponds to unvoiced regions. A similar
behavior was found for a male speaker. Figure illustrates the kernel density
estimate of orientation values for a continuous speech utterance spoken by a female
speaker. The presence of a strong mode around 0° is indicative of largely flat pitch.

The rising and falling pitch correspond to 90° and —90°, respectively.

3.2 The Tracegram

In addition to the coherencegram and orientationgram computed from the carrier
spectrogram, one could also determine the local energy computed as the trace

of the structure tensor. However, in this case, the structure tensor is computed
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Figure 3.7: (a) Narrowband spectrogram; and (b) its corresponding tracegram for a
speech utterance “Not at this particular case, Tom apologized Whittemore” spoken
by a female speaker.

from the speech spectrogram and not the carrier spectrogram as the latter does
not have any amplitude information. Periodic regions have high energy and hence
higher trace of the structure tensor, whereas aperiodic regions have relatively lower
trace values. The t-f map of the trace of the structure tensor is referred to as the
tracegram. Computation of the tracegram also proceeds in a patch-by-patch fashion
with overlap-add synthesis. Figure displays a tracegram and the corresponding
spectrogram. Observe that the values are high in harmonic regions and relatively

low in inharmonic regions.

3.2.1 Juxtaposing the Coherencegram and Orientationgram

Figure shows the coherencegram and the orientationgram capture complementary
information for various speech sounds. Consider the t-f region labeled R — 2 around

(2.6 s, 2 kHz) of the carrier spectrogram. The corresponding temporal segment is
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overall voiced since the low-frequency structure shows strong voicing. However, R,
is an island of aperiodicity within a voiced segment. Interestingly, the boundary
of the island is delineated by a low coherence. However, the island of aperiodicity
is not distinguished by coherence, but is reflected in the orientationgram since the
striations are vertical as opposed to the pitch harmonics, which are nearly horizontal.
A similar phenomenon can be observed in the region R;, although this is not a
voiced region. These observations indicate that both coherence and orientation must

be used to determine whether a region is periodic or not.

3.3 Application to Periodic and Aperiodic Decomposition (PAPD)

of the Speech Signal

In this section, we describe how the coherence, orientation, and trace can be used to
perform PAPD of speech. The problem of PAPD is viewed as a binary classification
problem, wherein each t-f bin must be classified as either periodic or aperiodic. We

solve this problem in an unsupervised manner.

3.3.1 Data Standardization

Let C(w), O(w) and T(w) denote the coherencegram, orientationgram, and the

tracegram, respectively. We use the absolute of the orientationgram, denoted

by O(w) = |O(w)|. The tracegram is mapped to a logarithmic scale: T(w) =
10log T'(w). Let the dimensions of the spectrogram be M x N. Also, let ¢ =
[c1,¢,...,¢cq)T, 0 =[01,09,...,04]T and t = [t1,ts,...,tq]" denote the vectorized

form of C(w), O(w) and T(w), respectively, and d = MN. The feature matrix is
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constructed as
C1 01 tl
C2 02 tz
X = (3.2)
cq0qt
L d od d— dx3

where each row is a feature vector. We perform feature normalization of X as follows

X=X-1"olo" (3.3)
where 1 is a d x 1 vector of all 1s, @ denotes element-wise division, g = [y, pi2, p3]*

and o = [01,09,03]" with
d

1y = > (X — ).
i=1

For a signal of duration 3 s, M x N = 512 x 3000, and the number of feature vectors

IS

d
E Xij» and 05 =
i=1

ISR

is 15, 36, 000.

3.3.2 Unsupervised Binary Mask Estimation for PAPD

We employed the K-means algorithm [100] to identify two clusters, one corresponding
to periodic and the other corresponding to aperiodic. Twenty iterations of the K-
means algorithm were found to suffice. The K-means algorithm is unsupervised and
provides two clusters. Which cluster corresponds to periodic regions and which one
to aperiodic must be determined. Toward this, we rely on high-frequency regions
which can be considered predominantly aperiodic for speech sounds. Consequently,
one would expect a majority of the high-frequency t-f bins to be aperiodic. The
cutoff is empirically selected as fs/4. The majority cluster corresponding to the t-f
bins above fs/4 is labelled as aperiodic and the minority as periodic. To explain
further, if the two clusters are C; and Cs and if C; has a majority of points above
fs/4, then the cluster C is labelled as aperiodic and Cy as periodic, and vice versa.

Figure [3.8(e) displays the predicted binary mask along with coherencegram and
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Figure 3.8: (a) The carrier spectrogram, (b) coherencegram, (c) absolute orientation-
gram, (d) tracegram, and the predicted (e) binary mask by the K-means algorithm
for the speech utterance, “Not at this particular case, Tom apologized Whittemore,”

World Scientific Book - 9.75in x 6.5in
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spoken by a female speaker.
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Figure 3.9: (a) The carrier spectrogram patch, (b) coherencegram patch, (c) orienta-
tiongram patch, and the predicted (d) binary mask obtained by K-means algorithm
for the speech utterance, “Not at this particular case, Tom apologized Whittemore”
spoken by a female speaker.

the orientationgram. The black regions in the binary mask are aperiodic and the
white regions are periodic. We observe that the binary mask preserves the fuzzy
boundaries indicating soft decisions for periodicity and aperiodicity in the t-f domain.
A zoomed-in portion is shown in Figure The corresponding coherence shown in
Figure b) is largely high indicating a periodic region, but the orientation map
shown in Figure c¢) suggests otherwise and indicates an island of aperiodicity.
The final decision taking into account both orientation and coherence shown in

Figure [3.9(d) is more accurate.

3.3.3 PAPD of the Speech Signal

The estimated binary decisions could be used to decompose a speech signal into
periodic/aperiodic components. The decomposition depends on several parameters
such as choice of window, window length, and DFT length. We considered a sampling
rate of 8 kHz, DFT size of 512 points, Hamming window of duration 25 ms and
a frame-shift of 1 ms. Once the binary decisions are obtained, the original STFT

is multiplied point-wise with the estimated binary mask, which retains only the
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Figure 3.10: (a) Original spectrogram and the speech waveform; (b) spectrogram
and the waveform of the periodic component; and (c¢) spectrogram and the waveform
of the aperiodic component for the speech utterance, “Not at this particular case,
Tom apologized Whittemore,” spoken by a female speaker.

aperiodic t-f bins. The masked STFT is then used to reconstruct the signal using
standard overlap-add procedure. This gives the aperiodic signal. A similar procedure
with the complementary mask gives the periodic component. Figure [3.10 shows

the spectrograms and the corresponding aperiodic and periodic waveforms. The
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absolute error between the original waveform and the signal obtained by adding
the estimated periodic and aperiodic components was found to be of the order of
10716, As expected, the spectrogram of the aperiodic component does not have any
pitch structure/harmonics (Figure . In contrast, the harmonic structure
is preserved in the spectrogram of the periodic component (Figure . We
also compute the spectral flatness measure (SFM) [101] for the estimated periodic
component (EPC) and the estimated aperiodic component (EAC). Spectral flatness
measure also known as the tonality coefficient or Wiener entropy is a measure of
how tone-like a signal is as opposed to being noise-like. The SFM is the ratio of the

geometric mean to the arithmetic mean of the power spectrum:

(3.4)

where | X [k]?| is the power spectrum of the signal, k denotes the DFT index and K
denotes the DFT length. By definition, SFM lies in the range from 0 to 1, being high
for noise-like signals and low for tone-like signals. The SFM is expected to be higher
for the estimated aperiodic component than the periodic component. We show that
this is indeed the case. We choose one male (bdl) and one female (slt) speaker from
the CMU-ARCTIC database and randomly select 50 speech utterances for each
speaker. For every speech signal, the average of the frame-wise SFMs is computed
for the aperiodic component as well as the periodic component. A kernel density
estimate of the average SFMs (in dB) for EAC and EPC is shown in Figure.
This figure clearly shows that the average SFM is lower for the periodic component
than for the aperiodic component irrespective of the speaker’s gender. Table
reports the mean of the average SFMs for both the speakers. The mean SFM is
lower for the female speaker than the male speaker, which is because of the relatively

higher pitch for female speaker. Fewer harmonics for a female speaker than a male
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Figure 3.11: The kernel density estimates of average SFMs over 50 speech utterances
spoken by (a) male speaker, and (b) a female speaker. From the figure, we observe
that the average SFM is always lower for the estimated periodic component (EPC)
than the estimated aperiodic component (EAC) irrespective of the gender.

Table 3.1: The mean of the average SFMs
(dB) for estimated periodic and aperiodic
components (EPC and EAC, respectively)
across 50 speech utterances.

Male (bdl) Female (slt)
EPC | —22.57+0.43 | —25.46 £ 0.70
EAC | —16.56 £1.2 —17.54+1.6

speaker result in a lower SFM value for a female speaker. The spread of the SFMs
of aperiodic component for the female speaker is also broader than for the male

speaker.

3.4 Chapter Summary

We examined the spectrotemporal properties of the carrier spectrogram for two
broad classes of speech sounds. We showed that the carrier spectrogram exhibits
distinguishable spectrotemporal patterns for the sound classes. The carrier spectro-
gram was used to compute two novel spectrotemporal maps: (1) the coherencegram;

(2) the orientationgram; and the spectrogram is used to compute the tracegram,
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which is an energy representation. The coherencegram and the orientationgram, and
the energy information contained in the tracegram was used to arrive at a feature
representation for periodic and aperiodic signals. The new feature representation
results in a spectrotemporal mask, which is used to decompose a speech signal into
periodic and aperiodic components. We provided supporting illustrations on both

male and female speaker samples.
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Chapter 4

Voiced /Unvoiced Segmentation and

Quantification of Speech Aperiodicity

In Chapter 3, we analyzed the problem of splitting a speech signal into its periodic
and aperiodic components, by analyzing the t-f regions using both coherence and
orientation. For speech synthesis applications, it is important to quantify the
extent to which a signal is periodic or aperiodic. The widely used speech vocoders
STRAIGHT [44] and WORLD [45] use band-wise aperiodicity parameters. These
vocoders model the stochastic part of voiced speech by coloring the spectrum of
white noise using a transfer function derived from the aperiodicity parameters. Could
one develop a numerical measure to specify the degree of aperiodicity in a signal
based on the spectrotemporal analysis considered here. For instance, the measure
could be 0 for a pure tone and 1 for white noise. Previous studies [88] have shown
that the speech reconstructed without modeling the aperiodicity explicitly sounds
unnatural. A good perceptual fusion of the periodic and aperiodic components is
important even for voiced speech segments so that the hoarseness and breathiness
can be preserved, which renders the synthesized speech natural and of high quality.

In this chapter, we develop methods to not only identify the voiced and unvoiced
speech segments, but also quantify degree of aperiodicity of the voiced speech
segments. Reliable voiced/unvoiced (V/UV) segmentation of a speech signal is
essential for high-quality speech reconstruction |44,45,102]. V/UV segmentation
has also been used for automatic speech recognition [103]. We develop a new V/UV

segmentation technique based on novel features derived from the coherencegram.

81
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We begin by describing the terminology behind V/UV segmentation in Section
Next, we discuss the principle behind modeling the aperiodicity of sinusoidal signals
in Section and extend it to model the aperiodicity of voiced speech segments (
Section and further to derive the band-aperiodicity parameters (Section. In
Section [4.4] we show the effectiveness of the proposed band-aperiodicity parameters
and the V/UV decisions for the task of speech reconstruction based on the spectral

synthesis model within the WORLD vocoder framework.

4.1 Voiced/Unvoiced Speech Segmentation

Effectively, the objective is to determine whether the speech sound production
involves the vibrations of the vocal folds or not. The vocal fold vibrations produce a
quasi-periodic excitation to the vocal tract for voiced speech whereas pure transient
and/or turbulent noises have a voiceless excitation. If neither of these is present, then
we have a speech pause/silence. On the other hand, if both sources of excitation are
present simultaneously, i.e., we have mized excitation, and the speech is considered
to be voiced because the vocal fold vibration is part of sound production. Before

proceeding further, we review the prior art in this area.

4.1.1 Prior Art

Effectively, the V/UV decision task is a binary segmentation problem and machine
learning approaches for training a classifier based on a set of acoustic features have
been developed. The training could be either supervised or unsupervised and the
acoustic features must be sufficiently discriminative. Guidelines for selecting an
appropriate set of acoustic features have been provided early on [103H106]. Typically,

the following features have been used.
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(1) Log energy of signal s[n] of length N given by
1
E, =10 x logy, (e + % > 52[n}> (4.1)
n=0
where € is a small value to prevent singularity at the origin. This feature
discriminates speech versus silence.
(2) Zero-crossing rate, which is the number of zero-crossings per frame. This
feature is a good measure of the dominant frequency.
(3) Normalized autocorrelation coefficient computed from the signal and its

right-shifted version defined as

(4.2)

Note that the range of summation is different in the denominator terms.

(4) Energy ratio between a high-frequency band to a low-frequency band. This is
motivated by the observation that voiced speech sounds have energy concentrated
below 1 kHz and unvoiced sounds above 2 kHz.

(5) Energy in the linear prediction (LP) residue given by

E, = E; — 10 x logy, (106 +

S ad00) +60.0|) @
k=1

where Fj is the log-energy of the signal (4.1 and

| N
o(i, k) = NZs[n—z]s[n—k] (4.4)

is the (i, k) term of the covariance matrix, ays are the LP coefficients, and p
denotes the order of the predictor (typically p = 12) [107].

(6) First-order LP coefficient estimated using the covariance method [107].

One could design the classifier by assuming certain statistics on the features or
without. Atal and Rabiner assumed a multidimensional Gaussian distribution for the

acoustic features derived from the training data and used a Bayesian decision rule for
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Figure 4.1: Coherencegram and the corresponding speech waveform

classification. However, they considered a three-class classification problem: voiced,
unvoiced, and silence, which was relevant for telephony applications. Siegel @
employed a linear discriminant function, whereas Siegel and Bessey considered
a three-class problem with the mixed excitation category comprising the third class.
Rabiner and Samuer used a spectral distance measure, more specifically, a
combination of the LP spectrum and log energy to compute the spectral proximity
with the pre-stored class templates obtained using training data, and obtained
significant improvements. Recent trends for V/UV segmentation of speech include
approaches based on machine learning and unsupervised learning .

The proposed approach relies on the coherencegram, which is computed from
the carrier spectrogram. Unlike a waveform-based approach, the proposed method
has a fair degree of spectrotemporal smoothing inbuilt, which makes it robust to

variations of the order of a glottal cycle.

