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Abstract

This thesis addresses the problem of obtaining an accurate spectral representation of speech
formant structure when the voicing source exhibits a high fundamental frequency. Our work is
inspired by auditory perception and physiological modeling studies implicating the use of
temporal changes in speech by humans. Specifically, we develop and evaluate signal processing
schemes that exploit temporal change of pitch as a basis for high-pitch formant estimation. As
part of our development, we assess the source-filter separation capabilities of several two-
dimensional processing schemes that utilize both standard spectrographic and auditory-based
time-frequency representations. Our methods show quantitative improvements under certain
conditions over representations derived from traditional and homomorphic linear prediction. We
conclude by highlighting potential benefits of our framework in the particular application of
speaker recognition with preliminary results indicating a performance gender-gap closure on
subsets of the TIMIT corpus.
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Chapter 1

Introduction

A major goal of speech analysis is to infer from a speech waveform the underlying anatomical
characteristics and physiological mechanisms generating it. Existing analysis methods typically
operate on short-time scales and on a frame-by-frame basis (e.g., the short-time Fourier
transform). A major limitation of this framework is the inability of analysis techniques to exploit
temporal changes of speech across time. In this thesis, we characterize the properties of a two-
dimensional (2-D) processing framework that aims to explicitly exploit such changes and assess
its value in addressing an existing problem in speech analysis. In addition, we present
preliminary results of adopting this framework in the particular application of speaker
recognition.

1.1 Problem Statement and Motivation

A well-known problem in speech analysis is that of estimating the formant frequencies of a
speaker during vowel utterances, thereby inferring the speaker’s vocal tract configuration. To
this end, standard techniques such as linear prediction and cepstral analysis operate on short-time
speech spectra and have been shown to provide reasonable estimates under certain conditions [1,
2]. Nonetheless, it has been shown that these methods are not generally robust to the condition of
high-pitch speakers (e.g., females, children) [3, 4]. In this work, we are inspired by
psychophysical evidence implicating the use of temporal changes in speech in human speech
perception as a basis for addressing the high-pitch formant estimation problem. For instance,
McAdams showed in a series of concurrent vowel segregation tasks that subjects reported an
increased “prominence” percept for vowels whose pitch was modulated relative to those that were
not modulated [5]. Diehl, et al. showed in vowel perception experiments that a linearly changing
pitch improved subjects’ vowel identification accuracy [6]. In both studies, the observed effects
were greatest when the synthetic source was chosen to have a high pitch (e.g., ~250-400 Hz).

Our approach to address the high-pitch formant estimation problem may also have implications
for the speaker recognition application. In speaker recognition, it has been observed that state-of-
the-art systems exhibit a “gender gap™: system performance is higher for male data sets than
females [7]. A possible cause of this gap may be that the formant structure of the relatively
higher-pitch females is poorly represented in short-time Fourier analysis. An improved spectral
representation as characterized by its accuracy in formant estimation may therefore address this

gap.
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1.2 Approach

Concurrent with the psychophysical literature, recent physiological modeling efforts of the
auditory system have implicated its use of acoustic information spanning longer durations than is
typically used in traditional short-time speech analysis. In particular, Chi, et al. have proposed a
comprehensive model of auditory processing [8] that views the low-level periphery as a means to
generate a time-frequency distribution of an acoustic stimulus. While this aspect is similar to
traditional short-time analysis, subsequent high-level cortical processing is modeled as analyzing
spectrotemporal regions of this time-frequency distribution. This model is therefore capable of
exploiting temporal changes in speech.

The auditory model proposed by Chi, et al. may be viewed as one realization of a generalized
processing framework employing any input time-frequency distribution followed by any 2-D
transform. In addition to the auditory model, this thesis characterizes several realizations of this
more general framework including a simple method of harmonic projection and the Grating
Compression Transform proposed by Quatieri [9] and later extended by Ezzat, et al. [10]. Our
analysis motivates several approaches to addressing the high-pitch formant estimation problem
which are then evaluated in relation to traditional techniques. In addition, we employ this
generalized 2-D processing framework in preliminary speaker recognition experiments to assess
its value in addressing the gender gap problem.

1.3 Summary of Contributions

This thesis provides a thorough phenomenological analysis of three realizations of a 2-D speech
processing framework: (pitch) harmonic projection, the Grating Compression Transform (GCT)
[9], and a comprehensive model of auditory signal processing ending in the auditory cortex [8].
Our aim in this analysis is to motivate an improved method of high-pitch formant estimation
when pitch is changing and the formant envelope is assumed to be stationary. Under these
conditions, we have observed that harmonic projection improves the spectral sampling of the
formant envelope while the GCT invokes improved source-filter separability in a 2-D modulation
space. These observations are also justified analytically. While the auditory model invokes a
similar 2-D modulation space and highlights formant structure and pitch in several ways, we were
unable to argue for the same type of source-filter separability as in the GCT. Our observations
motivate several methods of deriving speech spectra for use in conjunction with linear prediction
to improve high-pitch formant estimation. We present a methodology for evaluating these
methods on synthesized speech in relation to standard methods. The results of our evaluation
show that exploiting temporal change of pitch can provide improved estimates of formant
frequencies, even under conditions of high pitch. Finally, this thesis illustrates the feasibility of
employing the generalized 2-D framework for speaker recognition with promising results in
relation to a gender performance gap in this particular application.

1.4 Thesis Outline

This thesis is organized as follows. Chapter 2 provides background on the high-pitch formant
estimation problem and discusses existing analysis methods. Chapter 3 motivates the framework
proposed for improving spectral estimation of formant structure by providing a rigorous
phenomenological comparison of the projection of pitch harmonics, the GCT, and the auditory
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cortex model. Chapter 4 gives the methodology used in assessing this framework for formant
estimation while Chapter 5 discusses the results of our evaluation. In Chapter 6, we discuss our
methodology and presents preliminary results in adopting our framework in speaker recognition.
Finally, we provide conclusions and highlight areas for future work in Chapter 7.
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Chapter 2

Undersampling in Speech Spectral
Estimation

In this chapter, we provide background for deriving spectral estimates of high-pitch speech. We
begin in Section 2.1 by discussing the source-filter model of speech production which we adopt
for the entirety of this thesis. Using this model, we discuss in Section 2.2 short-time Fourier
analysis of high-pitch speech waveforms. Specifically, we provide a spectral-domain view of
high-pitch speech referred to as spectral undersampling. In Section 2.3, we discuss the effects of
spectral undersampling on formant estimation via existing methods, thereby highlighting their
limitations.

2.1 Source-filter model

The speech production system can be viewed as a pressure source (i.e., the lungs), vibrating
mechanism (the larynx), and time-varying linear filter (the vocal tract) in series [11]. In this
thesis, we are concerned with vowel sounds generated from this system at different “pitch”
values. Specifically, the lungs first generate a pressure differential across the glottis of the larynx

that results in periodic vocal fold vibrations. The periodicity 7 of these vibrations is determined

by the mechanical properties of the vocal folds themselves, with more (less) massive folds
corresponding to longer (shorter) periods [11]. The vibrations of the larynx subsequently excite
the acoustic resonances (i.e., formants) of the vocal tract that are determined by its configuration.
Finally, the resulting vowel sound is radiated from the lips.

We adopt a discrete-time model of the speech signal, s{n], based on the previously discussed

physiological production mechanisms. For simplicity, we refer to the lungs and larynx as the
“source” and the vocal tract as the “filter”. For short durations (e.g., 20 ms), the linear filter can
be assumed to be time invariant such that s[#] is the time-domain convolution (denoted by *)

between the source, g[#], and the impulse response of the filter, A[n]:

s[n] = g[n]* Aln]. 2.1

g[n] models the vibrations of the larynx and is a periodic impulse train with fundamental
frequency f,=1/T,. For vowels, h[n] characterizes the formant frequencies of the
corresponding vowel throughout its duration. In the current time-domain framework, s[n] can
be viewed as overlapping copies of the impulse response #[n] occurring with periodicity T,.
Figure 1 shows the convolution between A[n] corresponding to the vowel /ge/ and a pure
impulse train g[n] with 7, =8ms ( f, =125 Hz) (top) and T, =3.8 ms (f, =260 Hz)
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(bottom) for a 25-ms duration. The amount of overlap between copies of /4[n] is determined by
the value of T, with smaller 7 leading to more overlap. As will be subsequently discussed, this

increased overlap is one manifestation of high-pitch formants and leads to poor results in formant
estimation using traditional methods.

Pure Impulse Source, g[n] Impulse response h[n] /ae/, s[n] = g[n]*h[n], 125 Hz
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Figure 1 - Time-domain representation of source-filter model for the vowel /ae/. For ﬂ) =260 Hz
(bottom), there is significantly more overlap of the underlying impulse response /4[] than for f, =125

Hz (top) in the resulting synthesized vowel s[n].

2.2 Spectral Undersampling

We turn now to a spectral-domain view of the source-filter model. Speech is typically analyzed
using short-time Fourier analysis. Specifically, the short-time Fourier transform (STFT) X [», @]

is defined as [4]

X[n,w]= szi:x[n +mw[m]e > (2.2)

m=0

where x[n] corresponds to the full-duration signal, w[n] is a window spanning 0 <n <L -1
and zero elsewhere, and n and @ correspond to the time and frequency indices, respectively.
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Typically, w[n] is chosen to have sufficiently short duration such that the assumption of a
stationary vocal tract (h{n]) is valid (e.g., 20 ms).

For a single spectral slice, X[n = n,, @], x[n, + m] may be substituted by s[m] from (2.1) such
that (2.2) is the Fourier transform of (h[m]* g[m])w[m]:

L-1

Xing, @)= ) (h[m]* glmDwimle ™" . 23)

In the Fourier domain, X[n,,@] can be rewritten as a frequency-domain convolution (*,)
between the Fourier transform of the window W (@) and the product of Fourier transforms of
h[n] and g[n] (H(@)G(@)):

L

- X[ny, @] = 7

H(w)G(a)*, W(w). (2.9
Consider the case when g[n] is a pure impulse train with periodicity P= f, /T, where f
corresponds to the sampling frequency such that:

glnl= Y oln—kP]
k= (2.5)

G(a) =% 3 So-a)

k=—co

where @, = 27”. Substituting (2.5) into (2.4), we obtain

X[no,a)]=% i H(a )W (w—a,,n,). (2.6)

k=—00

Assuming now that w[n] is chosen such that there is little or no interaction between neighboring
copies of W(w), the periodic replicas of W (@) can be viewed as sampling the underlying

2r . .
formant envelope H(@) with sample spacing of ? in the spectral domain. We then refer to
Equation (2.6) as a narrow-band spectrum [3].

Figure 2 (top) shows the components of such a narrow-band spectrum of a pure impulse source
with f, =125 Hz convolved with A[n] corresponding to the impulse response of the female
vowel /ae/. wn] is a Hamming window with length 25 ms. In this case, the closely-spaced (in
frequency) replicas of W (@) provide a reasonable spectral sampling of the underlying formant
envelope H(w). In contrast, (bottom) shows the narrow-band spectrum of a synthesized vowel
with the same H(®) and but f, =260 Hz. In this case, the periodic replicas of W (@) provide
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a notably poorer sampling of H (@), oftentimes missing the locations of H (@) ’s formant peaks
altogether. We refer to this condition as spectral undersampling, which corresponds to the
previously observed overlap of 4[n] with high £ in the time domain (Figure 1).
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Figure 2 — Comparison of short-time spectra for low- (top) versus high-pitch (bottom). In the
high-pitch spectra, the resulting speech spectrum exhibits harmonic peaks that do not align with
the formant peaks as closely as that for low pitch. X(@) denotes one short-time Fourier

transform time slice.

2.3 Analysis

As previously noted, a major goal of speech analysis is to estimate characteristics of its
production mechanisms from the waveform. Here, we discuss standard approaches for analysis
in the context of the source-filter model. Specifically, Sections 2.3.1 and 2.3.2 discuss
autocorrelation-based linear prediction and cepstral analysis, respectively, while Section 2.3.3
discusses their combined application for speech analysis.
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2.3.1 Autocorrelation method of linear prediction

In the context of the source-filter model, accurate estimates of A[n] and g[n] are desired via
analysis. In this thesis, we are concerned with estimates of A[n], or equivalently, its Fourier
transform H(w). The vocal tract configuration for most vowel sounds can be reasonably

modeled as the concatenation of uniform tubes that do not invoke significant coupling between
each other or other parts of the vocal tract (e.g., nasal cavity). Consequently, H(®) is an all-

pole frequency response [3, 11]:

H@)=—"—— Q.7

where A corresponds to the vocal tract gain, p denotes the order of the system, and ¢, are the

coefficients of the polynomial in ™ that designate the pole locations. We interpret these pole
locations as the distinct formant frequencies of a vowel. The time-domain representation of s[n]

when the input to H(w) is g[n] is
s[n]= zp:aks[n —k]+ Ag[n]. (2.8)
k=1

For short-time intervals of s[n], ¢, can be estimated using the autocorrelation method of linear
prediction from the set of normal equations [3] (Appendix A.1):

zp:aki;,[i—k]——-n,[i] 1<i<p. 2.9
k=1

Assuming that g[»] is a pure impulse train with period P as in Section 2.2, it can be shown that
r,[7] is an estimate of the autocorrelation function #,[7] corresponding to the all-pole system’s
impulse response (4[n]) (Appendix A.2):

oo

rlt]= Y nlr—kP]. (2.10)

k=—co
Specifically, #,[7] is the summation of overlapping copies of #,[7] with period P. The
discrepancy between 7,[7] and 7,[7] near the origin is directly related to the accuracy of the ¢,
estimates and is dependent on the period P of g[n]. In parallel with the observations of Section
2.1, smaller P values invoke more overlap of the copies of 7,[7] such that worse estimates of

@, can be expected for higher-pitch speakers relative to lower-pitch speakers [3].
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An equivalent interpretation of high-pitch formant estimation using the autocorrelation method of
linear prediction can be made with regards to the spectral undersampling view discussed in
Section 2.2. Define a spectral-domain function Q(®) as

O(o) = log| X (@)’ —log|H(w)[ | 2.11)

with X(@) corresponding to the short-time speech spectra being analyzed and H(®) as in

Equation (2.7) [3]. As proposed by Itakura and Saito, an alternate error criterion  is defined as
[12]

I= J’ [eQ("’)-—Q(a))—l]‘zl—;) (2.12)

Minimization of (2.12) with respect to the set of @, can be shown to be equivalent to solving the
normal equations of (2.9) (Appendix A.3). The autocorrelation method of linear prediction can
therefore be viewed as finding a set of ¢, (or equivalently, H(®) ) that best satisfies the spectral

matching condition /. As observed in Figure 2 (bottom), undersampled X (@) are less likely to
resemble the true formant envelope (e.g., when the pitch harmonics miss resonant peaks). We
can therefore expect a poorer estimate of the true @, ’s when minimizing I relative to a speech
spectrum that better resembles the true formant envelope (e.g., Figure 2, top).

2.3.2 Cepstral analysis

An alternative method of analysis for speech is the cepstrum, which can provide separability of
h[n] from g[n] in a transformed space under certain conditions. As in Section 2.2, short-time
analysis of the source-filter model requires windowing of the speech waveform

x[n] = (h[n]* glnDwin]. (2.13)

Denoting h'[n] as a modified version of A[n], x[n] can be rewritten as x[n]=~h'[n]*g [n]
where g [n]=w[n]g[n] [13]. Denoting X (@) as the short-time spectrum of the analyzed
speech as in Section 2.2, the complex cepstrum cf#] is defined as

1 .
=— | jom 2.14
c[n] vl B log[ X (w)]e’"dw (2.14)
For X (@) = H'(#)G,,(®) , Equation (2.14) becomes

c[n]=c,[n]+c,[n] where (2.15)
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¢[n]= 51; [ loglH (@) do

1 .
elnl=5- [’,, log[G. (w)le’™dw. (2.16)

In the cepstral domain, the source and vocal tract components are additive rather than
multiplicative as in the spectral domain. For a pure impulse train source g[n] , ¢ [n] is [4]

¢ [n]=c,[n/P] n=0,tP,£2P,...

2.17)
=0 otherwise

where ¢, [r] is the complex cepstrum of g [rn] down-sampled by a factor of P (Appendix B).

Similarly, ¢,[n] (i.e., the complex cepstrum of 4'[n]) can be shown to be

¢,[n]=D[n] i cpln—kP] (2.18)

k=—co

where c¢,,[n] corresponds to the complex cepstrum of A[n] and D[n] is a weighting function

dependent on the choice of the window w[#n] [3, 13]. From (2.17) and (2.18), we observe that
the periodicity of the source is manifested in the cepstrum for both the source and filter
components. Nonetheless, for 0 <n < P, c[n] will be comprised primarily of a scaled (by
D[n]) copy of c,,[n]. Applying an appropriate lifter to the cepstrum followed by a Fourier

transform presumably results in a spectral estimate with the harmonic structure of the source
removed, thereby leaving the formant envelope. Rabiner and Schafer proposed a heuristic
method of formant estimation using constraints on possible formant frequency values and peak-
picking of this smoothed spectrum [2].

2.3.3 Homomorphic Linear Prediction

Kopec et, al. proposed speech analysis using linear prediction preceded by cepstral analysis [14],
thereby combining the advantages of both techniques. In recent work, Rahman and Shimamura
suggested that this framework can provide improvements over traditional linear prediction for the
particular task of high-pitch formant estimation [15]. In their work, an ideal lifter whose cut-off

was a function of an f,, estimate was applied to the real cepstrum defined as:

C,. [n]= 517—[— J: log| X (@) e’ dw. (2.19)

The inverse transform was then applied to derive a magnitude spectrum ‘X ,,ﬁe,ed(w)l which was

used for the autocorrelation method of linear prediction (Section 2.3.1). Though this method
provides a more rigorous formant estimation framework than that of [2], the separability
characteristics of the cepstrum are limited for the high-pitch case.
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Specifically, recall that both methods employing the cepstrum assume that the region dominated
by c,,[7] isin 0 <n < P, where P denotes the pitch period as defined in Section 2.3.2. As P

decreases (i.e., as f, increases), two effects can be observed analytically. First, more overlap
will occur between the copy of c,,[n] centered at n=0 and others located at P,2P..., etc.
Second, a lifter applied to remove the periodic components of c,[n] will necessarily have a

smaller bandwidth in quefrency, thereby truncating more of the c,,[n] estimate and smoothing

the resulting spectrum. Source-filter separability in the cepstrum therefore does not appear to be
robust to high-pitch speech utterances in general.

2.4 Conclusions

In this chapter, we have observed the effects of high pitch on the source-filter model of speech
production in time and for short-time spectral estimation. These effects were shown to
correspond to the problems inherent in existing analysis methods for high-pitch formant
estimation. Traditional linear prediction suffers from aliased autocorrelation coefficients in the
time domain and spectral undersampling in the frequency domain. Though the cepstrum
transforms the speech waveform into the quefrency domain and exhibits source-filter separability
under low-pitch conditions, this separability does not generalize to high-pitch speech. In this
thesis, we are motivated by observations from auditory psychophysics and physiological
modeling work implicating the use of temporal change of pitch in humans as a basis for
improving spectral estimation and formant estimation of high-pitch speech.
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Chapter 3

Two-dimensional Processing Framework

In this chapter, we propose a two-dimensional (2-D) processing framework motivated from the
work of Quatieri [9]. This framework has recently been shown to be consistent with the
physiological modeling efforts of Chi, et al. in [8] of auditory signal processing. In their view,
low-level peripheral mechanisms generate an auditory spectrogram from which spectrotemporally
local regions are extracted and analyzed by a bank of 2-D filters located in the auditory cortex.
The use of this framework is also consistent with psychophysical evidence implicating the use
temporal changes in pitch for vowel perception [6].  Specifically, analysis of local
spectrotemporal regions is done across longer durations in time than that of traditional short-time
analysis, thereby exploiting temporal change of pitch. Figure 3 shows a block diagram of our
framework which generalizes this view to performing any two-dimensional (2-D) transform on
localized regions of any time-frequency distribution. Herein we discuss several realizations of
this framework with the goal of improving spectral estimates of high-pitch speech to address the

spectral undersampling problem.
Time-frequency ) -
ch — _— =
Spee distributi 2-D Transform .

Figure 3 — 2-D processing framework.

This chapter is organized as follows. Section 3.1 presents a simple realization of our framework
for exploiting temporal change of pitch; specifically, pitch harmonics across time are projected to
a 1-D function to increase the spectral sampling of a stationary formant envelope. In Sections 3.2
and 3.3, we describe the analytical details of the Grating Compression Transform (GCT) [9] and
the auditory cortex model of Chi, et al. [9], respectively; in both methods, a 2-D transform maps
an input time-frequency distribution to a rate-scale modulation space. Section 3.4 presents
simulation results between the GCT and the auditory model for synthesized vowels with
stationary and changing pitch; the aim of these simulations is to assess the source-filter
capabilities of each method under these conditions. We conclude in Section 3.5 by relating the
proposed framework to improving high-pitch formant estimation.