4.1.2 Coherence Features for Voiced/Unvoiced Segmentation

Figure[4.T]displays the coherencegram along with the corresponding speech utterance.
The coherence changes from being high to low or vice versa at the voiced /unvoiced
transitions boundaries in the speech waveform. However, the coherence could also go

high for silent segments. This ambiguity can be overcome by considering short-time
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Figure 4.2: The variations of mean coherence features (MCFs) corresponding to the
two frequency subbands: 0-0.5 kHz and 0-1 kHz. We observe that the MCFs are
relatively high for voiced segments and relatively low for unvoiced segments.

energy. The short-time energy of a windowed speech signal at time instant ¢; is

given by

B(t) = / T sw(t — ) dt, (4.5)

and its normalized version is given by

E(t:)

Ealt) = 0

(4.6)

A 2-D coherencegram must be used to arrive at the decision boundaries.
The mean of the coherence C(t, f) over a subband (0, fp,) (in Hz) is given by

1 In

Mh(t):JTh ; C(t, f)df. (4.7)

We further smooth M, (t) using a 21-point, fourth-order Savitzky-Golay filter. The
resulting feature is referred to as the mean coherence feature (MCF). Figure
displays the MCF's corresponding to a speech waveform computed from the subbands:
0-0.5 kHz and 0-1 kHz. The MCF is high for voiced segments, and low for unvoiced
segments. The question next is the choice of the subband. Since the low-frequency
regions have higher energy, choosing a low-frequency subband would result in greater
robustness.

We examine the accuracy of the V/UV classifiers separately trained on the MCFs

computed from a set of subbands. For a speech signal sampled at 8 kHz, we compute
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MCFs for seven subbands (in kHz): 0-0.5, 0-1, 0-1.5, 0-2.5, 0-3, 0-3.5 and 0-4.
Combining E,, (t;) with MCF Mj,(t;) gives a 2-D feature vector [My,(t;) E,(t;))] for
the it speech frame. We train a binary classifier that uses logistic regression with
a cross-entropy loss function [100]. The parameters of the classifier are optimized
by employing the gradient-descent algorithm without any regularization. We use
CMU-ARCTIC database that has parallel recordings of electroglottograph (EGG)
signals from which the ground truth V/UV time-stamps are marked by employing
the algorithm described in [118]. The training data consists of a total of 140 speech
utterances from the two speakers: 70 male (bdl) and 70 female (slt). The speech
waveforms in the database are downsampled to 8 kHz. A total of seven classifiers
are trained corresponding to each of the subbands mentioned above. The classifier
performance is objectively evaluated on the test data, which consists of 100 speech
utterances corresponding to each of the male and female voice from the database.
The accuracy of the binary classifier is evaluated using the Average Detection

Rate, which is the proportion of V/UV regions correctly classified. It is given by

1 (Nvoyv | Nuvouov
AVG. DR == 100 4.
G DR (%) = 5 ( T+ T2 ) o 49
where
Ny: total number of voiced samples
Nyvy : total number of unvoiced samples
N]‘(,i;" : fraction of voiced samples classified as voiced, and

Nuvouv.  fraction of unvoiced samples classified as unvoiced.

Table shows the performance comparison of the classifiers for different fre-
quency subbands. We observe slight degradation in the average accuracy of the
classifier over wider subbands. Based on these results, we rely on the first two
subbands (0-0.5 kHz and 0-1 kHz) for computing the MCFs. Let M;(t;) and My,(¢;)
denote the MCFs corresponding to the subbands 0-0.5 kHz and 0-1 kHz for i*"

speech frame respectively. We combine the MCFs of these bands with normalized
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Table 4.1: Average detection rate (in %) for various frequency subbands on CMU-
ARCTIC database.

Frequency subbands (kHz) | 0-0.5 0-1 | 015 | 02 | 025 | 0-3 | 0-35 | 04
Male (bdl) 91.88 | 91.77 | 91.51 | 90.90 | 91.05 | 90.85 | 90.74 | 90.24
Female (slt) 93.72 | 93.51 | 93.35 | 93.33 | 93.06 | 93.20 | 93.16 | 93.39
Male (jmk) 88.45 | 88.31 | 88.05 | 87.05 | 87.37 | 86.84 | 86.53 | 86.10

Table 4.2: Objective scores (in %) for the V/UV segmentation of speech using
different features (CMU-ARCTIC database)

| MCF + STE | ZC + STE | NAC + STE | LELPRES + STE

(a) Male speaker (bdl)

V=V 91.02 82.80 84.37 83.00
V=UV 8.98 17.20 15.62 17.00
UvV-=UV 97.29 97.67 93.12 94.87
UvV—=Vv 2.71 2.33 6.90 5.13
Avg. DR 94.16 90.23 88.74 88.98

(b) Female speaker (slt)

V=V 96.60 93.70 94.60 93.30
V-=UV 4.38 6.32 5.40 6.70
UvV-=UV 91.70 93.84 87.75 91.33
UvV—=Vv 8.30 6.15 12.25 8.67
Avg. DR 94.00 93.67 91.18 92.31

(b) Male speaker (jmk)

V=V 80.67 75.00 77.42 71.42
V-=UV 19.32 25.00 22.60 28.62
Uv—=UV 99.70 99.44 97.31 97.15
UvV=Vv 0.26 0.56 2.70 2.84
Avg. DR 90.21 87.2 87.36 84.26

short-time energy to obtain the feature vector [M;(t;) My (t;) E,(t;)]T € R®, which
is used for training the binary classifier. In the following section, we show that the

combined features have a higher accuracy.
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Table 4.3:  Objective scores (in %) for the V/UV segmentation of speech using
different features for CSTR-FDA database

MCF + STE | ZC + STE | NAC + STE | LELPRES + STE

(a) Male speaker (RL)

V=V 85.45 70.85 73.31 73.18
V—=UV 14.54 29.15 26.70 26.82
Uv-=UV 88.16 94.73 83.00 88.31
Uv—-Vv 11.84 5.27 17.14 11.70
Avg. DR 86.81 83.00 78.10 80.94

(b) Female speaker (SB)

V=V 86.17 69.55 72.26 73.50
V—=UV 14.00 30.45 27.73 26.53
UvV-=UV 96.30 98.96 95.18 96.64
UvV—=V 3.70 1.03 4.81 3.35
Avg. DR 91.24 84.26 83.72 85.10

4.1.3 Performance Evaluation

We evaluate the performance of the coherence-based feature against the benchmark

features: (1) zero crossing rate (ZCR), (2) normalized autocorrelation coefficient

(NAC), and (3) log energy of linear prediction error (LELPRES). For a fair com-

parison, each of these features is also combined with the normalized short-time

energy (STE). Four classifiers are trained in a supervised fashion for each of the

combinations. We display the results in the form of a confusion matrix using the

following notations.

Table shows the performance comparison. We observe that the performance

V-V
V—=UV:
UV—=UV:
UV—=V:

fraction of voiced speech samples classified as voiced
fraction of voiced speech samples classified as unvoiced
fraction of unvoiced speech samples classified as unvoiced
fraction of unvoiced speech samples classified as voiced

of (MCF + STE) feature for both male and female speakers is superior than the

output
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state-of-the-art. In addition, from Table and Table we also observe that a
binary classifier trained on the joint MCFs of the first two frequency subbands is
more accurate than a classifier trained individually on the MCFs of either of the
subbands. These results show that the average detection rate of such a classifier is
higher by about 2% and 1% for male and female speakers, respectively, in comparison
to a classifier trained on individual MCFs. These results show that it is more reliable
to combine the MCFs of the first two frequency subbands.

To assess the performance on voices that are not part of the training, we choose
CSTR-FDA database [119]. This database has a total of 100 speech utterances (50
male and 50 female) along with the parallel EGG recordings. The male and female
speakers in the database are named as “RL” and “SB,” respectively. All the speech
waveforms were downsampled to 8 kHz. Table displays the performance of the
proposed features against the existing features evaluated on the whole CSTR-FDA
database. We observe that the proposed features outperform the existing ones
indicating their generalizability to unseen data.

Next, we describe modelling of speech aperiodicity from the carrier spectrogram.
In Section we show that accurate V/UV decisions and aperiodicity estimate along
with other analysis parameters directly benefit the reconstruction of perceptually

high-quality speech.

4.2 Speech Aperiodicity

The aperiodicity in speech essentially quantifies its randomness, which is due to
jitter, shimmer and turbulent noise at the glottis. Jitter is caused by perturbations
in the periodic structure from one laryngeal cycle to another, whereas shimmer
reflects variations among epochal amplitudes across laryngeal cycles. While unvoiced
sounds are random with a high degree of aperiodicity, there is strong evidence that

even voiced sounds possess some degree of aperiodic components [90}/91,|120H122].

Figure [4.3(a)|shows a voiced speech segment and Figure [4.3(b)|shows its power
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Figure 4.3: (a) A voiced speech segment, (b) its power spectrum, (c) unvoiced speech
segment, and (d) its power spectrum.

spectrum. While the low-frequency part of the spectrum displays strong periodicity
in terms of the pitch harmonics, the high-frequency region is mostly noise-like and
reflects the aperiodicity. On the contrary, consider an unvoiced segment shown in
Figure Its spectrum shown in Figure does not indicate the presence of
periodicity in the signal. Speech aperiodicity, therefore, is not only time-dependent,
but also frequency-dependent.

We have seen in Chapter-3 that there are “devoiced spectrotemporal patches,”
which depend to a large extent on the talker and the conditions of phonation. The
variations in the pitch harmonics of the carrier spectrogram due to speech aperiodicity
can be quantified using the frequency modulation of the primary sinusoid of a voiced
speech segment. According to Quatieri et al. [42,123], a primary sinusoid is the

component of a voiced speech that oscillates at the fundamental frequency with
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mild frequency modulation around it. One could define its 2-D counterpart: A 2-D
primary sinusoid is the component of the spectrotemporal representation of voiced
speech that oscillates at the grating frequency with mild frequency modulation
around it. The carrier spectrogram facilitates both ways of analysis: 1-D analysis
corresponding to a column (Section , or 2-D perspective considering patches
(Section . Before proceeding further, we review previous attempts in the

literature for modelling speech aperiodicity.

4.2.1 Prior Art in Speech Aperiodicity Modeling

A significant contribution for estimating speech aperiodicity comes from the literature
on speech vocoders where the aperiodicity parameters play a crucial role in modelling
the stochastic component of the speech signal. Vocoders based on source-filter theory
of speech production follow an analysis-by-synthesis approach. The analysis aims to
obtain high-resolution estimates of the fundamental frequency of the speaker, vocal
tract envelope, voiced/unvoiced decisions and the band aperiodicity parameters,
while the synthesis focuses on combining the parameters to reconstruct speech.
The whole Nyquist band is divided into subbands and aperiodicity parameters
are estimated for each subband since aperiodicity is a function of both time and
frequency (Section [4.2).

A seminal contribution for the estimation of speech aperiodicity was made
by Kawahara [124] who developed the STRAIGHT vocoder [44]. Following the
working principles of STRAIGHT, Morise et al. [45] developed the WORLD vocoder.
Kawahara and Morise [125] proposed an LPC-based framework which utilized the
energy of linear prediction residual in a frequency band for estimating the strength
of the aperiodic component. Subsequently, they proposed an alternative using
temporally stable minimum-interference power spectra using which one can quantify
the aperidicity [126]. Other methods for aperiodicity estimation rely on the group

delay [124,/127], complex-valued wavelet analysis [128], etc.
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Figure 4.4: A carrier slice (right) taken from the carrier spectrogram (left) within a
region enclosed by the rectangle.

4.3 A New Speech Aperiodicity Measure

4.3.1 Synthetic Signals

Consider a vertical slice of the carrier spectrogram corresponding to a voiced segment.
It resembles a nearly constant amplitude sinusoid comprising only the quasi-periodic
excitation as shown in Figure 4.4, Henceforth, we refer to time-localized carrier
slices as the “carrier sinusoids”. A carrier sinusoid is akin to a primary sinusoid.
Consider a narrowband frequency modulated sinusoid ¢(¢):
t
c(t) = cos <w0t + ky / m(T) dT), (4.9)
—o0
where wy = 27 fy, m(7) is the modulating signal, k; is the modulation constant,
|kpm(t)] < wo, and fo denotes the carrier frequency. In general, frequency modulated
sinusoids have infinite bandwidth, but considering narrowband FM permits us to
confine the bandwidth only to the first sideband. Frequency modulation is the
cause of aperiodicity in voiced speech segments. Consider the windowed signal
cw(t) = c(t)w(t), where w(t) represents a window. Specifically, we use the Nuttal
window due to its high side-lobe attenuation (= 100 dB). Without FM, the
spectrum is simply the spectrum of Nuttal window centered at wy. With FM, the
spectrum spills over to the side-bands. Consider the Fourier transform é,(w) of
¢w(t) and the normalized power spectrum
|2

_ lew(w)
Po(w) = e s (4.10)
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Figure 4.5: (a) The Fourier magnitude spectrums of a windowed frequency-modulated
sinusoids at different carrier frequencies, (b) the behavior of the proposed aperiodicity
measure with respect to the modulating frequency, and (c¢) aperiodicity measure
versus signal-to-noise ratio.

A measure of aperiodicity using P.(w) is given by

A=1- /Pc(w)Mw0 (w; wy) dw, (4.11)

where w,, denotes the bandwidth of the Nuttal window and

1, lw—wol| < %,
Mwo(w;wn) = 1, |w +(UQ| < w7n7 (412)

0, otherwise,

represents a spectral mask for selecting the dominant subbands. The aperiodicity
measure (AP) takes continuous values between 0 and 1.

Now, let us analyze the effect of FM on the aperiodicity measure. Consider the

signal in Equation (4.9) with
m(t) = sin(27w fit), (4.13)

i.e., a single-tone modulation, where f,, denotes the modulating frequency varied
from 0 to 80 Hz in steps of 20 Hz. The duration of the signal is set to 0.1 seconds
obtained by multiplying with a Nuttal window, and kf = 0.15. The aperiodicty
measure is computed for each value of f,,, using Equation . In order to account
for the low and high pitch cases, the carrier frequency fj is set either to 125 Hz or
256 Hz (the average pitch values for the male and female speakers, respectively).

The Fourier magnitude spectra of the windowed signal are displayed in Figure [4.5(a)|
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corresponding to f,, = 0, f,, = 20, and f,, = 40 Hz with f, = 256 Hz. The
spectral spread increases as f,, increases. The aperiodicity measure increases with
the modulating frequency till f,,, ~ 40 Hz and then it saturates. The saturation point
is determined by the main lobe width of the Nuttal window which is approximately
given by 4/T Hz, where T" denotes the window duration. For comparison, we also
show the aperiodicity measure using the state-of-the-art WORLD vocoder that
uses D4C [127] algorithm for aperiodicity estimation. Both D4C and the proposed
aperiodicity show the expected trend: increasing aperiodicity with modulating
frequency for a fixed value of fy. From Figure |4.5(b)| we observe that proposed
aperiodicity measure is lower than the D4C-aperidocity by about 80 dB at f,, =0,
which indicates that the proposed measure is more effective than D4C.

Next, we consider aperiodicity of sinusoid (without FM) in additive white
Gaussian noise and SNR varying from 0 to 120 dB. The corresponding aperiodicity
measure as a function of SNR is shown in Figure For very low SNR (below
0 dB), the aperiodicity is nearly constant and high value (mostly noise) and for
very high SNR (above 60 dB), the aperiodicity is again nearly flat, but a low value
(mostly signal). It is also lower than the D4C-aperiodicity by about 40 dB at high
SNR. However, both measures are close to 0 dB at very low SNR (almost noise)

indicating high aperiodicity.

4.3.2 Band Aperiodicity Parameters for Real Speech Signal

We now describe the estimation of band aperiodicity parameters (BAP) in voiced
speech segments from the carrier spectrogram. Unvoiced speech segments are
identified by using V/UV decisions (cf. Section and the aperiodicity measure is
set to 1 in these regions.

Consider a voiced speech segment at any time instant and the corresponding
1-D carrier signal sliced from the carrier spectrogram (cf. Figure . We compute

BAP from 1-D carrier signal by processing it on short-time basis where we divide
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the full Nyquist frequency band into smaller subbands. Each segment of the carrier
sinsuoid is multiplied by a Nuttal window and an overlap of 50% between consecutive
subbands. We choose three subands (in kHz): 0-4, 2-6, 4-8 in the Nyquist frequency
range from 0 to 8 kHz for a speech signal sampled at 16 kHz. We model the windowed
carrier signal within a subband as a frequency modulated cosine signal with additive

noise. For the b*" subband at any instant
e () = (w)é(w), (4.14)

where Wy, (w) is the Nutall window centered on the subband and

w

é(w) = cos (Tow + ky / m(u)d,u> + n(w), (4.15)

—o0
where Tj is a constant, 7 (w) represents the modulating function, and #(w) is white

Gaussian noise. The corresponding normalized power spectrum is given by

Gl
P = 1 (@) di

where  denotes the quefrency and cgf ) (t) is the inverse Fourier transform of éq(f ) (w).

The corresponding aperiodicity measure is defined in terms of P.(f) as
AL =1 — / P.(t)Mr, (£, T,,) dt, (4.16)

where

1, |f—To| < Zr,
Mr,(BT) = 1, [i+To| <
0, otherwise,
represents the cepstral mask, 7T, denotes the main lobe width of the Nuttal window
on the quefrency axis. For each subband, the value of T is given by the location of
the maximum peak in the normalized power spectrum.
To obtain the aperiodicty for the full band, the band aperiodicity parameters are

linearly interpolated on the log scale. The aperiodicity value at zero frequency is
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Figure 4.6: Time-frequency map of bandwise aperiodicity parameters by processing
the carrier spectrogram on frame-by-frame basis. The speech utterance is “Author
of the danger trail, Philip Steels, etc.,” spoken by a female speaker.

wa y
2-D cosine

v
Figure 4.7: Schematic of a 2-D sinusoid (left) and its Fourier transform (right). The
spatial frequency and orientation of sinusoid are denoted by o and [y, respectively. A
mask around the peak located at Qo = (Q0 cos Bo, Qo sin Bo) is illustrated by an ellipse.

set to —60 dB. The resulting t-f aperiodicity map is shown in Figure [4.6| along with
V/UV decisions. We observe that the aperiodicity for voiced sounds is relatively

high roughly above 3 kHz.

4.3.3 Aperiodicity in 2-D

The aperiodicity estimation framework can be extended to 2-D using localized
patches taken from the carrier spectrogram. Consider the 2-D FM sinusoid model

C(w) : R? — R given by
C(w) = cos (Q(w)(t cos By + wsin By)) (4.17)

where 3y and Q(w) = Qo + kfAQ(w) : R? — Rx( represent the local orientation

and grating frequency of the cosine, respectively. The strength of the FM is given
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Figure 4.8: (a) A 2-D cosine with constant frequency Qo, (b) its GCT, (c) a cosine with
frequency modulation kyAQ(w) = 0.015 cos(107Pp(w)), and (d) its GCT.

by the modulation constant ky. A schematic of a 2-D cosine with no frequency
modulation (k; = 0) and its Fourier transform is shown in Figure We consider
a 2-D sinusoid to be aperiodic if kfAQ(w) # 0 and ||[VL,AQ(w)|| < Qp. Let

®(w) = tcos By +wsin By : R? — R, corresponding to which

C(w) =cos ((Q + krAQ(w)) o (w))
= cos (QPo(w)) cos (kr AQ(w)Po(w)) — sin (QPo(w)) sin (k; AQ(w)Py(w)).
(4.18)

Under the NBFM assumption |kfAQ(w)®o(w)| < 1, Equation (4.18) is approxi-

mated as follows:
C(w) = cos (QoPo(w)) — kAQ(w)Po(w) sin (QoPo(w)). (4.19)

The first term in Equation is a primary 2-D sinusoid of frequency 2y and the
second term is the side-band due to FM. For illustration, consider the modulating
function to be a slowly-varying sinusoid, AQ(w) = cos (mebo(w)) with Q,, < Q.
Figure [£.8| shows the GCTs of a 2-D cosine one with a constant frequency and one
with FM. The appearance of the side-band in Figure indicates the spectral
spread caused by FM.

Consider a windowed 2-D cosine Cy (w) = W (w)C(w), where W (w) represents
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a real 2-D window function. From Equation (4.19), we have

Cw (w) =W (w) cos (QoPo(w))

— kr AQ(w)Po(w)W (w) sin (QoPo(w)). (4.20)

F(w)

Denoting €29 = (Q0 cos (o, Qo sin By) € R? and taking 2-D Fourier transform on both

sides in Equation (4.20)), we have

Cw () =W (Q — Qo) + W(Q+ Q) +j(F(Q— Q) — F(Q+ Q). (4.21)

The normalized power spectral density is given by Po(€2) = f‘lccw(% The
w

aperiodicity measure Agq, of a 2-D sinusoid is defined in terms of Po(2) as
Ao, =1- 2/PC(Q)MQO(Q;AB)dQ, (4.22)

where

]-7 ‘Qt - QOl| < ABla |Qw - QOQ| < ABQ;
Ma, (9 AB) = (4.23)

0, otherwise,

represents the spectral mask in 2-D with AB = (AB;, ABs) € R and (Q,,Q,) =
(0 cos By, Qg sin By) as shown in Figure AB; and AB; denote main-lobe
widths of the window function W(w) along 2;-axis and 2,,-axis, respectively. The
aperiodicity measure Agq, takes on continuous values between 0 and 1 with 0
corresponding to a 2-D sinusoid, which is perfectly periodic; and 1 corresponding to
an aperiodic signal. The measure Ag, quantifies the degree of aperiodicity within
the patch.

Figure illustrates the proposed aperiodicity measure for a synthetic 2-D cosine
with single-tone modulation. The figure reflects the increasing aperiodicity with
the modulating frequency. The saturation is because after a certain value of the
modulating frequency, the normalized power spectral density within the bandwidth

of 2-D mask Mq,(Q; AB) in Equation (4.22)) does not change appreciably.
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Figure 4.9: Aperiodicity measure of a synthetic 2-D cosine signal F(w) = cos((2o +
ky AQ(w))(t cos Bo+wsin By)), where Qo = 407, ky = 0.015, 5y = 7/6, and AQ(w) =
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Figure 4.10: Time-frequency map of bandwise aperiodicity parameters by processing
the carrier spectrogram on patch-by-patch basis. The speech utterance is “Author
of the danger trail, Philip Steels, etc.,” spoken by a female speaker.

4.3.4 Spectrotemporal Aperiodicity Map

We divide the carrier spectrogram into patches of dimension 100 ms x 600 Hz
and with an overlap of 75% along both the dimensions. Each patch is multiplied
by a 2-D Nuttal window and the aperiodicity is computed using Equation (4.22]).
The aperiodicity value is constant for the entire patch assuming that it does not
vary by large amounts within the patch. The patch-wise aperiodicity values are
combined using 2-D overlap-add in least-squares sense (OLA-LSE) [130] that yields

a spectrotemporal aperiodicity map, which is further used to obtain the t-f map
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of the band-wise aperiodicity parameters. Considering a sampling rate of 16 kHz,
the Nyquist frequency band is divided into three overlapping subbands, each of size
2 kHz with 50% overlap between consecutive subband. The aperiodicity in a subband
is chosen to be the value from the spectrotemporal aperiodicity map at the middle of
the subband. The band-wise parameters are linearly interpolated on the logarithmic
scale. The aperiodicity value is set to —60 dB at zero frequency [127]. This gives
another t-f map, which is then combined with V/UV decisions (Section , and
the resulting t-f map is shown in Figure This map is similar to that obtained
using the 1-D approach (cf. Figure . Next, we compare the efficacy of the 1-D
and 2-D approaches for the task of speech reconstruction by incorporating them in

the state-of-the-art WORLD vocoder.

4.4 Application to Speech Reconstruction

The WORLD vocoder uses the spectral synthesis model for speech reconstruction.
Recall that the spectrum of a voiced speech frame §,(w) in the spectral synthesis

model given by

52(6) = 006) (VI (1 = () + ()ae) ). (1.21)

where 0(w), Tp, 7(w), and a(w) denote the vocal-tract frequency response, pitch
period, Fourier spectrum of zero mean and unit variance Gaussian noise and the
aperiodicity parameters, respectively. The spectrum of an unvoiced speech frame is

modeled as
Sun (W) = B(w)N(w)a(w). (4.25)

We rely on the PESQ score for comparing the performance between the 1-D and
2-D aperiodicity maps. We consider two male (bdl, ksp), and two female voices
(slt, clb) from the CMU-ARCTIC database. A total of 200 speech utterances are

used for evaluation where the speech waveforms are reconstructed by replacing the
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Table 4.4: Average PESQ scores for the quality of reconstructed speech on CMU-
ARCTIC database

bdl ksp clb slt
CRT-AP1D | 3.34£0.12 | 3.42+0.12 | 3.34+£0.15 | 3.42+0.12
CRT-AP2D | 3.34+£0.12 | 3.33+0.12 | 3.224+0.14 | 3.37+0.13

aperiodicity parameters in the spectral synthesis model of WORLD vocoder with
the proposed ones. Table shows the average PESQ scores for the two cases.
The performance in both cases is comparable. Some reconstructed speech samples
are provided online: https://jitendradhiman.github.io/CRT1DAPCRT2DAP.html.
Informal listening tests showed that both the aperiodicity maps are on par with

each other.

4.5 Chapter Summary

We addressed the problem of V/UV segmentation and the estimation of speech
aperiodicity. We used the carrier spectrogram estimated using the Riesz transform
approach for both the tasks. For V/UV segmentation, we derived a novel feature
(MCF) from the coherencegram, the performance of which was objectively evaluated
against state-of-the-art features. The MCF is also insensitive to the local temporal
variations of the speech waveform and gives superior performance over the existing
features. We also introduced a novel measure of aperiodicty base on the spectrum-
spread property caused by frequency modulation. The aperiodicity was estimated
from the carrier spectrogram using both frame-based and patch-based approaches.
Following this, the band aperiodicity parameters were derived. The effectiveness
of the proposed band aperiodicity parameters and the proposed V/UV decisions
was assessed for the task of speech reconstruction by incorporating them in the
state-of-the-art WORLD vocoder. Our results showed that the new aperiodicity
map gives similar quality of speech reconstruction in both 1-D and 2-D variants

although, computationally, the 2-D version is more involved.


https://jitendradhiman.github.io/CRT1DAPCRT2DAP.html
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Chapter 5

Pitch Estimation From the Carrier

Spectrogram

Thus far, we have used the carrier spectrogram for periodic/aperiodic decomposition,
voiced /unvoiced segmentation and for modelling the aperiodicity of a speech signal.
In this chapter, we examine the carrier spectrogram for temporal evolution of the
speaker’s fundamental frequency (or pitch) and its harmonics. We discuss briefly
the problem of pitch estimation and give the definition of pitch in Section ?7?.
The problem of pitch estimation has been addressed extensively in the literature.
Section [5.1] introduces some of the widely used state-of-the-art pitch estimation
algorithms over the past decade. In Section [5.2] we introduce the proposed techniques
and highlight advantages over the existing ones. In Section we present an
objective comparison with the state-of-the-art methods.

The voiced speech sounds are characterized by the vibrations of the vocal
folds yielding a quasi-periodic structure of the sounds in the time-domain [42]. In
psychoacoustics, the perceptual correlate of the vocal-fold vibrations is referred to as
the pitch [131]. In speech signal processing, the definition of pitch is often motivated
from the speech production perspective. Pitch (or FO) measures the rate of vibration
of the vocal folds during voicing and is the fundamental frequency of the vibrations.
We will use this definition of pitch. The pitch of a speaker is the most prominent
feature of the glottal excitation that directly affects the prosodic aspects of a speech
waveform such as intonation, stress, tone, and rhythm. FO information is useful

in a variety of speech processing tasks. The estimation of FO-dependent spectral
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envelope is also used to model the magnitude response of the vocal-tract filter [44].
FO0 variation is inherently a continuous phenomenon as it varies often with a glottal
cycle. Short-time analysis of the speech signal shows the time-varying F0O. One
could also estimate FO without resorting to short-time processing such as the one
reported in [132].

Accurate pitch estimation and tracking have been of considerable interest for
applications such as synthesis [441|45/{133], transmission [134], articulation training
aids for the deaf |119.[135], speaker recognition [136], prosody modification [137,[138],
foreign language training [139,140], etc. There is no universally optimal F0 estimation
algorithm [141] that is preferred in all speech applications. For instance, a source
filter theory-based speech reconstruction requires accurate pitch estimates at the
resolution of one glottal cycle. On the other hand, speaker recognition applications
in noise require robust pitch estimates. A comprehensive review of pitch estimation
algorithms is given in [142]. We briefly review a few important methods while also

highlighting the associated challenges.

5.1 Prior Art in Pitch Estimation

Pitch estimation techniques broadly operate in the time domain, frequency domain,
or the time-frequency domain. Time-domain methods such as the autocorrelation
technique exploit the repetitive structure of voiced speech sounds. On the other hand,
frequency-domain methods such as the cepstrum exploit the harmonic structure of
the Fourier spectrum. Time-frequency techniques such as YAAPT [143] consider

both temporal and spectral structure for pitch estimation.

5.1.1 Awutocorrelation Method

Autocorrelation is a measure of similarity of a signal with itself. Consider a discrete-

time sequence s[n| and a window w(n], where n denotes the discrete-time index. The
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autocorrelation of the windowed sequence s,,[n] = s[njw[m — n] at lag [ is given by

oo

rli] = Z Swln]sw[n + 1. (5.1)

n=—o0
The autocorrelation is an even function and attains a maximum at [ = 0. With a
suitably chosen window duration, the autocorrelation sequence exhibits peaks at
the 0, £Fy, £2F,, ... for a periodic signal with time period Py. The window length
must be more than two pitch periods for the peaks to occur in autocorrelation.
Hence, regardless of the time origin of the waveform, an estimate of F0 is obtained
by choosing highest peak at the non-zero lag within a search range of possible lags
in the autocorrelation.