3.1 Harmonic Projection
One simple interpretation of the proposed framework seeks to explicitly exploit temporal changes

in pitch for high-pitch vowels. The schematic of a short-time Fourier transform (STFT) is shown
in Figure 4a for a fixed vocal tract (shaded regions) with a fixed high pitch (solid horizontal

27



lines). As previously observed, a high f; in this case results in spectral undersampling (i.e.,

Figure 2, bottom); we highlight these spectral samples in Figure 4b. In contrast, consider now the
STFT of the same vowel but with changing pitch from 235 Hz to 280 Hz, thereby including the

260-Hz pitch value of the fixed-pitch case (Figure 4c); under a multiplicative source-filter model,
the pitch harmonics sweep through the spectral envelope over time in a fan-like structure. To

show why this fan-like structure arises, consider a pitch f with the n™ and (n+1)™ harmonics as
nfy and (n+1)f,. Invoking a pitch change of Af,, the n" and (n+1)" harmonics of the new
pitch f, + Af, become n(f, +Af;) and (n+1)(f, +Af,). Whereas the n" harmonic is shifted

by nAf,, the (n+1)" harmonic is shifted by (n+1)Af,. For a given pitch change, higher-order

harmonics are therefore shifted more on an absolute frequency scale than lower-order harmonics.
In the STFT, this invokes fanning of the harmonic line structure at higher frequency regions as

illustrated in Figure 4c.

Frequency Spectral Samping fae/, = 260 Hz
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Figure 4 — Schematic illustrating projection of pitch harmonics; (a) stationary formant envelope (shaded

regions) and fixed-pitch harmonic lines (horizontal lines); (b) spectral sampling of the stationary formant
envelope invoked in (a); (b) stationary formant envelope (shaded); fanned harmonic line structure due to
changing pitch (fanned lines); projection of harmonics across time (arrows); (d) spectral sampling of the

stationary formant envelope invoked in (c).

Invoking again the spectral sampling of the harmonic lines, multiple short-time spectral slices
computed across time can therefore be viewed as a collection of non-uniform samples of the

spectral envelope for the condition of changing pitch. These samples can be projected to the
vertical frequency axis, thereby providing improved sampling of the underlying formant
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envelope. An example of this increased sampling is shown in Figure 4d, contrasting the uniform
sampling in Figure 4b. A spectral estimate derived from this increased sampling could provide an
improved representation of the underlying formant envelope even under conditions of high pitch
relative to that of a single spectral slice. Observe also that low-frequency regions (e.g., near 500
Hz) exhibit narrower sampling than the broader sampling in high-frequency regions (e.g., near
1200 Hz) due to the fanning of harmonic lines in higher frequency regions (i.e., higher-order
harmonics).

3.2 Grating Compression Transform

Another realization of our 2-D processing framework is based on the view that localized regions
of time-frequency distributions are composed of spectrotemporal modulations. Figure 5
illustrates such a decomposition for a localized region of the short-time Fourier transform
magnitude. Observe that purely temporal or purely spectral modulation components are special
cases of the more general spectrotemporal case.

Time-frequency Distribution

Localized Region

Time (s)

Figure 5' — Spectrotemporal modulations of a localized region of the short-time Fourier transform. Full
STFT (left), localized region (center), spectrotemporal components (right). Vertical and horizontal axes are
frequency and time, respectively.

One method for analysis of these spectrotemporal modulations in the magnitude STFT is to
compute the short-space Fourier transform of the localized region, referred to as the Grating
Compression Transform (GCT) as originally proposed by Quatieri [9]. Denoting n and m as
the time and frequency indices of the STFT, respectively, each modulation component c[n,m]
can be modeled as a two-dimensional sinusoid resting on a DC pedestal,
c[n,m]= K +cos(@y®[n,m]). @, corresponds to the spatial frequency of the modulation and

K corresponds to the DC component. ®[n,m] is defined as ®[n,m]= mcos(é) +nsin(é) 3

where € is an angle describing the component orientation (to be subsequently discussed). In

" In this thesis, spectrogram figures are plotted on a linear scale.
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practice, these components are analyzed over a localized region such that they are multiplied by a
window which we denote as w{n,m]:

wln,m]c[n,m] = win,m](K + cos(@®[n,m])) 3.1

To illustrate the motivation for this model, we show in Figure 6 a spectrogram computed with a
20-ms Hamming window and 1-ms frame interval for the female vowel /ae/ with fixed pitch of
150 HZ2. Shown in Figure 6b and c is a full spectral slice of the spectrogram and a local portion
of this slice, respectively. Observe that the local portion resembles a sinusoid resting on a DC
pedestal along the frequency axis’.

(a) Spectrogram - 20-ms Hamming window
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Figure 6 — (a) Spectrogram of the vowel /ae/ with fixed 150-Hz pitch; (b) Full spectral slice of (a); (c)
Localized portion of the spectral slice.

Extending this local sinusoidal component to the 2-D case, the expression for w[n,m]c[n,m]
can be invoked for a local region of the STFT. This is illustrated in Figure 7 (left) with the
harmonic lines representing the peaks of the sinusoid while #,, and m,, denote the length of the
window in time and frequency, respectively. In the 2-D Fourier-transform domain, we then have:

2 Refer to Section 3.4.1 for synthesis details.
? For now, we defer discussion of the multiplicative effect from the formant envelope on this sinusoidal
component to Section 3.5, where we argue for improved source-filter separability in the GCT.
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C(®,Q) =2K8(0,Q) + 6(d— a, cos6,Q+ @, sin 9)
+8(@+ @y, cos ,Q — iy sin §)
W(@,Q)*, , C(d,Q) = 2KW (6,Q) + W (&~ &, c0s 0,Q + & sin §)

@,

(3.2)
+W (@+ @, c0s8,Q2 ~ &y sin §)

where T <@®<7xm and - <Q<7xm and *(2) a denotes convolution across the continuous-

frequency variables @ and Q of the 2-D continuous Fourier transform of the discrete STFT
representation. We adopt the terminology proposed by Chi, et al. in referring to @ as “rate” and

Q as “scale” for modulation content in time and frequency, respectively. Figure 7 illustrates this
mapping between w[n,mlc[n,m] to the magnitude of W(d,Q) * .5 C(D, Q). I

implementation, this continuous rate-scale domain is sampled via the discrete-Fourier transform
(DFT) (i.e., the GCT is a short-space DFT).

W(d+ &y c0sd,02— &y sin )

~

m Q
R 1 Frequency Scale _
: / <)~ = ~| @, cos &
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Figure 7 — GCT of a single spectrotemporal modulation component.

Recall that the STFT view of changing pitch invokes a fanned harmonic line structure (Figure 4).
Nonetheless, within a localized region of the STFT, harmonic lines are approximately parallel
(Figure 8) such that our model of modulation components can be invoked. Harmonic line
structure can be expected to map to a pair coherent components off the scale axis with changing
pitch. This is due to the rotational nature of transforming a skewed 2-D sinusoid (3.2). Across a
localized region of interest with fixed duration in time, the amount of rotation off the scale axis

(ie., ] ) will be related to the amount of pitch change invoked. Larger pitch changes will invoke
larger 6 since the harmonic lines will have steeper slopes. Finally, at a fixed point in time for

changing pitch, high-frequency regions of the STFT will exhibit larger @ than low-frequency
regions. This is due to the fanning of the harmonic line structure described in Section 3.1.
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Time

Figure 8 — Fanned line structure invoked by changing pitch (left) with localized region (left, rectangle) in
which harmonic structure is approximately parallel (right).

Analogous to the uniform filterbank view of the STFT [4], the short-space DFT representation
may alternatively be viewed as the output of a bank of uniformly spaced 2-D filters [10]. For
reasons that will become clear in the subsequent discussion of the auditory cortex model, we

derive this 2-D case here. Specifically, let s{n,m] correspond to the entire magnitude STFT and
Ww[T,F] correspond to a two-dimensional window that is non-zero for

0<T<n, —1,0<F <my, —1 and zero elsewhere. Extracting a region of s[n,m] centered at
n=T,m=F, the GCTis:

g =1 my -1 ~j2mkT  —j2xiF

> Y WT,Flsin+T,m+Fle ™ e * (3.3)

wy T=0 F=0

Slk,l;n,m] =

where 0<k <N, and 0</< M, and where N, and M, correspond to the lengths of the

DFTs in time and frequency, respectively. Letting 7=n+T7 and ¢ =m+ F and fixing k =k,
and / =1 , (3.3) can be rewritten as

n+T 4y ~1 n+F4mp -1 —j2rky(n—1) —i2mls(m-9)
1

Z Z w—(n—17),—(m—@))s[7,dle Ne o Mo

AyMy  repaT  g=mtF

=3 3 slr.ghin-1,9-m]
T=—00 =00

=s{n,m}*,,, hln,m;k,,11

S[n,m;kd,,lﬁ] =

(34
where h[n,m;k,,l,1is defined as

J2zkgn  J2ElGm

h[n,m;k,,1. 1= w[-n,-mle " e Ma

wiy
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where *,  denotes convolution in time and frequency. Equation (3.4) shows that for a single

point in the time-frequency plane (n =T7,m = F'), the short-space DFT of s[n,m] can be

viewed as the output of filtering s[n,m] with a set of h[n,m;k;,l,] where
N N,

_Tw<kcb <—2+1 and ——Q<l§-2 STQ'I'].

In the ratescale (&,Q) domain, the frequency response of A[n,m;k;.l.] s

A .~ 27l A .
H(@,Qk15) = W(d— Z;kw ,Q0———=2) such that the filter is centered at @= 27k, and
@ a o
A 27, . .
Q= MQ . Observe that for the set of all H(@,€;k,,/), the filter bandwidths are the same
Q

(i.e., a uniform 2-D filterbank) and determined by the choice of the 2-D window. For reasons that
will soon become clear, let us choose &, < 0 and /, >0 and denote &k, = lkwl and /, = llﬁl such

2rky, ~ 27l

& Q—=—"L) as shown in Figure 9 (left). Observe that the
N, M,
] is the analytic representation of a real 2-D impulse response

that H(@,Q;k,,1,) =W(@+

corresponding h[n,m;ké,,lﬁ

h,ea,[n,m;kd,,lﬁ] :

w-n,—mle ™ e Ma

J2mkgn  j2mlym
heulnsm;k,,l.1=Re

By My,
. (3.5)
_ 1 W, —m]cos| — 27tkyn N 2xlym
Ry my, N, M,

From (3.5), we see that &
to (3.1), we can set

[n,m;k;,1,] is a windowed 2-D sinusoid. By noting the similarity

real

2 2
. k /
@, =27 (——0—) + (—0] (3.6)
N,) (M,
lO
A M.
cosg, = * 3.7




sin, = 2 (3.8)

such that (3.5) can be rewritten as

1
w[—n,—m]cos(@QP (n,m
ny,my, (% ( )) (3.9)

®(n,m) =ncosf, +msiné,

huln.mk,,1,1=

Assuming that the 2-D window is symmetric across the origin (i.e., w[—n,—m] = w[n,m]), the
relationship between (3.9) and (3.1) is now clear. Specifically, the uniform filterbank view of the
GCT invokes filtering by analytic filters with corresponding real impulse responses
hreuln,m;ky,1.] that match the windowed modulation components observed in the STFT (3.1).

One way of interpreting the filtered outputs S[n,m;k,,/; ], which are inherently complex, is to

take their magnitudes. This results in a set of 2-D Hilbert envelopes, which we define as the
“strength” of this matching between a local region of the STFT surrounding [n,k] and the set of

hrealnsm;ky, 1, 1.

m
Frequency /

AN
)
N

Figure 9 — Schematic showing the analytic-window filter of the GCT in the rate-scale domain (left) with
mapping to its corresponding real impulse response in the time-frequency space (right).

To interpret the rate and scale axes of the GCT, & and Q may be scaled to represent the

corresponding rate and scale axes (@ and Q) of a continuous- time and frequency time-
frequency distribution s(#, f) rather than the discretized STFT. We interpret the frame interval
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(a,) used to compute s[n,m] as the sampling period for temporal modulations (i.e., the rate
axis). @ is mapped to a temporal modulation frequency @ measured in Hz by

~

(7

w=—-
27a,

(3.10)

Similarly, denoting N, as the DFT length used to compute s[#,m] and f as the sampling

J

rate of the processed waveform, the sampling “period” along the frequency axis is —— Hz per
STFT
DFT-sample. We define a unit of spectral modulation frequency (£2) to be in cycles per Hz

(cyc/Hz) derived from Q as

A

— QN 7oy )
2nf,

(3.11)

The signs of the @ and Q (or equivalently, @ and fl) values determine the orientation of the
corresponding (real) impulse response in the time-frequency space. Observe that the component

in Figure 9 has positive Q and negative @ to invoke a positive value of 8 as measured counter-
clockwise from the scale axis in the GCT and counter-clockwise in the STFT from the time axis.

Conversely, a positive Q and positive @ (with conjugate symmetric counterpart having negative

Q and negative @) invokes a negative value of . In Table 1, we summarize the variables used
in this section.

Table 1 — Summary of variables used in GCT.

n and m | discrete- time and frequency indices of the STFT

H.0 rate and scale axes ranging from—7to 7

@, continuous domain rate and scale (units of Hz and cyc/Hz)
o angle of filter orientation in rate-scale domain

3.3 Auditory Cortex Model

Similar to the GCT, another realization of the proposed framework is a comprehensive model of
the auditory pathway proposed by Chi, et al [8]. The time-frequency distribution used is an
auditory spectrogram in contrast to the STFT in the GCT. Localized regions of the auditory
spectrogram are analyzed with a bank of non-uniform two-dimensional filters instead of the
uniform filterbank of the GCT. Herein we discuss salient components of this model in mimicking
auditory signal processing steps starting from the cochlea and ending at neurons of the auditory
cortex and refer the reader to [8] for further details.
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A discrete-time waveform x[n] sampled at f, =8000 Hz is first filtered with cochlear-like

filters A[n;k] with the center frequencies f, spaced to invoke 24 channels per octave:

(k-31)

f=2202 %, k=0,1.128
yimk]=x[n]*, hn;k]

(3.12)

The filters are designed to have increasing bandwidth with frequency such that high-frequency
regions of y[n;k] have relatively better (worse) temporal (frequency) resolution than lower
frequency regions. Filtered outputs are next differentiated (velocity of stereocilia motion), passed
through a saturating nonlinearity g(-) (operating characteristic of inner hair cell stereocilia), and
low-pass filtered by h,-.[n] (inner hair cell membrane time constant) to simulate the

mechanoelectric transduction process generating the auditory nerve (AN) response y ., [n,k]:

Dk el

Yun[nk]=g(—— (3.13)

d— denotes a first-difference approximation to the differentiation operator with respect to time
n

(n). Phase-locking of the auditory nerve is limited by the stop-band frequency of A,.[n] (in this

case, 2 kHz). The auditory nerve synapses onto the cochlear nucleus (CN), which is known to
contain a variety of neuron cell types capable of forming lateral inhibitory networks (LIN). This
step is modeled as differentiation along the tonotopic (frequency) axis followed by half-wave
rectification. Further reduction of phase-locking occurs at the CN via additional low-pass

filtering by A, [n] (in this case, 125 Hz) resulting in y,[n,k]. Finally, y.,[n,k] is sampled
at a fixed frame interval D = f At (here, Az=1 ms) to generate the auditory spectrogram
¥ sIn, k], thereby completing the low-level peripheral stage.

k
il 1= max(2eelE o
Yen[nk]1= y[n.k]*, hey[n] . (3.14)

Yasln.k]= ycy[Dn, k]
To complete the auditory model, the auditory spectrogram is further processed by a high-level
cortical stage. Specifically, y,[n,k] is filtered with a bank of 2-D filters each tuned to a
specific rate-scale modulation frequency pair and bandwidth. For any &= @} and Q= f)l , the

impulse response of the cortical filter A [n,k; (?),fl] is derived from two continuous seed

functions A,(f) and A, (f) corresponding to the real impulse responses of its rate- and scale-
filter components:
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h (t) = e sin(2nt)
oo (3.15)

h(f)=(-fe?

Specifically, define 4.[n; @] and A, [k;fl,] as scaled and sampled versions of A,(¢) and 4 (f):

h,-[n; al%] = a‘*hr(anat) t=nT

A A A (3.16)
h[k;Q 1= QA Q1)

S=h

with f, defined as in (3.12). The analytic representations of /,[n;@] and A, [k;ﬁl] are then:

holn; @3] = h.[m @1+ jh,[n; @3]

) RS (3.17)
h[k; €2 ] = h,[k;Q, ]+ jh,[k;€2, ]

where I;,[n;a‘q] and ﬁs[k;ﬁl] denote the Hilbert transforms of A [n;@] and hs[k;fll],
respectively. Finally, the complex impulse response of the cortical filter
h[nk; = d,Q=Q,] is defined as

hnb;d=d,Q=Q, )= h[ndTh[k;Q,]. (3.18)

2-D filtering of y_y[n,k] is done with a set of A [n,k;®, Q] and results in a four-dimensional
(4-D) complex cortical response y e [1,k,®, Q)

YeorrIn:k, @,Q] = y 5[, k1*,, b [n,k;,Q)]. (3.19)

Before discussing the interpretation of ypur[n,k,®,Q], we observe that since hy[md] is

independent of k and hg[k;Q,] of n, h [n,k;d=d},Q=0,] in the rate-scale domain is the

product of two separable filters. Therefore the frequency response of the cortical filter is given
by

N-1K-1
H(&,0,8,) =YY hyln; g [k; Q, ] >
n=0 k=0
N-1 Kol N .
=Y hlm@Je™> hlk; Q™ (3.20)
n=0 k=0

Since H,(&;,@) and Hs(fl;fll) correspond to analytic signals (3.17), the cortical filters are

said to be “quadrant-separable”; specifically, for a single quadrant of the rate-scale domain, the
filter is the product of two independent functions of & and Q. This separability is consistent
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with physiological response characteristics of neurons in the ferret auditory cortex {8]. Choosing
@ <0 and £, >0 and denoting &, =|d|, Q,, =|Q[, we show in Figure 10 (left) the
construction of this separable filter; we define @' as the radial distance of the filter’s rate-scale

frequency pair from the origin computed as &'=\@’+ Qf . In addition, we show
schematically in Figure 10 (right) this filter’s corresponding real impulse response derived from
taking the real part of 4 [n,k; &= &{,Q = Q,] :
Re{h[n.k;d,Q]} = Re{n.[n.k; =0, Q=)
= Re{h,[n; @3 s [h; 2,1
=Re{(hIm @1+ jh s @y1) (L1 + jh )]
LAY AL A RA LT A LN

(3.21)

From Equations (3.15) and (3.16), observe that Re{h,[n,k;,Q]} has (in general) infinite
length in both the time and frequency directions. In practice, it is truncated based on the DFT
lengths used in generating H (@ @) and H| (fl,fl,) . We denote these values as N, and N,
for rate and scale, respectively, as in the GCT.

A A A k
Hc(mr “’1:‘21) n Ffequency l/

N

:a\,
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by

F/
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Figure 10 — Schematic of the design of an analytic cortical filter (left) and its corresponding real impulse
response (right).

By comparing Figure 9 and Figure 10, observe that the GCT and the auditory model are similar.
In both methods, analytic filters centered at spectrotemporal modulation frequencies are used to
filter a time-frequency distribution. As in the GCT, Re{hC [n,k; (b,fl]} are presumably matched
to distinct components of the auditory spectrogram. We can therefore interpret the cortical

response magnitude at a fixed point in time and frequency 1 Yeorrlto ks (?),Q]’ (i.e., the 2-D
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Hilbert envelope) as the strength of the match between Re{hc [n,k;®, ﬁ]} and a localized region
of the auditory spectrogram near [n,k].

As in the GCT, temporal modulation frequencies (rate) in the continuous domain have units of Hz
that depend on the frame interval used in computing the auditory spectrogram. This invokes a
mapping from & to @ as in (3.10). Due to the logarithmic spacing of the cochlear filterbank,
the continuous spectral modulation axis (scale) has units of cycles per ocfave instead of cycles per
Hz. This mapping is defined as:

~

Q'= __91_
27:(——)
24

where the (ﬁ) factor arises from sampling 24 channels per octave (3.12). We distinguish the

3.22)

continuous scale axes between the GCT and the cortical model with distinctive variables €
(GCT) vs. Q' (cortical model). In Table 2, we summarize the variables used in the auditory
cortex model.

Table 2 — Summary of variables used in auditory cortex model.

n and & | discrete- time and frequency indices of the auditory spectrogram

&.Q | rate and scale axes ranging from—7to 7
b

@,Q' | continuous domain rate and scale (units of Hz and cyc/oct)

) angle of filter orientation in rate-scale domain

To interpret the signs of the modulation frequency values, Chi, et al. denote an “upward” impulse

response as one that has negative @ such that 9 is positive as measured counter-clockwise from
the scale axis (e.g., Figure 10). Conversely, a “downward” impulse response has positive @ and

negative . Recall that this is the same interpretation as in the GCT for the signs of @ and Q.
Finally, k maps to f by (3.12) and » maps to continuous time by the frame interval A, used in

computing the auditory spectrogram (¢ = #4,) such that:

Yeorr[1: (b’ﬁ] = Yeorr (6 [ 0,Q2") (3.23)

A key distinction between the GCT and the cortical model lies in their 2-D filter characteristics.
Recall that in the GCT, filter bandwidths in the rate-scale space are fixed based on the choice of

W([n,m]; in contrast, the bandwidths of cortical filters are scaled by & and € such that filters

with high center frequencies have larger bandwidths than lower center frequencies (3.15). This is
manifested in the time-frequency plane as differences in the decay of the impulse responses. We

illustrate this with examples of Re{hc [n,k; 00— 0,0 - Q]} shown in Figure 11. These plots

are generated with (=18 Hz, Q'=0.1 cyc/oct - Figure 11a,b) and (w=+32 Hz, Q'=0.5
cyc/oct - Figure 11c,d). To illustrate the fact that all four impulse responses have the same
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absolute lengths in time and frequency based on the DFT lengths (here, 512) used to generate
them, we plot them along the sampled axes of time (n) and frequency (k). To map k to absolute
frequency, Equation (3.12) can be invoked while » maps to absolute time by the sampling
frequency (in this case, 1 ms). Observe that the filters with center frequencies of @= 132 Hz
and Q'=0.5 cyc/oct decay faster along both the time and frequency axes than those with center
frequencies of @ =18 Hzand Q'=0.1 cyc/oct. This is consistent with the wider bandwidths

along rate and scale directions for the filters centered at @=2132 Hz and Q'=0.5 cyc/oct
filters shown in Figure 12.