Although the technique is computationally faster, it is prone to estimation
errors [144]. Due to the quasi-periodic nature of a speech waveform, it may exhibit
more self-similarity at a lag equal to twice the pitch period. Consequently, the second
maximum in the autocorrelation occurs at +2F, and the F0 is underestimated by an
octave — this is the pitch halving. Pitch doubling occurs when the F0 is overestimated
by an octave. The method can show the dominant peaks at subharmonic levels.
Consequently, it is often difficult to decide whether a peak belongs to the fundamental
or its partial. Interactions between the vocal tract and glottal excitation can also
lead to estimation errors. The vocal-tract resonances, typically the first formant, can
emphasize harmonics other than the first, causing overestimation of F0. Nonlinear
methods overcome the limitations of the autocorrelation method. The techniques

include center clipping, lowpass filtering, and filter-bank approaches [107].

5.1.2 Cepstrum Analysis for Pitch Estimation

We now consider cepstrum-based FO estimation [145]. Consider a sequence whose

discrete-time Fourier transform (DTFT) S(e/*). The real cepstrum (or cepstrum) is
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Figure 5.1: (a) A voiced speech segment, (b) its real cepstrum, (c¢) unvoiced speech
segment, and (d) its real cepstrum. The speech utterance is “Author of the danger
trail, Philip Steels, etc.,” spoken by a female speaker having average FO = 250 Hz.
The cepstrum shows a dominant peak at fundamental frequency of the speaker,
whereas such a peak is absent in the cepstrum of an unvoiced segment.

given by the inverse Fourier transform of the logarithm of the magnitude spectrum:

1 & . .
c[n] = %/ log |S (')€" dw, (5.2)

-
where n denotes the time index on quefrency axis. The logarithm operation flattens
the spectrum to a certain extent reducing the strength of the high-amplitude part,
particularly near the first formant. Spectral flattening can also be achieved by
inverse filtering @ The effect of the first formant that often dominates in the
autocorrelation method [144,[146] is thus mitigated to some extent in cepstrum
analysis. FO estimation from cepstrum is based on the observation that the periodic

oscillations in the log spectrum are reflected as a strong peak at the fundamental
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period in the cepstrum of a voiced speech segment and no such peak appears for
the unvoiced segments. Figure displays the cepstrum corresponding to voiced
and unvoiced segments. The peak in the cepstrum of voiced sounds is used to
estimate pitch and can also be used to distinguish voiced segments from unvoiced
ones. The peak is searched in the vicinity of the expected pitch period. If the peak
is above a preset threshold, then the segment is voiced, else unvoiced. The reliability
of FO estimates can be improved by combining decisions from zero-crossing rate,
energy and by forcing the pitch estimate to vary smoothly. One such algorithm was
described by Noll [145]. Subsequently, a variety of cepstrum based F0 estimation

algorithms have been developed [19}/147].

5.1.3 YIN

The YIN pitch estimation algorithm [148] was developed by Alain de Cheveigne and
Hideki Kawahara. The difficulty with autocorrelation technique has been that the
peaks occur at harmonics and sub-harmonics as well, it is sometimes challenging
to determine which peak corresponds to the fundamental frequency or its partial.
The authors attempt to overcome these limitations of autocorrelation in several
ways. YIN is based on the difference function between the waveform and its delayed
duplicate, unlike autocorrelation which uses the product.

An unknown period can be detected by forming the difference function

o0

dm[l] = Z (5w[n] — swn +1))2, (5.3)

n=-—oo

where m and [ denote position-index of the window and the time lag, respectively.
If the signal s,,[n] is perfectly periodic with period Py, then the difference function
exhibits dips at 0, Py and integer multiples of Py. In order to reduce the errors in FO

estimation which might occur due to subharmonics, YIN uses a modified form of the
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Figure 5.2: Illustration of (a) a voiced speech segment with period approximately
6 ms, the corresponding (b) difference function, and (c¢) the cumulative normalized
difference function (CMNDF). CMNDF starts at value 1 and has the very first dip
at the time period of voiced segment.

difference function; the cumulative mean normalized difference function (CMNDF)

1, if 1=0,
dnll] = (5.4)

%, otherwise.
T 2uj=1 dm []]

The values of this function at non-zero lags are obtained by dividing the value
at the current lag by its average over the shorter lag-values. Figure displays a
voiced speech segment, its difference function and the CMNDF. Note that unlike
the difference function, CMNDF starts at 1 and remains high until the period-dip.
However, the CMNDF can occasionally exhibit more dominant secondary dips
than the dip at the period. Consequently, YIN adopts a strategy which uses an
absolute thresholding for unambiguous detection of the period-dip. However, such
a pre-specified threshold might not be optimum across all the voiced frames of a
speech signal. We shall see in Section that the pitch estimation from carrier
spectrogram does not require any such threshold-strategy. Other improvements
of YIN includes parabolic interpolation of the detected period-dip which aids in

improving the accuracy of the algorithm.

5.1.4 Sum of Residual Harmonics (SRH)

SRH [149] operates in the frequency domain and acts on the Fourier magnitude

spectrum of the linear prediction residual HZS] which makes it appealing for pitch
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estimation under adverse conditions such as noise. The linear prediction residual
exhibits peaks at the beginning of every glottal cycle, consequently the periodicity
of the corresponding speech signal is preserved. For a wide variety of speech sounds,
the short-time Fourier magnitude spectrum E(f) of a windowed segment of residual
signal has relatively a flat envelope and presents peaks at FO and its harmonics.
From this spectrum, the SRH is given by

Nharm
SRH(f) = E(f)+ Y [E(kf) - E((k—0.5)f)], (5.5)

k=2
where Npgrm denotes the number of harmonics within a pres-specified range of
frequencies [Fy min; Fo,maz]| (assuming that the speaker’s pitch will not exceed this
frequency range), f denotes the frequency (in kHz). From Equation , it is
expected that E(f) is maximum at f = F0. However, the same is true for the
harmonics. Hence, the subtraction by the term E((k — 0.5)f) reduces the relative
importance of SRH maxima at even harmonics. For a voiced frame of residual

signal, the estimated F{ is thus given by the maximum of SRH.

5.1.5 Yet Another Algorithm for Pitch Tracking (YAAPT)

Thus far, we have described FO estimation methods which operate either in time or
frequency domain. In contrast, YAAPT combines the FO cues obtained by processing
a speech signal independently in time and frequency domains. The kernel of this
method is based on another algorithm known as RAPT [141]. A combination of
FO cues obtained from both time and frequency domains makes the algorithm less
sensitive to commonly occurred FO estimation errors such as pitch doubling and
pitch halving. This method was designed for robust pitch estimates for telephone
and noisy speech, at signal to noise ratio varying from clean to very noisy speech.
The full details of YAAPT are given in [143]. We briefly describe its basic steps.
In a preprocessing step, a bandpass filter (of bandwidth 50 to 1500 Hz) is applied

to both the original acoustic waveform and a nonlinearly processed copy of the signal,
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thus creating two versions of the signal. The nonlinear processing aids in partially
restoring the fundamental frequency of the signal in case it is suppressed such as
for a telephone speech. These two signals are then independently processed in time
domain to obtain a Normalized Cross Correlation Function (NCCF) which is a
modified form of the autocorrelation. In addition, the nonlinearly processed signal is
also analyzed in frequency domain for estimating an initial FO track based on spectral
harmonic correlation (SHC) technique and the dynamic programming [107]. The
SHC function makes use of multiple harmonic peaks of a voiced speech spectrum and
exhibits a very prominent peak at the fundamental frequency. The frequency and the
amplitude of each SHC peak above a preset threshold for each voiced speech frame
are selected as spectral FO candidates and merits, respectively. Additionally, the
potential FO candidates are also obtained from the time-domain NCCF’s computed
from both the versions of the signal. The FO candidates obtained from time domain
processing are refined by using the information from spectral domain. The final FO
track is estimated by employing dynamic programming technique which selects the
lowest cost candidate among the FO candidates. Though, this method gives reliable
pitch estimates, it relies on several experimentally tuned design parameters for the

accurate estimation of true FO values.

5.1.6 Harvest

Harvest [150] shares some commonalities and foundations with another FO estimation
algorithm; Time-domain Ezxcitation extraction based on a Minimum Perturbation
Operator (TEMPO) [151,/152]. For instance, both the approaches use a bank of
bandpass filters to process the speech signal in a preprocessing step for FO estimation.
These methods were especially developed for the vocoding application. The bandpass
filters are uniformly placed on the log frequency axis, while their center frequencies
are swiped over a range of possible pitch values. A speech signal is processed through

each of the bandpass filters. The key idea is that the bandpass filter whose center
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Figure 5.3: Four intervals used for the FO estimation in Harvest from a bandpass-
filtered voiced speech frame.

frequency coincides or nearly matches to the unknown pitch will generate an output
waveform oscillating at the fundamental frequency. In the next step, each of the
output waveforms of bandpass filters is marked with four intervals as shown in
Figure 5.3| These intervals indicate the same value when the waveform is a sinusoid.
The method proceeds by defining a basic pitch trajectory for a frequency sub-band
(or channel) by computing the inverse of each of the intervals and taking the average
of inverse values over the four intervals. This particular step is repeated for all the
channels, this gives as many basic FO candidates as the number of filters. Next, FO
candidates are obtained from the basic FO candidates based on a bandwidth criterion.
Consider a voiced speech frame and the mapping from the center frequency of the
bandpass filter to the basic FO candidate. If the basic FO candidate comes from the
fundamental component then the same value is observed over a certain bandwidth
around the center frequency of a bandpass filter. In this case, a particular filter
and its neighboring ones output nearly the same waveforms. Harvest selects the
FO candidates within a bandwidth on either side of the center frequency with 10%
margin. These coarse FO candidates are further refined by using the instantaneous
frequency which is defined as the derivative of the short-term phase of the waveform.
Additionally, each of the FO candidate is also assigned a reliability score. Finally,
the FO candidate among the refined ones which gets the highest reliability score is
chosen as the final estimate of the fundamental frequency for a voiced speech frame.
In a post-processing step, the estimated FO values are smoothed using a zero-lag

Butterworth filter with a cut-off frequency of 30 Hz.
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Figure 5.4: Block diagram for pitch estimation from the weighted carrier spectrogrm
(WCS). Two approaches, CRT-Peak-Picking (CRT-PP) and CRT-CMNDF are
proposed for the estimation of FO track from WCS.

WCS

FO track

Other FO estimation algorithms which employ filter-bank approaches can be
found in [153-155]. In addition, data-driven statistical and machine learning ap-

proaches [102] have also been proposed.

5.2 The Proposed Technique

The carrier spectrogram is nearly free from the influence of the vocal-tract resonances.
The pitch can be estimated from any t-f region of the carrier spectrogram more
reliably than the standard spectrogram. A block diagram for the proposed pitch
estimation method is shown in Figure 5.4} The key component is the weighted carrier
spectrogram (WCS). In Chapter 3, we have shown that the carrier spectrogram
reveals two distinct t-f patterns — coherent and incoherent (cf. Figure . The
coherent regions are mostly in the low-frequency regions and correspond to voiced
sounds, whereas the incoherent ones characterize unvoiced sounds (see Section [3.1).
Prior to pitch estimation, it is desirable to separate the coherent t-f regions from
the incoherent ones, for which we use the coherencegram as a weighting function.
Figure displays an example of the weighted carrier spectrogram (WCS). Ideally,
the carrier in a coherent region is a sinusoid oscillating at the fundamental frequency.
Recall from Chapter 4, Section that a slice of the carrier spectrogram is referred
to as the carrier sinusoid. FO can be estimated from the carrier sinusoid either
by picking the peak (denoted as CRT-PP) or by computing the cumulative mean
normalized difference in Equation (denoted as CRT-CMNDF).
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Figure 5.5: (a) The carrier spectrogram, (b) its coherence map, and (c) the weighted
carrier spectrogram (WCS). The speech utterance is “She had your dark suit in
greasy wash water all year.” spoken by a female speaker.

5.2.1 Pitch Estimation Using Peak Picking

Consider the carrier sinusoid within a frequency band from 0 to 1000 Hz, which
covers the range of FO values for both male and female speakers, even high-pitched
ones. Figure displays a slice of the coherence weighted carrier spectrogram.
While most peaks are nearly of the same amplitude, we observe a smaller peak
(around 0.7 kHz) between adjacent dominant carrier peaks. Such low amplitude
peaks are caused by spectral leakage and imperfections in demodulation due to

model mismatch. Since the carrier sinusoid is nearly symmetric, it suffices to work
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Figure 5.6: (a) A carrier-sinusoid multiplied by the corresponding coherence values,
an undesirable peak exists around 0.7 kHz and (b) the carrier after thresholding
operation which eliminates the undesired peak while retaining the dominant ones.
The threshold value was 0.05.

with only the positive half. Empirically, a small positive threshold (0.05 in our
experiments) was found to suppress small spurious peaks. Figure displays a
carrier sinusoid after thresholding.

The average pitch in the i*" speech frame is estimated as the harmonic mean:

, 1
FO) = fN X _ (5.6)

K; 1 ’
1
K Z (dk+1 — dk)

k=1

where N and f,s denote the FFT size and sampling frequency, respectively, K; is the
number of peaks, and dj, denotes the location of k" peak. Note that the arithmetic
mean would effectively make use of the first and last peaks only. The estimates
must be post-processed to suppress errors and get a smooth pitch contour. In
nonstationary regions, such as voicing offset times when the vocal folds are relaxing
and give rise to damped oscillations, most techniques fail to give reliable estimates
and hence post-processing becomes necessary. Further, post-processing is applied to
the segments of pitch contour corresponding to voiced segments of speech which is
explicitly identified using either V/UV decisions from coherence (Chapter 4) or the
EGG signal. In this chapter (Section [5.3)), we use V/UV decisions from the EGG
signal, which is done for a fair comparison of different pitch estimation algorithms.

We employ the three-step post-processing technique as adopted in WORLD [45].
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Figure 5.7: Tllustration of frequencies f1(tx) and fo(tr) which are used to remove
the rapid fluctuations in the FO contour.

(1)

Removing spurious FO estimates: With reference to Figure consider
frequencies fi(t;) and fo(tx) at time ¢ using the estimated FO at previous time

instants t,_1 and t,_o as follows:

fi(ty) = FO(tx—1), and

fa(tr) = 2F0(tg—1) — FO(tr—2).

FO at ¢ is set to zero if it is not included in the range [f1(tx) — 8%, fo(tx) + 8%).

Removal of short contour segments and interpolation: Voiced segments
of duration less than 3 ms are counted as invalid because voiced segments cannot
be so short — they are labelled as unvoiced. The F0 values of unvoiced segments
less than 15 ms duration are obtained by linearly interpolating the FO across
neighboring segments.

Smoothing: A smooth FO contour is obtained by lowpass filtering using a

second-order Butterworth filter with cut-off frequency of 30 Hz.