(a) o = +8 Hz (downward), Q = 0.1 cyc/oct (b) © =-8 Hz (upward), Q = 0.1 cyc/oct

3 E
3 Py
& 8
4 g
100 200 300 400 500 100 200 300 400 500
Time (n) Time (n)

(€) » = +32 Hz (downward), Q = 0.5 cyc/oct (d) ® =-32 Hz (upward), Q = 0.5 cyc/oct

500 o
400
< £
& & 300
: ¢ )
£ =

8

100 200 300 400 100 200 300 400
Time (n) Time (n)

Figure 11 — Real impulse responses of cortical filters centered at * (a) 8 Hz, 0.1 cyc/oct (b) -8 Hz, 0.1

cyc/oct, () 32 Hz, 0.5 cyc/oct, (d) -32 Hz, 0.5 cyc/oct . Observe the difference in decay along the time and
frequency axes between (a, b) and (c, d).

# Filter impulse responses have been shifted in time and frequency for display purposes. In the 2-D
filtering step, impulse responses are effectively centered at the time and frequency origins.
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(a) » = +8 Hz (downward), Q = 0.1 cyc/oct (b) » =-8 Hz (upward), Q = 0.1 cyc/oct
1

0.5
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Q (cyc/oct)
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(c) ® = +32 Hz (downward), Q = 0.5 cyc/oct (d) » = -32 Hz (upward), Q = 0.5 cyc/oct

Q (cyc/oct)

-50 0 50 -50 0 50
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Figure 12 — Magnitude of analytic cortical filters centered at (a) 8 Hz, 0.1 cyc/oct (b) -8 Hz, 0.1 cyc/oct, (c)
32 Hz, 0.5 cyc/oct, (d) -32 Hz, 0.5 cyc/oct. Observe the difference in bandwidth between (a, b) and (c, d).

In summary, we have shown that both the Grating Compression Transform (GCT) and the
auditory cortex model analyze spectrotemporal modulations of an input time-frequency
distribution. In the GCT, this input is a narrow-band short-time Fourier transform while for the
cortical model, it is the auditory spectrogram. At a fixed point in time and frequency, we view
the 2-D transform for both methods as the collected outputs of filtering the time-frequency
distribution with analytic filters centered at various spectrotemporal modulation frequencies. The
magnitudes of these (complex) filtered outputs are 2-D Hilbert envelopes. The envelope
amplitude can be interpreted as the strength of matching between the real impulse responses of
the filters and a localized region of the time-frequency distribution. Whereas filter bandwidths of
the GCT are fixed and determined by the window used in computing 2-D DFT, cortical filters
exhibit varying bandwidths based on their center spectrotemporal modulation frequencies. Figure
13 summarizes these two realizations of the proposed framework.
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Figure 13 — Schematic comparing the GCT with the auditory cortex model.

3.4 Phenomenological Comparison

In this section, we compare the GCT and auditory cortex model through simulations.
Specifically, we aim to assess the value of each realization of the 2-D processing framework in
addressing the spectral undersampling problem for high-pitch vowels. One way in which this
may be achieved is through improving source-filter separability (i.e., Figure 3) in the rate-scale
space under conditions of high-pitch speech. We describe our experimental setup in Section 3.4.1
and present results and discussion in Section 3.4.2.

3.4.1 Experimental Setup

We used for a test signal a synthesized female vowel /ae/ with first three formant frequencies F1
= 860 Hz, F2 = 2050 Hz, and F3 = 2850 and formant bandwidths B1 = 54 Hz, B2 = 65 Hz, and
B3 = 70 Hz as reported by Stevens in [11]. An all-pole model implementation was used to
generate the vocal tract filter coefficients [16]. The vocal tract filter is excited with a pure
impulse train source generated at 16 kHz and downsampled to 8 kHz with varying fundamental
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frequencies. The duration of the vowel was fixed to 135 ms. Four synthetic vowels were
generated with different settings for pitch values:

1. Fixed pitch of 125 Hz.
2. Fixed pitch of 260 Hz.
3. Linearly changing pitch from 235 Hz to 285 Hz.
4. Linearly changing pitch from 210 Hz to 310 Hz.

Conditions 1 and 2 were used to simulate a stationary low- and high-pitch condition. Conditions
3 and 4 were used to simulate a high-pitch condition with moderate to extensive shifts in pitch.

To generate the GCT, a STFT was computed using a 20-ms Hamming window, 1-ms frame
interval, and a 2048-point discrete-Fourier transform (DFT). Localized regions were extracted of
width 100 ms by 700 Hz, and multiplied by a separable 2-D window consisting of a rectangular
window in time and Hamming window in frequency to generate a spectrotemporal “patch™; the
patch was then zero-padded to a DFT length of 512 in both directions. As suggested by Quatieri
and Ezzat, et al. the DC component of the patch was also removed prior to computing the 2-D
DFT so that it would not dominate the GCT response for display purposes [9, 17]. Denoting

t and f,. as the center of the patch extracted for the GCT, ¢ is set to 58 ms

center
corresponding to the middle of the utterance while f

center

enter center

is set to 2100 Hz for analyzing a high-
frequency region and 500 Hz for analyzing a low-frequency region.

To generate the cortical response, we used the publicly available NSL MATLAB toolbox
developed by Ru and colleagues [18]. The auditory spectrogram was generated by performing
the steps outlined in the previous section on the cochlear filterbank outputs y[n,k] (3.12) . The
inner hair cell A.[n] (3.13) and cochlear nucleus A, [#] (3.14) time constants were set to 0.5-
ms and 8-ms time constants, respectively, consistent with physiological observations [19]. The
resulting y.,[n,k] was sampled at a 1-ms frame interval to match the STFT computation as

described in Equation (3.14). The size of the auditory spectrogram in all simulations was 135
samples in time (i.e., a 135-ms duration and 1-ms frame interval) by 128 in frequency (129
cochlear channels followed by lateral inhibition (3.14)). Cortical filters were designed with linear
spacing of 0.25 in the log-modulation-frequency domain. Specifically, rate- and scale-filter
center frequencies were computed as

p,,)=1=  p  —+112515,.7
= 09 == O

Prae (3.24)

Q'(py.pe) =27, Pooe = —4,—1.75,-1.5..3.5

aX p,,.) has a maximum of 128 Hz, to account for the highest possible temporal modulation

components present in the auditory spectrogram since an 8-ms time constant was chosen for
hey[n]. A-0 Hz rate was also invoked to generate a set of filters located along the scale axis.
Given that the filterbank contains 24 channels per octave, we assume a cycle requires more than
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two channels to be observed (i.e., a local maximum followed a minimum or vice versa) such that
the highest spectral modulation frequency would less than 12 cyc/oct. Q'(p,.,.) was chosen to

invoke a maximum at ~11 cyc/oct. The rate and scale filter lengths (i.e., N; and N, ) were set

to 512 as in ; filtering was done using the DFT of length 1024 in both time and frequency to avoid
aliasing®. Observe that the rate component ( H L(@)) for the set of filters situated along the scale
axis (0 Hz) is

H(&)=1 @=0

i (3.25)
=0 otherwise

which therefore extracts the average® of all spectral slices of the auditory spectrogram since the

DFT length (N, =512) is greater than the auditory spectrogram in time. This set of scale-only

filters operates along the frequency axis of this averaged spectral slice. In the subsequent plots,
the magnitude of the cortical response is shown.

With ¢, and f,

center enter

denoting the center of the patch extracted for the GCT, the corresponding
cortical response iS Yoopr (Leenters Soensers @, S2") to provide as fair of a comparison as possible.
t,..r 18 setto 58 ms corresponding to the middle of the utterance while £, is set to 2100 Hz
for analyzing a high-frequency region and 500 Hz for analyzing a low-frequency region. In
addition, note that the cortical response does not contain negative spectral modulation frequencies
whereas the GCT displays both positive and negative scale. Finally, we observe that an even
more fair comparison than that presented here would involve both frameworks performing
analysis on their respective time-frequency distributions with the same number of 2-D filters.
The GCT’s 512 point DFT results in a bank of ~130,000 filters for the positive-scale region;

because ~130,000 cortical filters would be computationally prohibitive, our simulations of the
cortical response invoked instead ~780 cortical filters.

3.4.2 Results

Fixed 125-Hz pitch case: For the fixed f, =125 Hz condition, Figure 14 compares the output of
the GCT (top) with that of the auditory model (bottom) in a high-frequency region of the time-
frequency distribution at f, . =2102 Hz; similarly, Figure 15 shows this comparison for a

enter
low-frequency regionat f____ =500 Hz. In both cases, analysis is performed at =58 ms.

center tcenler

As would be expected for the localized region in both high- and low-frequency regions of the
STFT (b), a harmonic line structure is present with periodicity (along the frequency axis) of 125-
Hz corresponding to the pitch of the synthetic source. In the corresponding GCT (d), we observe

a distinct pair of peaks at Q = :tI-;E =10.008 cyc/Hz (dashed arrow), consistent with this scale

component, Observe also in the GCT a pair of slower spectral modulation components at
Q = +0.0025 cyc/Hz (solid arrow, Figure 14d) and Q = 10.0015 cyc/Hz (solid arrow, Figure

6 To within a scale factor since 512 > 135.



15d). These may correspond to the windowed portions of the stationary formant envelope.
Under this assumption, the GCT appears then to provide separability of the pitch from formant
structure in the modulation space. The difference in location along the scale axis for the slower

modulation components presumably reflects the portion of the formant envelope extracted within
each patch. The high-frequency patch is centered ( £, = 2102 Hz) close to a formant peak
(F3 = 2050 Hz) and would exhibit sharp transitions in the time-frequency space. In contrast, the
patch of the low-frequency region (£, . =500 Hz) is located 360 Hz away from the first

center
formant peak (F1 = 860 Hz) would expected to be smoother.

8) Short-ime Founer ransform <) Full IGCT] @ 58ms, 2102Hz

d) IGCT] (zoomed) @ 58ms, 2102Hz

o
]

Hz)
x 10°€) IGCT] (+scale)

Scale (cyclestz)
o

0
51 25 0

Rate (Hz)
) Contical response @ 58ms, 2102Hz

g

Frequency (Hz)
g

Time {ms)

Figure 14" — /ae/ with 125-Hz pitch; a) STFT with localized region (rectangle) centered at topnier =58 ms

and f .. =2102 Hz; b) Zoomed-in view of localized region of a); c) Full GCT magnitude; d) Zoomed-

in version of ¢) to show dominant spectrotemporal components; dashed arrow — 0.008 cyc/Hz; solid arrow
—0.0025 cyc/oct; €) As in c) but with negative-scale removed for comparison to cortical response; f)
Auditory spectrogram with ‘X’ denoting Loner =58 ms and £,
Full cortical response magnitude; dashed arrow — 1.4 cyc/oct; solid arrow — 0.5 cyc/oct; dotted arrow — 125
Hz, 3.4 cyc/oct; solid X — 0.125 cyc/oct; dotted X’s — * 8 Hz.

=2102 Hz of cortical response; g)

enter

7 The rate and scale axes shown are plotted on a linear axis for display purposes. The mapping to absolute
rate (in Hz) and scale (cyc/oct) was previously described in Equation (3.24).
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<) Full |IGCT] @ 58ms, 500Hz d) K5CT) (zoomed) @ 58ms, S00Hz
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Figure 15 — /ae/ with 125-Hz pitch as in Figure 14 but with f, =500 Hz; (d) dashed arrow — 0.008

cyc/Hz; solid arrow — 0.0015 cyc/Hz; (g) dashed arrow — 2.4 cyc/oct; solid arrow — 0.35 cyc/oct; dotted X’s
— 1 8 Hz; solid X —0.125 cyc/oct.

In contrast to the GCT, the octave-spacing of the cochlear filterbank invokes a non-uniform
spacing of the 125-Hz pitch harmonics in the auditory spectrogram (f). In addition, observe that
frequency (temporal) resolution decreases (increases) towards high-frequency regions of the
auditory spectrogram due to the increase in bandwidth of the cochlear filters as & increases. We
can therefore think of low-frequency regions as resembling a narrow-band STFT while high-
frequency regions resemble a wide-band STFT.

In (f) ‘X’ denotes ¢ =58 ms,

center

=58 ms, f

center

=2102 Hz in Figure 14 and ¢

center
Joner = 2102 Hz in Figure 15 such that the corresponding cortical response magnitude in (g) is
| T | fcemr,w,Q')|. The cortical response corresponding to the high-frequency region

(Figure 14g) contains three dominant components along the scale axis (0 Hz) at
Pycare =—3=0.125 cyc/oct (X), p,.,. =—1=0.5 cyc/oct (solid arrow), and p , =05=14

=~+6.9 =125 Hz,

Poeare =1.75=3.4 cycloct (dotted arrow). Similarly, the low-frequency region’s cortical

cyc/oct (dashed arrow). In addition, a distinctive peak is located at p

rate

response (Figure 15g) contains three components along the scale axis at p . ~-3~=0.125

cyc/oct (X), P, =—1.5=0.35 cyc/oct (solid arrow), and p_ . =1.25=2.4 cyc/oct (dashed
arrow). Finally, observe that for both frequency regions, the cortical response exhibits several
moderate-rate (e.g., p,,. =+3=8 Hz) components located at the same scales as those

scale

rate

components along the scale axis (dotted X’s).
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To interpret the component located at 125 Hz and 3.4 cyc/oct (dotted arrow, Figure 14g), we
show in Figure 16a zoomed-in portion of the auditory spectrogram near =58 ms,

tcemer

Soomer =2102 Hz. In Figure 16b, we show the real impulse response corresponding to the filter

centered at @=128 Hz, Q'=3.4 cyc/oct. Recall that the magnitude cortical response shown in
Figure 14g denotes the strength of the match between this real impulse response at the point

t_ .. =58 ms, f__ =2102 Hz of the auditory spectrogram. For plotting purposes, we have

center center

mapped the absolute frequency (f) scale to octaves (oct) by inverting Equation (3.12):

oct = log, L (3.26)

220

From Figure 16a, it is clear that a spectrotemporal modulation component is present in the
auditory spectrogram with periodicity ~8 ms, consistent with the temporal modulation frequency
of the real impulse response shown in Figure 16b. This also corresponds to the pitch value used
in synthesis. Recall that high-frequency regions of the auditory spectrogram provide improved
temporal resolution due to the broadening of cochlear filters; this improved resolution is
presumably necessary to observe this “phase-locked” response of the pitch. In particular, observe
that the cortical response corresponding to the low-frequency region (with better frequency
resolution but poorer temporal resolution) does not exhibit this high-rate component.

We observe that the orientation of the impulse response and modulation component in Figure 16a
and Figure 16b are skewed. From Figure 10, we can estimate & (as measured counter-clockwise
from the scale-axis) by mapping @ and Q' back to & and Q such that:

O zw_’ﬂ ~ (.89
24

. 9-25))5% ~0.79 (3.27)

6 ~—tan" (D) ~—41.6°
)

&

From Figure 16¢, we can also measure (using samples) the corresponding angle in the auditory
spectrogram of this component to be:

Ak =6.5 (3.28)

The estimates of @ are similar, thereby confirming the correspondence between the peak in the
cortical response and the component observed in the auditory spectrogram.
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_ (a) Auditory Spectrogram (high-frequency region)
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Figure 16 - (a) Zoomed in portion of auditory spectrogram near ¢

center

=58 msand f,  =2102 Hz

(oct = 3.25) with (b) zoomed-in real impulse response in time-frequency plane of cortical filter 125 Hz; (c)

Zoomed-in version of (a) for estimating & .
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Figure 17 — Comparison of wide-band time-frequency distribution (a) and its corresponding 2-D transform
(b) to a narrow-band time-frequency distribution and its 2-D transform (d).
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Recall that high-frequency regions of the auditory spectrogram can be thought of resembling a
wide-band STFT while low-frequency regions are similar to a narrow-band STFT. For pitch, a
typical wide-band STFT emphasizes temporal resolution such that individual pitch pulses would
be oriented vertically (in time). In contrast, a narrow-band STFT emphasizes frequency
resolution such that pitch harmonics are resolved and oriented horizontally. If we consider a 2-D
transform of these regions, a wide-band-like region will then map pitch component along the rate
axis while a narrow-band-like region will map it along the scale axis (Figure 17). We can
therefore interpret the estimate of as indicating the trade-off between temporal and frequency
resolution; the auditory spectrogram in the high-frequency region shown therefore resembles a

. C e L. . A - . v/2
time-frequency distribution “between” a broad- and narrow-band since @ is neither 0 nor —E

(as measured counter-clockwise from the scale axis).

To interpret components located along the scale axis in the cortical response, recall that the scale
filters operate on the average of all spectral slices from the auditory spectrogram. Figure 18
shows this averaged spectral slice where we have again invoked the frequency-to-octave mapping
of (3.26) for the frequency axis. Concurrently, we also show both the formant envelope and
locations of the 125-Hz pitch harmonics. Observe that the locations of the harmonics are no
longer uniformly spaced and that the formant envelope appears warped (compare to the formant
envelope shown in Figure 4); both effects are due to the logarithmic spacing of the octave scale.
In low-frequency regions of the spectral slice, local maxima correspond to pitch harmonic
locations; in contrast, high-frequency regions do not exhibit such a correspondence. This reflects
the loss of frequency resolution in high-frequency regions due to the widening of cochlear filter
bandwidths.

In Figure 19, we plot the real impulse responses of filters with center (scale) frequencies of the
observed local maxima in Figure 14g and Figure 15g. Recall from our previous discussion that
these responses can be viewed as matched filters for components along the frequency axis of the
auditory spectral slice. For interpretation purposes, note that filtering in the scale-domain is

implemented non-causally. The filtered output (i.e., cortical response) at f is generated

center
when the peak of the impulse responses shown in Figure 19 are aligned with f,___ (i.e., Hand L

center
in Figure 18) [18].
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Auditory Spectral Slice: 125-Hz Fixed Pitch
18 . T .
— Auditory Spectral Slice : : :
———-True Formant Envelope
—2 Pitch Harmonic Locations

10k .............. ............... .............

Amplitude

Figure 18 — Average of spectral slices of auditory spectrogram. H and L denote 2100 Hz (3.25 oct) and
500 Hz (1.18 oct) mapped to octaves, respectively. Dashed arrow (near L) — Peak of the 2.4 cyc/oct
component; horizontal solid arrow (near L) — 0.35 cyc/oct component; solid arrow (near H) — peak of 1.4
cyc/oct component; horizontal solid arrow (near H) — peak region of 0.5 cyc/oct component.

() 0.125 cycloct

Octaves
(e) 2.4 cycioct
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or- . ; - - E
i | ; . i . .
-2 1 0 1 2 3 4 5
Octaves

Figure 19 — Real impulse responses corresponding to filters along the scale axis.
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For the low-frequency region of analysis (L, Figure 18), the 2.4 cyc/oct component (Figure 19¢)
corresponds to the harmonic peak located at L (dashed arrow (near L), Figure 18). Observe that
because the impulse response consists of a single cycle, this component in the cortical response
does not represent a coherent mapping of the surrounding harmonic peaks in this region. This is
in contrast to the mapping of the harmonic line structure in the localized region of STFT to the
coherent components observed in the GCT. The 0.35 cyc/oct (Figure 19b) likely reflects
matching of the local portion of the formant envelope swept out by the pitch harmonics ranging
from 0 — 2 (horizontal solid arrow (near L), Figure 18). For the high-frequency region (H, Figure
18) the 1.4 cyc/oct component corresponds to the peak located between 2.5 — 3.5 octaves (dashed
arrow (near H), Figure 18) and resembles the resonant peak of the formant envelope in this local
region. We can also view the region from 3 — 4 octaves as the peak region of a single cycle
(horizontal solid arrow (near H), Figure 18) corresponding to the 0.5 cyc/oct component (Figure
19c). This component can be interpreted as “coarse” formant structure in comparison to the
“fine” formant structure of the 1.4 cyc/oct component. The 0.125 cyc/oct component present in
both the low- and high-frequency regions of analysis has a notably wide extent in frequency
(Figure 19a) and is therefore DC-like in representing the overall amplitude across frequency of
the entire spectral slice.

The remaining components in the cortical responses for both the high- and low-frequency regions
have moderate rates (e.g., 8 Hz) (Figure 14g and Figure 15g, dotted X) and can be interpreted
similarly as the 0.125 cyc/oct component along the scale axis. From Figure 11, recall that the
impulse responses of the 8 Hz cortical filters has duration ~170 ms, thereby exceeding the
duration of the entire utterance. We therefore interpret components with rates ~8 Hz or smaller
as DC-like representations of the entire auditory spectrogram across time. This interpretation is
consistent with the components’ corresponding scale frequencies matching those along the scale
axis.

In summary, for the fixed 125-pitch condition, the GCT appears to afford separability of pitch
harmonics from localized formant structure along the scale axis. The primary evidence for
separability is that the set of pitch harmonics in a localized region are mapped coherently to a set
of impulses in the GCT domain and are separated from another set of components presumably
corresponding to formant structure. The cortical response also decomposes the auditory
spectrogram into distinct components; this decomposition is dependent on the frequency region
analyzed. In the high-frequency region, due to improved temporal resolution, pitch can be
mapped to a high-rate component off the scale axis leaving components along the scale axis
resembling both coarse and fine formant structure, thereby suggesting source-filter separability.
A caveat of this interpretation is that the high-frequency region is not strictly wide-band

(0 = —42°); therefore, we cannot rule out contributions from pitch harmonics to components
along the scale axis. In the low-frequency region, single harmonic peaks are mapped to high-
scale components along the scale axis while low-scale components resemble formant structure
swept out by several harmonic peaks. Because we did not observe a coherent mapping of
multiple pitch harmonics to the cortical response, it is more difficult to rule out their contribution
to the low-scale component matched to formant structure as was argued in the case of the GCT.

Fixed 260-Hz pitch case: In Figure 20 and Figure 21, we show a comparison between the GCT
and the magnitude cortical response for the vowel with fixed f; =260 Hz. As in the low-pitch

condition, we observe a pair of local maxima present in the GCT (d) at Q = i2_;0 = 10.00385

cyc/Hz (solid arrows) that correspond to the harmonic line structure. Another set of peaks
(dashed arrows) are located at lower scales of Q =10.0025 cyc/Hz for the high-frequency
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region (Figure 20d) and Q = 20.0015 cyc/Hz in the low-frequency region (Figure 21d); recall
that these peaks were also observed in the low-pitch case and may correspond to portions of the
formant envelope. The distance between those peaks corresponding to the harmonic line
structure and this second set has been reduced due to the increase of pitch and appear merged.
The GCT therefore appears to suffer a similar problem as the cepstrum in source-filter
separability: the components in the transformed space corresponding to pitch are moved closer to
those that presumably represent formant structure.

a) Short-ime Fourier transform ¢) Full IGCTI @ 58ms, 2102Hz d) IGCT] (zoomed) @ 58ms, 2102Hz
F oo
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Figure 20 — /ae/ with 260-Hz pitch; a) STFT with localized region (rectangle) centered at ¢ =58 ms

cenler
and f,,., = 2102 Hz; b) Zoomed-in view of localized region of a); ¢) Full GCT magnitude; d) Zoomed-

in version of ¢) to show dominant spectrotemporal components; dashed arrow — 0.00385 cyc/Hz, solid
arrow 0.0025 cyc/Hz; e) As in c) but with negative-scale removed for comparison to cortical response; f)

=58 msand f

center

Auditory spectrogram with ‘X’ denoting ¢

center

Full cortical response magnitude; dashed arrow — 2 cyc/oct; dotted X’s — + 8 Hz.

= 2102 Hz of cortical response; g)
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Figure 21 — /ae/ with 260-Hz pitch as in Figure 20 but with [

omer = 900 Hz; (d) dashed arrow — 0.00385
cyc/Hz; solid arrow — 0.0015 cyc/oct; (g) Full cortical response magnitude; dashed arrow — 2 cyc/oct; solid

arrow — 0.4 cyc/oct; solid X — 0.125 cyc/oct; dotted X’s — + 8 Hz; solid x — 0.125 cyc/oct.

In the auditory spectrogram (f), the higher pitch results in more widely spaced harmonics as in the
STFT. In the corresponding cortical responses for the high- and low-frequency regions (g), we
again observe DC-like components at moderate rates (i.e., dotted X’s) and at 0.125 cyc/oct along
the scale axis in Figure 21 (solid X). For the high-frequency region (Figure 20), the cortical

response (g) exhibits a single component along the scale axis at p_, =1=2 cyc/oct. For the

low-frequency region (Figure 21g), two components are observed along the scale axis at
Picate = —1.25=0.4 cyc/oct (solid arrow) and p_ . =1.25=2.4 cyc/oct (dashed arrow).

In Figure 22a, we show a plot of the averaged (across time) auditory spectrogram, pitch harmonic
locations, and true formant envelope as in Figure 18 but for the 260-Hz pitch case. Figure 22b
and ¢ show the real impulse responses for scale filters centered at 0.4 and 2 cyc/oct, respectively;
we refer the reader to Figure 19 for the 2.4 cyc/oct impulse response. Observe that the pitch
harmonics are more widely spaced along frequency as can be expected for a higher pitch. The 2
cyc/oct component of the high-frequency region corresponds to peak located at H (dashed arrow
(near H), Figure 22a) and appears to match the resonant peak of the true formant envelope. In the
low-frequency region, the 2.4 cyc/oct component corresponds to the single harmonic peak at L
spanning 1 — 1.5 octaves (dashed arrow (near L), Figure 22a). As in the 125-Hz case, we
interpret the low-scale component of 0.4 cyc/oct (Figure 22c) as matching the portion of the
formant envelope spanned by the pitch harmonics from 0.5 — 3 octaves (horizontal solid arrow
(near L), Figure 22a).
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Figure 22 — (a) Auditory spectral slice for the 260-Hz pitch /ae/; L and H denote the low- and high-
frequency regions, respectively; dashed arrow (near L) — peak of 2.4 cyc/oct component; horizontal solid
arrow (near L) — 0.4 cyc/oct component; dashed arrow (near H) — peak of 2 cyc/oct component; (b, c) Real
impulse responses of scale filters with 2 and 0.4 cyc/oct, respectively.

In summary, for the fixed 260-Hz condition, the GCT appears to suffer a similar problem as the
cepstrum. Specifically, harmonic structure is mapped closer to the presumed formant structure
along the scale axis, independent of frequency region. In the cortical response, a single
component was located along the scale axis for the high-frequency region and coincided closely
to a resonant peak of the formant envelope; however, recall from our previous discussion that we
cannot rule out contributions to this component from pitch harmonics. Note that for this region,
the phase-locked pitch response observed in the 125-Hz case was not observed because 260 Hz is

greater than the low-pass cut-off (125 Hz) of the cochlear nucleus (4.y[n]). A smaller time

constant for A.,[n] would have invoked a temporal modulation component in the cortical

response at 260 Hz, thereby affording the type of separability observed in the 125-Hz pitch case.
For the low-frequency region, as in the 125-Hz pitch case, we did not find evidence for source-
filter separability due to the lack of a coherent mapping of harmonic structure.

Changing pitch, 235-285 Hz and 210-310 Hz: Figure 23 and Figure 24 show the results of
analysis for the high- and low-frequency regions for a pitch shift of 235-285 Hz for the vowel,
respectively while Figure 25 and Figure 26 present the same analysis for the 210-310 Hz
condition. The skewed harmonic line structure corresponding to pitch observed in (b) is mapped
to coherent components off the scale axis in the GCT (dashed arrows, d). For a fixed frequency

region, harmonic structure is mapped to a larger angle (é) off the scale axis for a larger pitch
change (e.g., compare Figure 24d with Figure 26d). Observe also that for a fixed pitch change,
harmonic structure in the high-frequency regions is rotated further off the scale axis than in low-
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frequency regions (compare Figure 23d with Figure 24d). These observations are consistent with
our discussion of the GCT for changing pitch (Section 3.2). As in fixed pitch conditions observe
that a set of modulation components remain along the scale axis at {2 = +0.0025 cyc/Hz (Figure
23d, Figure 25d) and Q = +0.0015 cyc/Hz (Figure 24d, Figure 26d) (solid arrows). Since the
formant envelope remains stationary across time, this observation provides further evidence that
they correspond to a local portion of the stationary formant. Overall then, it appears that invoking
pitch change can improve source-filter separability in the GCT even under conditions of high
pitch. Nonetheless, observe that this separation is not entirely complete under certain conditions.
For instance, in the low-frequency region of the 235 — 285 Hz case, the two sets of peaks appear
merged.

a) Short-ime Fourier transform <) Full IGCT] @ 58ms, 2102Hz d) I6CT] (z00med) @ 58ms, 2102Hz
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Figure 23 — /ae/with changing pitch from 235 — 285 Hz; a) STFT with localized region (rectangle) centered
att, . =58 msand f =2102 Hz; b) Zoomed-in view of localized region of a); ¢) Full GCT
magnitude; d) Zoomed-in version of ¢) to show dominant spectrotemporal components; solid arrow — 0.025

cyc/Hz; dashed arrow — rotated component corresponding to skewed harmonic structure; €) As in c¢) but
with negative-scale removed for comparison to cortical response; f) Auditory spectrogram with ‘X’

=58 msand f,

dashed arrow — 2 cyc/oct; solid arrow — 0.5 cyc/oct; dotted arrows — * 16 Hz; solid X — 0.125 cyc/oct;
dotted X’s — + 8 Hz.
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Figure 24 — /ae/with changing pitch from 235 — 285 Hz as in Figure 23 but with f|
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Figure 25 — /ae/ with changing pitch from 210 — 310 Hz; a) STFT with localized region (rectangle)
centered at ¢ =58 msand f,,,.. =2102 Hz; b) Zoomed-in view of localized region of a); c) Full

cenler
GCT magnitude; d) Zoomed-in version of ¢) to show dominant spectrotemporal components; solid arrow —
0.025 cyc/Hz; dashed arrow — rotated component corresponding to skewed harmonic structure; €) As in c)
but with negative-scale removed for comparison to cortical response; f) Auditory spectrogram with X’

denoting ¢, =58 msand f,,=2102 Hz of cortical response; g) Full cortical response magnitude;

dashed arrow — 2 cyc/oct; solid arrow — 0.7 cyc/oct; dotted arrows — £ 32 Hz; solid X - 0.125 cyc/oct;
dotted X’s - + 8 Hz.
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Figure 26 — /ae/with changing pitch from 210 — 310 Hz as in Figure 25 but with [

center — 500 Hz; d) solid
arrow — 0.015 cyc/Hz; dashed arrow — rotated component corresponding to skewed harmonic structure; g)

solid arrow — 0.4 cyc/oct; dotted arrows — * 16 Hz; solid X — 0.125 cyc/oct.

In the auditory spectrogram (f), changing pitch invokes a similar skew of the harmonic line
structure. In the corresponding cortical responses, this is manifested by the higher-rate
components off the scale axis (dotted arrows, (g)). For the 235 — 285 Hz condition, these

components are at p,  =+4 =116 Hz for the low-and high-frequency regions; for the 210 —
310 Hz case, they are at p, , =15 =132 Hzin the high-frequency region and p, =34 =+16

Hz in the low-frequency region. Since the duration of the vowel is fixed, the 210 — 310 Hz case
will invoke a faster rate of pitch change than the 235 — 285 Hz condition. This is consistent with
the (faster) 32 Hz rate components in the 210 — 310 Hz case while the 16 Hz components
correspond to the 235 — 285 Hz case for the high-frequency regions of analysis. Observe,
however, that these components are not purely temporal and have spectral modulation
components as well. We show in Figure 27 a representative manifestation of pitch modulation
for the 32 Hz, 2 cyc/oct component of the 210 — 310 Hz (high-frequency region). Figure 27b
shows the impulse response of a cortical filter centered at this rate-scale pair with a periodicity of
~30 ms in time and 0.5 octaves in frequency, as expected. This component likely corresponds to
the spectrotemporal modulation present in the zoomed-in region auditory spectrogram denoted by
the dotted arrow in Figure 27a. The cortical response therefore appears similar to the GCT in
invoking components off the scale axis when pitch is changing.
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(a) Auditory Spectrogram (high-frequency region)
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Figure 27 — Interpretation of the 32 Hz, 2 cyc/oct component in the high-frequency region of the auditory
spectrogram for /ae/ with pitch change 210 — 310 Hz; (a) Zoomed-in auditory spectrogram in the high-
frequency region; solid arrows indicate periodicity in time and frequency of the spectrotemporal
modulation component indicated by the dotted arrow; (b) Real impulse response of 32 Hz, 2 cyc/oct
cortical filter.

To interpret components along the scale axis of the cortical response for changing pitch, we
consider here the 210 — 310 Hz case; overall, similar observations were made for the 235 — 280
Hz case though with one exception to be highlighted in the subsequent discussion. We show in
Figure 28a the average all spectral slices from Figure 25f along with the true formant envelope.
We refer the reader to Figure 22 for the impulse responses of the 0.4 and 2 cyc/oct components
and show in Figure 28b the response for the 0.7 cyc/oct component, all observed in the cortical
response along the scale axis (Figure 25g and Figure 26g). In the high-frequency region, the 0.7
cyc/oct component likely corresponds to the coarse formant structure with peak region between 3
— 4 octaves (horizontal solid arrow (near H), Figure 28a); the 2 cyc/oct component corresponds to
the peak at H near the true formant peak (dashed arrow (near H), Figure 28a).

In the low-frequency region, we do not observe a high-scale component in the cortical response
corresponding to individual harmonic peaks in contrast to the fixed pitch conditions. Presumably,
the harmonic peaks have been smoothed across time such that the low-scale component (0.4
cyc/oct) corresponding to a local portion (horizontal solid arrow (near L), Figure 28a) of the
formant envelope dominates the cortical response. Nonetheless, low-amplitude maxima are
present in the spectrum near L (dotted arrows (near L), Figure 28a) indicative of this smoothing
effect. Turning now to the cortical response corresponding to the low-frequency region for the
235 — 280 Hz case, a component at 1.4 cyc/oct (Figure 24g, dashed arrow) and another at 0.4
cyc/oct (Figure 24g, solid arrow) can be observed. The 0.4 cyc/oct component has the same
interpretation as in the 210 — 310 Hz condition. The 1.4 cyc/oct component will correspond to a
single peak in the auditory spectral slice representing the result of harmonic peaks at different
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frequencies smoothed across time. It appears in this case that smoothing was not as significant as
in the 210 — 310 Hz condition such that this peak is reflected in the corresponding cortical
response.

(a) Auditory Spectral Slice: 210- 310 Hz

~— Auditory Spectral Slice o
10|~~~ True Formant Envelope

15

Amplitude

Octaves
(b) 0.7 cyc/oct

"2 -1 0 1 2 3 4 5
Octaves

Figure 28 — Interpretation of components along the scale axis for the 210 — 310 Hz condition; (a) averaged
auditory spectral slice and true formant envelope; horizontal solid arrow (near H) — peak of 0.4 cyc/oct
component; dashed arrow (near H) — peak of 2.4 cyc/oct component; horizontal solid arrow (near L) — 0.7
cyc/oct component; dotted arrows (near L) — low-amplitude peaks indicative of smoothing effect of
multiple pitch harmonics; (b) impulse response of 0.7 cyc/oct component.

In summary, for the condition of changing pitch, we have observed that the GCT may provide
improved separability even under conditions of high-pitch with harmonic structure being rotated
off the scale axis. The auditory model is similar to the GCT in invoking components off the scale
axis with rates > 8 Hz for changing pitch. In addition, for the 210 — 310 Hz condition,
components on the scale axis appear to primarily resemble formant structure. Nonetheless, we
cannot argue source-filter separability as in the GCT; specifically, those components off the scale
axis do not necessarily represent a coherent mapping of changing harmonic lines as in the GCT.

3.5 Relation to formant estimation
From Section 3.4, we have obtained evidence suggesting that harmonic projection and the GCT

may provides means of addressing the spectral undersampling problem under the condition of
changing pitch. The former method improves the spectral sampling of an underlying stationary
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formant envelope. The latter method appears to invoke source-filter separability by mapping
harmonic line structure (corresponding to pitch) to a coherent component in a 2-D modulation
space. Because this type of coherent mapping was not observed for the auditory cortex model,
separability in the cortical model could not be as easily argued as in the GCT. In this thesis, we
therefore focus on the harmonic projection and GCT methods, deferring use of the cortical model
for future work. Herein we discuss methods of spectral estimation via these two methods with
the end goal of improving high-pitch formant estimation.

We have observed that the projection of harmonics under conditions of changing pitch is able to
increase the sampling of an underlying formant envelope. It is conceivable that with an
appropriate interpolation method, an improved estimate of the underlying spectral envelope can
be obtained using such a collection of harmonic samples relative to that derived from a single
spectral slice. One simple method of interpolation is that of averaging short-time spectra across
time. In relation to the GCT, we can think of this averaging as extracting the rate axis of GCTs
computed for localized regions of the STFT followed by an inverse transform to generate a
spectrum. Denoting N and M as the length in time and frequency of a localized STFT region

s[n,m] and k, /, and N, and M asin Section 3.2, the GCT is then

N—1 M-1 —j2xk —j2nl
S[k, l]—mnz_.;mz_(:)s[n,m]e Yo g Mo (3.29)

Extracting the rate axis only (k = 0), we have

1 M- N-1 —j2nl
S10,11=— Z( Zs[n m])e o (3.30)
m=0

N-1
which is the equation for the (forward) DFT of -]-vl— Zs[n, m].
n=0

Analogous to the improved spectral sampling of harmonic projection, we have observed that the
GCT under conditions of changing pitch appears to separate harmonic line structure and formant
envelope components of the STFT. From our observations, we model the harmonic line structure
as in (3.1); in addition, we denote the portion of the formant envelope within the localized patch

as a relatively slowly-varying a[n,m] with 2-D DFT expressed as A((b,f)). Under a
multiplicative spectral source-filter model, the windowed localized region s, [n,m]is

s, [n,m]=wn,m](1+ cos(@®[n,m]))a[n,m] 23]
s, [n,m] = w{n,mla[n,m)+ w{n,mla[n, m]cos(@®[n,m]) (331
In the rate-scale domain S, (@, ﬁ) becomes

S, (&,Q) = H(,Q)+ H(d+ dy sin §,Q — &), cos 6) + H(d— éy sin 6,0 + éy sin )

A . . (3.32)
H(®,Q)=W(&,Q)*, , A&,LQ)
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where *a.) ; denotes convolution in the rate-scale space (Figure 29).

Figure 29 — Rate-scale schematic showing fixed pitch (dotted) versus changing pitch (solid). H (a"),f)) is
represented by ellipses.

We see that w{mn,m]a[n,m] maps to a function concentrated at the origin (H (&),Q)) as
represented by the shaded ellipse. In contrast, the fast-varying component
wln,m]a[n,m]cos(@y®[n,m]) maps to a pair of smeared impulses located @), from the GCT

origin as measured radially. For changing f, the rotational nature in transforming skewed

harmonic lines maps them off the scale axis at a non-zero angle 6 (represented by solid ellipses),
thereby invoking previously observed separability of the source from vocal-tract spectra. For

fixed f;, the smeared impulses lie along the scale axis (dotted). Note that for fixed f;, 6 = 0,
and source-filter separability can be achieved only if &), is greater than the scale-frequency
bandwidth of H (é),fl). This model motivates a simple method of spectral estimation;
specifically, 2-D processing across localized regions of a STFT via low-pass filtering could
isolate w[n,m]a[n,m] from w{n,m]a[n,m]cos(@®[n,m]). A reconstructed STFT could then
be used to generate a spectral estimate.

In relation to formant estimation, harmonic projection and the GCT can afford improved spectral
representations (i.e., estimates) of formant envelopes. Any magnitude spectrum |X ((?))I derived
from these methods may then be used to estimate formant frequencies via the autocorrelation-
method of linear prediction since the inverse DFT of |X (c?))|2 is an estimate of the

autocorrelation function 7, [n].
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3.6 Conclusions

In this chapter, we have characterized several realizations of a 2-D speech processing framework
through simulations. The harmonic projection method appears to improve spectral sampling of a
stationary formant envelope under the condition of changing pitch. Similarly, the GCT appears to
afford improved source-filter separability in a 2-D modulation space when pitch is changing; this
is done through a coherent mapping of harmonic structure. For these two realizations, we have
provided analytical justifications for our observations and have proposed their use in deriving
spectra as a basis for improving high-pitch formant estimation. Though the auditory cortex
model also highlights distinctive aspects of speech, the lack of a coherent mapping prevented us
from arguing for source-filter separability as was done for the GCT. Further work is necessary to
assess the potential benefits of this particular realization.
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Chapter 4

Formant Estimation Methods

In this chapter, we discuss the methodology of using the proposed 2-D framework for formant
frequency estimation. Spectral estimation methods motivated from our observations and analysis
presented in Chapter 3 are applied to a series of synthesized vowels with degrees levels of pitch
shifts. All spectra are then used in linear prediction to estimate formant frequencies. These
results are compared to the results of traditional and homomorphic linear prediction baselines.

This chapter is organized as follows. Section 4.1 describes our vowel synthesis methodology. In
Section 4.2, we discuss a variety spectral estimation methods aiming to exploit temporal change
of pitch and their application to formant estimation using linear prediction. We conclude in
Section 4.3 by discussing our baseline methods of traditional and homomorphic linear prediction
and summarizing the array of methods used.

4.1 Synthesis

Pure impulse-train source signals with starting f; ( f;,) ranging from 80-200 Hz (males), 150-
350 Hz (females), and 200-450 (children) Hz were synthesized with linear pitch increases (df;)

ranging from 10 to 50 Hz. f, and df, varied in 5-Hz steps. Specifically, starting and ending

pitch values were used in linear interpolation across the duration of each synthesized utterance.
To generate the impulse train with time-varying pitch, impulses were spaced according to points
of this interpolation (denoted as f,[n]) across the desired duration. Initially, we synthesized the

source at 8 kHz; however, we observed that the temporal resolution at this sampling rate invoked
a piece-wise linear pitch change. Consequently, sharp transitions were observed in the
spectrogram at pitch transition points (Figure 30, top). To generate a smoother pitch track, we
used instead a 16-kHz sampling rate for generating the impulse train and downsampled the result
to 8 kHz using a 100" order least-squares, linear-phase, finite-impulse response filter. A
representative spectrogram of an input source generated using this method is shown in Figure 30
(bottom); in this case, energy transitions between pitch transitions are notably reduced in
magnitude.
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Figure 30 — Comparison of source generated at 8 kHz (top) versus source generated at 16 kHz and
downsampled to 8 kHz (bottom) for 235 Hz — 285 Hz. The large energy transitions in the signal generated
at 8 kHz are reduced in the signal generated at a higher sampling rate and downsampled. Pitch changes
from 235 — 285 Hz across 135-ms duration.