Figure shows the estimated pitch contour using CRT-PP before and after

post-processing together with the corresponding speech waveform and the carrier

spectrogram. The effect of post-processing to obtain a smooth pitch contour is clear

from the figure.

output
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Figure 5.8: (a) A male speech utterance taken from CMU-ARCTIC database
“arctic_a0036,” (b) its carrier spectrogram, and (c) the estimated pitch using CRT-

PP.

5.2.2 Pitch Estimation Using CRT-CMNDF

YIN computes CMNDF directly for a speech frame. In contrast, we compute it for a

carrier-sinusoid from the WCS. Since the carrier is free from vocal-tract influence, the

F0 estimates are likely to be more reliable. Figure[5.9]displays a Hamming-windowed

carrier-sinusoid corresponding to a voiced speech frame and its CMNDF (computed

using Equation (5.4)). The first dip in CMNDF occurs at FO and subsequent ones

at harmonics of FO. The first dip is a reliable estimator of FO. We use quadratic

output
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Figure 5.9: (a) A windowed carrier-sinusoid; and (b) its cumulative normalized
difference function (CMNDF). The first dip in CMNDF occurs at FO (~ 200 Hz in
this example). The subsequent dips occur at harmonics of FO.

interpolation around the first dip to improve the accuracy. Repeating this process
for all voiced speech segments gives an FO contour. Unlike YIN and CRT-PP,
CRT-CMNDF does not require a threshold. The post-processing step as in the case
of CRT-PP is retained.

Between CRT-PP and CRT-CMNDF, the latter is more robust even without
post-processing. To illustrate this point, consider the all-voiced speech utterance,
“Where were you while we were away?’. Figure[5.10 displays the carrier spectrogram
and the FO trajectories estimated using CRT-PP and CRT-CMNDF without post-
processing. CRT-CMNDF gives a smoother trajectory than CRT-PP. The jump
in FO estimate in CRT-PP is caused by the loss of continuity of the harmonics as

highlighted.
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Figure 5.10: (a) The carrier spectrogram of the all-voiced speech utterance “Where
were you while we were away?” The black box shows the t-f region where the pitch
harmonics have breaks. (b) The FO0 trajectories estimated by CRT-PP and CRT-
CMNDF without post-processing. This experiment illustrates that CRT-CMNDF
gives a smoother estimate than CRT-PP.

5.3 Performance Evaluation

In this section, we compare the proposed FO estimation algorithms against YIN,
YAAPT, TEMPO, DIO and Harvest. We consider CMU-ARCTIC and CSTR-FDA
databases for evaluation. From CMU-ARCTIC, we use data of three subjects: bdl
(US male), slt (US female) and jmk (Canadian male). Both databases contain
parallel EGG recordings. The ground-truth FO trajectory and V/UV boundaries are
derived from the EGG recordings employing the algorithm proposed in ﬂl_TS] The
speech signals are downsampled to 16 kHz. We compute a narrowband spectrogram
with Hamming window of duration 40 ms and 1 ms frameshift. The DFT length
was set to 1024-points.

For performance quantification, we use the gross-pitch error (GPE) and fine-
pitch error (FPE). Lower the GPE and FPE, better is the technique. GPE is the
proportion of frames where the decisions for the algorithm and the ground-truth are

both voiced, and for which the estimated FO deviates from the reference by more
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than 20%. The relative FO error for the i*" speech frame is given by

[F0® — FO®|

(i) —
=T e

x 100, (5.7)

where FO® and FO¥) denote the estimated FO and the true FO0, respectively. The

GPE over N, voiced frames is computed as

N
1 v
GPE (%) = ~ ZI((SU)>042)7 (5.8)
Yi=1

where

1, if A is true,

0, otherwise.

FPE is computed as the standard deviation (in %) of the relative FO error within

20% deviation from the reference FO.

Let
AFD =D 50 0.9)- (5.10)
The FPE is given by
1 & _
FPE (%) = | 3+ > (AF®) — AF)?, (5.11)

Yoi=1

where AF denotes the mean value of AF(® over the voiced frames.

5.4 Results

Tables and show the average scores over 200 clean speech files per speaker
taken from the CMU-ARCTIC and CSTR-FDA databases, respectively. Although
some existing algorithms make V/UV decisions as part of the method, to factor
out the accuracy of V/UV decision-making, we have used the ground-truth V/UV
decisions obtained from the parallel EGG recordings. We observe that CRT-CMNDF



November 26, 2021 3:21 World Scientific Book - 9.75in x 6.5in output

120

is slightly superior than CRT-PP in terms of both GPE and FPE. These tables
also show a comparison with the state-of-the-art pitch estimation algorithms. We
conclude that the proposed pitch estimation methods (CRT-PP and CRT-CMNDF)
are comparable to the state-of-the-art methods.

The performance in the presence of additive white Gaussian noise at 0 dB signal-
to-noise ratio (SNR) is shown in Table and Table for CMU-ARCTIC and
CSTR-FDA database, respectively. The proposed techniques are comparable with
the state-of-the-art techniques. Between CRT-CMNDF and CRT-PP, the former is

slightly superior.



Table 5.1: Objective evaluation of FO estimation algorithms on CMU-ARCTIC database for clean
speech.
l\/leghod CRT-PP CRT-CMNDF YIN YAAPT SRH TEMPO Harvest DIO
GPE (%) : Gross Pitch Error
BDL 3.43+1.95 2.29 +£1.88 9.48 £3.81 1.334+1.30 | 390£2.60 | 1.31 +£1.28 | 2.454+1.80 | 3.31 +£2.91
SLT 1.79+1.90 1.63 £ 1.80 2.05+2.86 0.80+091 | 2124238 [ 0.98+£1.91 | 1.21+1.84 | 1.34£2.03
JMK 6.74 + 2.62 6.24 £+ 2.05 10.68 +2.45 | 3.60 +2.45 | 8.75+£3.93 | 4.81+2.45 | 5.03£2.67 | 5.44 +2.57
FPE (%) : Fine Pitch Error

BDL 3.03 +£0.62 2.58 £+ 0.46 1.92+0.38 | 2.78+0.48 | 3.384+0.51 | 3.03+0.42 | 3.28 £0.40 | 3.33 +0.46
SLT 2.40 +£0.51 2.22+0.49 1.45+0.44 1.9440.40 2.77+£0.52 | 235+0.45 | 2.37+047 | 241+ 0.45
JMK 3.87 +£0.55 3.74 £ 0.59 293+052 | 3.15+047 | 3.994+0.50 | 3.86£0.50 | 3.85+0.50 | 3.81+0.47

WDLB0UJIIAG UDULLD)) Y] ULOL] UOUDUISH YOI ]

1CT

1T:€  120T ‘9T 4°qwanoN

Ulg'g X UulG)"6 - 400g d41IUIDS PlIOAA

indino



Table 5.2: Objective evaluation of F0 estimation algorithms on CSTR-FDA database for clean speech.

l\'leglod CRT-PP CRT-CMNDF YIN YAAPT SRH TEMPO Harvest DIO
GPE (%) : Gross Pitch Erro
RL (female) | 14.26 +3.15 | 13.58 £3.74 | 19.65+5.94 | 1540 £5.10 | 17.34 +6.18 | 14.98 +7.33 | 15.33 £5.52 | 15.44 +£5.48
SB (male) 15.79 £ 5.05 7.89 +2.67 9.04 + 3.54 6.14 £+ 3.19 7.13+2.12 779+3.14 | 6.224+2.82 | 6.80+3.41
FPE (%) : Fine Pitch Error
RL (female) | 4.39 +0.96 4.18+1.04 3.24+098 | 449+0.89 5.29 £ 0.99 4.69 +£0.91 4.92+0.90 4.97+0.89
SB (male) 9.39 £1.43 8.35+1.64 749+1.24 | 7.74+£0.94 8.81+£1.03 8.43+1.03 8.62+0.98 8.69 +1.02
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Table 5.3:

speech (SNR = 0 dB).

Objective evaluation of FO estimation algorithms on CMU-ARCTIC database for noisy

I\'IeihOd CRT-PP CRT-CMNDF YIN YAAPT SRH TEMPO Harvest DIO
GPE (%) : Gross Pitch Error
BDL 13.97 +£3.92 10.41 £2.09 46.95+£7.86 | 13.88+6.13 | 8.19+4.17 | 57.58 £14.17 | 10.19+£6.90 | 44.13 + 14.82
SLT 24.74 £ 3.90 5.45 £+ 3.69 24.49+£593 | 5.39£4.06 5.02 £ 3.22 11.15 £ 7.81 6.56 & 5.24 3.70+£4.19
JMK 24.33 £4.05 10.07 £ 3.45 43.06 £6.39 | 21.46 £6.03 | 12.56 £5.50 | 19.76 £8.15 9.76 £ 5.65 9.60 £4.31
FPE (%) : Fine Pitch Error
BDL 5.92+0.53 4.56 £ 0.67 1.42+0.37 | 2.81+0.56 3.83 £0.65 3.41+0.72 3.96 £ 0.49 5.36 = 0.36
SLT 9.98 +0.83 6.65 +1.12 2.82+0.80 | 3.89+0.76 5.29 £ 0.97 4.90+0.75 4.69 +0.84 6.16 = 0.54
JMK 6.01 +£0.47 4.66 = 0.57 2.16+0.80 | 3.30+0.85 4.42+0.63 4.21+0.70 4.44+0.67 4.60 = 0.54
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Table 5.4: Objective evaluation of pitch estimation algorithms on CSTR-FDA database for noisy speech (SNR 0 dB).

l\lct_l}od CRT-PP CRT-CMNDF YIN YAAPT SRH TEMPO Harvest DIO
GPE (%) : Gross Pitch Error
RL (female) | 23.68 +7.29 22.81+£7.70 57.36 £9.34 | 23.80£7.76 | 21.69 £ 7.19 | 59.67 & 16.67 23.85+£9.54 46.79 £ 15.56
SB (male) 43.35 £14.41 14.41 +5.50 3245 £ 757 | 12.25+£5.25 | 11.84+4.18 | 31.68 +13.60 | 28.39+10.80 | 31.12+18.56
FPE (%) : Fine Pitch Error
RL (female) 6.49 +£1.04 5.62+1.12 1.890+0.77 4.52+1.07 4.53 £1.07 5.55 £ 1.52 4.95+0.85 5.05+£0.73
SB (male) 12.58 +1.48 10.99 +£1.51 5.04+£1.01 7.274+0.95 8.92+1.23 8.00£1.23 8.21 £1.51 9.84 +1.04
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5.5 Chapter Summary

We addressed the problem of pitch estimation from the carrier spectrogram. The
FO information in the carrier spectrogram was extracted by employing two different
techniques, one based on peak-picking and the other based on cumulative normalized
difference function of the carrier sinusoids. The latter approach was found to be
more reliable even in the presence of noise. Performance comparisons with the state-
of-the-art techniques carried out on the CMU-ARCTIC and CSTR-FDA databases,
which have parallel EGG recordings that can be used to determine the ground-truth
voiced/unvoiced decisions. The results showed that the proposed F0 estimation
algorithms are on par with the state-of-the-art techniques for clean as well as noisy

speech.
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Chapter 6

Vocal-tract Filter Estimation and Speech

Reconstruction

In the previous chapters, we focused on the analysis of the carrier spectrogram
and addressed the problems of pitch estimation, demarcation of voiced/unvoiced
regions, and delineation of periodic/aperiodic regions — all of these characterize the
source or glottal excitation. The other important attribute in the source-filter model
is the vocal-tract filter (VTF). In this chapter, we focus on the vocal-tract filter
estimation. More precisely, we use 2-D AM as a spectrotemporal model for the
magnitude response of the VTF. It shows the evolution of the vocal tract resonances
(or formants). Formants are the most commonly used parameters in characterizing
speech perception and intelligibility of voiced sounds.

In this chapter, we shall use the source and filter parameters together for the
task of speech reconstruction without requiring the short-time phase of the speech
waveform [44]/45]. The window-length plays a crucial role in VTF estimation.

A fixed-length analysis window (typically 20 to 40 ms duration) is not optimal
for estimating the VTF. The reason is as follows. Windowing in time is equivalent
to convolution in frequency, which introduces interference between the fundamental
and the harmonics (for voiced speech) and also smooths the spectral envelope. The
purpose of the window is to obtain a time-slice of the signal during which the spectral
characteristics are nearly constant. If the window is too long, it fails to capture the
rapid variations of the spectrum. If it is too short, it smears the spectrum along the

frequency dimension without commensurate improvement in time resolution. The

127
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Figure 6.1: [Color online] (a) Harmonically related Instantaneous frequency (IF)
tracks, and (b) spectrogram computed using a Hanning window of duration 30 ms.
The regions of fast varying IF and the corresponding spectrogram region are indicated
by using a rectangular box. The harmonic partials in the spectrogram are not clearly

separable when IF changes rapidly. The frequency modulated synthetic signal is
10

t
s(t) = Z sin(2rk Fot + 0.25k/0 Z(an sin(2wnT + ¢y,) + by, cos 2mnT) dr), where
n=1

k=1 =
FO0 =400 Hz, and a,, b;’s are chosen from a uniform random distribution.

analysis window must be neither too short nor too wide. Ideally, it must be chosen
based on the underlying frequency modulation . Ideally, the window duration
should be adapted to the rate of change of the spectrum. For a unit-modulus signal
with phase ¢(t), the optimal window duration A is inversely related to the rate of
change of the instantaneous frequency (IF) . Choosing A(t) = v/2|¢" (t)| "2 for a
rectangular window reduces the spread of the ridge in the t-f plane. Consider a signal
composed of ten harmonically related sinusoids, each with instantaneous frequency
(IF) shown in Figure a). Although the energy is concentrated along the harmonics,
we observe smearing of the spectrum in t-f regions where the IF varies rapidly as
shown in Figure [6.1{b) (see dashed box). This is because rapid IF variations reduce
the localization accuracy. As a result, the instantaneous bandwidth of the signal
is also overestimated @] These problems can be circumvented by adapting the
duration of the analysis window to the pitch period of the speaker. STRAIGHT
and WORLD vocoders have used this analysis methodology for estimating the

VTF. Similarly, we adapt the duration of analysis window in proportion to the
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inverse of F0O as the window slides with a constant frameshift over the duration of
signal. Such a pitch-adaptive spectrogram trades-off the time-frequency resolution
better than a fixed-window-length spectrogram. Further, short-time analysis results
in wider formant bandwidths, which makes it unsuitable for high-quality speech
reconstruction. To overcome this limitation, we propose a method for formant
bandwidth correction. The formant bandwidth correction is applied to the 2-D AM
obtained by employing CRT-based demodulation on the pitch-adaptive spectrogram.
The curated 2-D AM is used for speech reconstruction along with CRT-based source
parameters. The effectiveness of the proposed approach is shown in the context of

(1) source-filter-based spectral synthesis model; and (2) a neural vocoder (WaveNet).