Table 3 — Table of formant frequency values (in Hz) used in synthesis.

/ah/ /iy/ ley/ lae/ /oh/ /ool /ub/
=1 (=2) (=3) (=4) (v=5) (v=6) (v=5)
F1 (males) | 730 270 460 660 450 300 -
F2 (males) | 1090 2290 1890 1720 1050 870 -
F3 (males) | 2440 3010 2670 2410 2610 2240 -
F1 (females) | 850 310 560 860 600 370 -
F2 (females) | 1220 2790 2320 2050 1200 950 -
F3 (females) | 2810 3310 2950 2850 2540 2670 -
F1 children) | 680 370 690 1010 - 430 850
F2 children) | 1060 3200 2610 2320 - 1170 1590
F3 children) | 3180 3730 3570 3320 - 3260 3360

Source signals were filtered with 6th order all-pole models corresponding to the vowels /ah/
(v=1), /iy (2), ley/ (3), /ael (4), loh/ (5), and /oo/ (6); for children, /oh/ was replaced by /uh/ (5)
because we were unable to find formant data in the literature for /oh/. Formant bandwidths (B1,
B2, B3) were set to 54, 65, and 70 Hz, respectively and correspond to average measurements in
vowels for males and females reported in Stevens [11]. Formant frequencies (F1, F2, F3) were
set to average measurements reported by Stevens [11] and Peterson and Barney [20] for males,
females, and children (Table 3). Synthesized utterance durations were vowel-specific and set to
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average durations (across adult females and males) measured from the Switchboard corpus by
Greenberg and Hitchcock (Table 4) [21]; we were unable to find data in the literature regarding

child vowel durations.

Table 4 — Average vowel durations across adult females and males (in ms) from [21].

ah (v=1) | iy (v=2) ey (v=3) | ae (v=4)

oh (v=5)

00 (v =6)

uh (v=5)

Duration | 95 100 125 135

135

105

55

All-pole filter coefficients were generated via a cascade of formant resonators proposed by Klatt
[22] and implemented in MATLAB by Mehta [23]. Specifically, the vocal-tract transfer function

H(w) is defined as [23]

Ai

3
=1

)= H 1-Be/®-Ce/?®

4=1-B-C
B,

(4.1)

where /i denotes the ith formant (F) and bandwidth (B) and fs is sampling frequency (here,

fs =8 kHz). Figure 31 shows a representative example of a synthesized vowel /ae/ with pitch

235 — 285 Hz based on the above method.

Synthesized Vowel, ae, 235-285 Hz pitch
4000

3500

3000

[\S]
[94]
(=]
o

(2]
[=]
=]
o

Frequency (Hz)

-
(94
o
o

0 20 40 60 80 100
Time (ms)

Figure 31 — Synthesized vowel /ae/ with pitch 235 — 285 Hz.
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4.2 Formant Estimation Exploiting Pitch Dynamics

In this section, we discuss several spectral estimation methods aiming to exploit temporal change
of pitch as a basis for formant estimation. For formant estimation, the magnitude spectrum
resulting from each of these methods is used to obtain an autocorrelation estimate for use in linear

prediction. Specifically, for a DFT length of N, a one-sided magnitude spectrum IX [k]l of
N . . ..
length —2— +1 is appended by a frequency-reversed version, thereby resulting in a two-sided zero-

phase spectrum X,[k]. Denoting the inverse DFT computation of X,’[k] as x[n], this
sequence is circularly shifted by half of the DFT length to generate the autocorrelation estimate
r.[n]:

X,[k]= |XTk] k= 0,1..%
|XIN-k] k= %+ 1,%+ L..N
2nnk . (42)

TN

x[n]= E X, [kle
rx[n]=x[«n—§»,v]

We observed that N = 2048 was sufficient to avoid aliasing of 7, [#n] due to the inverse DFT.

r,[n] is used to generate the normal equations with the order set to 6 (corresponding to the three

synthesized formants) (7.2A.1) which are then solved using the Levinson-Durbin recursion [1].
Finally, the roots of the resulting coefficients are solved to obtain the formant frequency
estimates. Herein we describe several methods motivated from our discussion in Section Chapter

3 for obtaining |X [k]|.

4.2.1 Harmonic Projection and Interpolation

To implement the method of harmonic projection suggested by Figure 4, the f; pitch contour of

the synthesizer was used to collect spectral samples across the full duration of each vowel.
Specifically, the following steps were taken to generate a spectral estimate:

1. A STFT was computed with a 1-ms frame interval and a pitch-adaptive Blackman
window ,w[n] (4.3), with duration corresponding to four times the true f; for each
frame (denoted as STFT)).

27n 4zn 4
=0.42-0.5cos(——) +0.08cos(——), 0<n< M =—
wn] cos( iv; ) cos( ; ) n I

A (4.3)

0 otherwise
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M-1
2. Each spectral slice of STFT; was normalized by W (0) = Z win].

n=0

3. Using the true f; contour, peak-picking of the harmonics of f, was done across all
normalized spectral slices via the SEEVOC algorithm [24].

4. All harmonic peaks were collapsed into a single function linearly interpolated across
frequency.

The pitch estimate for each frame was determined from decimating the interpolated pitch contour
used in the synthesis by a factor of 2 to account for the downsampling from 16 kHz to 8 kHz (i.e.,

Jol2n]). In selecting a strategy for obtaining harmonic peaks for interpolation, we initially

performed short-time analysis using a fixed 20-ms Hamming window and 1-ms frame interval.
Figure 32 (top) illustrates short-time spectra for the female vowel /ae/ across the minimum,
average, and maximum pitch values used in synthesis. Observe that while the harmonic peaks are
present for the 290- and 500-Hz condition, the 80-Hz spectrum lacks harmonic structure. To
understand this effect, recall from Equation (2.6) that the short-time spectrum of a stationary

. . : . . 2r . 1
vowel can be viewed as scaled versions of the window with spacing @), = 3 with P=—. As
0

f, decreases, the replicas of W (w) become more closely spaced such that there is significant

interaction between neighboring windows’ main- and side-lobes. To address this, we used
instead short-time analysis with window size dependent on the local pitch value (i.e., Step 1);
specifically, larger pitch periods were analyzed with longer windows. In addition, to reduce side-
lobe interactions, we chose the Blackman window with a peak side-lobe amplitude of -57 dB
(relative to the main-lobe) [4]. Figure 32 (bottom) shows spectra derived in this manner; we
observed empirically that a window length of four times the pitch period provided reasonable
harmonic peaks across all pitch conditions.
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Figure 32 — Comparison of short-time spectra using a fixed 20-ms Hamming window (top) or a pitch-
adaptive Blackman window (bottom) for the vowel /ae/ across representative pitch values used in synthesis.

Due to the pitch-adaptive window, W (@=0) is different across frames and is dependent on the

window length. The harmonic peaks corresponding to portions of the formant envelope are
therefore scaled differently across frames from Equation (2.6). Step 2 is done invoke the same
absolute magnitudes across spectral slices, independent of window length. In Figure 33a, we
show the pitch-adaptive spectrogram while Figure 33b illustrates peak-picking using the
SEEVOC algorithm. Figure 33c shows the collection of harmonic samples obtained across the
entire vowel and the linearly interpolated spectral estimate (denoted as m = 3).

To remove confounds of the interpolation method itself, interpolation was also performed on
harmonic spectral samples from a single spectral slice of STFT, extracted from the middle of the
utterance (m = 4). The resulting single-slice interpolation is shown in Figure 33b. Finally, as
previously noted, a simpler method of interpolation is spectral slice averaging which we also
implemented and denote as m = 5. Figure 33d shows the result of averaging all magnitude
spectral slices in STFT; (solid) along with two sample spectral slices (dashed) used in computing
this average.
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(a) Pitch-adaptive Spectrogram
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Figure 33 - Harmonic projection method; (a) Pitch-adaptive short-time spectrogram; (b) Single-slice peak-
picking using SEEVOC algorithm at 256 Hz and single-slice interpolation (m = 4); (c) Projection of
collected harmonics and linearly interpolated spectral envelope (m = 3); (d) Representative short-time
spectra (dashed) used in the computing the resulting average spectrum (solid) (m = 5).

For comparison purposes, we show in Figure 34a the spectral estimates of m = 3, 4, and 5 along
with the true formant envelope (denoted as H(@)). Linear interpolation of peaks from multiple

slices (m = 3) appears to trace out H (@) better than that of single-slice interpolation (m = 4).
Specifically, the local maxima of the spectral estimate for m = 3 are closer to the true formant
peaks of H(w@) than those of m = 4, thereby illustrating the benefits of obtaining additional

spectral samples of the formant envelope by exploiting temporal change of pitch. Consequently,
the formant peaks of the resulting linear prediction envelope for m = 3 appear closer to the true
formant peaks than that of m = 4 (Figure 34b). Observe also for m = 3 a more jagged
interpolation (e.g., near F1 = 860 Hz) in low-frequency regions than high-frequency regions.
This is due to the relatively sparser sampling of harmonic peaks in low-frequency in comparison
to the broader harmonic sampling in high-frequency regions (Section 3.1). In addition, the
interpolation can appear “ragged” in certain regions (e.g., near 2500 Hz), presumably due to
remaining main- and side-lobe interactions from short-time analysis affecting the heights of
harmonic peaks. In comparison with m = 3, m = 5 generates a smoother spectral estimate and
also appears to trace out H(@). However, the spectral estimate of m = 5 contains harmonic-like

structure and has lower peaks near the formants. This effect can be explained by observing the
significant overlap of the main lobes corresponding to harmonic peaks in Figure 33b (e.g., near
F2 =2050 Hz) for two different spectral slices that correspond to distinct pitch values. While the
pitch-adaptive short-time analysis aims to minimize interaction between harmonics for single
spectral slices, it cannot account for the interactions of main- and side-lobes across time.
Averaging across short-time spectra consequently invokes a smoothing effect on these
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interactions. Nonetheless, the peaks of the resulting linear prediction envelope for m = 5 appear
more closely matched in frequency to the true formant peaks overall than that resulting from m =
4, thereby providing additional evidence that exploiting temporal change of pitch can benefit
formant estimation.

Comparison of Spectra Derived fromm=3,4,5

0.8 g T ! ! ! —m=3

: : : : -——-m=4

(1) & J PO UUUSUUR PP JOU R PU: SO ¥ (U I m=5
— True Formant Envelope

— e SITES j ey 1 R e s
00 500 1000 1500 2000 2500 3000 3500 4000
Frequency (Hz)
Comparison of Estimated Formant Envelopes
0 8 ﬁ— T T T T m=3
: -———-m=4
0 B ................................................................................................ m= 5
— True Formant Envelope
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Frequency (Hz2)
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Figure 34 — Comparison of spectra (top) with resulting all-pole formant envelope estimates (bottom) for m
=3,4,5.

4.2.2 Grating Compression Transform Filtering

For m = 6, we implemented filtering of the GCT based on the model presented in Section 3.5.
Localized regions were extracted from STFT; (denoted by s[n,m]) with a separable 2-D window

w{n,m]. Specifically, a rectangular window in time with length corresponding to the full

duration of the utterance was multiplied by a Hamming window in frequency with width set to
700 Hz; a 350-Hz frequency overlap was invoked.

Two GCTs were computed for each localized region. For GCT}, a 2-D gradient operator [25] was
applied to the entire STFT followed by windowing and removal of the DC component [17]; a 2-D

DFT was then applied to generate the GCT. Specifically for a region centered at n=n,,

m=m:

72



0 2 2

D=2 0 2
-2 =2 0
Punlnsm}=wn—ny,m—my)(s[n,m]*,, D). 4.4
pl[n’m] = pwin[n’m]_ﬁwin
N-1 M-1 _jaln_2ain
GCT (k,]) = ZZp,[n,m]e Neg M
n=0 m=0

where *,, denotes convolution across # and m and p,, denotes the average (DC) value of

P.nln,m]. The magnitude of GCT; was used to determine local estimates of @&, by peak-
picking. For GCT), the DFT was computed directly from the windowed region:

Da[n,m]=wn—ny,m—myls[n,m]

N-1M-1 _j2mkn 2zl 4.5
GCT,(k,)=Y' Y p,lnmle ¥ ' ¥ @3
n=0 m=0

Figure 35 compares both GCT magnitudes and their respective patches in the time-frequency
space. For display purposes, the DC component of GCT; was removed. The local maxima in
|GCT3| (d) corresponding to harmonic line structure (dotted arrows) are accentuated in |GCT}| (e)

due to the gradient operator. These peaks are located at & = 10.0257, Q =70.0357 such that
@, = 0.043. The local maxima along the scale axis corresponds to a local portion of the formant
envelope (solid arrows).
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Figure 35 — (a) STFT, and localized region (rectangle); arrow — 350 Hz; (b) Localized region used for (E)O

estimate ( p,[1,/m]) (c) Localized region used in filtering ( p,[n,m]) (d) |GCT,| computed from; dashed

arrows — coherent mapping of harmonic structure (b); (e) |GCT;| computed from (c) with DC component

removed for display purposes; solid arrows — mapping of local formant structure; dashed arrows — coherent
mapping of harmonic structure.

GCT,; was filtered with a 2-D elliptic filter designed by taking the product of two linear-phase
low-pass filters in frequency in time. In time, the pass and stop bands were fixed to 0.25@, and

0.5@,, respectively. @, corresponds to the &), estimate derived from the lowest frequency-
region of STFT, with center frequency of 350 Hz (arrow, Figure 35a). In frequency, we used a
pass and stop band of 0.5@, and @&,, with @, corresponding to the local estimate for each
region. The filter cutoffs were motivated from empirical observations showing that &), tended to

increase with frequency region (Figure 36). This effect is caused by the increased fanning of the
harmonic line structure towards high-frequency regions; because the harmonic lines are no longer
strictly parallel, &), will be overestimated. Using the described filter cut-offs, we could therefore
expect to obtain an adaptive low-pass elliptical filter that becomes more permissive along the

scale direction for regions with increasing frequency. This is consistent with the improved
source-filter separation in high-frequency regions previously discussed in Section 3.5.
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Local Estimates vs. Patch Center Frequency
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Figure 36 - fq) estimates as a function of the center frequency of each patch.

(a) Rate filter (b) Scale Filter (c) 2-D Elliptical Filter
0 I : 0
n“° l({f f r\[ f ﬁ-m- 1
g2 li!,. \/ / \( . g 20}
3 U y 3
g v . 5w
o ! : )
z § w0
-50 -50
% 0.1 0.2 %% 0.1 0.2 0.1 0 0.1
wfn Q/r wfn
(d) [GCT,| (DC removed) (e) Filtered Result (DC removed) (f) Reconstruction
0.1 4000
0.05 — 3000
-4
g
2000
g
g
005 - 1000
-0.1
0.1 0 01 50 100
wjm Time (ms)

Figure 37 — GCT filtering process. (a) Magnitude of rate filter along @ ; (b) Magnitude of scale filter along

~

€2 ; arrows — filter cutoffs; (c) Magnitude of product of (a) and (b); (d) GCT» magnitude (DC removed);
dashed arrows — coherent mapping of harmonic line structure; solid arrows — mapping of local formant
structure; (e) GCT, post-filtering, magnitude (DC removed); solid arrows - mapping of local formant
structure remaining after filtering; (f) Time-frequency reconstruction via overlap-add; arrow - location in
time of spectral slice extracted.
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Figure 37 (a-c) shows the construction of the 2-D filter used on the localized region of Figure 35
with low-pass cut-off frequencies indicated by solid arrows. In Figure 37d we show GCT, with
the harmonic (dotted arrows) and formant envelope (solid arrows) components indicated as
before while Figure 37e shows the result of filtering GCT with the elliptical filter of Figure 37c.
As in Figure 35, the DC components have been removed for display purposes in these figures.
Although we show only the magnitudes of the GCTs, filtering was done on the complex GCT>.
Observe that the harmonic components are removed from the GCT in Figure 37¢ as a result of the
2-D filtering, thereby leaving only the components corresponding to the local portion of the
formant envelope. Finally, to generate the spectral estimate, a reconstructed time-frequency
distribution was computed using overlap-add®, and a spectral slice was extracted corresponding in
time to the middle of the utterance (solid arrow). In Figure 38 (top) we show the spectral
estimate generated from filtering in the GCT (m = 6) in comparison with the true formant
envelope. Similar to the method of spectral slice averaging, the estimate appears smoother than
that of m = 3; in addition, the estimate exhibits lower local maxima amplitudes and some
harmonic-like structure indicative of the main- and side-lobe interactions of multiple spectral
slices across time. The resulting formant envelope estimate from linear prediction is also shown
in Figure 38 (bottom).

Spectral Slice Derived from Filtering the GCT (m = 6)
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Figure 38 — Spectral slice from m = 6 in comparison with true formant envelope (top) with resulting all-
pole formant envelope estimate (bottom).

¥ The Hamming window in the frequency direction was modified from its original form to sum to unity
when overlapped by half of its length.
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4.3 Baseline Formant Estimation

Two baseline formant estimation methods were implemented for comparison with those aiming to
exploit temporal change of pitch. Specifically, a magnitude STFT (denoted as STFT,;) was
computed for each utterance using a 20-ms Hamming window, 1-ms frame interval, and 2048-

point DFT. A single spectral slice located in the middle of the utterance (denoted as IX STFT, [k]I )

was extracted for use with linear prediction as was done for the spectra derived via m = 3-6; we
refer to this as the traditional linear prediction baseline (m = 1). As previously discussed in
Section 2.4, Rahman and Shimamura have suggested the use of homomorphic linear prediction to
address high-pitch formant estimation [15]. To implement this method (m = 2), we used the
same spectral slice of m = 1 to compute the real-cepstrum:

N-1 .2xkn

Corrr [M] = %Zlog |X STFT, [k]l e N 4.6)
k=0

where N =2048. An ideal lifter with cut-off —(-)f—6- for f, <250 Hz and 9}]— for f, >250 Hz
0 0

was applied to the real cepstrum and an inverse DFT was computed to generate a magnitude

spectrum to be used with linear prediction [15].

In Figure 39a, we show the spectral slice |X STFT, [k]l of m = 1; Figure 39b shows a portion of the

real cepstrum computed from |X STFT, [k]‘ with the ideal lifter cutoff (arrow). We observe in the

real cepstrum local peaks spaced at ~3.8 ms, consistent with a pitch value of ~260 Hz. The lifter
is designed to isolate low-quefrency components corresponding to formant structure from these
periodic components. In the resulting magnitude spectrum (Figure 39c), the harmonic peaks are
no longer present, as can be expected from the spectral smoothing accomplished via liftering.
This smoothing effect is distinct from that of spectral slice averaging and filtering in the GCT (m
= 5 and 6). Whereas in m = 5§ and 6 smoothing is performed across spectral slices in time,
liftering operates on a single spectral slice. Figure 40 (top) shows the spectra used in the baseline
methods along with the resulting formant envelope estimates (bottom) in comparison with the
true formant envelope.
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(a) Spectral Estimate, m = 1
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Figure 39 — (a) Spectral slice from STFT); (b) Cepstral analysis; arrow denotes ideal lifter cutoff; (c)
Resulting spectrum from cepstral analysis. Analyses are performed on the synthesized vowel shown in
Figure 31.
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Comparison of Spectrafromm =1, 2
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Figure 40 — Comparison of baseline spectral estimation methods (top) with resulting all-pole formant
envelope estimates (bottom) for m = 1 (traditional linear prediction) and m = 2 (homomorphic linear

prediction).

4.4 Conclusions

In this chapter, we have described our experimental framework for assessing the value of
exploiting temporal change of pitch in formant estimation. We have discussed our vowel
synthesis methodology and presented several methods of formant estimation aimed at addressing
the spectral undersampling problem by exploiting pitch dynamics. Specifically, a number of
techniques are proposed for generate a short-time spectrum for use with linear prediction in
estimating formant locations. The harmonic projection method generates a spectrum by
interpolating across a collection of harmonic peaks extracted from a pitch-adaptive spectrogram
(m = 3); to control for the interpolation method itself, the harmonic peaks of a single spectral
slice are also interpolated to generated a spectrum (m = 4). In addition, a simpler realization of
the harmonic projection method is that of spectral slice averaging (m = 5); recall that this method
has a simple interpretation in the context of the GCT. Finally, filtering in the GCT is done (m =
6) to exploit source-filter separability in a 2-D modulation space as a basis for generating a
spectral slice of a vocal tract frequency response. We have chosen to compare the performance
of these techniques with traditional and homomorphic linear prediction.
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Chapter 5

Formant Estimation Results

In this chapter, we present the results of formant estimation using the previously discussed
methods. Using the parameters in synthesis (e.g., vowel type v, starting pitch f_, etc.), several
criteria of “goodness” can be extracted from the results. The primary metric from which other
criteria are derived is the percent error between an estimated (ﬁ' ) versus true formant (F')

frequency value:
Iﬁ - F|
%error =100 7 (5.1)

Section 0 presents percent errors for distinct formants with fixed vowel type, pitch start, and pitch
shift. In Section 5.2, we compute the average of percent errors across vowel type and pitch shifts
to illustrate the effects of starting pitch on formant estimation accuracy. Similarly, Section 5.3
presents averages across vowels and pitch starts to illustrate the effect of the amount of pitch shift
invoked. Finally, Section 5.4 presents averages across pitch starts and pitch shifts, thereby
illustrating the relative performance across vowels. In the aforementioned sections, we display
representative results for females, deferring discussion of performance across genders to Section
5.4, where we present a global goodness criterion based on averaging across all synthesis
parameters. We conclude by summarizing our findings in Section 5.5. As a reference, we show
in Table 3 a summary of the methods described in Chapter 4 for the formant estimation task to
compared in this chapter.

Table 5 — Summary of methods used in formant estimation.

m=1 Traditional linear prediction (LP)

m=2 Homomorphic linear prediction (HLP)

m=3 Interpolation of collected harmonic peaks + LP

m=4 | Interpolation using single slice + LP

m=5 Time-average of STFT; + LP

m=6 | GCT-based filtering on STFT; + LP
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5.1 Raw Percent Error

For the i formant of the v vowel with df,, pitch shift, the raw percent error can be viewed as a

function of the starting pitch £, :

£, (fo) - F,

i

Ei,v,afﬁ, (ﬁ)s) = IOO (52)

F,, corresponds to the true i formant frequency of the v vowel. Some preliminary

observations can be made for the traditional linear prediction baseline (m = 1). Figure 41 through
Figure 43 show the raw results across methods for the female vowel /ae/ with df; =25 Hz.
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Figure 41 - Raw formant error E, ,( fo,df) fori=1(F1),v=4/ael,and df, =25 Hz.
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Figure 43 — Raw formant error E, ( f,,df,) fori =3 (F3),v = 4/ae/, and df, =25 Hz.
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Some preliminary observations can be made for the traditional linear prediction baseline (m = 1).
Recall that we use for analysis a 20-ms Hamming window and a 6™ order linear prediction

estimate. We observe that errors exhibit an “oscillatory” behavior across f ; in addition, the

rate of oscillations tends to increase with formant number, with the fastest oscillations occurring
for F3. These observations can at least partially be explained by the “fortuitous sampling” of the
formant envelope by harmonic peaks proposed by Vallabha and Tuller [26] (Appendix C);
specifically, as pitch changes, harmonics can move towards (away from) formant peaks, thereby
leading to good (poor) formant estimates [26]. In accordance with this explanation, pitch changes
will also invoke greater absolute changes in harmonic positions for higher frequency regions than
lower regions (Section 3.1), such that F3 errors would be expected to oscillate more than F1
errors. Finally, we observe that the size of oscillations increasing with f;_, consistent with the

effect of spectral undersampling for higher-pitch formants.

Our results for homomorphic linear prediction (m = 2) are consistent with those reported in [15]
in providing gains over traditional linear prediction under some conditions (e.g., F1 — f; =295

Hz). Nonetheless, we observe that the errors via harmonic projection and interpolation (m = 3)
can afford substantial error reductions; in addition, the similarity between the errors invoked with
single-slice interpolation (m = 4) and m = 1 suggest that the error reduction via m = 3 is due to
exploiting temporal change of pitch rather than the interpolation method itself. Similarly, m =5
and m = 6 also appear to afford reductions in the error magnitude under certain conditions (e.g.,
F2 —m = 6). These results suggest that exploiting temporal change of pitch can improve formant
estimation even under high-pitch conditions.

Observe that m = 2, 3, 5, and 6 exhibit some oscillatory behavior similar to m = 1; however, the
local maxima of these oscillations can be lower than those of m = 1 (e.g., m = 3, all formants).
Form =2, 3, and 5, we interpret this effect in relation to the “fortuitous sampling” explanation of
the oscillatory behavior as increasing the chances of harmonic peaks to align with formant peaks.
Nonetheless, this is achieved differently between m = 2 and m = 3 and 5. Whereas cepstral
liftering smoothes a spectrum across frequencies and can therefore distribute energy towards the
true formant peaks, the projection and interpolation of harmonics does so across time. It appears
that the latter method outperforms the former for this purpose (e.g., compare the peak errors for
F2 between m = 2 and m = 3). For m = 6, we attribute the reduction in oscillation amplitude
(e.g., for F2 and F3) to the improved source-filter separability invoked in 2-D modulation space.

While the raw error metric provides sufficient resolution to analyze individual simulation and
estimation results, it remains difficult to compare the performance of different methods “overall”.

Specifically, across f; , no single method unanimously outperforms either baseline (m = 1, 2)

method. To better interpret our results, several methods of averaging are proposed in the
subsequent sections.

5.2 Averaging Across Vowels and Pitch Shifts

In this section, for the the i** formant, we present the average of percent errors across vowels and
df, as a function of £, thereby assessing the overall effect of the starting pitch on formant
estimation across methods:
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E‘(f(,’s)_10022| :vd(ﬁ)'s i,v (53)

vld— i

V and D correspond to the total number of vowels and pitch shifts, respectively; as in Section 0,
we show the results of averaging for the female vowel ae in Figure 44-Figure 46.

Overall, all methods seeking to address the spectral undersampling problem of high-pitch
formants (m = 2, 3, 5, 6) appear to provide gains over the traditional linear prediction baseline.
Observe, however, that m = 3 unanimously outperforms the baseline for all formants and under
all starting pitch values. As in Section 0, m = 4 notably performs worse than m = 3, implicating
the role of temporal change in pitch. Finally, note that neither homomorphic linear prediction (m
= 2) nor exploiting temporal change of pitch (m = 3, 5, 6) can correct for the trend in poorer
formant estimates as pitch increases.

% Error

% Error

—-mS
—~a-m6

% Error

Figure 44 — Average across vowels and pitch starts, E,( f,,) , fori =1 (F1).
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Figure 45 - Average across vowels and pitch starts, E,( f;,) , fori=2 (F2).
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Figure 46 - Average across vowels and pitch starts, £.( f;.) , fori =3 (F3).
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5.3 Averaging Across Vowels and Pitch Starts

In this section, for the the i formant, we present the average of percent errors across vowels and
Jfo, as a function of df,, thereby gauging the overall effect of the pitch shift on formant

estimation across methods:

E, (df,)-F

iv

(5.4)

100 <~ |

E.(df,) = ,

()=~ ;Z F

S corresponds to the number of pitch starts. As in Section 0, we show the results of averaging for
the female vowel /ae/ in Figure 47 to Figure 49.

We observe in our results that those methods seeking to exploit temporal change of pitch (m = 3,
5, 6) exhibit greater error reductions with increasing df,. The magnitude of the gains afforded by
exploiting temporal change of pitch appears directly related to the amount of pitch change
invoked; specifically, more change invokes larger gains. For m = 3 and 5, we interpret this as
larger df,, allowing for more spectral samples of the underlying formant envelope to be sampled

and used for interpolation. Analogously, a larger pitch shift for m = 6 provides an increased &
(Figure 7) such that the harmonic line structure will be transformed in the GCT to a coherent pair
of components further off the scale axis. In contrast, we do not observe this same trend for those
methods operating on single spectral slices (i.e.,, m=1, 2, 4).

T T I I I i
R e i e

_ 4 : : _— s - — g e SRS J4——m2
d - |
w
R 2 N

| ] 1 1 | 1 1

qU 15 20 25 30 a5 40 45 50
Pitch Shift (Hz)

T T I L ; + —m1
~ i ——md
UEJ : :
£ 2+ _‘*“—-q..p_..._?__&___ i v A =2

f | I I 1 I i

qﬂ 15 20 25 30 35 40 45 50
Pitch Shift (Hz)
- i I —— —= — —m1
4+ : b g = m5
] ! :
s i i ] | ! L
qo 15 20 25 30 40 45 50
Pitch Shift (Hz)

Figure 47 — Averages across vowels and pitch starts, E.(df,)) , for i =1 (F1).
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5.4 Global Average

The previous sections focused on the results of females. To summarize our results with respect to
gender, we propose a global goodness metric as the average percentage of formant-frequency

errors across all df,, f,., and v. Specifically, for the i formant and " method:

100 S & & 4. F,
E,(m)= DV > 7 (5.5)
s=1 i

with S, D, and V corresponding to the total number of £, df,, and vowels, respectively. Table 6

shows E; for m = 1. Using this baseline, we compute the relative gains of E, across all other
methods for males, females, and children (Table 7 - Table 9):

E()-E,
R(m) =100 D= E,(m) (5.6)
E)
Table 6 - E.(m) for m = 1 (%).
males females children

i=1 3.13 4.88 5.68
1=2 0.86 1.66 2.16
1=3 0.38 0.77 0.91
Table 7 — Relative gains R(m) for males (%)

m=2 m=3 m=4 m=5 m=6
1=1 21.09 66.45 9.58 20.45 9.58
i=2 2791 77.91 10.47 59.3 41.86
i=3 23.68 71.05 -15.79 78.95 52.63
Table 8 - Relative gains R(m) for females (%)

m=2 m=3 m=4 m= m=6
1=1 17.01 65.78 9.63 9.43 11.68
1=2 21.69 67.47 7.23 36.14 39.16
i=3 29.87 81.82 -11.69 61.04 58.44
Table 9 - Relative gains R(m) for children (%)

m=2 m=3 m=4 m=5 m=6
i=1 4,93 62.50 12.32 6.16 6.16
i=2 16.20 46.30 -14.35 26.85 30.56
1=3 8.79 74.73 -36.26 49.45 51.65

For m = 1, average errors increase for each formant number from males to females to children;
our global metric is therefore consistent with the trend observed in Section 5.2 regarding the
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reduction in formant estimation accuracy with increasing pitch. For m = 2, our results provide
further evidence that homomorphic linear prediction provides gains over traditional linear
prediction (m = 1) in formant estimation [15]. Nonetheless, we observe that m = 3 outperforms
all other methods with relative gains up ~81% over m = 1. Relative losses incurred by single-
slice interpolation (m = 4) are again consistent with the role of changing pitch in improving
formant estimation via m = 3. Spectral slice averaging (m = 5) and filtering in the GCT (m = 6)
also provide gains over m = 1 and 2 for F2 and F3, though not F1. For m = 6, we believe the
smaller relative gains in F1 stem from the reduced fanning of harmonic lines in lower frequency
regions of the STFT; consequently, these lines are more likely to be mapped along the scale axis
in the GCT, thereby reducing source-filter separability. Conversely, broader harmonic sampling
for m = 3 and 5 and the increased source-filter separability in the GCT for m = 6 in high-
frequency regions likely accounts for the larger gains in F3 than F1 and F2.

It is interesting here to compare the relative performance of m = 6 against m = 2 for F2 and F3.
Analytically, recall that the cepstrum and the GCT are similar in transforming a multiplicative
source-filter spectral model to an alternate domain where the source and filter are additive
components; however, the GCT does so without invoking a homomorphic framework. The GCT
appears to afford better separability than the cepstrum as assessed by estimating F2 and F3.
Presumably, due to the rotational nature of transforming harmonic lines, filtering in the GCT
avoids the over-smoothing done in liftering the cepstrum with an increasingly lower quefrency
cutoff as pitch increases (Section 2.3.2).

One limitation in interpreting our global metric is that overall relative gains may be dominated by
results from distinct vowels. For example, it is conceivable that the gains for females via m = 3,
5, and 6 are due to a large gain for the vowel /ae/ but small relative /osses incurred for other

vowels. To address this confound, we computed the average of percent errors across f,, and df;,,
thereby assessing the performance of each method across all vowels,

E, ,0-F,
4 ’ (5.7)
F,

s D
E(v)= ?DOZZ

s=1 d=1

We show in Figure 50 - Figure 52 representative results for F1, F2, and F3, for all vowels for
females. The abscissa refers to vowels /ah/ (1), /iy/ (2), ley/ (3), /ae/ (4), /oh/ (5), and /oo/ (6).
The results of males and children are presented in Appendix D. Taken together, these results are
generally consistent with the global goodness metric. For instance, observe that m = 5 and 6
provide gains over m = 1 and 2 for F2 and F3. In addition, m = 3 outperforms all other methods
for all vowels and formants; concurrently, m = 4 performs consistently worse than m = 3. As
previously discussed, the latter result emphasizes the benefits of exploiting temporal change of
pitch. Nonetheless, it is interesting to observe that m = 4 can provide gains for all three formants
over m = 1 under certain conditions (e.g., /ey/). This is not entirely surprising, since the
interpolation method itself removes harmonic structure and can generate a spectrum that
resembles the true formant envelope. Note that this is similar to the spectral smoothing
performed in the cepstrum for m = 2.

Several other notable observations can be made for individual vowels. With the exception of F1
for /ah/, m = 2 for females generally provides gains over m = 1. From Table 3, recall that F1 and
F2 are closely spaced (F1 = 850 Hz, F2 = 1220) with a frequency discrepancy of 370 Hz. This is
the smallest frequency gap between any two formants for females. Relative to other vowels, the
proximity of these formants likely invokes a higher quefrency component in the cepstrum that is
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removed with liftering for the relatively high-pitch females (Section 2.3.2). As a result, it appears
that while the resulting estimate of F2 maintains a gain over m = 1, removal of fine formant
structure leads to a poorer estimate of F1.

For F1, /iy/ (2) exhibits the worst performance for all methods across vowels. In this case, F1 =
310 Hz; recall for females that the range of pitch values is 150 Hz to 400 Hz. At pitch values
greater than 310 Hz, pitch harmonics can never sample the resonant peaks of these formants such
that a poorer estimate will likely be obtained. While improving spectral sampling by exploiting
temporal change in m = 3 can improve F1 estimates relative to both baselines, the method
inherently cannot address this issue. The poor performance of F1 for /iy/ contrasts to the
relatively (with respect to other vowels) good performance of the vowels /ah/ (1) and /ae/ (4),
which have F1 = 850 and 860 Hz, respectively. Comparing those methods aiming to exploit
temporal change of pitch (m = 3, 5, 6) between these two vowels, observe that their performance
is similar. In contrast, the performance of homomorphic linear prediction (m = 2) is different by
more than 1% between the two vowels. A possible cause of this discrepancy could be the
broadened spectral sampling (or analogously, improved source-filter separability) at the relatively
high-frequency region surrounding this formant. Presumably, while m = 3, 5, and 6 can exploit
this effect of changing pitch, m = 2 cannot.

9% Error
F..
T

Figure 50 - Averages across pitch starts and pitch shifts, E,(v), fori =1 (F1, females).
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Figure 51 - Averages across pitch starts and pitch shifts, E,(v), for i = 2 (F2, females).
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Figure 52 - Averages across pitch starts and pitch shifts, £,(v), for i =3 (F3, females).
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5.5 Conclusions

In this chapter, we have compared the results of traditional and homomorphic linear prediction
with novel spectral estimation methods used in conjunction with linear prediction for formant
frequency estimation. We have observed that those methods exploiting temporal change of pitch
(m =3, 5, 6) can provide gains over standard one-frame analysis used in our baseline methods (m
=1, 2) (Section 5.4). These gains are related to the amount of pitch change invoked, with greater
change affording larger gains (Section 5.3). However, exploiting temporal change of pitch does
not appear to reverse the trend of poorer formant estimates with increasing pitch (Section 5.2).

One caveat of our findings in relation to methodology is the discrepancy in short-time analysis
methods used between our baseline methods (m = 1 and 2) and m = 3 through 6. Whereas for m
= 3 through 6 short-time analysis was performed with a pitch-adaptive Blackman window, our
baselines used a fixed-duration 20-ms Hamming window. To address the possibility that gains
for m = 3, 5 and 6 were due to this difference in short-time analysis alone, we performed formant
estimation using m = 1 and m = 2 but with a spectral slice extracted from the middle of STFT;
instead of STFT, (i.e., traditional and homomorphic linear prediction using pitch-adaptive short-
time analysis). A comparison of the global average metric resulting from this for m = 1 and 2
with m = 3 through 6 is presented in Appendix E and is consistent with our view that exploiting
temporal change of pitch can improve high-pitch formant estimation.
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Chapter 6

Speaker Recognition Experimentation

In this chapter, we assess the value of the proposed methods for deriving speech spectra in the
particular application of speaker recognition. Specifically, system performance has been shown
to exhibit a “gender gap”, with better performance on male data sets versus females. We
hypothesized that one contributing factor to this gap is the poorer spectral representation of
formant structure due to the higher-pitch females. Motivated by our improved spectral estimates,
as characterized by improved formant estimation of high-pitch speech (Chapter 5), we
incorporated the proposed framework into a state-of-the-art speaker recognition system as a basis
for feature extraction with the aim of addressing this gender gap.

This chapter is organized as follows. In Section 6.1, we present an overview of the speaker
recognition system. Section 6.2 discusses the motivation and details of our experimental setup.
We discuss the results of our experiments in Section 6.3 and summarize our findings in Section
6.4.

6.1 Speaker Recognition System Overview

In this thesis, we define the goal of a speaker recognition system as determining whether a speech
waveform claiming to be a particular speaker corresponds to the claimant or an imposter. System
development involves two primary components: feature extraction and pattern recognition.
Pattern recognition can further be divided into fraining and testing steps. In this section, we
discuss the details of the speaker recognition system used in assessing our proposed spectral
estimation methods. Section 6.2 addresses feature extraction. Section 6.3 discusses the particular
method of pattern recognition known as Gaussian mixture modeling in the training stage, and
Section 6.4 discusses the festing stage and evaluation criteria.

6.1.1 Feature extraction

Feature extraction aims to obtain from a speech waveform a set of “useful” (as determined by the
task) parameters via signal processing techniques. In this thesis, we employed mel-frequency
cepstral coefficients (MFCC) [3, 27]. The baseline MFCCs (denoted as MFCC(I) for1 =0, 1,

... L-1) are computed by performing short-time Fourier analysis on a speech waveform x[n]. For
a single spectral slice X[k] (for £=0,1..N—1, where N is the DFT length), its squared-

magnitude (|X [k]Iz) is weighted by a bank of 24 mel-frequency weightings (Figure 53); denoting

each mel-frequency weighting as H,, ,[k], a set of log-mel-energies ( E,,,[/]) are computed as:

m el
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N-1 )
E,[l1= log(Z|X[k]| Hme,_,[k]J (6.1)
k=0
Using the log and discrete-cosine transform operations, the MFCCs are then defined as:
L-1 ﬂ1
MFCC(l)= ) E, ,[m] cos(f (m+0.5)) (6.2)
m=0

In this thesis, the feature vector is comprised of MFCC(/) for /=1 through 19.
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Figure 53 — Mel-frequency weightings.

6.1.2 Gaussian Mixture Modeling (Training)

In the training stage of pattern recognition, feature extraction is first performed on a speech
corpus that is labeled by distinct speakers. A pool of features obtained from multiple speakers is
initially used in estimating the parameters of a “universal” background speaker model (UBM)

using Gaussian mixture modeling. Specifically, define X, =[x,,x,,...,x,] as a vector of D

features (e.g., MFCC) for £ =1,2,...T ; here, T corresponds to the total number of feature vectors

used in obtaining the UBM. The probability distribution of the set of T length-D vectors is
modeled as a linear combination of M D-variate Gaussian distributions such that [28]
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p(Z|UBM) =) w, [, (%)

m=}

1 (B E (30 6.3)

JulF)=——e
2z |3,

M
where w, corresponds to the m” mixture weight such that Zwm =1, @, is the m" mean

m=]
vector, and X, is the m” covariance matrix. Assuming that the set of T length-D vectors are
mutually independent, their likelihood for any given set of parameters &, ,w,,,>., form=1,2,
M is:

T
P(F,Tgeees By | By Wiy T V) =[] PE, | By Wiys Zo; V) (6.4)

=1

Estimation of these parameters is done based on the criterion of maximum likelihood via the
expectation maximization algorithm [28]. The UBM is therefore completely characterized by

o.w,,2, form=1,2 .M.

The next step in training is developing farget speaker models corresponding to distinct speakers.
In contrast to the UBM, a set of X, =[x,,x,,...,X,] are pooled for ¢ = 1, 2, ..., T, where 7, now

corresponds to the number of feature vectors corresponding to a single speaker. We denote a
single speaker as S, for p = 1, 2, ... P where P corresponds to the total population of distinct
speakers. With the same assumptions used in obtaining the UBM, we again wish to maximize the
likelihood

T
p('-fl > f2 300" fT; I ﬁm,p’ wm,p 4 Zm,p > Vm) = H p(ft | ﬁm,p ’ wm,p ’ Zm,p; vm) (6'5)
t=1

with respect to a choice of parameters &, ,w, ,,2. , for m = 1, 2, ... M that completely
lum,p m,p m,p

characterize S,. Instead of estimating these parameters employing the expectation maximization
algorithm, as was done for the UBM, the UBM parameters are used in an adaptation scheme

discussed in [29] to obtain estimates of £, ,,W,, ,»2,, -

6.1.3 Gaussian Mixture Modeling (Testing)

Upon completion of training the UBM and the target speaker models, test utterances are used to
evaluate the overall system. Given a test speech waveform x,.,[7]° corresponding to one of the

P target speakers (denoted here as S,.,), a feature vector X

test

is extracted as before. Next, P pair-
wise trials are conducted across all targets speakers and the UBM by comparing P(S, | X, )

® The test waveform must not have been used in training the target speaker models or UBM.
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with P(UBM |x,,,) (i.e., given the feature vector observation, the probability that it arose from
the target speaker model S, against the probability that it arose from the UBM):

P(Fu 1 S,)P(S,)

P(Zy)
P(UBM |%,,) = P(Xyey | UBf/I YP(UBM)
p(X.,)

P(S, | Xpy) =
(6.6)

If we consider the UBM as simply another target speaker and assume all speaker models are

equally likely (i.e., ?lﬁ), then P(UBM)=P(S,). Under these conditions, note that

P+l
p(X,,)= z P(Xe | S,)P(S,) (where p now ranges from 1 to P+1 to account for the UBM),

p=1
and is the same for both P(S, |X,,) and P(UBM |X,,). To compare the two probabilities,
we compute the log-likelihood ratio L(X,,,) defined as [29]:

P(Sp l'-x.test) — p(xtest |Sp)
—————=]o

LG )=lo = log P Kt 125)
() =log PUBM|%,) °p(, |UBM)

=log p(%,, | S,) —log p(x,,, |UBM) (6.7)

Finally, a threshold ¢ can be set such that a decision can be made regarding X, as arising from
either S, or the UBM:

L(X,,) 2 ¢ > %, fromS,

_ _ (6.8)
L(x,,)<c—X,, fromUBM

As previously mentioned, the task of speaker recognition in this thesis is to assess whether or not
a speech waveform of a claimant corresponds to the claimed speaker or an imposter. We

interpret the first condition of (6.8) as the case when x,,[7n] is “accepted” as the claimed speaker

while the second corresponds to when x,,[n] is “rejected” on grounds that it came from an

imposter. Two types of errors can be made by this system: 1) if the claimant does rot correspond
to the claimed target speaker and x,_[n] is accepted (“miss”) and 2) if the claimant corresponds

test

the claimed target speaker and x,

est

[n] is rejected (“false alarm™). Depending on the choice of ¢,

the system may be biased to invoke more false alarms than misses or vice versa. A detection
error tradeoff (DET) curve plots, for all choices of ¢, the probabilities of these two errors. The
equal-error rate (EER) is the operating point at which both errors are equal and is the metric used
in this thesis for assessing recognition performance.