6.1 The Pitch-adaptive Spectrogram

In contrast to the fixed-window-length spectrograms (narrowband/wideband), a
pitch-adaptive spectrogram is computed using a window whose length is varied in
proportion to the fundamental frequency of the speaker.
The pitch-adaptive STFT of a voiced speech signal s(7) at time ¢ is given by
oo .
S(t,w) = / s(T)w, (T —t)e¥7dr, (6.1)
—0

where the variable-length window w, (7) is supported over 7 € [—uTy, uTy], To = %
being the fundamental period at time ¢, and p is a parameter (typically, u takes
values 1,1.5,2,2.5,3, 3.5 without violating the stationary assumption. The window
duration is given by % (in seconds). The pitch-adaptive spectrogram is given
by S(w) = |S(t,w)|?>. Table lists the window duration for various values of p,
considering that an adult speaker’s pitch normally falls in the range [100, 155] Hz for
males, and [165,250] Hz for females. The window length varies between 8 ms and
70 ms, which corresponds to the highest and lowest pitch, respectively. We choose

the value of p that maximizes the demodulation accuracy, measured in terms of the
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Table 6.1: Window duration (in milliseconds) as a function of

H Male ‘ Female
FO0 =100 Hz | FO = 155 Hz | FO = 165 Hz | FO = 250 Hz
1 20 12.9 12.1 8
1.5 30 194 18.2 12
2 40 26 24 16
2.5 50 32 30 20
3 60 39 36 24
3.5 70 45 42 28

Global Signal-to-Reconstruction Error Ratio (GSRER) given by

GSRER = 201og — 2@l i (dB) (6.2)

15(w) = S(w)]
where S(w) and S(w) represent the original and reconstructed pitch-adaptive spec-

trogram, respectively.

6.1.1 Choice of pu

The optimum value of y is the one that maximizes the GSRER. We consider a mono-
component AM-FM model for the pitch-adaptive spectrogram and its reconstruction
from the estimated AM and FM. We randomly selected 40 speech files from the
CMU-ARCTIC database: 20 male (bdl) and 20 female (slt). The pitch-adaptive
spectrogram is divided into t-f patches of dimension 100 ms x 600 Hz where the fre-
quency dimension is chosen to include at least 2 pitch harmonics even for high pitch
sounds. The overlap is 75% and 35% along time and frequency axes, respectively.

The synthesized spectrogram is given by

S(w) = V(w)(ap + cos d(w)), (6.3)

output
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Figure 6.2: (a) A pitch-adaptive spectrogram; and (b) the reconstructed spectrogram
from the estimated AM and FM using the monocomponent model. The spectrogram
corresponds to the utterance “Author of the danger trail, Philip Steels, etc.” spoken
by a female speaker taken from the CMU-ARCTIC database.

where V(w) and ®(w) are the estimated AM and FM, respectively. The value of ay

in Equation (6.3) is obtained by solving the following least-squares regression:
argmin ||S(w) — V(w)(ag + cos ®(w))|3. (6.4)
o

Figure and Figure display a pitch-adaptive spectrogram and its re-
construction, respectively. Table displays the average GSRER values for male
and female speech utterances. The highest GSRER is obtained for p = 2.5, i.e.,
a window length of 5T0. Based on these results, the value of y is fixed to 2.5 for

computation of the pitch-adaptive spectrogram.
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Table 6.2: Average GSRER (dB) for various values of u corresponding to the speech
utterances taken from CMU-ARCTIC database.

= 1 15 2 2.5 3 3.5

Male 1496 +1.73 | 6.58£0.74 | 13.564+1.2 | 15.7+1.61 | 991+0.7 | 11.46 £0.91

Female 701£14 | 598£053 |931+146 | 941 +1.78 | 7.71£0.73 | 8.44+£1.08

6.2 Formant Bandwidth Correction

Short-time analysis broadens the formants and the 2-D bandpass filter further affects
the smoothness and formant bandwidths in the estimated spectral envelope. Larger
formant bandwidths cause a synthesized speech signal to decay faster in every glottal
cycle and makes it sound buzzy. On the other hand, narrow formants result in
slow decay and result in tone-like perception. Hence, it is important to correct for
formant bandwidth estimation errors.

Small fluctuations in the estimated envelope are due to residual harmonic in-
terference or noise. They can be suppressed by applying a local smoother on the
estimated AM:

) wwo(t;)/4
Varro) = —o | Vi, (VA (6.5)
wWo(ti) Jw—wo(ts)/4
where wy(¢;) (radian/sec) is the fundamental frequency at time ¢;. The smoothing
considers a rectangular window of width wg(¢;)/2. The width parameter was chosen
experimentally.

The proposed formant bandwidth correction is based on the weighted central
difference operator, applied to the smoothed AM on the log scale. The logarithm
compresses the dynamic range and makes the correction more effective in high-
frequency regions. A three-point weighted central difference of V., (w) is given
by

X, (w) = Z wi In Vi 4, (w — kwo(ts)), (6.6)
k=—1
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where the weights sum to unity:

Z Wg = 1. (67)

Equation shows that Xy, (w) is the weighted sum of three terms: InVj 4, (w), its
right-shifted version In V; 4, (w—wq(t;)), and the left-shifted version In V; ¢, (w+wo(t;)).
We choose equal weights for the right-shifted and left-shifted versions, i.e., w_1 = w;.

Taking inverse Fourier transform on both sides of Equation gives

X, (t) = (wo + 2w; cos (wo(ti)ﬂ> Ly, (), (6.8)

where £ is the dual of w, which denotes the quefrency variable in the cepstral domain,
and Ly, (f) is the inverse Fourier transform of InV; ;,(w). The corrected spectral
envelope is further subjected to lowpass filtering to suppress variations beyond F0

resulting in the following envelope:

Ve, (w) = e]:{j("i (f) St ({)}’ (6.9)

where
A sin (wFOf)
5, () = )
7F0t

A negative value of w; in Equation ensures reduction in the formant
bandwidths. The correction filter is parameterized by a single parameter w; since
wo = 1 — 2w;. We evaluate the effectiveness of the formant bandwidth correction
for a synthetic vowel first and then for the real speech from VIR database [60].

In order to synthesize a vowel close to a natural one, we extract linear prediction-
based envelope from a sustained real vowel “/o/” of duration 1 sec, which is spoken
by a male speaker having an average pitch of 120 Hz — the average pitch is estimated
by using an open source software Praat [84]. The linear prediction envelope from
a real vowel is obtained by using short-time analysis with a Hamming window of

duration 40 ms and frameshift of 5 ms. The vowel is synthesized using a 14*"-order
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Table 6.3: The estimated 3-dB formant bandwidths (Hz) and the bandwidth estima-

5
tion error (Hz) with respect to the ground-truth for a synthetic vowel. § = % Z 5.
i=1
Parameter w; = —0.50 was chosen based on the objective evaluation of the recon-

structed speech waveforms (Section [6.4).

B(l)‘g(l) B(2)|5(2) B(3)|5(3) B(4)‘5(4) B(5)‘(5(5) 5
Ground truth 113]— 86|— 279|— 125|— 213|— -

After smoothing || 152|34.48 | 293|240.91 | 334/19.58 | 240(92.19 | 412]|93.58 | 96.15%
After correction || 90]|20.69 207|140.91 | 205/26.57 | 180[43.75 | 217]1.83 46.75%
(w; = —0.50)
WORLD 109|3.45 225]161.36 | 262(6.29 199]59.38 | 248|16.51 | 49.40%
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Figure 6.3: (Color online) Influence of the weight parameter w; on the bandwidth
estimation error: (a) Mean-bandwidth estimation error; and (b) the estimated
formant bandwidths.

LP filter with the excitation

Ko
e(t) =Y cos(2rkFO1), (6.10)
k=1

where FO = 120 Hz, Ky = F;{f ~ 33 (number of harmonics) with Fy = 8000 Hz.

The envelope is obtained using CRT operating on the pitch-adaptive spectrogram.
The envelope is subjected to formant bandwidth correction.

In order to examine the effect of the weight parameter w; on the formant
bandwidths, we estimate the 3-dB formant bandwidths from the smoothed spectral

envelope and the LP envelope that serves as the ground truth.
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6.2.1 Effect of weight parameter on bandwidth estimation

We estimate 3-dB formant bandwidths from: (1) the ground truth LP envelope,
(2) smoothed CRT envelope, (3) CRT envelope after correction, and (4) envelope
obtained from WORLD vocoder. The relative estimation error for the i*” formant

bandwidth is given by

B — B

6@ = x 100, (6.11)

By
where B and B!(]i) represent the estimated 3-dB bandwidth (Hz) and the ground
truth, respectively. Table compares the estimated bandwidths and the relative
estimation error for five formants. We observe that the bandwidth correction
filter reduces the average bandwidth estimation error from 96.15 % to 46.75 %.
Figure displays the mean bandwidth estimation error § with respect to weight
parameter wy. The error is small when —1 < wy; < —0.65.

While Figure displays an aggregated effect of w; on all the five formants,
Figure [6.3(b)| shows the effect of w; on the estimated bandwidths of the individual
formants. Figure displays the CRT-AM, and its corrected version (w; = —0.50)
for a windowed segment of the synthetic vowel along with the ground truth LP
envelope, WORLD envelope, and the STFT magnitude response. Figure [6.5]shows
the corrected envelope for various choices of wy. Large negative values of wy result in
envelope fluctuations, which are undesirable. The objective evaluation in Section [6.3
confirms that the best quality of reconstructed speech (using a spectral synthesis

model) is achieved for —0.60 < w; < —0.50.

6.2.2 Effect of weight parameter on formant frequencies

Ideally, the bandwidth correction step must not shift the formants. In this subsection,

we check if there is a shift in the formant frequencies. The estimation error for the
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Figure 6.4: (Color online) This figure shows the STFT magnitude, envelope estimated
using CRT (CRT-AM), envelope obtained after smoothing (CRT-AMS), envelope
obtained after correction (CRT-AMC), and envelope obtained from the WORLD
vocoder (WORLD-AM). The envelopes are shifted by introducing a bias only to aid
visualization.
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Figure 6.5: [Color online] The effect of weight parameter w; on the envelope estimated
by the CRT demodulator. The formant bandwidths reduce as the weight parameter
becomes more negative — this effect can be seen predominantly in the first formant
shown in the zoomed-in portion.

it" formant is given by

x 100 (%), (6.12)

where F() and Féi) denote the i*" formant and the ground-truth formant frequencies,
respectively. Table shows the formant estimation error before and after apply-

ing bandwidth correction to smoothed CRT-AM. We observe that the correction
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Table 6.4: Formants (Hz) and the formant estimation error (in %) after correction
5

for a synthetic vowel. 5 = % Z ’y(i). Parameter w; = —0.50 was chosen based on
i=1
the objective evaluation of the reconstructed speech waveforms (Section .

Ground truth 343.83— | 781.44|— | 2391.21|] 3561.42]— | 4251.04|—
Smoothed CRT- || 359.46|4.55| 734.55|6 | 2391.21|0| 3577.05|0.44| 4204.15|1.1
AM
CRT-AM after || 359.46]4.55| 734.55|6 | 2391.21|0| 3592.67]|0.88| 4217.83|0.78| 2.44%
correction (wy =
~0.50)

FORD | FOR® | FORG | FOR@) | FORG | 5
2.

42%

mechanism causes only a minor perturbation in the formant frequencies.
For real speech, Figure displays the envelope in the t-f plane estimated using
the proposed technique and the CheapTrick [159] algorithm (used by WORLD

vocoder) together with the corresponding pitch-adaptive spectrogram.

6.2.3 Effect of formant bandwidth correction on real speech

We analyze the effectiveness of the proposed CRT-based formant tracking and the
bandwidth correction method on VIR database [60]. The database has 8 dialects
of which we select a subset consisting of 2 female and 2 male utterances for each
dialect, ending up with a total of 32 utterances for evaluation. The formants and
their bandwidths are compared for STRAIGHT, WORLD and CRT envelope with
respect to each other and in reference to the values provided in the VTR database.
The standard objective measures for evaluation are as follows.
Gross Detection Rate (GDR) (in %): It is the number of formants detected
within 20 % of the reference value or 300 Hz absolute deviation, whichever is smaller.
Mean Absolute Deviation (MAD) (in Hz): It is the mean value of the absolute
deviation of the detected formants from the reference value.

A high value of GDR and a low value of MAD indicate better overall accuracy of
a formant tracking algorithm. The envelopes from STRAIGHT, WORLD and CRT-

AM (before formant bandwidth correction) are obtained for the 32 speech waveforms.

output
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Figure 6.6: (a) A pitch-adaptive spectrogram; (b) CRT envelope after formant
bandwidth correction; and (c) envelope obtained using CheapTrick (algorithm used
by WORLD) for the speech utterance, “Author of the danger trial, Philip Steels etc.”
spoken by a male speaker.

The GDR and MAD values are averaged across all the voiced speech frames and
over the chosen utterances. The performance of three methods for formant tracking
is reported using GDR and MAD. The estimation errors in formant bandwidths can
only be reported using MAD. Table[6.5]and Table[6.6] report the average GDR and
MAD scores for formant tracking for male and female speakers, respectively. The
results show that the CRT-based approach is on par with STRAIGHT and WORLD.

Figure [6.7| shows the estimated formant tracks superimposed on the ground-truth
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Figure 6.7: Illustration of the first three formant tracks from the VIR database and
the estimated formant tracks using CRT. (a) Smoothed CRT envelope overlaid with
the ground-truth formants; and (b) ground-truth formant tracks, their estimates,
and missed formants. The speech utterance is “This has been attributed to helium

film flow in the vapor pressure thermometer.” spoken by a female speaker, taken
from the VTR database.

Table 6.5: Average GDR and MAD of formants F1, F2, and F3 for male speakers.
Parameter w; = —0.50 was chosen for bandwidth correction based on objective
evaluation of reconstructed speech (Section .

GDR (%) MAD (Hz)
Method F1 F2 F3 F1 F2 F3
CRT (before correction) || 78.07 | 93.00 | 93.09 | 44.92 | 77.08 | 74.03
CRT (after correction) 76.88 | 97.53 | 98.04 | 46.25 | 70.56 | 72.58
STRAIGHT 81.16 | 96.27 | 99.37 | 45.03 | 78.95 | 65.53
WORLD 79.09 | 96.48 | 99.38 | 44.76 | 83.30 | 70.86

formant tracks provided in the VTR database. The VTR ground-truth is based
on LP analysis followed by manual correction. The figure illustrates that the CRT
envelope closely follows the ground truth formants.

Table [6.7] and Table [6.§ report the average values of MAD scores for formant

bandwidths for male and female speakers, respectively, where we used the smoothed
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Table 6.6: Average GDR and MAD of formants F1, F2, and F3 for female
speakers. Parameter w; = —0.50 was chosen for bandwidth correction based on
objective evaluation of reconstructed speech (Section .

GDR (%) MAD (Hz)
Method F1 F2 F3 F1 F2 F3
CRT (before correction) || 79.01 | 81.27 | 81.41 | 45.11 | 92.06 | 88.05
CRT (after correction) 75.72 | 90.38 | 93.28 | 50.03 | 89.97 | 92.64
STRAIGHT 80.73 | 96.76 | 94.47 | 46.51 | 93.13 | 94.48
WORLD 76.53 | 94.08 | 92.56 | 45.06 | 93.68 | 97.76

Table 6.7: Average MAD of formant bandwidths (female
speakers). Parameter w; = —0.50 was chosen for band-
width correction based on objective evaluation of recon-

structed speech (Section [6.4).

MAD (Hz)
Method F1-BW | F2-BW | F3-BW
CRT (before correction) || 162.61 | 157.23 | 721.33
CRT (after correction) 82.45 110.00 | 208.00
STRAIGHT 130.74 | 101.78 | 492.12
WORLD 63.11 122.35 | 556.31

Table 6.8: Average MAD for formant bandwidths (male
speakers). Parameter w; = —0.50 was chosen for band-
width correction based on objective evaluation of recon-

structed speech (Section .

MAD (Hz)
Method F1-BW | F2-BW | F3-BW
CRT (before correction) || 104.00 | 162.00 | 483.95
CRT (after correction) 97.15 144.00 | 388.00
STRAIGHT 51.13 105.07 | 300.74
WORLD 44.76 83.30 70.86

CRT envelope without formant bandwidth correction. From the tables, it is clear

that CRT overestimates the formant bandwidths in comparison to STRAIGHT and

WORLD. Also, the factor by which the bandwidths are overestimated is more for

output
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Figure 6.8: Average GDR and MAD for formants, and MAD scores for formant
bandwidths (MAD-BW) with respect to the weight parameter used for formant
bandwidth reduction. (First row: male speakers; Second row: female speakers).

female speakers than the male speakers, quite likely due to higher pitch of the female
speakers.

Next, we compute the average GDR and MAD for various values of the weight
parameter in Equation . From the results shown in Figure we observe
that average GDR exhibits an increasing trend for second and third formants, and
a decreasing trend for the first formant for both the genders (see Figure [6.8(a)]
and Figure [6.8(d)). The average MAD scores for formant bandwidths exhibit a
decreasing trend for the first two formants. However, the trend is a bit erratic for
the third formant-bandwidth (see Figure and Figure [6.8(f))). These results on
real speech signals underscore the importance of formant bandwidth correction.

The Riesz transform based analysis of speech signals is summarized in the block
diagram shown in Figure The source parameters such as pitch, voiced/unvoiced
segmentation, and aperiodicity are all estimated by employing CRT demodulation

on a narrowband spectrogram. In particular, the 2-D FM is used for the estimation
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Figure 6.9: Block diagrams illustrating source and filter parameter estimation using
CRT-based analysis of a speech signal.

of source parameters. The vocal-tract filter response is obtained by employing
CRT-based demodulation of the pitch-adaptive spectrograms.

The rest of this chapter is devoted to speech reconstruction using the source
and filter parameters estimated using the CRT approach. For comparison, we
use acoustic features obtained from the state-of-the-art vocoders STRAIGHT and

WORLD.

6.3 Speech Reconstruction Using the Spectral Synthesis Model

The spectral synthesis model requires four inputs: instantaneous F0, voiced /unvoiced
decisions, aperiodicity parameters (AP), and the vocal-tract filter (VTF) response.
In the spectral synthesis model, the spectrum of a voiced sound segment at instant

t; is given by

b (@) = 1, () (mu () () + e, () <w>). (6.13)
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Figure 6.10: Illustration for obtaining the synthesis time instants from instantaneous
phase. Synthesis time instants are given by the time-locations for which ¢4(t) > 7.

0.25

For unvoiced segments, the spectrum is given by
§u'U7ti (w) = @ti (w)a’ti (w)ﬁti (w)7 (614)

where ¥, (w), a¢, (w), fit, (w), and Ty denote the vocal-tract filter estimate, aperiodicity
map, white Gaussian noise, the instantaneous pitch period at t;. The quantities
¥, (w) and @, (w) are derived by a minimum-phase approximation of the estimated
vocal-tract filter and aperiodicity parameters, respectively. At a given instant, the
speech segment is identified either as voiced or unvoiced, the corresponding spectrum
is computed, and then subjected to inverse Fourier transform. The resulting speech
segments are overlapped and added in a pitch-synchronous fashion.

The synthesis instants are derived from FO track of the speaker. In general, the
analysis and synthesis time instants are not aligned. The filter response, AP, V/UV

and FO are copied from the nearest analysis instant to the current synthesis instant.
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Table 6.9: Various configurations considered to assess the influence of the analysis
parameters on the quality of speech reconstruction using the spectral synthesis

model.
Parameters ‘ Case 1 ‘ Case 2 Case 3 Case 4 ‘ Case 5 ‘ Case 6
V/UvV WORLD CRT CRT CRT CRT CRT
AP D4C [127] D4C CRT CRT CRT CRT
FO Harvest [150] Harvest Harvest CRT Harvest | CRT
VTF CheapTrick [159] | CheapTrick | CheapTrick | CheapTrick CRT CRT

6.3.1 Synthesis Time Instants

The synthesis instants ¢; in Equation (6.13) and Equation (6.14) are derived from
the pitch contour fo(t) as follows. The procedure is identical to that followed in

STRAIGHT and WORLD.

(1) Compute the instantaneous phase ¢(t) from the instantaneous pitch fo(t) (cf.

Figure [6.10{a)):
o(t) = 27r/0 fo(r)dr. (6.15)

A default value of 500 Hz is assigned to fo(t) in unvoiced segments.
o(t)
27
crossings of 27 and its integer multiples (cf. Figure [6.10(b)).

(2) Construct a function ¢,4(t) = QWL J, which is discontinuous at the level-

(3) Remove the contribution of ¢,(t) from @(t) to obtain ¢(t) = ¢(t) — ¢g(t). The

function qﬁ(t) is bounded between 0 and 27 and retains the discontinuities in

bq(t) (cf. Figure c)).
(4) Highlight the singularities in é(t) by computing its derivative ¢4(t) =

Figure [6.10{d)).

(5) The synthesis instants are selected as the instants {t;} where ¢4(t) > 7.
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Table 6.10: Average PESQ scores over 100 speech utterances for each of the
speakers taken from CMU-ARCTIC database.

Case 1 ‘ Case 2 ‘ Case 3 Case 4 Case 5 Case 6
bdl | 3.47+0.14 | 3.424+0.16 | 3.344+0.12 | 3.31+0.16 | 2.934+0.14 | 2.67+0.15
ksp | 3.42+£0.16 | 3.45+0.13 | 3.424+0.12 | 3.40£0.16 | 2.73+0.14 | 2.48 +£0.11
clb | 3.494+0.12 | 3.40+0.14 | 3.34+£0.15 | 3.45+0.18 | 2.64 +0.14 | 2.30 +0.13
slt | 3.58+20.02 | 3.514+0.15 | 3.434+0.12 | 3.344+0.16 | 2.91 +£0.15 | 2.58 0.18

3.2
3 L
o 28
)
g 26
w
2 24}
P
w
Z 227 —ksp|
clb
2 —slt
1.8 ; '
-1.5 -1 -0.5 0

WEIGHT PARAMETER (w)

Figure 6.11: (a) PESQ scores versus bandwidth correction factor ws, averaged over
100 speech waveforms for each speaker.

6.4 Results

Next, we analyze the effect of each of the parameters on the quality of reconstruction.

The various scenarios considered are presented in Table The reconstruction

follows the spectral synthesis model in each case. Case 1 corresponds to the baseline

WORLD vocoder, which uses D4C for aperiodicity estimation |127], Harvest for FO

estimation [150], and CheapTrick for vocal-tract filter estimation [159]. In Case 2,

the AP used by WORLD is replaced by CRT aperiodicity (CRT-AP), and likewise

for the other cases mentioned in the table.

output
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Figure 6.12: Mean opinion scores for the analysis/synthesis experiment: (a) male
speakers (bdl, ksp); and (b) female speakers (clb, slt) taken from CMU-ARCTIC
database. This figure compares the influence of CRT aperiodicity parameters and
voiced /unvoiced decisions (CRT-(AP+V/UV)), WORLD, and STRAIGHT. The
error bars show 95% confidence interval.

6.4.1 Objective Evaluation

For objective evaluation, we use the PESQ metric. We choose a total of 100 speech
waveforms from CMU-ARCTIC database for each of the speakers: 2 male (bdl, ksp)
and 2 female (slt, clb). Tablereports the average PESQ scores and the standard
deviation. The scores show that the proposed parameters result in a performance
comparable with the baseline except for Case 5 and Case 6, where the CRT envelope
is used after formant bandwidth correction. The effect of the weight parameter wq
on PESQ is determined by reconstructing speech signals using the configuration in
Case 5. wy is varied from —1.5 to 0, with w; = 0 corresponding to no correction.
Figure [6.11 displays the average PESQ over 100 speech waveforms for speakers
bdl, ksp, slt, and clb. The highest PESQ scores are obtained around w; = —0.5.
Informal listening tests also confirmed this observation. The optimal value of w;
is set to —0.5. Reconstructed speech samples are available for listening at the link:

https://jitendradhiman.github.io/RZParametersImpactOnRecons.html,


https://jitendradhiman.github.io/RZParametersImpactOnRecons.html
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Figure 6.13: Comparison between CRT and WORLD/STRAIGHT in terms of the
mean opinion score of the analysis/synthesis quality of speech: (a) male speakers
(bdl, ksp); and (b) female speakers (clb, slt) taken from CMU-ARCTIC database.
The error bars show 95% confidence interval.

6.4.2 Subjective Fvaluation

We use standard MOS test employing 25 listeners in the age group of 21 to 30 years
with normal hearing. We used 40 speech utterances (20 - male and 20 - female
from CMU-ARCTIC database). The listening test was conducted in a soundproof
chamber and the listeners were given a Sennheiser HD 650 headphone. Since the
listening test is a time-consuming process, given the constraints due to Covid-19,
we conducted the test only for Case 3 and Case 5 in Table For comparison, we
included STRAIGHT and WORLD vocoders. The tests were conducted in two sets.
In the first set, we compared Case 3, STRAIGHT and WORLD. In the second set,
we compared Case 5, STRAIGHT and WORLD. Case 3 indicates the joint impact
of CRT-AP and CRT-V/UV; Case 5 also includes CRT-VTF. Figure displays
the results of MOS test for Case 3, the performance of CRT-AP and CRT-V/UV is
on par with the state-of-the-art. Figure [6.13 displays the results of MOS test for

Case 5, the performance of CRT-VTF is inferior to the existing methods.
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6.5 Speech Reconstruction Using WaveNet

WaveNet [2] is a deep generative model for audio waveform generation. A speech
waveform is time-series data and has both short-term and long-term dependen-

cies. The temporal correlations are modeled using the autoregressive model in a

probabilistic sense. The audio samples @ = {1, 29, ..., 27} are modeled as follows:
T

pa@) =[] platla, ... 2i0), (6.16)
t=1

where p(x) represents the joint density. The sample x; is therefore conditioned on
the past samples up to instant (¢ — 1). The accuracy of generative models could be

improved by suitably conditioning on an auxiliary feature h as follows:

T
p(x|h) = Hp(xt|x17---7xt—lah), (6.17)
t=1

where h are the mel-frequency cepstral coefficients in the standard WaveNet model.
In our model, h corresponds to the acoustic features derived from CRT analysis.
WaveNet could be interpreted as a statistical vocoder that is based on a nonlinear
autoregressive model (Equation ) for sample generation given the past samples
and acoustic features. By conditioning the model on acoustic features, one can guide
WaveNet to produce realistic speech waveforms.

Figure displays the architecture of WaveNet vocoder. The major blocks are
as follows.
e iu-law compression: During inference, WaveNet produces speech samples as a
function of time in an autoregressive fashion. The sampling rate and bit width
determine the complexity of the synthesis. For instance, a 16 bit representation has
216 — 65, 536 possible amplitudes, which means that at each instant, it is required to
output one out of 65,536 possible outputs — this is more challenging than a typical

classification problem. To address this issue, the speech waveform is subjected to
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Figure 6.14: The WaveNet architecture [2].

p-law compression to reduce the dynamic range:

In(1 + il |

1 6.18
e bl <1 (6.15)

ye = sign(zy)

where x; and y; denote the input and transformed waveform samples, respectively.
The output lies between 0 and p — 1. The parameter p is set to 256. After
compression, there are only 256 categories to predict from, which is a relatively
easier problem.

e Dilated causal convolutions: WaveNet uses a stack of dilated convolutional
layers to model the long-range dependencies of audio samples in Equation .
Stacking dilated convolution layers increases the temporal support of the network.
The dilation factor is increased exponentially from one layer to the next and typically

repeated after a certain limit. For example, a dilation depth of 3 and repeat of 2
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Table 6.11: Values of the design parameters in WaveNet.

Dilation depth | Dilation repeat | Kernel size | Residual channels | Skip channels | p
10 3 2 512 256 256

gives dilation factors: 1,2,4, 1,2,4 in the stack. In addition, these layers use causal
convolution, i.e., the prediction p(x¢|z1,...,2:—1) emitted by the model at time ¢
does not depend on the future time-steps x¢y1, Ty2,...,T7.

e Residual block: WaveNet uses a stack of residual blocks (see Figure to
increase the model capacity in order to account for long-term dependencies. The
main source of non-linearity in a residual block is the gated activation unit which is
the same as the one used in PixelCNN network [160]. The conditional features are
typically at a lower sampling rate than the signal. Hence, before feeding them to
the residual block, the conditional features are upsampled to the same resolution as
the speech samples to be generated. The output of a gated activation unit in the

r*" residual block is given by
z = tanh (W}T) "D 4 Vf(r) * y) O 0’<Wg(r) s 4 Vg(r) * y), (6.19)

where ("1 is the output of the previous residual block in the stack, y denotes the
extended time series of the original features h at the time resolution adjusted to
' ! o(a) = H%’ and W;r), Wg(r), Vf(r), Vg(r) are learnable linear transformations.
Residual and skip connections |[161] are used to facilitate faster convergence and

training.