6.2 Experimental Setup

Our hypothesis in speaker recognition experimentation is that the short-time Fourier analysis
performed in the standard mel-cepstral feature set (Section 6.1.1) is insufficient in representing
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formant structure due to spectral undersampling, thereby contributing to the observed
performance gap between males and females. We emphasize that spectral undersampling may
not be the only cause of the gender gap. For instance, females may exhibit fewer formants over a
fixed bandwidth relative to males, which cannot be addressed by simply improving spectral
sampling. In addition, while we aim to improve the formant representation in the input spectrum
to MFCCs, our methods may concurrently eliminate other characteristics of the spectrum (e.g.,
source fine structure) that contribute to speaker identity.

In this thesis, we present two sets of speaker recognition results: all-speech and vowel-only. In
[30], we presented the results of the all-speech experiment suggesting a gender-gap closure on the
TIMIT corpus using features sets motivated from our 2-D processing framework. These results
motivated us to perform a more rigorous assessment of the potential benefits of our framework in
addressing the gender gap. Herein we provide a discussion of our methodology in both sets of
experiments. Section 6.2.1 discusses the motivation and choice of data set used and details of
GMM training and testing. In Section 6.2.2, we give details of baseline and our proposed feature
extraction methodologies.

6.2.1 Data Set and Gaussian Mixture Modeling

In this thesis, we perform speaker recognition experiments on male and female subsets of the
TIMIT corpus [31]. TIMIT was recorded in the clear at a 16 kHz sampling rate, is phonetically
balanced, and has a good representation of speaker types and dialects; in our experiments, all
waveforms were first downsampled to 8 kHz. We chose TIMIT as our evaluation corpus in order
to assess the value of our 2-D framework in feature extraction without the influence of
uncontrolled background conditions (e.g., noise) and/or channel distortion.

In the all-speech experiment, the UBM was derived using 1680 sentences spoken by 1120 males
and 560 females. In the vowel-only experiments, we sought to address the potential confound of
the discrepancy in male and female speakers used in training the UBM and thereby used 1120
total sentences from 560 males and 560 females. In both sets of experiments, we used for the
target speakers 137 females and 327 males; each target model was trained using 8 sentences. 128
Gaussian mixture components were used for both the UBM and target models. Evaluation was
done using 273 and 653 sentences for females and males, respectively.

6.2.2 Feature Extraction

We describe here our feature extraction methodology for both sets of experiments. In all cases,
the waveform was first pre-emphasized with a first-order high-pass filter H(z)=1-0.97z"".

All-speech experiments: In the all-speech experiments, we used for a baseline feature set
(denoted as f; = 0) MFCCs derived as described in Section 6.1.1. Specifically, short-time
spectra were derived using a 20-ms Hamming window and 10-ms frame interval followed by
computation of the log-mel-energies and the DCT. The proposed features used instead a 10-ms
Hamming window and a 2-ms frame interval for computing short-time spectra. At each time
interval, the average of 10 spectral slices was computed and used as the input spectrum to the
mel-cepstrum (f,; = 1). To control for the discrepancy in short-time analysis methods between
the baseline and proposed features, MFCCs were also computed from spectra derived from the
proposed method but without averaging (f,n = 2). All feature sets were allied with deltas features
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across a 50-ms interval. Note that in this set of experiments, all of the speech in each sentence
was used for extracting features.

Vowel-only experiments: In the vowel-only experiments, we aimed to isolate the potential effects
on speaker recognition performance due specifically to spectral undersampling of vowels. Using
the time-aligned transcriptions of the TIMIT corpus, we extracted speech corresponding only to
vowels to be used in feature extraction. The vowels selected consisted of both monopthongs and
dipthongs: /iy/, /i, /e, leyl, /ael, /aal, /aw/, /ay/, /ah/, /aol, loy/, low/, lal/, law/, ux/, fet/, [ax/,
/ix/, faxr/, fax-h/. In addition, we did not employ delta features. As in the all-speech experiments,
we used for a baseline feature set MFCCs computed from short-time analysis with a 20-ms
Hamming window and 10-ms frame interval denoted as f,, = 0 (though computed only for regions
corresponding to vowels).

The proposed feature sets were motivated from the harmonic projection and spectral slice
averaging methods described in Chapter 3 for exploiting temporal change of pitch across
stationary vowels'’. Motivated from our results in formant estimation, we used the same pitch-
adaptive short-time analysis with a Blackman window of length four times the pitch period as in
Section 4.2.1; we denote the resulting STFT as STFT;: To obtain estimates of pitch for use in
determining window lengths, we employed an existing implementation'' of the super-resolution
pitch tracking algorithm with frame rate set to 1-ms [32].

For feature extraction using harmonic projection, we performed peak-picking using the SEEVOC
algorithm [24] on spectral slices of STFT}. The peaks of several spectral slices were then merged
and linearly interpolated across frequency as in formant estimation. The number of slices merged
was based on a “window length” denoted as w. For example, for w = 20 ms, 20 slices of STFT),
were merged (consistent with the 1-ms frame interval used in computing STFT;). The

interpolated spectrum was then used as the input spectrum (i.e., |X [k]|) for computing MFCCs as

described in Section 6.1.1. These steps are illustrated in Figure 54 for w = 20 ms. Because our
methods aim to exploit temporal changes in pitch, we experimented with four values of w: 20, 30,
40, and 50 ms to incorporate varying degrees of potential pitch dynamics in generating the MFCC
input spectrum. Features were computed at a 10-ms frame interval to match the frame interval of
the baseline feature set. We denote these feature sets as f,, = 1-w (e.g., fio= 1-20 for w = 20 ms).

For the method of spectral slice averaging, features were generated in a similar fashion as in the
harmonic projection method. Specifically, the input spectrum for computing MFCCs was derived
by averaging several spectral slices of STFT;. As in f, = 1-w, the number of slices to average
was determined by a choice of w. The values of w were the same as those in the harmonic
projection method (20, 30, 40, and 50 ms). Features were also computed at a 10-ms frame
interval to match the baseline feature set. We denote these features as f,, = 2-w.

1% Time was not permitted to employ filtering in the GCT for feature extraction.
! Software provided by Michael Brandstein.
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Figure 54 — Figure illustrating feature extraction method in vowel-only experiments for harmonic
projection and spectral slice averaging with w = 20 ms. Dashed lines correspond to spectral slices of
STFT; computed at a 1-ms frame interval. For feature n, 20 slices are merged to generate the spectrum
input for computing MFCCs; feature n+1 is generated from spectral slices located 10-ms (or 10 spectral
slices) later in time to invoke a 10-ms frame interval for the feature stream.

6.3 Results

All-speech experiments: In Figure 55, we plot the detection-error tradeoff (DET) curves for the
all-speech experiments while Table 10 lists the corresponding equal-error rates (EER)">. While
the baseline features (f; = 0) exhibit a gap between females and males, the proposed feature set
(fan = 1) affords an absolute reduction in EER of 2.26% for females while maintaining the
performance of males. It appears then, that the proposed features close the gender gap. As
previously noted, a caveat in interpreting these results is the discrepancy between the window
lengths and frame rates used in the baseline and proposed methods. Observe that the performance
of females using the 10-ms window and 2-ms frame interval (f; = 2) without averaging resulted
in an EER of 2.85%. While this result shows that the proposed method may afford the gain in
females due to the choice of window and frame interval in short-time analysis alone, the larger
absolute gain of the proposed method appears promising.

12 We refer the reader to [3] for a detailed discussion of these performance measures.
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Figure 55 — DET plot for all-speech experiments.

Table 10 — EER for all-speech experiments (%). Confidence intervals are at the 95% level.

fan = 0 (baseline) far =1 (proposed) | fy; =2 (control)

males | 1.86<2.45 <3.39|1.53<2.15<2.80 | 1.88<2.49<3.01

females | 3.12 <4.41 <5.64 | 1.55<2.15<3.30 | 2.01 <2.85<3.72

Vowel-only experiments: In Table 10 and Table 11, we present the EER values for males and
females using the method of harmonic projection (f,; = 1-w) and spectral slice average (f,, = 2-
w), respectively. Baseline MFCC (f;; = 0) results are also presented as a reference; observe for
the baseline that there exists a performance gap between males and females of 2.24% in absolute
EER. Similar observations can be made for both methods aiming to exploit temporal dynamics of
pitch. In particular, neither method alone outperforms the baseline MFCCs. As previously
discussed, one cause of this may be that in the process of improving the spectral representation of
formant structure, we have discarded other distinctive spectral content, particularly glottal source
fine structure. The performance of both methods also degrades as w increases for both genders.
This effect may be due to the presence of dipthongs used in feature extraction. As w increases,
more slices are merged over a longer duration such that the vowel cannot be assumed to be
stationary (as in a monopthong). The resulting interpolation of harmonic peaks is likely distorted
in the sense that it does not represent spectral samples of a single formant envelope. Finally, it
interesting to observe that under certain conditions, the proposed methods appear to “close” the
gap though at the cost of degrading male performance (e.g., f,, = 1-20, f,, = 1-40); further
experimentation is necessary to interpret this finding.
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Table 11 — Equal error rates for vowel-only experiment (%) for the method of harmonic projection (f,, = 1-
w) for all values of w and the baseline MFCC features (f,, = 0). Confidence intervals are at the 95% level.

males females
foo=0 3.64<401<6.89 | 4.78<6.25<8.49
f,=1-20]6.55<752<841 |634<772<10.26
f,,=1-30]6.54<771<875 |7.57<891<10.71
foo=1-40 | 7.20<8.44 <10.14 | 6.92 <828 <10.75
fo=1-50 | 7.51<8.79<10.16 | 10.38<12.13 <1543

Table 12 - Equal error rates for vowel-only experiment (%) for the method of spectral slice averaging (f,, =
2-w) for all values of w and the baseline MFCC features (f,, = 0). Confidence intervals are at the 95%
level.

males females
f,o, =0 3.64<4.01<6.89 |4.78<6.25<8.49
f,,=2-20 ] 7.23<8.13<947 | 5.72<6.64 <9.33
f,,=2-30 | 7.35<8.53<9.64 |6.64<8.09<10.26
fo=2-40]751<8.51<9.64 [7.26<919<11.13
f, =2-50 | 8.31 <9.20<10.29 | 8.86 <10.74 <13.27

To address the possibility that the degraded performance of the proposed methods was due to the
discarding of source fine structure, we also obtained results from fusion of log-likelihood ratios
between the MFCC baseline and the harmonic projection method. A linear fusion with equal
weighting between f,, = 0 and f,, = 1-20 was performed for both males and females. Figure 56
shows a DET plot comparing f,, = 0, f,, = 1-20, and the fused results denoted as f,, = 0+1-20.
The fused result appears to provide a gain over the baseline MFCC feature set alone for females
while maintaining the performance of males. Table 13 lists the EER of the fused result showing
an absolute reduction in EER of 1.47% for females relative to the MFCC baseline; in addition,
male performance is moderately degraded with an increase in absolute EER of 0.1%. Recall that
for the MFCC baseline, a gap of 2.24% exists between males and females. The proposed features
appear then to provide complementary information to this baseline with an effect of reducing this
gap by 1.57% from the results of f,, = 0+1-20. Nonetheless, this gap closure is obtained at the
cost of a moderate reduction in the performance of males of 0.1%.
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Figure 56 - DET plot comparing f,,= 0, f,, = 1-20, and the fused result denoted as f,, = 0+1-20.

Table 13 - Equal error rates for vowel-only experiment (%) for the baseline MFCC features (f,, = 0), the
method of harmonic projection with w = 20 ms (f,, = 1-20) for all values of w and f,, = 0+1-20.
Confidence intervals are at the 95% level.

males females

3.64<4.01 <6.89 | 4.78 <6.25 <8.49

=0
fvo = 1-20 6.55<7.52<8.41 | 6.34<7.72<10.26
=0+1-20 | 3.48< 4.11<525|3.68< 448<6.19

One caveat in interpreting these results is whether the observed improvement for females was due
to improved spectral sampling or the interpolation method itself. To address this confound, we
extracted features as in f,, = 2-20 but performed interpolation on a set of harmonic peaks derived
from a single spectral slice (i.e., without merging); this feature set is denoted as f,, = 1-20-single.
The results of this feature set alone are listed in

Table 14 along with the baseline MFCC results. In addition, we show the results of fusing the
baseline with f,, = 1-20-single denoted as f,, = 0+1-20-single. Observe for the fused result that
the performance of males are comparable to those of f,, = 0+1-20 while that of females is 0.30%
worse than that of f,, = 0+1-20. While this shows that the gains obtained using f,, = 0+1-20 may
partially be due to the interpolation method itself, the larger absolute gain afforded by f,, = 0+1-
20 appears promising,.
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Table 14 - Equal error rates for vowel-only experiment (%) for the baseline MFCC features (f,, = 0), and
the control method of harmonic projection with w = 20 ms (f,, = 1-20-single) and their fusion (f,, = 0+1-
20-single ). Confidence intervals are at the 95% level.

males females
fio =0 3.64 <4.01 <6.89 | 4.78 <6.25 < 8.49
fuo = 1-20-single 5.73<6.75<8.11 | 6.30<7.80<9.38
f,o = 0+1-20-single | 3.51 <4.10<5.06 | 3.70 <4.78 < 6.64

6.4 Conclusions

In this chapter, we have employed a 2-D speech processing framework in feature extraction for
speaker recognition experiments performed on the TIMIT corpus. Preliminary results appear to
implicate the benefits of exploiting temporal change of pitch to derive an improved spectral input
to the standard MFCC feature set. Specifically, a closure in an observed gender performance gap
was obtained in two separate experiments by employing spectral slice averaging (all-speech) and
the harmonic projection method (vowel-only). It remains unclear why spectral slice averaging
alone in the all-speech experiments provided a gain over the baseline MFCC feature set whereas
harmonic projection in the vowel-only experiments afforded gains only when fused with the
MFCC baseline. Several discrepancies between the all-speech and vowel-only experiments
including short-time analysis window length (fixed 10 ms vs. pitch-adaptive), feature stream
frame rate (2-ms vs. 10-ms), and training data (gender imbalanced vs. gender balanced) may have
caused this difference in performance. In addition, recall that while the UBM was derived from a
gender balanced data set, the number of male and female target speakers differed between the all-
speech and vowel-only experiments. More rigorous testing is therefore needed in future work to
fully assess the value of these proposed methods.
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Chapter 7

Conclusions and Future Work

7.1 Summary

In this thesis, we have proposed the use of a 2-D speech processing framework for addressing
high-pitch formant estimation. This framework is inspired by both psychophysical and
physiological evidence implicating the auditory system’s use of femporal changes in speech. We
began in Chapter 2 by discussing a short-time model of speech production for vowel sounds and
the effects of high-pitch on standard formant estimation methods. We showed that these effects
had several analogous interpretations illustrating the lack of robustness of these standard
techniques. One interpretation in particular is that of spectral undersampling, which we adopted
for the entirety of this thesis.

In Chapter 3, we provided a thorough phenomenological analysis of three realizations of a 2-D
speech processing framework: (pitch) harmonic projection, the Grating Compression Transform
(GCT) [9], and a comprehensive model of auditory signal processing ending in the auditory
cortex [8]. Our aim in this analysis was to motivate an improved method of high-pitch formant
estimation when pitch is changing the formant envelope is assumed to be stationary. Under these
conditions, we observed that harmonic projection improves the spectral sampling of the formant
envelope while the GCT invokes improved source-filter separability in a 2-D modulation space.
These observations were also justified analytically. While the auditory model invokes a similar
2-D modulation space and highlights formant structure and pitch in several ways, we were unable
to argue for the same type of source-filter separability as in the GCT. We concluded in Chapter 3
by motivating several methods of deriving speech spectra for improving high-pitch formant
estimation.

Chapter 4 described a set of formant estimation methods motivated from Chapter 3 an
experimental framework for evaluating them on synthesized speech in relation to standard
techniques. In Chapter S, we presented the results of this evaluation; these results suggested that
exploiting temporal change of pitch can provide improved estimates of formant frequencies, even
under conditions of high pitch. Finally, Chapter 6 presented preliminary results of adopting our
2-D processing framework for the speaker recognition application. Our results appeared
promising in addressing a performance “gender gap” in recognition performance though further
testing is required.

7.2 Future Work

Motivated from our preliminary results in speaker recognition, future work will aim to further
assess the value of applying the 2-D processing framework in addressing the performance gender
gap. In addition to the harmonic projection and spectral slice averaging methods, the GCT may
also be used as a basis for feature extraction. For an all-speech experiment, one modification to
the filtering implementation used in formant estimation may be to adapt both the rate and scale
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filter cut-offs as opposed to just the scale direction (Section 4.2.2.). This could account for
formant and syllabic transitions occurring in dipthongs and running speech. In addition, we aim
to revisit the all-speech and vowel-only experiments to better understand the previously noted
performance discrepancy. Finally, the improved estimates of high-pitch formants presented in
Chapter 5 motivate feature sets derived from improved inverse filtering to better exploit glottal
source characteristics in the speaker recognition application.

As previously discussed, the generalized 2-D framework employs any time-frequency distribution
followed by any 2-D transform. An area of future work could be to explore time-frequency
distributions other than the STFT such as the Fan-chirp transform [33] as a basis for the GCT as it
has been shown to enhance harmonic structure. In addition, recall from Section 3.2 that the GCT
approximates harmonic line structure as being parallel under conditions of changing pitch.
Consequently, we observed in Figure 36 that estimates of the spatial frequency of harmonic lines

(4y,) increased for higher frequency regions due to the increased fanning of harmonic lines.

Although we exploited this property in formant estimation using the GCT', this observation
highlights the limits of the approximation made in the GCT. In Appendix F, we provide an
analytical investigation of this effect to motivate a novel 2-D transform that coherently maps a
Janned line structure to an alternate 2-D space. Finally, further investigation of the potential
benefits of the auditory representation proposed by Chi, et al. [8] is also necessary.

The proposed model for source-filter separability in Section 3.5 may also have implications for
the two-speaker separation problem. In [10] and [9], Quatieri and Ezzat, et al. observed that the
STFT magnitude of two simultaneous speakers can sometimes resemble the sum of their

individual STFT magnitudes. Denoting one speaker’s contribution as s,[#,m] and the other as
s,[n,m] and invoking the model proposed in Section 3.5, their sum s[n,m] can be expressed
analytically as

s,ln,m] = a,[n,m]+ a,[n,mlcos(@®, (n,m; 8,))

s,ln,m] = a,[n,m]+a,[n,m]cos(@®,(n,m;8,)) o

s(n,m]=s,[n,m]+s,[n,m]

= al[nam] + al [n,m]COS(é)l(D](n,m;él)) + a2[n5m] + aZ[n’m] COS(@q)z(n,m;éz))

Observe that while the slowly-varying components a,[n,m] and a,[n,m] will likely overlap
near the rate-scale origin, their modulated versions can be separated using 2-D filtering based on
their local spatial frequencies @) and @, and/or their orientations described by 6, and 6.
These parameters may be estimated as was done in our formant estimation method employing the
GCT and used to separately demodulate  a,[n,m) cos((?%fbl(n,m;é,)) and
a, [n,m]cos(é)zd)z(n,m;éz)) such that a,[n,m] and a,[n,m] can be recovered, thereby

motivating a simple method of speaker separation.

One caveat of this approach is that the STFT magnitude is not generally linear. An alternative
short-time analysis method such as a short-time discrete-cosine transform (which is linear) may

13 Recall that an increasingly permissive filter along the scale axis was generated as the frequency region of
analysis increased, presumably preventing oversmoothing.
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be employed instead; further work is needed to assess whether the proposed model of Section 3.5,
is well suited to this time-frequency distribution such that the described approach to speaker
separation is feasible.
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Appendix A

Autocorrelation method of linear
prediction

In this thesis, the autocorrelation method of linear prediction has been used for formant
estimation when applied to spectral estimates derived from a number of methods. This section
provides the derivation of this method for the source-filter model of speech production as well as
its interpretations in the time and spectral domains.