6.6 Experimental Results

We use 2 male (bdl, ksp) and 2 female (clb, slt) speakers from CMU-ARCTIC
database. The database for each of the speakers consists of 1132 sentences out of
which 1028 sentences were used for training the WaveNet, and 104 for testing (sam-

pling rate is 16 kHz). We extract the following features: pitch (F0), voiced/unvoiced
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Figure 6.15: Block diagram illustrating the training and synthesis phases in a
WaveNet vocoder using the acoustic features from CRT-based analysis.
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decisions (V/UV), bandwise aperiodicity parameters (BAP), and the vocal-tract
filter (VTF). The pitch contour is linearly interpolated in unvoiced segments. We
compute 25-dimensional Mel-filterbank features from the VTF. The concatenation
of FO (1-dim), BAP (3-dim), VTF (25-dim) gives a 29-dimensional acoustic feature,
which is used as a conditional feature (h) in WaveNet. The three BAP parameters
correspond to the frequency subbands: 0-4 kHz, 2-6 kHz, and 4-8 kHz. For compari-
son, we used 3 sets of acoustic features extracted using STRAIGHT, WORLD, and
CRT and trained corresponding WaveNet vocoders in a speaker-dependent manner.
Table [6.11 lists the parameter choices. Figure [6.15 shows the block diagram for
WaveNet training and speech reconstruction. The feature vectors are normalized to

have zero-mean and unit-variance (“Global normalization” block).
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Table 6.12: Objective scores (averages and standard deviation)
for speech reconstructed using the STRAIGHT, WORLD and
CRT (proposed) features incorporated in a WaveNet vocoder.
The scores were averaged over 104 test speech utterances for
each speaker taken from CMU-ARCTIC database.

‘ Method ‘ bdl (male) H ksp (male) | clb (female) | slt (female)

PESQ: Speech quality test

STRAIGHT 3.14£0.19 | 3.404+0.14 | 3.38£0.14 | 3.51+0.17
WORLD 3.46+0.14 | 3.50+0.12 | 3.49+0.22 | 3.26+0.16
CRT (proposed) | 3.37+0.14 | 3.39+0.13 | 3.41+£0.17 | 3.65+£0.15

-k PR

T T T
STRAIGHT WORLD CRT

Figure 6.16: PESQ scores for the reconstructed speech waveforms corresponding to
the speakers bdl, ksp, clb, and slt by using the acoustic features from STRAIGHT,
WORLD, and CRT in the WaveNet vocoder. Both box and swarm plots are shown.
A gray dot represents the objective score corresponding to a speech utterance.

6.6.1 Objective Evaluation

Table[6.12 shows the results of objective evaluation. We observe that the performance
of CRT is on par with STRAIGHT and WORLD in the WaveNet setting. Figure|6.16
shows the PESQ scores for the reconstructed speech waveforms using acoustic features
derived from STRAIGHT, WORLD, and CRT in the WaveNet setting. We observe
that PESQ for STRAIGHT goes below 3.0 for some speech utterances in the dataset.
On the contrary, PESQ for WORLD and CRT are concentrated above 3.0 barring a
few outliers. Some synthesized speech samples are available for listening at the link:

https://jitendradhiman.github.io/waveNet.html.


https://jitendradhiman.github.io/waveNet.html
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Figure 6.17: Mean opinion scores for assessing the synthesis quality of speech
for (a) male speakers (bdl, ksp); and (b) female speakers (clb, slt) taken from
CMU-ARCTIC database. The subjective evaluation compares CRT, STRAIGHT
and WORLD features operating in a WaveNet setting. The error-bars show 95%
confidence interval.

6.6.2 Subjective Fvaluation

We conduct MOS test for subjective evaluation of the synthesized speech in the
WaveNet setting. Seventeen listeners participated in the test and the test setup is
the same as mentioned in Section [6.4] We select 2 male (bdl, ksp) and 2 female (clb,
slt) from CMU-ARCTIC database. For each speaker, 5 randomly chosen speech
utterances are used for MOS evaluation. In a single trial, the subject listens to 4
speech samples comprising speech synthesized using CRT, STRAIGHT, WORLD
features in addition to the original waveform. As a result, a subject listens to a total
of 80 speech utterances. The subjects were asked to rest for 10 minutes after 20
minutes of participating in the experiment. The order of presentation is random.
Figure displays the MOS scores for male and female speakers. We observe that
the performance of CRT features is on par with the state-of-the-art for both genders.
The MOS scores for individual speakers (bdl, ksp, clb, and slt) are displayed in
Figure from which the same conclusion can be drawn.
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Figure 6.18: Mean opinion scores for assessing the synthesis quality of speech for (a)
bdl, (b) ksp, (c) clb, and (d) slt speakers taken from CMU-ARCTIC database. The
subjective evaluation compares CRT, STRAIGHT and WORLD features operating
in a WaveNet setting. The error-bars show 95% confidence interval.

The statistical significance of the MOS scores was determined by conduct-
ing pairwise Mann-Whitney U-test for the 6 pairs: CRT-ORIGINAL,
CRT-STRAIGHT, CRT-WORLD, ORIGINAL-STRAIGHT, ORIGINAL-WORLD,
STRAIGHT-WORLD. The corresponding MOS scores from the male and female

speakers were pooled before computing the p-value for each pair. Table shows

output
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Table 6.13: p-values for different pairs in Mann-Whitney
U-test to test the statistical significance of MOS values for
speech reconstructed using WaveNet.

ORIGINAL | STRAIGHT | WORLD
CRT < 0.001 0.003 0.004
STRAIGHT < 0.001 - 0.003
WORLD < 0.001 -- --

the p-values — all pairwise differences were found to be statistically significant.

6.7 Chapter Summary

We considered the problem of vocal-tract filter estimation using the CRT approach.

The formant bandwidths were found to be over-estimated. Since accurate formant
bandwidth estimates are required for high-fidelity speech reconstruction, we proposed
a correction method. The effectiveness of the correction was demonstrated on
synthetic vowels and real speech. The accuracy of source and filter parameter
estimates was analyzed for the task of speech reconstruction in the spectral synthesis
model and WaveNet vocoder. Previous research has shown that the spectral synthesis
model is sensitive to oversmoothing of the parameters. Our findings also confirmed
that oversmoothing results in muffled speech. Among the parameters estimated using
CRT, the vocal-tract filter estimate was found to be below par when incorporated in
the spectral synthesis model. However, deep learning based WaveNet vocoder proved
to be insensitive to oversmoothing. The quality of synthesized speech samples using
WaveNet operating on CRT derived features was found to be on par with that of
STRAIGHT and WORLD.

output
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Chapter 7

Conclusions and Outlook

The key objective of this dissertation is systematic development of techniques for
spectrotemporal analysis of speech signals. The idea is to divide a spectrogram into
smaller patches, each of which is modeled using a 2-D AM-FM cosine. We showed
that the proposed technique gave rise to several spectrotemporal representations
that highlight both source and filter parameters. The key ingredient is the complex
Riesz transform (CRT), which enables efficient demodulation of a narrowband pitch-
adaptive spectrogram into 2-D AM and FM components that capture the filter and
source attributes, respectively.

In this chapter, we summarize our findings, highlight the main contributions of

this thesis, and discuss possibilities for further work.

7.1 Summary of the Contributions

In Chapter 2, we reviewed 2-D AM-FM cosines and discussed their Fourier-domain
properties. The 2-D AM-FM model was applied to the voiced patches, in particular,
a multicomponent one that uses a sum of weighted 2-D AM-FM cosines. The
number of terms or the order must be adapted to the speaker’s pitch. Extensive
objective evaluation on standard speech databases showed that the multicomponent
model has higher accuracy than the monocomponent model, particularly for high-
pitched sounds. This observation indicates that a multicomponent AM-FM model

is particularly better suited for female speakers. The estimation of the AM/FM
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parameters requires one to solve the demodulation problem in 2-D, for which we
used the complex Riesz transform.

The demodulation gave rise to the 2-D carrier spectrogram, which predominantly
contains the fundamental frequency and the AM, which highlights vocal-tract
resonances.

In Chapter 3, we examined the carrier spectrogram for different speech sounds
and showed how it could be used to decompose a speech signal into its periodic and
aperiodic components. The carrier spectrogram is particularly suited for detecting
coherent versus incoherent t-f patterns. The coherent and incoherent t-f patterns were
described using two t-f maps derived from the carrier spectrogram: the coherencegram
and orientationgram. While the coherencegram aids in identifying the harmonic
and inharmonic patterns, the orientationgram gives the local orientation. Taking
the two t-f maps jointly proved to be useful to classify t-f bins as either periodic or
aperiodic.

Chapter 4 dealt with the problem of voiced/unvoiced segmentation and aperi-
odicity estimation of speech using the carrier spectrogram. We derived novel features
from coherencegram and used them for the task of voiced /unvoiced segmentation.
Unlike the state-of-the art features which are typically obtained in the time-domain,
coherence-based features were found to be relatively insensitive to the local variations
of the speech signals. Objective evaluation showed that the coherence-based features
outperformed the state-of-the-art. Next, we used the carrier spectrogram for estimat-
ing the speech aperiodicity and derived band-wise aperiodicity parameters, which
were found to be useful for modeling the noise component in a spectral synthesis
model for the task of speech reconstruction.

In Chapter 5, we addressed the problem of pitch estimation from the carrier
spectrogram, which encodes the temporal evolution of pitch and its harmonics.
We propose two methods and showed that their performance was on par with

state-of-the-art techniques on both clean and noisy speech databases.
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Figure 7.1: [Image taken from Google] (a) A grayscale image of zebra; (b) the AM
component; and (c) the FM component.

In Chapters 3-5, the emphasis was on the demodulation of narrowband spectro-
gram and estimation of the source parameters from the resulting carrier spectrogram.
In Chapter 6, we argued that the pitch-adaptive spectrogram is a better candidate
for the estimation of vocal-tract filter. The bandwidths of formants have a direct
impact on the quality of speech waveform reconstructed using a spectral synthesis
model. Hence, we proposed a method to tune the formant bandwidths and conse-
quently have a better control on the quality of synthesized speech. We then showed
the effect of the source and filter parameters on the quality of speech reconstructed
by using a spectral synthesis model and the WaveNet vocoder. The baseline features
were extracted using STRAIGHT and WORLD, and compared with the proposed
features.

Thus, we established that spectrotemporal analysis of speech signals using the
complex Riesz transform is a promising alternative to short-time processing.

Out of sheer curiosity, we considered the demodulation of a zebra! Figure[7.1
shows the results of the demodulation — indeed the technique separated the zebra

from its stripes.
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7.2 Outlook

The advantages of the spectrotemporal analysis technique are accompanied by
certain challenges. Consider a spectrogram computed using a frame-shift of 1 ms
and 1024-length discrete Fourier transform. For a 3 s long signal at 16 kHz sampling
rate, the spectrogram is of size 3000 x 512. A patch size of 600 Hz x 100 ms or
38 x 100 samples, and a hop size of 25 and 8 samples along time and frequency
dimensions, respectively, gives a total of 3000/25 x 512/8 = 7680 patches. The
demodulation takes approximately 200 s on a 20-CPU core machine. Developing
fast algorithms for demodulation is open for further research.

Oversmoothing of the estimated parameters is a shortcoming of spectrotemporal
analysis. Demodulation is effectively a process of separating a signal into slowly-
varying (AM) and fast-varying (FM) components. Operating on large t-f patches
invariably introduces additional smoothing, which affects the quality of synthesis,
as it happened with the formant bandwidth estimates operating in the spectral
synthesis model. Such degradation was not observed in the case of the WaveNet
model. This indicates that the smoothing effects can be overcome by superior
statistical modeling. This aspect requires further investigation.

Although we alluded to the multicomponent AM-FM model, we worked largely
with the monocomponent model. Recall from Chapter 2 that the multicomponent
model parameters are estimated by patch-wise least-squares regression. The t-f maps
of ag, a1, o, ..., ax may give rise to new insights into the model. The t-f maps
of ap and a; are shown in Figure We observe that «q is relatively higher for
inharmonic t-f regions — this is because «q is a representative of the residual error
after fitting the cosine term, and is therefore higher for inharmonic t-f regions. On
the other hand, a4 is higher in t-f regions containing a temporal discontinuity. For
instance, a;; could represent the occurrence of plosives or transient sounds.

This dissertation focused only on narrowband and pitch-adaptive spectrograms.

AM-FM analysis of wideband spectrograms has been relatively unexplored and
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Figure 7.2: (a) A speech utterance “And you always want to see it in the superlative
degree,” spoken by a female speaker; (b) its narrowband spectrogram; t-f maps of
coefficients (¢) ap, and (d) ;. The t-f maps of ap and «; are normalized between 0
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might hold the key to interesting speech properties. Also, the analysis employed

spectrotemporal patches of fixed dimension. Adapting the t-f patch size is an aspect

that requires more investigation.

Such segregated streams of information may be useful in applications such as voice

The proposed technique gives access to the source and filter parameters separately.

conversion [163H165|, singing voice synthesis [166], auditory chimaeras [167], etc.
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Appendix A

Obtaining the Frequency Response From
the Magnitude Response of a

Minimum-Phase Sequence

Consider a real and minimum-phase sequence h[n], and its discrete-time Fourier
transform h(el). We show that the frequency response h(el) can be exactly
obtained from its magnitude response |2 (el)|.

Consider the real cepstrum of h[n] given by

n) = F~Y{In |h(e)|}, (A.1)
and its complex cepstrum given by

cn] = F~Y{Inh(e*)}, (A.2)

where 7! denotes the inverse discrete-time Fourier transform. The real and complex

cepstra are related as follows:

c

[n] = w (A.3)

The proof is as follows. Consider
c[n] + c[-n] = F H{In iz(ej“’) +1In fl(e*j‘*’)}
= F {In(h(e)h ()
=27 {In|h(e)[}

= 2¢[n], (A.4)
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where we have used the Fourier property that h(e=i“)) = h*(el%) for a real sequence
h[n]. The second property that is used is that the complex cepstrum of a minimum-

phase sequence is casual, i.e.,
¢[n] =0, for n<O. (A.5)

Using Equation (A.4) and Equation (A.5), the complex cepstrum of h[n] can be

expressed in terms of its real cepstrum as follows:

0, for n <0,
cn] = 9 én], forn=0, (A.6)

2¢[n], for n > 0.

Hence, in order to recover h(el*) from |h(el“)|, one can compute the real cepstrum
using Equation (A.1) and the complex cepstrum using Equation (A.6). The frequency

response is obtained by plugging the complex cepstrum in Equation (A.2).
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Appendix B

Least-Squares Overlap-Add in 2-D

The 2-D overlap-add method is used to reconstruct the spectrogram from its spec-
trotemporal patches. Let S;,VJ (t,w) denotes the (4, j)th windowed spectrogram patch.
An approximation of the reconstructed spectrogram S(t,w) from its windowed
patches is obtained by solving the following optimization problem:
.. 2
arg minz <§(t, W)W (t —iT,w— jF) — Sii/ (¢, w)) : (B.1)
S(tw) i

where W (t,w) denotes the 2-D window, 7" and F' denote the hop sizes along time and
frequency axes, respectively. The cost function given in Equation is minimized
by computing its derivative with respect to S'(t, w) and setting it to zero:
> (S*(t, W)W (t —iT,w — jF) — Sil(t, w)) W(t—iT,w—jF)=0, (B.2)
4,J
which gives

> St w)W (t —iT,w — jF)
~ Z,]

S(t,w) =

> Wt —iT,w - jF)

(2]
The above formula gives the reconstructed spectrogram by using 2-D overlap-add of

the spectrotemporal patches in the least-squares sense (2-D OLA-LSE).
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