A.1 Normal equations

Define the linear prediction error of a short-time segment of speech x,[m] (via the all-pole
model) as

en[m]=xn[m]—zp:akxn[m—-k] 0<m<N+p-1 0.1)
k=1

where N corresponds to the length of the window. To determine ¢, , the sum of squared errors
N+p-1
E = Z e’[m] is minimized:

n
m=0

N+p-

E,= ). | (x,[m]- iakxn [m—k])* sothat
m=0 k=1

0.2)
OE, _ " : 9
n—2 _ —kN— _ —k
22 mZ::O [(xn[m] Z;akxn[m D 22 (x,[m] éakxn[m ])]
. . OF .
Rearranging (0.2) and setting aa" equal to zero, we obtain
N+p-1 p
0=23" [(x,.[m] = o x, [m —k])(—x,[m - i])]
m=0 k=1
(0.3)
N+p-1 N+p-1
S x,mlx,(m—11=3., 3. x,Im—klx,Im~i]
m=0 k=1 m=0

which can be rewritten as
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P
rlil=Y anlk—i] 1<i<p
k=1

rli]=x,[n]* x,[-n]

(0.4)

where r [i] denotes the autocorrelation of the short-time segment analyzed.

A.2 Time-domain interpretation

Consider the impulse response of the all-pole model of Section 2.3 with 4 =1 for simplicity
i
h[n1=> ahln—k1+ d[n]. (0.5)
k=1

For h[n] causal, multiplying both sides of (0.5) by A[n —i] for 1 <i < p and summating across
all n yields {3]:

i h[nlh[n-i]= i [i o, h{n—klh[n—il+ S[nlh[n - i]) . (0.6)
n=—cc n=—oo \ k=1
Since A[n] is causal and /20, d[n]h[n—i]=h[—-i]=0. The left-hand side of (0.6) is the

© P
autocorrelation of A[n] denoted by #[i]. Similarly, for the term Z Zakh[n —klhin—1i],

n=—oo k=1

p oo
letting m=n—i yields Zak Z hlmh[m—(k =i)] :i o,r[k—1i]. In this case, 7,[n]
k=t n=—oo k=1
corresponds to the true autocorrelation of the all-pole model such that the normal equations

r,,[i]=‘2akrh[k—i] 1<i<p 0.7
k=1

will solve for the exact values of &, [3].

In contrast to the single-impulse input case, voiced speech is typically modeled as the result of a
periodic impulse train input to the all-pole system (here, a pure impulse train) such that

s[n]= i h[n—kP] (0.8)

k=—c0

as was observed in Figure 1. The autocorrelation estimate required for the normal equations is

112



oo oo

rlil= 2 stk [=G=k)]= . slkls,[k~i]

k=—c0 k=—oc

S S hik-mP]Y hk—i-IP]

k=—0co m=—cc [=—00

S 3 hlk—mPk—i-IP] 0.9)

m=—00 [=—00 f=—00

i i r[(l—m)P +i]

m=—co [=—co

oo

> nli-uP]

U=—co

where we have made the substitution ¥ =m—/ in the final step. In practice, m and / will
range over finite values depending on the length of the window such that the resultant
autocorrelation estimate will have decreasing amplitude for large values of i [3].

A.3 Frequency-domain interpretation

From Section 2.3, the all-pole model frequency response of the vocal tract H (@) is

Y
H(w)=——
A®) (0.10)

r
Aw)=1-) o e’™
k=1

Define the spectral-domain representation of the prediction error as
E(w)=X(w)A(w) (0.11)

Q(w) as defined in Section 2.3.1 can then be rewritten as

X()|

O(w) = log|X (a))l2 - long (a))|2 =log H(o)

, (0.12)
= log‘—E;w)l

Substituting (0.12) into the error criterion I of Equation (2.12),
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X(w)A(w)|2_10 )X(w)A(a))’ ]da)
4 . (0.13)

-1

__[” | X (@) A(@)| —+logA2+ f log|A(a))|2 o [” | X ()| Py

Under the assumption that the roots of A(w) have magnitude less than unity, the term

f loglA(a))|2 ? can be shown to equal zero:
z T

|4(0) = A(w) 4" (@)
f 1og|A(w)|zfi—"—’= [ log A() 2% + f log A" () 22 (0.14)
z 2T z 27 ™ 27

= ol €]

where ¢, [n] and c . [n]correspond to the complex cepstra of A(®) and A (w),

4 (@)
respectively. Since A(@) has roots with magnitude less than unity, 4 (@) will also have roots
with magnitude less than unity. At n=0, ¢, [n] and ¢, (w)[n] will then both be equal to

log(1) = 0 from properties of the complex cepstrum [4]. Equation (0.13) then becomes

1
=—A—2[;|E(a))]2;1 +log 4” + f |x (w)|2@—1 (0.15)

Note that the dependence on the set of @, in (0.15) is exclusively in — f |E (a))l — such
2r

that minimization of I via differentiation with respect to the ¢, ’s is equlvalent to minimizing

f IE (w )|2 do _ §|e[n]]2 as in the time domain (Section A.1).
n=0
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Appendix B

Cepstrum of a windowed impulse train

From Section 2.3.2 we define g [n]=w[n]g[n] with g[n]= Z O[n — kP] such that

k=—o0

g [n]=wn] Y OTn—kP]
v k= (0.16)
= wlkP16[n — kP]

Defining an alternate sequence [4]

wolk]=wlkP] k=0,1..L -1

(0.17)
=0 otherwise
g.[n] is equivalent to w,[k] upsampled by a factor of P
n]=w,[n/P n=0,tP,12P...
gw[ ] P[ ] (0_18)

=0 otherwise

The Fourier transform of g, [n] is then G (@) =W, (wP). Let ¢, [n] denote the cepstrum of
w,[k]. The cepstrum of g [n] , denoted by ¢ [n] is then w,[k] upsampled by a factor P:

W, (@)= Liw[kP]e‘j‘”" so that
k=0

¢.[n]= 2_1”- [ togl#, (@) da 0.19)
1 .

¢ lnl=—— f’rlog[Wp(a)P)]e"‘"dw

Therefore,

cInl=c,[n/P] n=0,tP,+2P,...

(0.20)
=0 otherwise
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Appendix C

Pitch effects in formant frequency
estimation using linear prediction

As previously discussed (Section 2.2), the narrow-band speech spectrum for vowels has energy
concentrated at the pitch harmonics. Consequently, certain pitch values can “fortuitously” sample

the formant envelope (denoted as IH ((o)l ) near its peaks (even under high-pitch conditions) such
that an accurate estimate can be expected via the spectral matching condition in linear prediction
[26]. Consider again the female vowel /ae/ with F1, F2, and F3 set to 860, 2050, and 2860 Hz,
respectively, and B1, B2, and B3 set to 54, 65, and 70 Hz, respectively. Figure 61 shows the raw

formant errors for the traditional linear prediction baseline (m = 1) with a 25-Hz pitch shift as in
Section 0. Recall that in this method, a spectral slice extracted from the middle of the utterance is
used for linear prediction. For a starting pitch of f,, =205 Hz and a pitch shift of 25 Hz, the
synthesized vowel will exhibit a pitch of 217.5 Hz in the middle of the utterance. We denote this
center pitch value in general as f_ . which can be obtained from the downsampled pitch

contour described in Section 4.2.1. The fourth harmonic of this pitch value is near F1 = 860 Hz:

ﬂ =~4. We may then expect to obtain an accurate estimate of F1 due to this “fortuitous

217.5
sampling”.

Observe in Figure 57 (bottom) that the raw error indeed exhibits a minimum at a pitch start of 205
Hz (with f___=217.5 Hz). To further assess the validity of this “fortuitous sampling”

center
explanation of local minima, we plot in Figure 57 (top) the product F:.( JSos):

F;'(-/("S) = nf::emer

n = round( £ )

center

(0.21)

with df, =25 Hz for i = 1. In Figure 57 (bottom) we highlight points on the raw formant error

curve that invoke a f

such that the ™ harmonic is “near” the i formant. For example, a
pitch start of 160 Hz invokes an f,,,. of 172.5 Hz. The 5™ harmonic (n = 5) of this pitch value
is near the first formant (i.e., % =35, F}( fos)=5:172.5=862.5 Hz). An additional
constraint imposed on these points is that IH (o= F:.( Jos))| is within 1 dB of IH (o= F,.)I . We
show in Figure 60 the region near the formant peaks where such pitch harmonics may lie (*).
Observe with this criterion that two local minima have been highlighted at £, =160, 205 Hz,
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consistent with the “fortuitous sampling” interpretation. Nonetheless, f,. =275 Hz is also

highlighted and is not strictly a local minimum. Figure 58 and Figure 59 further illustrate this
loss of generality for F2 and F3, with highlighted points sometimes corresponding to local

maxima.

F1 estimates
1150 T T T

F1 estimates

|
250
Pitch Starts

Raw Formant Error, female ae —m
! ! —© Estimates

| I
?50 200 250 300 350
Pitch Starts

Figure 57 — F1 estimates based on nearest harmonic number (top) as a function of f{, ; Raw formant errors

for m =1 (solid curve) and the set of corresponding fm values (stem plot) invoking f;mer pitch

harmonics that are considered “near” the F1 peak (bottom).
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F2 estimates

2400 T T T
2300
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£
b7
o
o
w
2000 i i i
150 200 250 300 350
Pitch Starts
Raw Formant Error, female ae —_m
3 T ! ! —© Estimates
25 : : :
2 &
g 15
®
1
[ e R e e B e |
150 200 250 300 350
Pitch Starts

Figure 58 — F2 estimates based on nearest harmonic number (top) as a function of fo , > Raw formant errors

for m = 1 (solid curve) and the set of corresponding f0 , values (stem plot) invoking fcem, pitch

harmonics that are considered “near” the F2 peak.
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F3 estimates

F3 estimates

2800 3 5 i
150 200 250 300 350
Pitch Starts

—m1

Raw Formant Error, female ae
——© Estimates

2 ! ! !

a ; a
?50 200 250 300 350
Pitch Starts

Figure 59 — F3 estimates based on nearest harmonic number (top) as a function of fo.c ; Raw formant errors
for m = 1 (solid curve) and the set of corresponding j;)s values (stem plot) invoking fm, o Pitch

harmonics that are considered “near” the F3 peak.
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H(w), 1-dB region of interest
30 ! T T T l T

Amplitude (dB)

i i i | I i
0 500 1000 1500 2000 2500 3000 3500 4000
Frequency (Hz)

Figure 60 — True formant envelope for female /ae/ with points 1 dB down from the formant peak denoted
by asterisks. Points are chosen from the set of F,( f,,) = nf,,,., derived from Equation (0.21) that fall in
the regions highlighted by this amplitude criterion.

enter

The observed loss of generality of the “fortuitous sampling” explanation of local minima in the
raw formant error curves can be explained by noting that via linear prediction, formant frequency
estimates are not obtained independently as is assumed by this explanation. We plot the error
curves for all three formants in Figure 61 to illustrate the interactions between formant estimation

accuracy. Observe that at f, =225 Hz (arrow), all three formant errors exhibit local maxima.

This may be expected for F1 (860 Hz) and F2 (2050 Hz) since the resulting f, ., =237.5 Hz

60 362, aid —22=363).
5 237.5

would not invoke a harmonic near these formants (

However, this is unexpected for F3 since 272.5 Hz invokes a 12" harmonic that corresponds to

the formant frequency (F3 = 2850 Hz, %-—-12). In conclusion, while the “fortuitous

sampling” explanation of oscillations in formant estimation errors can account for some of the
observed effects, oscillations are also due in part to the interactions between individual formant
estimates (e.g., F1 vs. F2) in linear prediction.
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Raw Formant Error, female ae
7 ! ! T F1
: : i —_—F2

Figure 61 — All formant errors for m = 1 as a function of f{,_; Arrow indicates a pitch start of 225 Hz
referred to in the discussion.
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Appendix D

Male and children results for averaging
across pitch starts and pitch shifts

As in Section 5.4, we present in this section the average of the raw formant errors across pitch
starts and pitch shifts for males and children, thereby showing average errors across vowels. For
reference, we show in Table 15 the formant estimation methods used. The abscissa refers to
vowels /ah/ (1), /iy/ (2), /ey (3), /ae/ (4), /oh/ (5) for males, /oo/ (6), and /uh/ (5) for children.

Table 15 — Summary of formant estimation methods

m=1 Traditional linear prediction (LP)

m=2 Homomorphic linear prediction (HLP)

m=3 Interpolation of collected harmonic peaks + LP

m=4 Interpolation using single slice + LP

m=5 Time-average of STFT; + LP

m=6 GCT-based filtering on STFT, + LP

Taken together, these results are generally consistent with the global average metrics presented in
Section 5.4. For instance, observe that for males, m = 3 outperforms all other methods. for all
conditions. In addition, m = 4 consistently performs worse than m = 3, thereby highlighting the
benefits of exploiting temporal change of pitch. Observe also that m = 5 and 6 consistently
outperform m = 1 and 2 for F2 and F3 but not F1. For children, similar results were obtained for
m = 3, 5, and 6 across vowels and formants; nonetheless, two exceptions were observed.
Specifically, the F2 estimate of /oo/ using m = 3 has worse performance than either baseline.
Likewise, the F2 estimate of /ah/ using m = 5 is worse than the m = 2 baseline. Finally, observe
for males that m = 5 tends to outperform m = 6 as suggested by the global average metric
presented in Section 5.4. It is unclear why these effects occur, and further experimentation with
the GCT and harmonic projection methods are necessary.

It is of interest here to recall that in Section 5.4, we interpreted the poorer performance of Fl1
using m = 5 and 6 (in females) as reflecting the reduced source-filter separability of the GCT in
low-frequency regions of the STFT (from reduced fanning of the harmonic line structure when
pitch is changing). Recall from Figure 50 that m = 5 and m = 6 were able to provide gains over m
=1 and 2 for all vowels except /iy/ and /oo/. Here, we observe that this is also the case for both
males and children. From Table 3 of Section 4.1, note that the F1 frequencies for these two
vowels are the Jowest relative to others for the same gender, which is consistent with this
interpretation.
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Figure 62 — Averages across pitch starts and pitch shifts, E,(v), fori =1 (F1, males).
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Figure 63 — Averages across pitch starts and pitch shifts, E,(v), for i =2 (F2, males).
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Figure 64 — Averages across pitch starts and pitch shifts, E,(v), for i = 3 (F3, males).
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Figure 65 - Averages across pitch starts and pitch shifts, £,(v), for i =1 (F1, children).
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Figure 66 — Averages across pitch starts and pitch shifts, E,(v), for i = 2 (F2, children).
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Figure 67 — Averages across pitch starts and pitch shifts, E,(v), for i = 2 (F2, children).

126



Appendix E

Results of baseline formant estimation
methods using pitch-adaptive short-time
analysis

In this section, we present results of using traditional and homomorphic linear prediction with
pitch-adaptive short-time analysis. For both methods, a spectral slice used was extracted from the
middle of the pitch-adaptive STFT, (Section 4.2.1) instead of STFT, (not pitch-adaptive). We
denote these methods as m = 1p and m = 2p. Our aim is to control for the possibility that pitch-
adaptive short-time analysis alone invoked the gains we observed using the methods of harmonic
projection and filtering in the GCT. Table 16 and Table 17 show the global average metric
(across vowels, pitch starts, and pitch shifts, Section 5.4) m = 1p and m = 1 (as in Section 5.4),
respectively. Table 18 and Table 19 show the results of the global average metric for m = 2p and
m = 2 (also from Section 5.4), respectively. In Table 20 and Table 21, we show the relative gains
of those methods employing the pitch-adaptive spectrogram with respect to those employing the
fixed-window spectrogram. We observe that the performance is similar for traditional linear
prediction using either a pitch-adaptive or fixed-length window for short-time analysis.
Specifically, the maximum relative performance of m = Ip to m = 1 is a 5.07% gain. In contrast,
employing the pitch-adaptive window for homomorphic linear prediction appears to degrade
performance overall relative to a fixed-length window. Relative losses up to 21% (i.e., females,
F3) are observed; however, for two conditions, F1 of females and F1 of children, the m = 2p
exhibits relatives of 8.85% and 20.44%. Further investigation is necessary to better understand
these effects. Nonetheless, our results overall suggest that the gains obtained for the harmonic
projection and GCT methods were not due to the pitch-adaptive short-time analysis itself, and are
most likely due to the effects of exploiting temporal change of pitch.

Table 16 — Global average metric'* across vowels, pitch starts and pitch shifts for m = 1p.

males females children
i=1 3.15 4.85 5.66
i=2 0.83 1.61 2.05
i=3 0.37 0.79 0.94

Table 17 — Global average metric across vowels, pitch starts and pitch shifts form=1.

males females children
i=1 3.13 4.88 5.68
i=2 0.86 1.66 2.16
i=3 0.38 0.77 0.91

' Results have been rounded to two significant digits for display but were not rounded in computing

relative gains.
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Table 18 — Global average metric across vowels, pitch starts and pitch shifts for m = 2p.

males females children
i=1 2.63 3.69 4.30
i=2 0.65 1.46 2.10
i=3 0.29 0.65 0.86

Table 19 — Global average metric across vowels, pitch starts and pitch shifts for m = 2.

males females children
i=1 2.47 4.05 5.40
1=2 0.62 1.30 1.81
1=3 0.29 0.54 0.83
Table 20 — Relative gains (%) of m = 1p with respecttom=1.

males females children
1=1 -0.57 0.60 0.23
1=2 2.78 3.20 5.07
1=3 2.74 -2.93 -3.22
Table 21 — Relative gains (%) of m = 2p with respect tom = 2.

males females children
1=1 -6.43 8.85 20.44
i=2 -5.25 -13.00 -15.67
1=3 -0.80 -21.24 -3.27
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Appendix F

Coherent mapping of a fanned-line
structure

We observed in Section 4.2.2 that under conditions of changing pitch, the STFT is characterized
by a fanned line structure. This characteristic leads to an increase in local estimates of the spatial

frequency (&, ) corresponding to an assumed parallel harmonic line structure in the GCT (Figure
36). Herein we provide an analytical investigation of the effects of a linearly changing pitch on

the STFT, thereby motivating a novel 2-D transform that is able to coherently transform a fanned
line structure.

Y

Frequency

a
>

kK K k, k.. Time

Figure 68 — Illustration showing fanned line structure invoked on the STFT when pitch is changing. The
dotted horizontal line corresponds to the frequency of the n™ harmonic of So-

Consider the n" frequency bin of an STFT computed on a signal with linearly changing pitch
such that its corresponding frequency is f, =nf,, and f is the starting pitch value (Figure 68)
The temporal trajectory of this frequency bin will contain peaks with frame positions denoted as
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k.. We assume the first peak corresponds to the »" harmonic at k,. In addition, let us denote T
as the frame interval (in absolute time, e.g., units of seconds) of the STFT and & as the rate of
the linearly changing pitch (in units of Hz / second). To solve for the set of &, corresponding to

this n™ frequency bin, we observe from the fanned line structure of that we may impose the
following constraint:

f.=(f, +kaT)(n-i) for i=1,2,...(n—1)

such that (0.22)
k, =S ri=12,.(=1)
(n—=i)aT

In words, at frame k; s fo will have increased sufficiently via & such that its (n — z')‘h harmonic
equals f,. In Figure 69 (top), we show the STFT of a synthetic source signal generated at 16

kHz with f; =200, T =1, and @ =100 Hz/second. We choose n =10 such that f, =2000

Hz; this frequency bin is denoted with the arrow. In Figure 69 (bottom), we show the temporal
trajectory of this frequency across time. In Figure 70, we use the result of (0.22) to compute the
inter-peak spacings of the peaks observed in (“raw”). Specifically, the abscissa plots

i=1,2,...10 while the ordinate plots T'(k, —k,_,). A linear and exponential fit to these inter-

peak spacings are also shown. Observe that the exponential fit better matches the raw values
better than the linear fit.

Synthetic Source Signal, 16 kHz

Frequency (Hz)

RRRRRARN
RRARRRN

LELT T

5
Time (seconds)

2000 Hz frequency bin (n = 10)
10 T T T T T T T T

8_.‘.

W ,fwwﬂ LL,.J; 1.0, f"'Ji....x e L

0 4 5 6 7 8
Time (seconds)

=]

&

L)

o b e
1

Figure 69 — STFT of synthetic source signal (top) and the temporal trajectory of the frequency bin
corresponding to the 10™ harmonic of a 200-Hz pitch (bottom).
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inter-peak times with respect to peak number

Lo f ! % : ! s
—— raw ’ 5 | 3
e exponential fit : ‘ : :

8| =t linear fit .................. - ............... |

interpeak distances in seconds

peak number
Figure 70 - Inter-peak times of the temporal trajectory computed from (0.22) with a = 100 Hz/sec, T = 1
ms, n =10, f; =200 Hz.

The implication of these findings in relation our 2-D processing framework is as follows. In the
narrow-band STFT, pitch is represented along the frequency direction with evenly spaced

harmonic peaks. Observe that this condition still holds when pitch is changing (e.g., f, + aTk,,

Figure 68) . In the temporal direction, linearly changing pitch invokes an exponential-like
spacing of harmonic peaks. Therefore, to coherently map this fanned line structure to a 2-D
space, a transform employing a sinusoidal basis in the frequency direction and an exponential
basis in the time direction is required. Such a transform is distinct from the GCT (which employs
sinusoidal bases in both directions) and avoids making the assumption of parallel harmonic line
structure under conditions of changing pitch.
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